Aalborg Universitet AALBORG

UNIVERSITY

Building Brains for Visual Traffic Analysis

Jensen, Morten Borng

DOl (link to publication from Publisher):
10.54337/aau306590811

Publication date:
2019

Document Version
Publisher's PDF, also known as Version of record

Link to publication from Aalborg University

Citation for published version (APA):
Jensen, M. B. (2019). Building Brains for Visual Traffic Analysis. Aalborg Universitetsforlag.
https://doi.org/10.54337/aau306590811

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

- Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
- You may not further distribute the material or use it for any profit-making activity or commercial gain
- You may freely distribute the URL identifying the publication in the public portal -

Take down policy
If you believe that this document breaches copyright please contact us at von@aub.aau.dk providing details, and we will remove access to
the work immediately and investigate your claim.

Downloaded from vbn.aau.dk on: December 04, 2025


https://doi.org/10.54337/aau306590811
https://vbn.aau.dk/en/publications/85b4d0ba-8a00-45bf-978e-a231a9b26146
https://doi.org/10.54337/aau306590811




BUILDING BRAINS FOR VISUAL
TRAFFIC ANALYSIS

BY
MORTEN BORN@ JENSEN

DISSERTATION SUBMITTED 2018

((¢

AALBORG UNIVERSITY
DENMARK






Building Brains for Visual
Traffic Analysis

Ph.D. Dissertation
Morten Borneg Jensen

Dissertation submitted December 21, 2018



Dissertation submitted:

PhD supervisor:

PhD committee:

PhD Series:

Department:

ISSN (online): 2446-1628

December 21, 2018

Professor Thomas B. Moeslund
Aalborg University

Associate Professor Claus Brondgaard Madsen (chair.)
Aalborg University

Associate Professor Brendan Morris
University of Nevada

Senior Director of Computer Vision Anthony Hoogs
Kitware

Technical Faculty of IT and Design, Aalborg University

Department of Architecture, Design and Media Technology

ISBN (online): 978-87-7210-372-3

Published by:

Aalborg University Press

Langagervej 2

DK — 9220 Aalborg @
Phone: +45 99407140
aauf@forlag.aau.dk
forlag.aau.dk

© Copyright: Morten Borng Jensen

Printed in Denmark by Rosendahls, 2019



Curriculum Vitae

Morten Borng Jensen

Morten Borng Jensen received his Bachelor’s degree in Computer Engineer-
ing on the topic of Information Processing Systems in 2013 and his MSc in
Vision, Graphics and Interactive Systems in 2015, both from Aalborg Uni-
versity, Denmark. From July 2012 to October 2014 Morten was employed as
Student Software Developer at Intel Mobile Communications Aps in Aalborg,
Denmark, main tasks concerned developing software to RF drivers. In May
2016, he embarked on the Ph.D. study with the Visual Analysis of People Lab
at the section of Media Technology, Aalborg University.

Furthermore, Morten is an alumnus of the Laboratory for Intelligent and
Safe Automobiles and the Computer Vision and Robotics Research Labora-
tory, both at the University of California, San Diego

His main interests are computer vision and machine learning, especially
in the area of detecting vulnerable road users and traffic lights. He has been
involved in the supervision of undergraduate and graduate students within
image processing and computer vision.

ii



Curriculum Vitae

iv



Abstract

Making a computer detect and understand traffic objects automatically - be
it vehicles, pedestrians or traffic lights - are essential components for self-
driving cars or automated traffic analysis. This Ph.D. thesis addresses four
computer vision topics in respect to traffic analysis, which are Video Acqui-
sition, Object Detection, Semantic, and Knowledge for the World.

In Video Acquisition, a multi-modal and multi-view recording setup is
developed which has been used for capturing several months of video data
in Europe. To aid less occlusion-prone capturing view-angles, we provide an
overview of available portable poles, which shows a lack of a lightweight yet
robust portable pole. To this end, we develop one satisfying these require-
ments. Finally, we have assembled a traffic intersection dataset with synced
view-angles from both a drone and existing infrastructure. Preliminary re-
sults using Mask R-CNN show that the drone view-angle is superior when
detecting vehicles but inferior when detecting pedestrians and cyclists.

Within Object Detection, a traffic light dataset has been assembled and
published together with an extensive survey of state of the art within traffic
light recognition. The survey indicated that detecting traffic lights had not
followed the same machine learning advancement as in similar detection ar-
eas. To this end, we by brought the traffic light detection up to par using the
Aggregate Channel Features detector and the You-Only-Look-Once detector.

For Semantic, we propose a human-in-the-loop traffic analysis watchdog
tool for non-practitioners of computer vision. The tool is based on traditional
computer vision methods and is made very user-friendly causing it to be
used worldwide. Further, an automatic data-driven traffic analysis tool based
on the Single Shot MultiBox Detector is proposed. The tool produces object
trajectories in world coordinates enabling further conflict analysis or the likes.

In the last topic, Knowledge for the World, a non-peer-reviewed popu-
lar science paper on Deep Learning has been published targeted towards
high school student, spawning several inquiries on the perspectives and how
to get started. Further, we attended the Danish Folkemede 2018, "The Peo-
ple’s Meeting." We showcased the latest advancement within computer vision
which led to two live TV interviews.
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Resumé

At fa en computer til at finde og forsta trafikobjekter automatisk - for ek-
sempel koretgjer, fodgeengere eller trafiklys - er vigtige komponenter for
selvkerende biler eller automatiseret trafikanalyser. Denne Ph.D. athandling
omhandler fire computer vision emner i forhold til trafik: Video Anskaffelse,
Objektdetektion, Semantik og Viden for Verden.

I Video Anskaffelse er der udviklet et multi-modalt og multi-view optage
opseetning, som er blevet brugt til at indsamle flere maneders videodata i Eu-
ropa. For at forbedre synsvinklen for video anskaffelsen, giver vi et overblik
over tilgeengelige mobile master, hvilket viser manglen pa en let, men robust
mobil mast. Derfor udvikler vi en, der opfylder disse krav. Endelig har vi
samlet et trafikkrydsdataseet med synkroniseret data fra bade en drone og
eksisterende infrastruktur. Prelimineere resultater ved hjeelp af Mask R-CNN
viser, at drone-synsvinklen er overlegen, nar det registrerer koretojer, men
darligere, nar man registrerer fodgeengere og cyklister.

Inden for Objektdetektion er et trafiklysdataseet blevet samlet og udgivet
sammen med en omfattende undersogelse af state of the art inden for trafiklys
genkendelse. Undersogelsen viste, at detekteringen af trafiklys ikke har fulgt
samme maskinindleeringsfremskridt som i lignende detekteringensomrader.
Derfor har vi bragt disse fremskridt til trafiklysdetekteringen ved hjelp af
Aggregate Channel Features metoden og You-Only-Look-Once metoden.

For Semantik foresldr vi et menneske-i-loop-trafikanalyse verktej til ikke-
udevere af computer vision. Veerktgjet er baseret pa traditionelle computer
vision metoder og er lavet meget brugervenligt, hvilket har medfert brug i
hele verden. Endvidere foreslas et automatisk data-drevet trafikanalyse veerk-
toj baseret pd Single Shot MultiBox detektor. Veerktojet producerer trajekto-
rier i verdenskoordinater, der muligger yderligere konfliktanalyse el.lign.

I det sidste emne, Viden for Verden, er en ikke-fagfeellesbedemt pop-
uleervidenskablig artikel om Deep Learning udgivet rettet mod gymnasieelever.
Dette har affedt flere henvendelser om perspektiverne og hvordan man kom-
mer i gang. Derudover deltog vi ved Folkemode 2018. Her fremviste vi
den seneste udvikling inden for computer vision, hvilket forte til to live tv-
interviews.
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Chapter 1

Introduction

Humankind has from our very origin been innovative. We have been drawn
towards inventions and discoveries that aid our survival and adaption to an
ever developing and changing the world - each new invention and discov-
ery leading on from the previously discovered ones. Through millenniums
of new inventions and discoveries, the foundation of the industrial age and
industrial revolution were around the mid-18th century [1]. The revolution
itself can be characterized as the period where the hard manual labor was
aided or even, in some areas, automated by the use of machinery, e.g., steam
engines [2, 3]. The reason for adopting and implementing automation can
be many and very different, for the British people during the industrial rev-
olution, the material living standards improved [1], which also lead to an
economic boost. Today, the scope of automation is still often related to the
economic reward, as the purpose is mostly to improve the profit margin of
a given product while keeping the return of automation investment as short
as possible. But automating a given task can also provide a more consistent
quality of your product, which in some industries are vital and essential.
The goals and purpose can vary a lot, but typical for them all is that they
today are often carried out by the implementation of an artificial intelligence
combined with mechanical robots and sensors [4-6].

Artificial intelligence is quite a ‘buzz words’ at the time of writing, but
that does not necessarily mean that it does not have some hang to it. Au-
tomation tasks using modern technology are heavily based on an artificial
intelligence, e.g., a computer, which comes in many shapes. The computer is,
by the use of one or more sensors, able to analyze its surrounding which is
an essential and key component in making the computer able to understand
the world and thus act upon it, e.g., by the use of mechanical devices such as
robots. This field of making the computer intelligent in the sense that it anal-
ysis and understands its surrounding is called computer vision. Throughout
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the last 50 years, computer vision has grown to become a well established
research area, which have proven its benefits in many vastly different fields
such as agriculture [7], the world of sports [8], quality control in automated
manufacturing systems [9], transportation [10], and so many more.

Especially the transportation field has been quite hyped due to the au-
tonomous vehicles and driving assistant systems (DAS) [10, 11] such as pedes-
trian detection, lane detection, and traffic light detection. All of these ap-
plications do heavily rely on computer vision. In the same way, computer
vision applications is spawned in traffic surveillance where monotonously
and manual tasks such as traffic flow estimations, vehicles counts, and traf-
fic intersection monitoring, are being replaced by automatic computer vision
systems that can do more consistent traffic flow estimations, abnormality de-
tections, traffic intersection monitoring for safety analysis, etc. The field of
transportation persist a facinating and challenging field as studies show that
people in the age group of 20-59 years spend more than one hour daily trav-
eling in automobiles [12], which unfortunately also result in accidents and
near-accidents. In the European Union (EU) alone, more than 25,000 people
died, and approximately 135,000 people were seriously injured as a result of
accidents across the roads in 2017 [13]. This of course is first and foremost an
incredible personal lose for the involved families, but as a society, it is also
an enormous economic loss.

As a result, the EU set out a 2010-2020 goal with an overall objective
of halving road deaths across Europe. Several initiatives have been started
within the Framework HORIZON2020 by the European Commission [14].
One of the efforts is the "In-depth Understanding of Accident Causation for
Vulnerable Road Users" (InDev) research project [15], which partly founds
this thesis. One of the main research topics within this Ph.D. thesis is to
promote the use of modern technology, i.e., computer vision, to increase road
safety.

Whether a computer vision system is detecting traffic lights or Vulnerable
Road Users (VRUs), a general high-level concept applies to most computer
vision systems, which is illustrated in the block diagram in Figure 1.2. This
block diagram is a very general representation of the stages used when de-
veloping a computer vision system.

Video Pre- Object Post-

Acquisition gl processing gl Detection gl processing TEdre Semantic

Fig. 1.1: Overview of a general computer vision pipeline with six computer vision stages.
The starting point of most computer vision systems is Video Acquisi-

tion, which mostly concerns sensor choice, which is not necessarily limited
to the popular RGB camera. Further, an important thing is how the video
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acquisition setup is created and carried out in order to get useful data with
respect to the given application. Pre-processing is the first stage that allows
for modification of the acquired data, which may need some adjustment, e.g.,
masking, but it could also involve manipulating the image to extract proper
features. The features are used in the Object Detection stage, where the title
itself reveals the scope. After detecting a set of objects in your data, we can
do some cleaning of the detections in post-processing, where after the detec-
tions can be connected in spatiotemporal space, meaning that each detected
object in the video needs to be either associated with a previously existing
track or as an entirely new track in the video [16]. Finally, we can use the
produced trajectories of the objects to generate some semantic interpretation
and understanding on a more high-level, e.g., behavioral analysis [17].

FOCUS OF THIS THESIS

This thesis tackles the stages marked with dark blue in Figure 1.2: Video
Acquisition, Object Detection, and Semantic, with respect to mainly traffic
light detection from a DAS perspective and automated traffic analysis from a
traffic surveillance perspective. These three stages are hereafter described as
main topics.

Video Pre- Object Post-

Acquisition processing Detection processing Wraedlig Semantic

Fig. 1.2: The computer vision stages involved in this thesis are marked in dark blue. The stages
that will not be covered are grayed out.

Further, a focus point of this thesis has been to disseminate and translate
the use of modern technology, i.e., computer vision, to the public, which is
titled as per the Aalborg University slogan and strategy: Knowledge for the
World. Together with the aforementioned main topics, these four main topics
will constitute the outline and focus of this thesis and are introduced in the
following sections.

1 VIDEO ACQUISITION

Video Acquisition is the first stage in the overall computer vision concept,
as illustrated in Figure 1.2. Acquiring video data can be done with a large
set of sensors, of which the most well-known and wildly used sensor is the
RGB camera. In fact, most of us carry an RGB camera in our pockets as it
is the camera installed in most of our cell phones. In traffic surveillance,
the thermal camera has also seen a usage boost during the last decade as

5
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it provides data that is more robust to weather and lighting conditions as
illustrated in Figure 1.3.

(b)

Fig. 1.3: Example of the (a) RGB modality and (b) thermal modality captured at a traffic inter-
section simultaneously during a rainy night. Notice the strong reflections in the RGB image, as
well as the poor contrast in the thermal image. Image source: [16]

However, the data used for the remaining of our computer vision pipeline

do not necessarily need to be of video, it could also be point clouds from
time-of-flight sensors.

Portable

Pole \

Existing
Infrastructure

Fig. 1.4: A traffic intersection equipped with three different capturing view-angels. The three
options are by mounting camera equipment in existing infrastructure, a portable pole, and
utilizing a drone equipped with a camera. Image source: [16]



2. Object Detection

Obviously, it is essential to select a proper sensor or sensors with respect
to the problem the computer vision system aims to solve. However, for large-
scale studies such as the one addressed in the InDeV project, selecting the
correct sensor is only a part of solving the problem. Defining and developing
the proper recording setup is just as important as the specific sensor choice,
such the acquired data is correct and usable.

In recent years the usage of drones has become quite popular for traffic
surveillance and traffic analysis as it provides a top-down bird view-angle
as illustrated in Figure 1.4. Traditionally, data have been collected by the
use of installing camera equipment existing infrastructure or by the use of a
portable pole, which is illustrated in Figure 1.4.

This thesis present works related to capturing video data in large-scale
studies. Further, it investigates the pros and cons of capturing data from
existing infrastructure, portable poles, and from drones with respect to per-
forming automated traffic analysis using computer vision.

2 OBJECT DETECTION

The goal of this main topic is to localize objects which in the perspective of
general computer vision can vary a lot. Detecting objects in the acquired
video is often the key component in the computer vision system. Object de-
tection is essential in autonomous vehicles, where the surrounding objects
such as pedestrians, vehicles, signs, traffic lights, traffic lanes, etc. are of par-
ticular interest as this provide the vehicle with information how it can safely
navigate given its surroundings. Another example of object detection play-
ing a key role is in in a manufacturing line where the computer vision system
detects errors and flaws as part of the quality control of a given product.

In layman’s terms, well working object detection is often characterized
as well working computer vision, as it is usually the main reason to apply
computer vision in the first place. The outcome of object detection can be
many and is of course very application depended, but general for them all
is that it involves locating the object or objects in the image, e.g., as axis-
aligned bounding boxes with a corresponding class label, i.e., if you looking
for multiple object classes, as seen in Figure 1.5.

This thesis presents work related to detection of traffic lights from a DAS
perspective as well as detection of objects relevant for automated traffic anal-
ysis.

3 SEMANTIC

Though computer vision in itself is a broad research field, it also serves as a
tool for a lot of other research fields and applications. For non-practitioners

7



Chapter 1. Introduction

Fig. 1.5: Detecting cars, cyclists, and trucks are an essential part of automated traffic analysis.
Image source: [16]

of computer vision, it is not necessarily the scope to develop state-of-the-art
computer vision algorithms; they are in most cases only interested in how
computer vision can benefit and automate tedious tasks within their research
field.

In order to make the low-level information, e.g., digital representations of
features or objects in the data, extracted using the computer vision system,
perceivable and usable for non-practitioners of computer vision; the extracted
information needs to be translated from the low-level information into high-
level semantic information, e.g., drive behavior, observed actions, and event
recognition. Semantics are very much a mathematical logic that can be trig-
gered by a pre-defined combination of events which are very application
dependent. However, given an event that can be mathematically defined in
respect to a logic in the extracted low-level information, large quantities of
data can, by the use of a computer vision system with focus on high-level
semantic understanding, be reduced to a pre-defined set of perceivable met-
rics.

This thesis presents work on how to provide high-level semantic informa-
tion in respect to automated traffic analysis of large-scale studies.

4 KNOWLEDGE FOR THE WORLD

The overall strategy for Aalborg University (AAU) focuses on Knowledge for
the World, which is implemented in all the core activities within the Univer-
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sity, i.e., education, research, and knowledge collaboration. Since AAU was
established in 1974 one of the key goals has been to be and remain a vital
platform for generating global knowledge across many disciplines, which ul-
timately aids, develop, and makes a difference in the local communities as
well as the entire society [18].

This main topic does not in its current form constitute proper peer-reviewed
research; it serves an entirely different purpose. Being a Ph.D. student and
researcher at AAU obligates and challenges one to make a difference for the
public society by collaborating with external and multi-disciplinary partners
while disseminating the advancements done within the researchers field of
study to the public.

This thesis present initiatives carried out to involve the public and im-
prove the knowledge of artificial intelligence and computer vision for the
common man, in particular, our younger generation.

5 THESIS STRUCTURE

This thesis is divided into five parts. Part I contains an introduction to each
of the four main topics: Video Acquisition, Object Detection, Semantic, and
Knowledge for the World. For each of the four main topics in Part I, an
introduction and a general overview of the state-of-the-art for the specific
topic will be given along with the contributions made from this Ph.D. work.
Finally, a general and overall conclusion is made, completing Part I.

Part I serves as a general introduction and overview covering all of the
Ph.D. work and will thus not delve deeply into the details of the work car-
ried out during this Ph.D.. As this thesis is submitted and structured as a
collection of papers, the general introduction in Part I is based upon the en-
closed articles allowing the reader to delve into the details if desired. After
the introduction and overview in Part I, Part II through V contains the in-
cluded papers for each of the four aforementioned main topics. Besides the
included papers submitted with this thesis, additional papers have been writ-
ten during the Ph.D., and while they are not included in this thesis, they will
be referenced whenever appropriate. Finally, each chapter contains its own
bibliography.
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Chapter 2
Video Acquisition

The entire computer vision pipeline is linked resulting in each stage being
depended on the quality and result of the previous stage, which inevitably
causes the briefly mentioning and perspectives to the following stage in the
computer vision pipeline.

Video Pre- Object Post-

Acquisition [l processing Detection [g processing Tracking Semantic

Fig. 2.1: Video Acquisition is the first stage in the overall computer vision pipeline and is thus
vital for the remaining of the computer vision system.

Video Acquisition is a vast and application depended topic but is in all
cases a necessity as it provides input to remaining of the pipeline as seen
in Figure 2.1. Though the core considerations can to some extent be similar
across the various applications, this chapter will take its starting point in
Video Acquisition with the perspective of doing large-scale traffic analysis
studies at critical traffic intersection across varying lighting conditions on
both rural and urban environments.

The text in this chapter is adapted and abbreviated from [1-3].

1 INTRODUCTION

General for all computer vision systems to work is that they all require some
input video data, as previously mentioned this has a direct impact on the
quality and the result of the following stages in the entire pipeline. The pri-
mary goal in Video Acquisition is thus to acquire data. As the stage and
topic name suggests, this work only consider data in the sense of video, but
modern computer vision is heavily relying on other types of sensors than
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for instance the popular RGB cameras. Making a vehicle drive by itself,
for instance, requires a large variety of sensors to operate in an ever dy-
namic environment, that is, at least until vehicle-to-vehicle communication
and vehicle-to-infrastructure communication are fully rolled out. However,
even then, and in particular in the time in-between, sensors are expected to
play a role as RGB cameras work similar to human vision in the sense that
it also relies on some lighting source, e.g., the sun, to be useful. However,
given some lighting source RGB cameras will in most cases enable the com-
puter to perceive its environment. The strict requirement of a lighting source
challenges the suitability of the RGB camera for especially traffic surveillance
and traffic analysis as accidents occur both at daytime and nighttime. This
open up for other sensors such as thermal cameras, which are basically a
sensor that captures the infrared radiation emitted by all objects relative to
its own temperature, which in a more high-level abstraction can be trans-
lated to "seeing the temperature” making it useful doing night-time as seen
in Figure 2.2 as well as Figure 1.3 [1].

() (b)

Fig. 2.2: Data collection at 02:00 in the night using two modalities. The (a) RGB camera has
many problems in this lighting conditions, whereas the (b) thermal camera only senses the
temperature making it more usable in large-scale studies. Image source: [1].

The outcome from an RGB camera, or a thermal camera, is a stream of
2D images which constitutes a video when recorded. The two dimensions,
i.e.,, width and height, of the images are often referred to as the resolution
of the video input, e.g., 640x480, 1280x1024, 1920x1080. A sensor continu-
ously captures the images with a constant speed often described as frames
per second (FPS), which is merely the number of images that the camera cap-
tures each second. One of the limitations of the stream of 2D images is, in
particular for the self-driving vehicle applications, that it does not provide
any exact information about the depth of the scene presented to it. In such
cases, other or additional complimentary sensors can be installed. For self-
driving vehicles, the depth information is essential to navigate safely in a
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dynamic scene. Self-driving vehicles have thus installed a large set of sensors
besides a regular camera, e.g., stereo cameras, radars, LIDAR. These types
of sensors provide the computer with information about the distances to the
objects around it, which significantly reduces the risk of the vehicle hitting
surrounding obstacles, e.g., pedestrians or cyclist. Relying solely on these
types of sensors, would in most cases challenge the computer in respect to
assigning a class label to an object. RGB cameras will in most applications
complement the other sensors by adding color cues to the object classification
rather than only a point cloud.

In the same way, that sensors can compliment each other by providing
different information, using multiple sensors can also aid in the sense that
the computer does not miss any vital information. For self-driving vehicles,
one thing is to get both RGB data and depth data, another just as important
thing is to make sure that the vehicle has sufficiently strategically placed sen-
sors such no information is lost, e.g., cyclists in the blind spot or over-taking
vehicles. In the same way, automated traffic analysis are heavily relying on
all objects of interest, e.g., cars, trucks, pedestrians, and cyclists, are captured
and present in the data; otherwise the quality of following automated traffic
analysis is reduced correspondingly. The most frequent challenge regarding
capturing traffic surveillance data is occlusion as a result of the capturing
view-angle. An illustrated of occlusion caused by installing cameras in an
existing traffic light pole is seen in Figure 2.3a.

(a) (b)

Fig. 2.3: Illustration of how the (a) video stream from a camera mounted in existing infrastruc-
ture can have its (b) occlusion challenges due to limited view-angle. Image source: [2].

In the example shown in Figure 2.3, the occlusion could be prevented or
reduced by installing the camera equipment in a higher altitude. However,
this is often not possible due to limited existing infrastructure at the inter-
sections. Other possibilities, therefore, involve deploying a portable pole, if
such exists. In most cases, the portable pole can be placed in a more optimal
view-angle compared to the existing unmovable infrastructure. Further, the
portable pole can be manufactured with an ideal height for capturing data at
traffic intersections.
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However, if the recording height is in fact the main cause for occlusion,
why do we not use drones then? This is often the question raised by traffic
researchers, especially after drones have become cheaper and just as easy to
operate as playing video games. Using drones are, however, not practical for
large-scale studies such as the InDeV project, but say we could in fact make
them practical to use. Are the drones then better and the answer to all of our
problems as sometimes claimed by traffic researchers, or will other problems
occur such as the one illustrated in Figure 2.4.

- 0
M

Fig. 2.4: Illustration of how drones provide a very nice overview of the traffic intersection,
but due to regulation, the drone is restricted to a minimum height, causing some objects to

be small and more difficult to detect in this view-angle, in this case, pedestrians (Marked with
red square). Image source: [2].
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This part of the thesis, will first of all take care of the need of a video
acquisition setup in respect to automated traffic analysis within the InDeV
project, where 21 traffic intersections across Europe have been recorded con-
tinuously for 3-weeks straight. The developed video acquisition setup cannot
always rely on being installed in existing infrastructure, why this part also
addresses the need of portable poles for acquiring data at both rural and
urban traffic intersections. Finally, this part of the thesis will look into the
question raised by the traffic researches, and even some computer vision re-
searchers, that by merely adding height to the video acquisition setup, e.g.,
portable poles or drones, a much better result is reached in respect to auto-
mated traffic analysis.
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2 STATE OF THE ART

Acquiring video data are, as previously mentioned, a very application de-
pendent task. There do therefore not exists any strict state-of-the-art on how
to do it. However, the overall objectives follow some general consideration
about the acquisition system as outlined in [3] (chapter A), i.e., multi-view
and multi-modal, power supply, vandalism prevention, and recording capac-
ity. The video acquisition setup can thus consist of one or multiple sensors
which could be of different modalities. Popular sensors for traffic surveil-
lance are the mentioned RGB cameras and thermal cameras [4-8], but depth
sensors such as radar and LIDAR are used in applications where velocity and
speed measurements are of interest [9-11].

The sensors can be installed in different existing infrastructure; however,
this might not always serve as an ideal view-angle. Using portable poles, or
other deployable equipment for that matter, such as the Miovision Scout [12]
which is easy deployable as seen in Figure 2.5. The Miovision Scout is very
lightweight to transport while being easy and fast to deploy in up to 6.4
meters.

o

Extend to 21"

Collapse to 4'3"

sceout

miovision

(b)

(a)

Fig. 2.5: The lightweight and compact portable pole from Miovision. (a) Miovision Scout with
the extendable pole (b) Miovision Scout Video Collection Unit and camera. Image source: [12].

The Miovision Scout is an ideal portable pole for small studies such as
pilot tests, but as the sensor is pre-defined from the manufacturer and thus
not configurable, it does not constitute a good platform for large-scale stud-
ies. Given that the portable pole should be configurable to a broader set of
sensors constituting a more useful video acquisition platform, portable poles
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consisting of telescopic masts can be used. A lightweight 5-section telescopic
Clark QT mast [13] does to some extent keep some of the same pros as the
Miovision Scout solution while being configurable for multiple sensors and
reaching a capturing height of 10 meters. The 5-section telescopic mast is
seen in Figure 2.6a. However, for the mast to remain stable during windy
conditions, a guying system is required which may be difficult to install in
urban areas.

(a)

Fig. 2.6: More configurable portable poles can be based on the (a) lightweight Clark QT Mast
on a tripod or (b) heavyweight Litec 7.5-500 Flyintower. Image source: [13] and [14], respectively.

Instead of using a lightweight mast with the guying system, a heavy-
weight mast like the Litec 7.5-500 Flyintower [14] can be used instead. The
Flyintower is probably best known as a sound tower seen at concerts lifting
the loudspeakers as depicted in Figure 2.6b. However, both the lightweight
and especially the heavyweight occupies quite a large area on the ground,
which in some urban areas may occupy too much of the pavement and intro-
duce a safety issue as pedestrians need to walk around it. Compared to the
Miovison Scout, both the lightweight mast and heavyweight mast requires a
large trailer to transport the setup around. Instead of dissembling everything
and put it into a trailer, the Swedish based company Trivector has developed
the Trivector Mobile mast, which has since been acquired by Lund Univer-
sity. The mast is installed directly in the large trailer and can be extracted to a
height of up to 15 meters as seen in Figure 2.7a. This configuration also allow
for a higher degree of freedom with respect to installing multiple sensors as
seen in Figure 2.7b.

In the same way, the National Aeronautics and Space Research Center
of the Federal Republic of Germany (DLR) has developed the Urban Traffic
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(a) (b)

Fig. 2.7: (a) The Trivector Mobile mast setup in operation. (b) The Trivector Mobile mast with
two installed cameras. Images provided by Aliaksei Laureshyn, Lund University [1].

Research CAR (UTRaCAR), which is seen in Figure 2.8a in transportation
mode and in Figure 2.8b where the left image shows an image of the car in
operation [15].

oy
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(a) (b)

Fig. 2.8: The National Aeronautics and Space Research Center of the Federal Republic of Ger-
many (DLR) has developed the Urban Traffic Research CAR. In (a) The UTRaCAR is seen with
the telescopic mast retracted. (b) The DLR UTRaCar with the telescopic mast extracted. Image
source: [15].

The deployment of both the Trivector and the UTRaCAR thus faster than
the two previous solutions and can easily be equipped with several sensors,
but is considered a significantly more expensive solution. Further, both the
Trivector mast and the UTRaCAR solution occupies an even large area on the
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ground, which provides the same challenges as for the lightweight mast and
heavyweight mast.

In addition to the UTRaCAR, DLR has also developed the Test field AIM
(Application Platform for Intelligent Mobility) to facilitate the acquisition of
data. Compared to the UTRaCAR, the AIM platform is built on large concrete
platform as seen Figure 2.9a.

(a) (b)

Fig. 2.9: The National Aeronautics and Space Research Center of the Federal Republic of Ger-
many (DLR) has developed the Test field AIM (Application Platform for Intelligent Mobility)
which is seen in (a) transportation mode and (b) operation mode. Image source: [16].

In Figure 2.9b the DLR AIM platform is seen in operation mode, where
the mast itself reaches an operational height of approximately 4-5 meters [16].
This is considered a rather heavy platform; thus a truck and crane are needed
in order to transport and then actually deploy the platform at a given point
of interest.

In recent years, drones have become more accessible and the flight time of
them has allowed staying in the air for more than 30 minutes. This opens up
the possibility of using drones as a platform for video acquisition in respect
to automated traffic analysis and traffic surveillance, which is already heav-
ily used [17-21]. There is a public believe, that the drones are the solution
to most of the problems and is a future-proof technology [17]. Most research
does indeed show promising results for vehicle detection, e.g., cars, trucks,
and buses, as a result of the low degree of occlusion and excellent overview
of the traffic intersection [22, 23]. Detection of pedestrians, on the other hand,
is a more challenging problem. In [24] a drone dataset is captured in respec-
tively 2, 3, and 4 meters capturing height, which by applying four different
algorithms based on Haar-LBP, Haar, LBP, and HOG, respectively, all show
a decrease of detection rate as altitude increases. The best performing al-
gorithm, Adaboost with HOG features, reaches a detection rate of 67.23 %,
63.72 %, and 60.44 % on respectively the 2, 3, and 4 meters capturing height
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data.

In [25] the pedestrian detection from a drone is carried out by the usage
of a cascade of boosted classifiers which are based on the well-known Haar-
like features [26, 27]. To verify the system, they collect a small multi-modal
RGB and thermal dataset with 11 humans in it. Though the system does
detect the 11 humans, it also generates false positives especially when the
capturing altitude increases. In [28], the combination of RGB and thermal are
used again with cascades boosted Haar classifiers. They report a detection
rate for pedestrians and cars on 70 % and 80 %, respectively. A detection in
this study translates to detecting the unique object at least once in the data
stream rather than detecting it in every image. Relying only on thermal data
for pedestrian detection is done in [29], which show decent results in a small
study using blob extraction on thermal video.

Though it is easy to claim, that pedestrian detection using thermal images
from UAV is straightforward to solve. What happens when the data are cap-
tured at a traffic intersection with other objects looking similar from the bird-
view angle, e.g., cyclists and motorcycles. Especially when considering the
decreasing detection rate when altitude increases as described in [24]. In [30]
the VIRAT dataset is assembled, which contain data captured from both sta-
tionary ground cameras as well as moving aerial vehicles, i.e., a manned
aircraft, at different locations such as parking lots and around buildings. The
same paper describe how the aerial dataset, though it is from a moving air-
craft, serves as a more significant challenge due to the changing viewpoints
and occlusion issues. However, they do not explicitly capture data at a traffic
intersection at the same point of time allowing a fair comparison between the
two view-angles. There does not exist quantitative nor qualitative research
in respect to traffic analysis at traffic intersection that focuses on whether
drone view-angle being "better" than the existing infrastructure view-angle -
or what they are "better" at and when.

3 CONTRIBUTIONS

During this Ph.D., three works have been carried out concerning capturing
video data for automated traffic analysis at traffic intersections. Two of the in-
vestigated works are both heavily linked to the InDeV project where a proper
video acquisition setup was required in order to capture continuous data
throughout 3-weeks and one year when attached to an infrastructure power
supply. We have thus developed a recording platform for video acquisition at
traffic intersection. The recording platform consists of two systems allowing
two view-angles. Each system consists of same basic recording equipment
which are a Network Attached Storage server, network switch, wireless ac-
cess point, and batteries. All of the recording equipment is installed in an
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aluminum box which can be chained to existing infrastructure such the risk
of vandalism and theft are minimized. The two systems can be the use of the
wireless access points, which are installed outside of the aluminum box, be
connected using a wireless connection, thus allowing time synchronization
using Network Time Protocol. The main difference between the two setups
is that one of the setups makes use of both an RGB camera and a thermal
camera and the other only has an RGB camera. The development of the In-
DeV recording setup has led to a technical report used internally within the
InDeV project [3] (chapter A).

o @ @
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Fig. 2.10: Overview of the hardware and its connectivity within the InDeV recording setup
Image source: [3].

The developed InDeV recording setup has been used to capture several
months of data in Europe. An overview of the hardware and how it is con-
nected in the developed InDeV recording setup is seen in Figure 2.10.

One of the shortcomings of most video acquisition setups, including the
InDeV recording setup, is that it is relying on existing infrastructure. In [1]
(chapter B), we survey four general types of portable poles which show a lack
of lightweight, robust, and yet mobile portable pole. We therefore propose
and develop a new portable pole satisfying these requirements in [1]. The
developed portable pole has been put to use several times at rural locations
where an example is seen in Figure 2.11. In rural locations, there is often
many limitations with respect to infrastructure to install video acquisition
equipment in.

Additionally, the developed portable pole has seen its advantage in ur-
ban environments due to its low ground area occupation. The survey of
the portable pole was initially drafted in 2016 as an internal technical report
for the InDeV project. Through 2016 to 2018, the development and usage of
the new portable pole were created, which was ultimately combined with
the survey and published in Journal of Transportation Technologies in 2018 [1]
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Fig. 2.11: The TRG-pole is deployed at a traffic intersection with limited existing infrastructure.
Image source: [1].

(chapter B).

Finally, to address the pros and cons of using a drone as a video acquisi-
tion platform in respect to traffic analysis at intersections. We have collected
a synchronized multi-view dataset from respectively existing infrastructure
and drone which eventually will become freely available as described in [2].
The dataset consists of 3,100 frames from each view-angle. Each frame is an-
notated with both axis-aligned bounding box as well pixel-level annotations.
An initial baseline experiment has been carried out by evaluating the two
view-angles using a pre-trained Mask R-CNN object detector for axis-aligned
bounding boxes. The preliminary results show that the mean average preci-
sion (mAP) are 22.62 % and 27.75 % for the existing infrastructure view-angle
and the drone view-angle, respectively. This indicates that the drone view-
angle is in fact superior to the existing infrastructure, which is also the case if
only considering cars, bus, and lorries. If we, however, look at cyclists, none
are detected in the drone view-angle. This work, as presented in [2] (chapter
C), is still ongoing research and is expected to grow into a journal in 2019.

The main contributions of this Ph.D. thesis within the field of Video Ac-
quisition are thus:

e Developed a multi-view and multi-modal recording platform for video
acquisition at traffic intersection. The recording platform has captured
several months of data both in Denmark and Belgium.

e We have surveyed and provides an overview of four general types of
portable poles with respect to capturing data at traffic intersections in
rural and urban environments.

e The portable pole overview pointed out the lack of a lightweight, robust
yet mobile portable pole. We have thus designed and developed a new
portable pole satisfying these requirements.
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e We have collected and annotated a synchronized multi-view traffic in-
tersection dataset allowing performance comparison between video ac-
quired with a drone and video acquired by installing camera equipment
in existing infrastructure, respectively.

e Preliminary result based on a pre-trained Mask R-CNN object detec-
tor shows that the drone view-angle is superior to the existing infras-
tructure view-angle when looking for larger objects, e.g., cars, trucks,
and lorries, but when looking at pedestrians and cyclists, the roles are
flipped as none of these are detected in the drone view-angle.
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Chapter 3

Object Detection

Object detection is the second main topic after Video Acquisition in this Ph.D.
thesis as seen from Figure 3.1. Object detection in this thesis is mainly con-
cerning traffic light detection (TLD) but do also include object detection for
automated traffic analysis. This chapter will thus mainly provide an overview
of TLD and the corresponding state-of-the-art. Though this chapter is mainly
addressing the challenges of TLD, i.e., localizing the traffic lights, this chapter
will also touch challenges related traffic light classification, which combined
with TLD, constitutes traffic light recognition (TLR).

Video Pre- Object Post-

Acquisition processing Detection processing Tracking Semantic

Fig. 3.1: Object detection is the second main topic covered in this Ph.D. thesis.

TLR is a research topic that is important for autonomous vehicles as well
as for driver assistance systems (DAS). The core methods used for both TLD,
automated traffic analysis, and most other object detection problems, are the
same. This chapter is thus not going to distinguish between the object detec-
tion methods and their applications when describing the state-of-the-art.

Large parts of this chapter are adapted, edited, and abbreviated from [1]
and [2].

1 INTRODUCTION

Object detection is the ability to localize a given object within a data input
such as an image or video. Commonly the localizing has been done by mark-
ing the object of interest with the axis-aligned bounding boxes. This is often
considered the critical stage in a computer vision as the ability to detect an
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object is the primary reason to apply computer vision for most people. The
applications for object detection can be many; popular applications include
as face detection, pedestrian detection, vehicle detection, traffic sign detec-
tion, etc. However, it could also be some more specific objects, e.g., computer
vision system can be used in food quality control spawning the need of de-
tecting diseases on the organs. In such applications, detection on pixel-level
such instance segmentation may be more suitable. The requirements of object
detection are very application dependent which also define some application
depended challenges as we shall see.

Automated TLR is as previously mentioned the ability of making a com-
puter vision system able to localize and determine the state of the traffic
lights in intersections. In this specific chapter, we consider TLR in respect
to driving assistance systems which at some point is expected to aid in the
progress towards autonomous vehicles. However, TLR can serve a broad set
of applications:

1. DAS: Aid the driver by either providing information about the state of
the approaching traffic intersection or by partly control of the vehicle.

2. Autonomous vehicles: Making vehicles drive completely autonomous
are a multi-disciplinary task, e.g., communication between both vehicle-
to-vehicle as well as vehicle-to-infrastructure, which may make TLR
obsolete one day. However, up until then, making a vehicle operate
autonomously in a dynamic environment requires it to understand its
surrounding using sensors. Especially at traffic intersections where ac-
cidents are more prone. By the use of TLR, this can be achieved.

3. Automated traffic analysis: In a later stage of the computer vision
pipeline is Semantics, as seen in Figure 3.1. Detecting vehicles run-
ning a red light is of high interest for traffic researchers as this often
have critical consequences. In addition to having a decent vehicle de-
tector, TLR is required in order to make this information available at a
larger stage in the computer vision pipeline.

A general high-level breakdown of a computer vision based TLR system.
Before the rise of machine learning and especially deep learning, research in
TLR, and in most recognition problems, e.g., traffic signs recognition [3], has
generally been split into two steps, namely detection and classification, as
seen in Figure 3.2.

In the detection step, the purpose is to locate the traffic light in the input
image from the Video Acquisition stage. Classification is the following step,
where the localized traffic light is assigned to a class, i.e., a traffic light state.
The two steps can be carried out individually or in a combined system. The
classification step however depends on the detector localizing the correct ob-
jects first. As we shall discuss in the state-of-the-art section, these two steps
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Fig. 3.2: A general high-level breakdown of a computer vision based TLR system. Image source:

[1]

are a very high-level breakdown and are in some full and newer systems de-
scribed as one. In this thesis, the general computer vision pipeline, seen in
Figure 3.1, also, for simplicity sake, define this as a somehow combined step.
For some applications, it may make sense to adjust this to a more detailed
pipeline. In this chapter the focus will be on the detection step.

In most case, the traffic lights consist of primarily three states, i.e., green,
yellow, and red, which corresponds to go, stop if possible, and stop. For
most simple traffic intersection, the combination of these three traffic light
states suffices. However, when developing more complex traffic intersections,
which are often the case in urban environments, several variations of the
traffic light control devices have been introduced. In Figure 3.3 a subset of
some of the frequently used traffic control devices.

TETHH

Fig. 3.3: Examples showing a subset of the conventional vertical traffic lights used in complex
traffic intersection in California, USA. Image source: [4].

Even though there are some well-defined standards and conventions of
how traffic lights look, e.g., California, USA as seen in Figure 3.3, this does
not necessarily apply to other countries as the variations can vary quite a lot
from continent to continent, country to country, and even from state to state
as evident in Figure 3.4. A fully automated TLR system must be quite robust
to the many variations.

Besides the orientation of the traffic light, there exists a lot of challenges
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(b)

Fig. 3.4: The orientation of the traffic lights can vary a lot even within the same country. (a) San
Diego, California. (b) Cincinnati, Ohio. Image source: [1, 5, 6]

and issues when developing TLR There are several issues for detecting traffic
lights in urban environment as well as rural, most common issues are listed
in [1, 5, 6]:

o Color tone shifting and halo disturbances [7], e.g., because of atmospheric con-
ditions of influences from other light sources. Figures 3.5c, 3.5d, 3.5k and 3.51.

o Occlusion and partial occlusion because of other objects or oblique viewing
angles [7]. Especially a problem with supported TLs [8-10]. Figures 3.5e
to 3.58.

o Incomplete shapes because of malfunctioning [7] or dirty lights. Figure 3.5a.

o False positives from, brake lights, reflections, billboards [11, 12], and pedestrian
crossings lights. Figure 3.5h.

o Changes in lighting due to adverse weather conditions and the positioning of
the sun and other light sources.

e Synchronization issues between the camera’s shutter speed and TL LED’s duty
cycle. Figures 3.5i and 3.5j.

Before TLR can be fully adapted in autonomous vehicles, all of these is-
sues and challenges must be addressed and solved. Further, for a TLR system
even to be useful, it must be able to assess the traffic light at a far distance
in order to react upon the outcome in a timely manor. This is however not
straightforward as complex traffic intersection may be filled with several traf-
fic lights with different purposes, and most of them are not relevant for the
autonomous vehicle or the driver if we consider TLR as a DAS. Making TLR
useful and well working from a user’s point of view requires the TLR to
work together with several other applications, e.g., lane estimation, traffic
sign recognition, and vehicle detection. Further, the vehicle needs to have an
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Fig. 3.5: Common issues and challenges in the quest of developing TLR systems. Image source:
[1,5, 6l

idea of how to select the relevant information as it will be exposed to a lot
of it. For example, which traffic light is the most relevant one in Figure 3.6?
There are traffic lights in the scene from three different traffic intersections
which are located within a short distance on the same main road. Though it
might be in a later stage than Object Detection, a complete TLR system must
be able to determine this.

Besides looking at traffic lights, this chapter also briefly touch upon de-
tecting vehicles and other objects in respect to ultimately doing automated
traffic analysis. The problem is a little different as the view-angle of the used
data is changed from the moving vehicle to a static capturing angle as illus-
trated in Figure 3.7.

Traffic analysis is a Semantic stage, but in order to carry out any Semantic
analysis, good object detection is needed. The most common objects of in-
terest in relation to traffic analysis are different vehicles classes such as cars,
trucks, and lorries [14]. However, one of the reasons of performing a traffic
analysis is often to prevent fatal accidents at especially urban areas such as
traffic intersections. According to [15], 1.2 million people lost their lives on
the roads globally in 2017. To put that into perspective, that corresponds to
the ninth biggest cause of death globally. In the same study, it is reported that
49 % of those victims are vulnerable road users such as pedestrians, cyclists,
moped riders, and motorcyclists. In order to ultimately prevent traffic acci-
dents, several different objects are thus required in order to do useful traffic
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Fig. 3.6: Several traffic intersections can be located within a short distance as evident in this
example from San Diego, USA. Three traffic intersections are located within a few hundred
meters on the same main road. Image source: [1, 5, 6]

Fig. 3.7: Detecting objects, e.g., cars and vulnerable road users, are a vital part of doing auto-
mated traffic analysis. Image source: [13]

analysis.

2 STATE OF THE ART

Detecting objects, whether that is traffic lights, cars, pedestrians or cyclists,
do to some extent utilize the same methods. Most of the modern object detec-
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tions methods are in fact benchmarked on datasets that consists on a large va-
riety of classes, e.g., PASCAL VOC [16], MS COCO [17], VIRAT dataset [18],
and ImageNet ILSVRC [19]. These datasets have played an essential role in
the development and advancement of object detection. Though they vary in
size and class depth, they do constitute an open-source and common bench-
mark platform, which have been vital for a fair comparison between the many
object detection methods.

Before the introduction of these larger datasets, most research in TLD has
been evaluated on the researchers’ own private and often small datasets [1, 5].
In 2010 the public TLR benchmark dataset was made available by the Robotics
Centre of Mines ParisTech in France [20]. The dataset is captured in an urban
environment and contain 11,179 frames hand-labeled with 9,168 axis-aligned
bounding box annotations. Unfortunately, the usage of the dataset has been
limited.

The detection of traffic light can be split into two categories, namely
heuristically model-based methods and learning-based methods. Up until
around 2015, the heuristically model-based methods have been dominated
the field. Common methods rely on some heuristically determined model
based on threshold from, e.g., specfic shapes, color distributions, and inten-
sities. The most simple and surprisingly widely used one rely on defining
some lower and upper color intensity threshold for each of the three traffic
light color states as suggested in [7, 11, 12, 21-29]. This works well given
some very non-dynamic data, as the thresholds defined are often optimized
and overfitted towards one specific dataset. To make this type of models
a little more robust to changing scene, [8, 30] investigates several detectors
whereas a Gaussian pixel classifier based on thousands of manually anno-
tated traffic lights is the detector that achieves the best result. The usage
of Gaussian Mixture Models (GMM) has also seen its use in for automated
traffic analysis where an adaptive background is estimated and vehicles and
pedestrians moving through the scene do not match any of the calculated
background models [14].

The main drawback of these detectors solely based on color is that the
color intensity is subject to variation as a result of the varying lighting condi-
tions in the scene as illustrated in some the samples in Figure 3.5.

Besides the color cue, a traffic light is often characterized by its shape.
Popular approaches involve looking for Hough transform on edge map [26,
29, 31] as well as the faster radial symmetry to find circles [24, 32].

The learning-based methods are a data-driven approach to construct the
models. Rather than heuristically deriving the correct characteristics for a
given object, the learning-based methods derive these characteristics auto-
matically by being exposed to large quantities of data. In [8, 30] a cascading
classifier created on Haar-like features [33] were introduced for TLD. The cas-
caiding Haar classifier has however seen significant use in face detection [34],
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pedestrian detection [35], vehicle detection [36], and probably most detection
domain present. In [37, 38], Haar features are fused with GMM constituting
a pedestrian detector used to carry out behavioral analysis at traffic intersec-
tions. In 2005, the Histograms of oriented gradients (HOG) features com-
bined with support vector machines (SVM) were introduced for pedestrian
detection [39]. The combination of HOG features and SVM have since been
applied and used in most detection applications including TLD [40] and ve-
hicle detection [41, 42] as well as vehicle/pedestrian classification [38]. [40]
actually reaches precision and recall of 92.3 and 99.0 % on their own private
dataset of 9,301 frames. In 2015, we proposed utilizing the Aggregated Chan-
nel Features (ACF) together with learning [43, 44] (Chapter G and E) and [45]
trees on the new public available LISA Traffic Light dataset published with [1]
(Chapter D).

Most of the industrials actors researching have been utilize many of the
aforementioned learning-based methods including neural networks. How-
ever, they use a lot more data to make their decisions, which are critical for
self-driving cars, as false positives can have fatal consequences. To reduce the
false positives, several industrial partners, e.g., Daimler and Google, make
use of the GPS coordinates of the vehicle which is combined annotated prior
maps of the scene [8, 11, 30, 40, 46, 47]. The usage of prior maps greatly aids
the detection of traffic lights, as information of where in the scene given a
GPS coordinate the traffic lights are located makes the search area of traffic
light smaller as seen in Figure 3.8. Obviously this requires much information
about the scene, but it greatly aids the task of rejecting the false positives as
well as accepting true positives.

(a) (b)

Fig. 3.8: Prior maps of the scene can help defining the search area as seen in (a). It requires that
the traffic lights are annotated in the scene and the GPS coordinate is logged as Google has
done in San Jose are in San Fransisco, which is seen in (b). Image source: [11]

As previously mentioned, TLD was heavily dominated by heuristically
model-based methods before 2015, but have since changed into the data-
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driven approach based on machine learning. This has been a very general
paradigm change for the entire field of object detection. The field of object
detection has changed even further in the last few years as a result of the
hardware improvements made on particular GPUs. This has provided re-
searchers with even more computational power which allows for a sub-field
of machine learning called deep learning. A simplified comparison of how
deep learning and machine learning differs is seen in Figure 3.9. The work
mentioned above in respect to learning-based methods all includes deriving
some features based on some method. This is the main difference between
deep learning and traditional machine learning, as deep learning, given large
quantities of annotated data, can select the relevant features which character-
ize the object of interest.

Traditional machine learning

> \R_/_l > Y > Not cyclist
Input image Feature selectioq and feature Features Machine Iearn_ir_19 a_lgcrithm Output
extraction to classification
\% m Not cyclist
Input image Manual annotation Extraction of features + classification Output

Fig. 3.9: Simplified comparison of how computer vision for classification using traditional ma-
chine learning approach has changed with the introduction of deep learning. Image source: [2]

Deep learning is utilizing convolution neural networks (CNNs) which
has quickly challenged and outperformed the aforementioned traditional ap-
proaches [48, 49]. In 2012 a CNN was applied by Alex Krizhevsky et al. [50]
to one of the largest object recognition benchmarks called ImageNet. The
dataset consists of 1.2 million training images, 50,000 validation images, and
150,000 testing images. The CNN applied nearly halved the top-5 error rate
compared to the traditional methods [49].

Deep learning has since spread rapidly to all of the object detection areas
outperforming all of the traditional methods and ultimately defining a new
era of object detection. Thus, all of the best-performing methods in other
benchmarks such as the MS COCO [17] are learning-based methods. In [51]
R-CNN is introduced, which can be characterized by generating approxi-
mately 2,000 potential boxes that may or may not contain objects, so-called
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region proposals, by the use of selective search [52]. From each of these re-
gion proposals, the CNN similar to the one introduced with [50] are used
to extract the features. Finally, a trained SVM is used to determine whether
there is a high probability of each region proposal containing a given class.
As one can imagine this process is quite slow as all the approximately 2,000
region proposals are being fed individually to the CNN which then carry out
feature extraction, [53] reports the entire process taking up to 47 seconds per
image using a GPU. In [53] same authors introduces Fast R-CNN, where the
most significant change is the speed up introduced. What makes the Fast
R-CNN fast is that the CNN does not take the region proposals as the sole
input, it takes the entire input image as input rather than only the approxi-
mately 2,000 region proposals. The CNN then calculates a feature map of the
entire corresponding input preventing the many overlapping regional pro-
posal computations done in R-CNN. Further, the SVM is replaced with fully
connected layers for classification which make Fast R-CNN nearly real-time
able. The main bottleneck of Fast R-CNN is the generation of the region pro-
posal from selective search [52]. In [54] the region proposals are substituted
with Region Proposal Network (RPN), which calculates the region proposals
using a CNN. RPN is combined with the detection network from Fast R-CNN
constituting an end-to-end network. Following the naming from the previous
iterations of R-CNN, the method introduced in [54] is called Faster R-CNN.
Common for all of these is still that they work as a multi-step detector based
on region proposals. The Faster R-CNN has been reported to operate with an
FPS of 7 on the VOC2017 test set which is not applicable for real-time applica-
tions. Rather than having two networks, the first is responsible for the region
proposals and second is responsible for the classification, combining these
two into one single network. This is done in so-called single-shot detectors
such as SSD [55] and YOLO [56-58], where the network proposing regions
are replaced with pre-defined boxes which are used to detect the object of
interest.

The aforementioned deep learning object detection methods have seen a
vast and large use in almost every object detection area such as vehicle detec-
tion [59-63] and pedestrian detection [56, 64, 65]. In 2017, [66] we applied the
YOLO detector to the LISA Traffic Light dataset, which improved the overall
area-under-curve from a calculated precision-recall curve with 50.32 % com-
pared to the previous TLD based on the ACF [45]. In 2017, we also apply
the SSD as an object detector in an automated traffic analysis application by
adding an additional input layer to the SSD method which we call Bonus In-
put Layer Single-Shot Multibox Detector (BILSSD). By adding a bonus layer
containing temporal information of the scene we improve the accuracy with
up to 66 % in our experiment on the VIRAT dataset [18].
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3 CONTRIBUTIONS

The work carried out in this part of the Ph.D. Thesis has mainly been in
respect to pushing the state of the art in detection of traffic lights. The first
major study published was Vision for looking at traffic lights: Issues, survey,
and perspectives [1] (chapter D). This paper contains the first thorough and
comprehensive overview of the current state of the art as well as evaluation
within the field of TLR. Three main conclusions were made from this work:

1. Most of the published research within TLR have traditionally been done
on small and private datasets. One public available dataset exists but
have seen a very limited use.

2. The evaluation of TLR has not been standardized and has thus not been
carried out using directly comparable metrics.

3. TLR has not followed the general tendency of switching to more learning-
based methods as it clear from the survey that it have been very domi-
nated by model-based methods, especially for TLD.

To aid the overall advancement of working with traffic lights, we thus
assembled, annotated, and published the LISA Traffic Light Dataset!, which
contain stereo-video data captured during both daytime and nighttime in San
Diego, USA. The dataset consists of 43,007 frames which provides 119,231
annotations split between 304 unique traffic lights making it the largest of its
kind. The dataset were initially published in an abbreviated version of the
entire traffic light survey at the International Conference on Advanced Video and
Signal-based Surveillance in 2015 [5]. Further, we define a standardized way
of evaluating traffic light detectors in general, but in particular for the LISA
Traffic Light Dataset.

In 2015, we began the quest of utilizing learning-based methods to solve
the LISA Traffic Light Dataset. The learning-based methods had seen great
advancements and use in other similar object detection areas such as vehi-
cle detection, pedestrian detection, and traffic sign detection. We made a
learning-based traffic light detector based on ACF, which together with it
predecessor ICF had seen great use in pedestrian detection and traffic sign
detection. The initial work during was carried out on the nighttime challenge
in the LISA Traffic Light Dataset by implementing three different heuristi-
cally determined model-based method and comparing that a trained ACF
detector. This work was presented at the Advances in Visual Computing: 11th
International Symposium on Visual Computing in 2015 [43] (chapter G). The in-
vestigations and comparison from this publication showed the learning-based
methods was a great competitor to the heuristically determined model-based

! Available: https://www.kaggle .com/mbornoe/lisa-traffic-light-dataset/home
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methods and did - not surprisingly - perform better. This brought TLD up
to date and on par with research carried out in similar fields such as traffic
sign detection and pedestrian detections. To explore the optimal parameters
and improve the performance for the nighttime challenge, we carried out
a comprehensive parameter sweep adjusting three basic parameters in the
ACF which again - not surprisingly - improves the nighttime performance.
The outcome is of course a very overfitted TLD that improves the nighttime
entry on the dataset with an area-under-curve from a calculated precision-
recall curve to 66.63 %. The entire exploration of the adjusting the three basic
parameters in ACF was presented at the Advances in Visual Computing: 12th
International Symposium on Visual Computing in 2016 [44] (chapter E). In 2017,
we applied and evaluated the YOLO detector on the daytime challenge in the
LISA Traffic Light Dataset. The result of this improved the area-under-curve
from a calculated precision-recall curve to 90.49 %, which is an improvement
of 50.32 % compared to the previous ACF detector [45]. This work was pub-
lished at the Conference on Computer Vision and Pattern Recognition Workshop:
Traffic Surveillance Workshop and Challenge in 2017 [66] (chapter F).

Finally, we investigated adding an additional bonus layer containing com-
pact temporal information to SSD for object detection in respect to traffic
analysis in 2017. This work showed that the addition of temporal informa-
tion improved the accuracy with up to 66 % in experiments on the VIRAT
dataset [18]. We presented this work at the International Conference on Com-
puter Vision Workshop: Computer Vision for Road Scene Understanding and Au-
tonomous Driving in 2017 [13] (chapter H).

The main contributions of this Ph.D. thesis within the field of Object De-
tection are thus:

o The public available LISA Traffic Light Dataset which consists of 43,007
frames and 119,231 annotations split between 304 unique traffic lights
captured during both daytime and nighttime. The LISA Traffic Light
Dataset is the largest of its kind

e In addition to the dataset, we have proposed a standardized way of
evaluating TLD on the LISA Traffic Light Dataset easing comparison
between methods.

e We have provided a comprehensive overview of the current issues, chal-
lenges, used methods, and perspectives of TLR including TLD.

e As a result of TLD lacking behind other similar object detection areas,
e.g., pedestrian detection and traffic sign detection, we investigated and
applied the state of the art learning-based methods ACF and YOLO
bringing TLD up to par with the aforementioned similar object detec-
tion areas.
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e We propose the Bonus Input Layer Single-Shot Multibox Detector (BILSSD)
neural network that is an addition to SSD, which besides a regular RGB
input image can take one extra input layer, i.e., a foreground probability
map, for performing object detection.
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Chapter 4

Semantic

The third main topic of this Ph.D. thesis is Semantic, which is the last stage
within the computer vision pipeline seen in Figure 4.1. This mean that the
input to the Semantic stage is some trajectories of the detected objects of in-
terest. The task of the Semantic stage is mainly to translate the trajectories
of the objects into some high-level understanding, e.g., specific behaviors or
abnormal events, with respect to a specific application.  In line with the

Video Pre- Object Post- Tracking Semantic

Acquisition processing Detection processing

Fig. 4.1: Semantic is the third main topic within this Ph.D. thesis and is the last stage in the
overall computer vision pipeline.

general theme within this Ph.D. thesis of making vehicles able to interpret its
surroundings and acquiring video data for automated traffic analysis. The
outcome of the traffic analysis is often measures that are defined by traf-
fic researchers rather than computer vision researchers. Working together
in cross-disciplinary applications can be challenging as there are different
traditions often causing communication challenges and misunderstanding.
In this chapter, we will look into frameworks for carrying out automated
traffic analysis. Specifically, we will investigate frameworks that allow for
cross-disciplinary collaboration for developing traffic analysis tools allowing
computer vision based traffic analysis.

The content of this chapter are inspired and have abbreviated parts from
[1,2].
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1 INTRODUCTION

Developing computer vision based traffic analysis systems have a consider-
able interest to computer vision practitioners, in particular, if the system have
some research related problem attached to it. The main scope of the computer
vision system is to translate the low-level information and mid-level informa-
tion into some high-level behavior which is often easier to understand even
for non-practitioners of computer vision. The low-level information, mid-
level information, and high-level information can be described as illustrated
in Figure 4.2, which is inspired by [2-5].

High Low

Drive behavior
Abnormal events
Safety assessment

Inferred data

Grouped cues Trajectories
Object detections and classification
Speed information Predictions

Processed Data

Radar RGB Camera

Data Abstraction level
Amount of information

Inertial Motion Unit CAN bus

Sensor Data
Low High

Fig. 4.2: Description of low-level information, mid-level information, and high-level informa-
tion in respect to computer vision based traffic analysis. The figure is inspired by [2, 3].

The purpose of utilizing computer vision is to automate the process of
generating high-level information such as abnormal events, conflict event, ob-
ject counts, and behaviors, is that it is more efficient compared to traditional
approaches. Traditionally, the task of counting the vehicles at an intersection
have been carried out by a manual annotator standing physically near the site
and marking down each vehicle he or she sees. Other approaches include us-
ing video recording equipment to acquire the footage and then let a person
look through the acquired data in an offline setup indoor. This is, however,
not very efficient, especially not if we are looking for the causes of accidents.
By examining the safety pyramid in Figure 4.3, we can - luckily - conclude
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that accidents do not occur that frequently. The frequency of events are re-
lated to the level of its severity in the sense that very severe accidents only
occur very seldom, but near-accidents and more normal encounters occur
more frequently.

Accidents

Serious conflicts

Fatal \ Slight conflicts

Severe injury Potential conflicts

Slight injury

Damage only —t+—/F—— X' \  [J------
Encounters

Fig. 4.3: Safety pyramid adopted from [6] and also used in [1].

In order to prevent traffic accidents completely, a lot of data are required
in order actually to capture the severe events and thus prevent them. Es-
pecially because a significant amount of conflicts and collisions must be
recorded before any counteractions can be carried out. Making a person
manually annotate the intervals of interests within these enormous datasets
is a quite tedious task. The scope of applying a computer vision system to aid
this task is thus to automate this tedious task completely. This relationship is
seen in Figure 4.4, where the two approaches are plotted at each end of the
axis. In between making a human annotate the entire dataset manually and
creating a fully automatic computer vision system is the Human-in-the-loop
system.

Further, developing a computer vision system that is general enough to
work on data captured in Denmark, Sweden, Belgium, Spain, Canada, or
the USA, without having to optimize the system each time. As previously
mentioned, developing the computer vision system may have some research
and development interest from computer vision researchers, but maintaining
and optimizing the system and its methods to hundreds of specific traffic
intersections across the world may serve a motivational challenge. In these
large-scale studies where it is hard to develop a solution that work perfectly, it
is often necessary to create the system such humans can adjusted them. This
type of system can be referred to as the aforementioned Human-in-the-loop
system as seen in both Figure 4.4. The human-in-the-loop aids the computer
vision system by adjusting the method’s parameters towards the sweet spot
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B

Human-in-the-loop system

Human annotation Fully automatic system

(] H

Fig. 4.4: Ideally a fully automatic system should solve the otherwise manual task completely.
However, this is often difficult, why a human-in-the-loop system is interesting as it can work as
a semi-automated tool.

between finding only relevant events.

To enable non-practitioners of computer vision to become the person that
can alter and adjust the computer vision system, the system must be wrapped
into a nice package making it accessible for them. This requires different
graphical initiatives such as a GUI which is of course important. However, for
the system really to be useful, the underlying computer vision methods and
its corresponding parameters must have an outlet through the GUI, where the
outlet can be adjusted by some measure that a non-practitioner can related
to, e.g., direction of movement, velocity, or presence in an area. The task of
the human involved in the system is thus to adjust the parameters through
the outlet in the GUI, and find the most optimal parameters for the given
traffic intersection. This work flow, as well as the trade-offs, are illustrated in
Figure 4.5.

There exist quite a few high-level semantic informations that all are of
interest for traffic researchers, but it might be with different purposes. In [4]
they are interested in safety analysis with respect to estimating the time-to-
collision and post-encroachment time which serves as two important safety
measurements as they often describe a lot of the near-accidents. Other inter-
esting information can be traffic flow, queue length and congestion detection;
road user counts, abnormal behaviors and trajectories; vehicle type classifi-
cation, speed profiling, object interactions, behavior classification, speed pro-
filing, and other metrics that can be of interest to aid traffic management,
driver behavior analysis, and accidents analysis [1, 5, 7-9].
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False misses = False positives =
events not found irrelevant data found

I Sweet spot

Human-in-the-loop ><

Fig. 4.5: A person can aid the computer vision system in finding the performance sweet spot
by adjusting the methods in a human-in-the-loop setup.

2 STATE OF THE ART

The field of automating traffic analysis using computer vision methods has
as the introduction suggests been an active research area for a while. This
section provides an introduction to popular frameworks which exists with the
purpose of aiding this cross-disciplinary discipline. For further introduction,
there exists several well-written and thorough surveys on traffic analysis or
safety analysis in [4, 7, 10, 11].

Conducting traffic safety studies based on different traffic related met-
rics and developing computer vision are to some extent two different worlds.
This often causes communication challenges between the two research fields
when discussing and developing how to come from Video Acquisition to
automated high-level Semantic. To ease this communication, various frame-
works have been developed and proposed on different technicality levels. [12]
presents a general framework in respect to video processing and is to a very
large extent applicable for most computer vision applications, especially prior
to the introduction of deep learning. The introduced framework consists of
six different stages namely: camera, image acquisition, pre-processing, seg-
mentation, representation, and classification. These six stages can be trans-
lated into than given a sensor, e.g., a camera, images are captured which
can be used to classify objects and events. [13] presents an automated com-
puter vision system that aims to do conflict analysis with respect to pedestri-
ans. This computer vision system is built upon five basic stages: video pre-
processing, feature processing, grouping, high-level object processing, and
information extraction. Especially the latter stages are more angled towards
extracting high-level semantic information compared to the six components
presented in [12], this may make them more useful and understandable for
non-practitioners of computer vision, i.e., traffic researchers.
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In [10] two different approaches or structures for developing automated
traffic analysis tools are introduced, namely a top-down approach and a
bottom-up approach. The firste stage in the top-down approach consists of
finding the foreground objects for example by the use of frame differentia-
tion [14]. The calculated foreground objects are then grouped to form objects
and can be classified [15] using either model-based heuristically determined
or learning-based models. The classified objects can then finally be linked
together in the spatial-temporal domain constituting the tracking stage [16].
The bottom-up approach takes its starting point a little differently by detect-
ing smaller patches of the objects which can then be grouped to a constitute
a complete object. Similarly, these objects can be classified to belong to some
class label and be tracked across time.

The current available cross-disciplinary frameworks have however not fol-
lowed the advancement done in computer vision with deep learning.

Object counting is one of the popular high-level semantics that is of high
interest of the traffic researchers. Object counting does primarily consist of
localizing and classifying objects, which in the traffic perspective is often vul-
nerable road users, e.g., pedestrians and cyclists, as well as different vehicle
types, e.g., cars, trucks, or buses. To prevent the same object being counted
multiple times, the objects are tracked which also aid handling occlusion.
From a computer vision perspective, a lot of research has been carried out
to address detecting and classifying various objects as we have already dis-
cussed in Section 2. The object detection methods previously discussed in
Section 2 are heavily used for doing object counting as well as most other
behavioral studies. For example in [17, 18] a computer vision system is de-
signed for pedestrian behavior analysis at intersections, the detection is based
on both motion cues from a GMM as well as appearances cues from Haar-like
features which are contextually fused to improve detection. Further, they use
HOG and SVM for classification in [18].

To carry out object counting at a point of interest, several solutions are
already on the market and widely. The most traditional one, besides hiring a
student to manually do the carry out the object count, is installing inductive
loops in the road surface which have proven quite accurate in detecting metal
objects, e.g, cars, trucks, and lorries, driving over the installation. The simple
versions of inductive loops will only count whether a metal object, i.e., a ve-
hicle has passed over the inductive loop installation in the road surface. More
advanced versions of inductive loops can, by the use of the magnetic signa-
tures generated by inductive loops, classify the objects into for example cars,
trucks, lorries, and even bicycles [19-23]. Inductive loops are, however, and
as previously mentioned, required to be installed in the road surface, which
is not ideal. Other applications on the market is DataFromSky, who provide
" Advanced traffic analysis of aerial video data” [24]. DataFromSky explains their
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application and their overall concept on their website as follows:

"Aerial Monitoring overcomes the limitations of traditional methods of traffic
data collection due to its mobility, complexity, and ability to cover large areas. Air-
borne sensors provide sufficient amount of data to enable vehicle location and move-
ment monitoring; however, further processing and evaluation of the data often re-
quires tremendous effort. DataFromSky is a new specialized solution for automatic
analysis of traffic activity in aerial videos. It brings many new possibilities in the
field of traffic analysis by virtue of its fully automatic calculation of a wide range of
traffic parameters such as speed, densities and gate counting.” [24].

DataFromSky does thus provide semantics high-level information, i.e. ad-
vanced traffic analysis, allegedly automatically given a video recording cap-
tured from a drone or the likes. However, given it is a commercial product,
the precise level of automation is difficult to dissect. For a consumer, how-
ever, that might not be of interest at all, as the results DataFromSky produces
are excellent. In large-scale studies, this may, however, be a quite expensive
solution.

3 CONTRIBUTIONS

During this Ph.D., two works have been carried out regarding Semantics. [1]
and [25] do both heavily link to reducing large traffic datasets to only the part
of the datasets that are of interest. In [1] (chapter ]J) we investigate currently
available frameworks that aid the communication between traffic researchers
and computer vision researchers when developing automated traffic analysis
tools. To this extent, we propose a new data-driven framework which aids
the cross-disciplinary communications which take its starting point in using
modern computer vision technology, i.e., deep learning. Further, we develop
a new system, named Surveillance Tracking Using Deep Learning (STRUDL),
which is developed and described as per the proposed framework to carry
out detection, classification, and tracking which finally can be used to create
traffic analysis with data captured from a traffic intersection. STRUDL make
use of the data-driven SSD object detector and prior to executing the entire
framework, the detector is fine-tuned with a few hundred annotations on
a pre-trained model containing popular classes, e.g., pedestrians, cars, and
cyclists. To make the most out of STRUDL, a camera calibration is needed
of the specific capturing setup with respect to the scene. By combining the
re-trained object detector with the camera calibration, trajectories in world
coordinates are generated and can easily be extracted to further analysis.
Using STRUDL for traffic analysis requires a Linux computer with a newer
Nvidia GPU and with CUDA, docker, and nvidia-docker installed on it.

In addition to STRUDL, another, more human-in-the-loop oriented, com-
puter vision watchdog tool is developed and described in [25] (chapter I).
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The watchdog tool is called Road User Behaviour Analysis (RUBA). RUBA
is developed with a very user-friendly GUI wherein several computer vision
method outlets are made available for non-practitioners of computer vision.
To this end, the users of RUBA can easily adjust the underlying computer
vision methods towards the sweet spot, as illustrated in Figure 4.5, such the
most optimal traffic analysis is reached. Compared to STRUDL, RUBA is
based on more simple and traditional methods, e.g., background subtraction
and optical flow, which in total provide the users of RUBA with four dif-
ferent high-level detectors in RUBA, namely: Presence Detector, Movement
Detector, Stationary Detector, and Traffic Light Detector. The detectors do not
work on the entire scene captured in the video recordings, the detectors must
be annotated in the video recordings manually by the user, as illustrated in
Figure 4.6. In Figure 4.6a, a so-called double module is annotated which
consists of a Traffic Light Detector, marked with yellow, and a Movement De-
tector, marked with red. In Figure 4.6a, the Traffic Light Detector is already
triggered, which is illustrated by the strong yellow color, whereas the Move-
ment Detector is not yet triggered, which is illustrated with the transparent
red color. An event using this double module is triggered the moment both
modules are active. In Figure 4.6b, the cyclists runs a red light and cause
both modules to be active ultimately triggering an event.

(a) (b)

Fig. 4.6: .

The contributions made during this Ph.D. thesis to RUBA has mainly
been implementing the Traffic Light Detector module allowing for example
red running traffic analysis.

The main contributions of this Ph.D. thesis in the field of Semantic can be
summarized as follows:

e We propose a new data-driven automated traffic analysis framework
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Chapter 5

Knowledge for the World

The modern technology can be applied to a large variety of applications pos-
itively benefiting the specific area. To increase the chances of deploying mod-
ern technology in new areas, the public need to be aware of the possibilities,
in particular, the decision makers. Translating the advancement in computer
vision to layman’s terms and then disseminating them to the public is what
this last topic covered in this Ph.D. thesis is about. The topic is titled after the
overall strategy of Aalborg University (AAU) [1].

1 INTRODUCTION

One of the fundamentals in the entire backbone of AAU is that everything
we do is done in accordance with a problem-based approach. The research,
as well as our educations, are built upon problem-based learning. This is
well supported by the future direction and future course of the university
described in the AAU Strategy 2016-2021 [1], which is, as previously men-
tioned, titled Knowledge For the World. To accommodate the future direc-
tion, we as researchers as well as educators are always encouraged to pick up
research and problems both globally and nationally, but in particular in our
local communities which will eventually strengthen the province. Further,
the research and problems we address must be linked to a real-world prob-
lem preferably in close collaboration with external partners in the business
world or in public institutions [1].

The overall characteristics and goals at AAU are well-defined in the AAU
Strategy 2016-2021 [1] which are as follows:

e Problem orientation

AAU’s problem based approach to research and education is strong and
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well founded. Our researchers, students and graduates are well trained
in analytical, holistic and problem and solution oriented methods.

o Collaboration

AAU conducts research in close collaboration between staff, students and
partners in the business world and in public institutions. Working with
authentic issues implies that the University maintains close contact with
external partners.

o Commitment

AAU reflects the vigour and zeal of its staff and students. AAU is a
university for committed staff and students who assume responsibility
and make things happen within the University and in its surrounding
society.

o Change

AAU creates knowledge that changes the world. Our problem oriented
approach to research, education, knowledge dissemination and collabora-
tion makes a difference and create change.

These above characteristics, which to some extent are metrics in AAU
regime, do in respect to this Ph.D. thesis not constitute any contributions to
the technical world of computer vision. However, that is not the purpose ei-
ther. The purpose of doing this is first of all to disseminate the research you
work on, which is an essential skill to learn and eventually master. Mainly
because people possess very different educational levels and general under-
standing of what is going on the specific topic. Especially a topic such as
computer vision which is regularly being thrown into the buzzwords mix of
artificial intelligence, self-driving vehicles, and the always interesting sci-fi
doomsday theory, i.e., robots taking over the world. It is therefore essen-
tial to keep educating people by explaining how research is conducted, how
does it work, how does it perform, and how should it eventually be used -
and where should it not be used. Publishing popular science papers put a
focus on the advancement done in a field of study, which may attract young
scholars to pursue a career in the specific field. Engaging positively in rele-
vant discussions and debates will eventually improve and be decisive for the
common public sentiment as people by nature are more reluctant with things
they do not entirely understand. So if we eventually want to convince people
to put their faith in a self-driving vehicles, we need to make sure they under-
stand how it works on a high-level. The low-level understanding remains in
the hands - or brains - of researchers.
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2 CONTRIBUTIONS

In addition to various teaching and supervision tasks, two initiatives have
been carried out during this Ph.D. in respect to this Knowledge for the World
topic. Both of them have been to translate the latest advancement in com-
puter vision to the public through two different channels. The main over-
all advancement done within computer vision during this Ph.D. period has
been deep learning. To create more interest about computer vision and deep
learning among high school students, we wrote a popular scientific paper
about deep learning to Aktuel Naturvidenskab in 2018 [2] (chapter K). Aktuel
Naturvidenskab is a Danish popular science magazine dealing with current
science subjects and is published in collaboration between six Danish univer-
sities. Aktuel Naturvidenskab does to some extent correspond to a Danish
version of the American popular science magazine called Scientific Amer-
ican. The magazine is, however, published in Danish and distributed to
most of the Danish high schools, why the technical level of the paper has
been adjusted accordingly. The publications in Aktuel Naturvidenskab are
not peer-reviewed, and do thus not constitute a scientific contribution to the
world of computer vision. However, our publication on deep learning has
spawned several interviews with high schools students as well as students
from primary school who has been intrigued about learning more about deep
learning, the perspectives, and how to get started.

To reach a broader and more varied group, we developed a Techtunnel
showcasing the latest advancement within computer vision, their correspond-
ing applications, and the future perspective. We developed the Techtunnel
specifically with the purpose of participating in the Danish Folkemede 2018,
which can be translated into The People’s Meeting. The People’s Meeting
is a yearly recurrent four days event with an estimated 113,000 attendees in
2018. The development and outcome of this work been documented in a
technical report used internally at Aalborg University [3] (chapter L). During
the four days, around 25,000 people passed through the Techtunnel, and a
large portion of them engaged in friendly conversions and discussions about
computer vision with us. Further, the Techtunnel at The People’s Meeting
spawned a lot of media attention which led to two TV interviews with the
Ph.D. student on the local news channel TV2 Bornholm as well as the na-
tional news channel TV2 News, respectively.

The main contributions of this Ph.D. thesis within the field of Knowledge
for the World can thus be summarized as follows:

e We have published a popular science paper on the advancement in deep
learning which has been distributed among most Danish high schools
spawning much interest in the topic.
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e We showcased the latest advancements within computer vision and
their many applications in the Techtunnel at The People’s Meeting. Our
presence spawned two TV interviews on local and national channels,
respectively.

REFERENCES

[1] Aalborg University, Knowledge for the World - Aalborg University Strategy
2016-2021.  Aalborg University, 2015. [Online]. Available: http:
/ /www.e-pages.dk/aalborguniversitet/383/

[2] M. B. Jensen, C. H. Bahnsen, K. Nasrollahi, and T. B. Moeslund, “Deep
learning: Et gennembrud inden for kunstig intelligens,” Aktuel Naturovi-
denskab, vol. 2, 2018.

[3] M. B. Jensen, M. Pedersen, and P. Lund, “Techtunnel - folkemadet 2018,”
AAU Technical Report, 2018.

64


http://www.e-pages.dk/aalborguniversitet/383/
http://www.e-pages.dk/aalborguniversitet/383/

Chapter 6

Conclusion

Running from 2015-2018, this Ph.D. has covered topics in driving assistance
systems and looking at traffic analysis from a computer vision perspective.
The research within the two topics are carried out in three different stages
in a general computer vision pipeline. The three computer vision stages
investigated in respect to driving assistance systems and looking at traffic
analysis are marked with dark blue in Figure 6.1.

Video Pre- Object Post- Tracking Semantic

Acquisition processing Detection processing

Fig. 6.1: The computer vision stages involved in this thesis are marked in blue. In addition to
the stages marked in dark blue, this Ph.D. thesis also include a Knowledge for the World topic.

In addition to the stages marked in dark blue, this Ph.D. thesis also in-
clude a Knowledge for the World topic. The four main topics investigated
within this Ph.D. thesis are thus:

e Video Acquisition

e Object Detection

e Semantic

e Knowledge for the World

Within the main topic of Video Acquisition, a multi-modal and multi-view
recording setup is developed to accommodate the requirements introduced
by the InDeV project around in Europe. The setup has successfully been used
to capture several months of video data within the InDeV project. The de-
velopment of the recording setup indicated that the use of portable pole may
provide less occlusion-prone video recordings, which ultimately improves
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the following traffic analysis. To this end, we present a comprehensive sur-
vey and overview of available portable poles, both complete solutions and
do-it-your-own solutions. The survey and overview point out the lack of
lightweight, robust, and yet mobile portable pole. To accommodate these
requirements, we design and develop a new portable pole satisfying these
requirements. The new portable pole has already seen its use in many traffic
analysis studies carried out by the Traffic Safety Research Group at Aalborg
University. The portable pole has provided useful traffic video recordings in
rural areas which were no, or a very limited, amount of existing infrastruc-
ture was available. Further, the portable pole has seen its great use in urban
environments as well as it do not occupy much of the pavement. Though the
new portable pole provides a larger degree of freedom of the exact capturing
position, it does not eliminate occlusion. To investigate the occlusion issue
further, we collect a synchronized dataset from a traffic intersection from re-
spectively an existing infrastructure view-angle and a drone view-angle. The
drone is occasionally argued as the ideal countermeasure for occlusion, but
as the preliminary research carried out with this thesis show, it does indeed
serve as an excellent capturing view-angle when detecting larger objects such
as cars, trucks, and buses. However, the drone view-angle is challenged a lot
by smaller objects in the scene such as pedestrians, cyclists, and mopeds.
Going forward there are still many investigations required to actually deter-
mine whether drones are superior as a capturing angle compared to existing
infrastructure or portable poles. But when are they exactly superior - if they
are. The assembled dataset allow for these further investigations on both a
bounding boxes level but also on a pixel level.

In the area of Object Detection, a comprehensive and thorough traffic light
survey was made to provide an overview of the work done with respect to
recognizing traffic lights. The output of the survey clearly showed that the
area of traffic light recognition including detection had not seen the same
usage of learning-based methods as related areas had seen, e.g., pedestrian
detection and traffic sign detection. Further, the survey showed a lack of
a large and challenging traffic light dataset with a well-defined evaluation
process, which have made the comparison of the previous research difficult.
To address this need, the LISA Traffic Light Dataset was collected, annotated,
and made freely available with the survey to accommodate fair comparison of
methods within the area of traffic light detection. To bring traffic light detec-
tion up to par with the aforementioned related areas, we investigated how to
apply and develop the modern computer vision technology to push the state
of the art detection performance. The usage of learning-based method ACF
and in particular YOLO did quickly outperform the previously heuristically
determined models. The research carried out during this Ph.D. in respect to
traffic light detection has brought the state up to par with the related areas
and has to some extent solved the daytime challenge within the LISA Traf-
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fic Light Dataset. Looking ahead in the field of traffic light recognition in
regard to driving assistance systems and autonomous vehicles, more varied
and challenging data are required. Especially datasets from more challeng-
ing environments than sunny San Diego, California are of high importance.
Further, publicly available datasets where the annotated images also contain
accurate GPS coordinates, will eventually aid the real-life performance of
traffic light detection. These kinds of datasets will potentially help to solve
one of the biggest challenges of both traffic light detection but also traffic sign
detection, which is to determine the relation and importance of traffic light
in respect to the vehicle and its location on the road.

For Semantic, a new data-driven framework for easing the cross-disciplinary
task of developing an automated traffic analysis tool is introduced. To this ex-
tent, an automatic and a semi-automatic computer vision-based traffic anal-
ysis tool have been developed and made open-source and freely available
for traffic researchers across the world. The semi-automatic tool, RUBA, has
been developed in close collaboration with the Traffic Research Group (TRG)
at Aalborg University, such several traditional computer vision methods have
been made available for non-practitioners of computer vision. RUBA is a
human-in-the-loop computer vision system, which due to the close collabo-
ration with TRG has resulted in a very user-friendly GUI interface. RUBA
has seen its use in the entire world, reports and feedback shows that, besides
being used by the InDeV partners in Europe, several other both public and
private actors has used RUBA, among others are:

e Aalborg Municipality, Denmark e Indian Institute of Technology
e ATKI, Denmark Bombay, India

e NTNU, Norway e National University of Singapore,

e Oregon State University, USA Singapore

e Transport Research Centre, Czech | T.i1inn University of Technology,

Republic Estonia
e Transportekonomisk Institutt, Nor-
way o University of Coimbra, Portugal

The contributions made during this Ph.D. thesis to RUBA has mainly
been implementing the Traffic Light Detector module allowing for example
red running traffic analysis.

Future work in this area includes making deep learning methods even
more accessible for traffic researchers as well as other field of research.

In the area of Knowledge for the World, two main initiatives have been
carried out. A popular science paper about deep learning has been pub-
lished in a Danish magazine and distributed to most Danish high schools and
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some primary schools. The publications in Aktuel Naturvidenskab are not
peer-reviewed, and do thus not constitute a a scientific contribution to the
world of computer vision. However, our publication on deep learning has
spawned several interviews with high schools students as well as students
from primary school who has been intrigued about learning more about deep
learning, the perspectives, and how to get started. To reach an even broader
and more varied group, we developed the Techtunnel and brought it to the
Danish Folkemede, "The People’s Meeting," where more than 110,000 people
attended the entire four-day event. Around 25,000 people visited our Tech-
tunnel where we showcased the latest advancement within computer vision
and the current as well as future applications the new technologies create.
The Techtunnel resulted in quite some media attention, which led to two TV
interviews on the local and the national TV channel, respectively. Looking
forward in respect to Knowledge for the World, it remains an important task
to disseminate the advancements being done within a researcher’s field of
study in layman terms to the public. Further, we need to keep showcasing
the many and in particular cool opportunities within science to our younger
generations, such we can keep attracting more young people into science.

The main contributions of this entire Ph.D. thesis can be summarized as
follows:

Video Acquisition

e Developed a multi-view and multi-modal recording platform for video
acquisition at traffic intersection. The recording platform has captured
several months of data both in Denmark and Belgium.

e We have surveyed and provides an overview of four general types of
portable poles with respect to capturing data at traffic intersections in
rural and urban environments.

o The portable pole overview pointed out the lack of a lightweight, robust
yet mobile portable pole. We have thus designed and developed a new
portable pole satisfying these requirements.

e We have collected and annotated a synchronized multi-view traffic in-
tersection dataset allowing performance comparison between video ac-
quired with a drone and video acquired by installing camera equipment
in existing infrastructure, respectively.

e Preliminary result based on a pre-trained Mask R-CNN object detec-
tor shows that the drone view-angle is superior to the existing infras-
tructure view-angle when looking for larger objects, e.g., cars, trucks,
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and lorries, but when looking at pedestrians and cyclists, the roles are
flipped as none of these are detected in the drone view-angle.

Object Detection

e The public available LISA Traffic Light Dataset which consists of 43,007
frames and 119,231 annotations split between 304 unique traffic lights
captured during both daytime and nighttime.

e In addition to the dataset, we have proposed a standardized way of
evaluating traffic light detection on the LISA Traffic Light Dataset eas-
ing comparison between methods.

e We have provided a comprehensive overview of the current issues, chal-
lenges, used methods, and perspectives of traffic light recognition in-
cluding traffic light detection.

e As a result of traffic light detection lacking behind other similar object
detection areas, e.g., pedestrian detection and traffic sign detection, we
investigated and applied state of the art learning-based methods ACF
and YOLO bringing TLD up to par with aforementioned similar object
detection areas.

e We propose the Bonus Input Layer Single-Shot Multibox Detector (BILSSD)
neural network that is an addition to SSD, which besides a regular RGB
input image can take one extra input layer, i.e., a foreground probability
map, for performing object detection.

Semantic

e We propose a new data-driven automated traffic analysis framework
that aims towards easing cross-disciplinary research between traffic re-
searchers and computer vision researchers.

e Implementation of the proposed framework that utilizes modern com-
puter vision technology, i.e., deep learning, to carry out conflict analysis
in the traffic.

e Developed a traffic light module for the RUBA watchdog tool, allowing
automated red running analysis or the likes for traffic researchers.

e Both STUDL and RUBA are open-source projects and are thus made
public available at https://github.com/ahrnbom/strudl and https:
//bitbucket.org/aauvap/ruba/, respectively.
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Chapter 6. Conclusion

Knowledge for the World

e We have published a popular science paper on the advancement in deep
learning which has been distributed among most Danish high schools
spawning a much interest in the topic.

o We showcased the latest advancements within computer vision and
their many applications in the Techtunnel at The People’s Meeting. Our
presence spawned two TV interviews on local and national channels,
respectively.

This work has mainly been concerned about traffic analysis and driving
assistance systems, there are however so many other applications and re-
search areas that can greatly benefit by computer vision. In particular, cross-
disciplinary domains where two research areas can greatly benefit from each
other’s challenges and solutions. In the perspective of traffic applications,
much work still has to be done. Making a vehicle drive entirely autonomous
requires so many research problems to be further investigated and developed,
additionally the interlink between them and how they compensate each other
are essential. In the same way, automated traffic analysis, can to some extent,
be automated in a very optimized setup in a well-suited traffic intersection,
but if these tools were to be rolled out in a large-scale much work is still re-
quired to cope with the large variance. Finally, a vital thing for the entire field
of computer vision is that we must keep disseminating things and showcase
the exciting research that is done. Partly because we must keep attracting
young and bright scholars, but mainly because we need to help the society
understand how this new automation adventure works. If they do not un-
derstand it on some high-level, they will never trust it completely which may
hinder the enormous potential of increasing the usage of computer vision in
daily lives even more.
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1. Introduction

ABSTRACT

The scope of the Horizon 2020 EU project: In-Depth understanding of accidents cau-
sation for Vulnerable road users (InDeV) is to contribute to the overall improvement
of Vulnerable Road Users” (VRU) safety in Europe. Interestingly, road safety experts
are concerned about the issue of having “to few crashes” in their observation data to
propose an accurate accidents causation. It is therefore desirable to get a much ob-
servation data as possible to provide an accurate cause of accidents. But rather than
deploying a person to physically monitor an area of interest, it is more ideal to install
video recording equipment to observe the area. In this technical report we design and
develop a multi-view and multi-modal video recording system to aid the observational
data study within the InDeV project. The video recording system is designed to be
usable in the two main objectives in the InDeV project, namely: Short-term obser-
vations (3-weeks) and long-term observations (1-year). The video recording system
is developed with the purposed of being deployed at 24 different traffic intersection
spread across Belgium, Denmark, Netherlands, Poland, Spain, and Sweden in both
short-term observations as well as long-term observations.

1 INTRODUCTION

Understanding the causes of accidents is an important pre-requisite for de-
veloping effective counter-measures and improving safety in general. At
this point, the In-depth Understanding of Accident Causation for Vulnerable
Road Users (InDeV) project comes into play. The main objective of the project
is to develop an integrated methodology to study causes of accidents with
vulnerable road users (such as pedestrians, cyclists and moped riders). [1]

Traditionally, traffic conflict studies relied on using human observers who
had to detect and judge conflicts in real time while being present in the traf-
fic environment at the studied site. But rather than deploying a person to
physically monitor an area of interest, the task is eased by installing video
recording equipment in the area instead. The record video can either be ex-
amined by a human observer offline or more ideally by the use of computer
vision tools, e.g. RUBA [2], STRUDL [3], etc.

To address and explore the main objective of the InDeV project, a video
recording system is required to facilitate the extensive amount of recordings
desired to do within the capture. A total of 21 short-term recordings and 3
long-term recordings are expected to be carried out during a 3-years period
between 2016-2018. The short-term recordings consists of 3-weeks continuous
video recordings at 21 different traffic intersections spread across Belgium,
Denmark, Netherlands, Poland, Spain, and Sweden. The long-term record-
ings will be carried out at Belgium, Poland, and Spain by capturing 3 different
traffic intersections continuously throughout a period of 1-year each site. All
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of the video recordings are done with the purpose of ultimately aiding the
understanding of accident causation for vulnerable road users (VRUs). [1]

To accommodate these demands, We develop a multi-view and multi-
modal video recording system to aid the observational data study within the
InDeV project.

2 REQUIREMENT CONSIDERATIONS

Prior to designing and developing the video recording system, a few con-
siderations in relation to the requirements of the recording system is done.
These requirement considerations presents some common and essential de-
mands for the solution when deploying a video recording system for a period
of up to 3-weeks.

Multi-view and multi-modal To achieve the best possible data for a traffic
intersection of interest, the InDeV project will capture data 24 hours a day in
a period of 3 weeks. Using only a RGB camera will be applicable during the
periods of the day with well lighting, however during night-time, the video
feed is very limited. To this extend it would be useful to include thermal
cameras as a complimentary sensor to the RGB camera.

A classical issue with most video recording systems later used with com-
puter vision methods is occlusion. It is therefore desirable if the video record-
ing setup allow for a multi-view setup providing video from different angles
of the traffic intersection. We propose to use two different view-angles in a
normal sized traffic intersection. The first view-angle would make use of a
RGB camera as well as a thermal sensor while the second view-angle will
only have a RGB camera.

Power supply The most essential demand is to find a power solution that
work without a stable power supply and can thus become independent of
existing infrastructure. Batteries are the obvious choice to solve this task, but
to reach the 3 weeks operations time this might require large set of batteries.
Rather than having batteries for all 3 weeks, a smaller set of batteries could be
used, changed, and recharged during operations hours. This might however
require a person on-site on a daily basis. Ideally, the system should be kept in
operational mode during the battery switch requiring battery hot-swapping
mechanisms.

Vandalism prevention A major issue with having equipment portable and
mobile is that it becomes more prone to vandalism and theft. Prevention of
vandalism and theft is very difficult, but the physical setup must take this
into consideration.
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Recording capacity 3 cameras which are constant recording throughout 3
weeks requires a large amount of storage capacity. This sets some demands
of the on-site equipment as the cameras should ideally be kept in operation
all the time. A different aspect, in connection to the vandalism prevention
point, is, if all recordings are left on-site and not copied or backed-up during
the operation time, the recordings could in worst case be completely lost.

Video from the thermal camera at VGA resolution(640x480) demands an
estimated 0.245 GB/hour, while the RGB video at full HD resolution(1920x1080)
on average requires 6.9 GB/hour. The estimated storage requirement for
the continuous operation for 3 weeks with one thermal camera and two
RGB cameras is 7,100 GB. If the storage capacity is divided into the phys-
ical locations of the cameras, it translates to an estimated 3,600 GB for the
RGB+thermal setup and 3,500 GB for the single RGB camera.

3 RECORDING SETUP ANALYSIS

Several initiatives and brainstorms have been made in creating the InDeV
video recording setup, all with the purpose of elucidating approaches for
collecting data in the traffic scene in the best possible manor. The scope of
the analysis has mainly been focused on the short-term recordings (3-weeks).

3.1 Base framework

In the requirement considerations in Section 2 it is defined that the three
cameras should be used in a 2 view-angles setup. We further assume that
these view-angles are not physically connected to each other, not even by
cable.

Most industrial cameras today operates by Power over Ethernet (PoE)
which means it is only necessary to supply one cable per camera in the mast.
In our recording setup we propose to use is presented in Table A.1. The
power is supplied by a separate PoE switch which transmits 19 V for each
RJ45 port. AXIS provides its own Media SDK which is available for Windows

Table A.1: Capturing devices the InDeV video recording setup.

Type Manufacturer Model ~ Weight[kg] Price[Euros]
RGB Axis Q1615-E 3.5 1,227.13
Thermal Axis Q1932-E 22 9,000.00

and allows simultaneous acquisition from multiple network cameras. Fur-
thermore, we need to record the video on one or several external hard drives
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with a total capacity of no less than 7,100 GB. The aforementioned require-
ments implies that the recording devices should interface with an both hard
drives and ethernet. It should either run a x86-compatible version of Win-
dows or be a separate Network Allocated Storage (NAS) server. Due to the
limited power available, this means we would either need a low-power Win-
dows device such as a small laptop/netbook, an Intel NUC, or a dedicated
NAS server.

The video acquisition should be synchronized across multiple view-angles,
even if the view-angles are not physically connected. In order to assure this,
we must synchronize the system clocks of the cameras and recording devices
against the same server, for instance via the Network Time Protocol (NTP).
This in turn requires an internet connection which may be provided by a
UMTS/LTE modem. The modem also allows the remote monitoring of the
system to check the state of the cameras and power supply.

We summarise the required base setup to support a single pole configu-
ration in the following itemization:

e Power over Ethernet (PoE) Switch.
e Recording solution consisting of either:

— Low-power x86-compatible Windows device with full-size USB,
RJ45 port + External hard drive(s) with combined capacity of at
least 7,100 GB.

— Dedicated NAS-server.
e UMTS/LTE Modem.
e Network cables.
e Power adapters.

An example configuration based on the above itemization is listed in Table
A.2. Since the two view-angles are not physically connected, the configura-
tion should be doubled for each site. The total price of the PC-configuration
is 660 Euros whereas the NAS-configuration is priced at 605 Euros. If it is
possible to share the internet connection by a local WiFi network at the ac-
quisition site, only one UMTS/LTE model is required.

3.2 Power supply and enclosure

The base framework presented above must be powered throughout the 3-
weeks acquisition period. The power supply and the base framework must
also be placed in an enclosure which is resistant to tampering. We use the
example configuration of Table A.2 and the cameras specified in Table A.1 to
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Table A.2: Example configuration of the base framework. We assume that the external hard
drive is changed before its capacity is exceeded. The power for the external hard drive is sup-

plied through the Windows device.

Device Manufacturer Model Price Power con-
[Euros] sumption
PoE switch LevelOne FSW-0503 125 3W
UMTS/LTE TP-Link TL-MR3040 125 4W
Modem
Windows ASUS Eee PC 1001PXD 230 16 W
device or similar
External hard Toshiba 2 x StorE Canvio, 180 -
drive 2TB
NAS server Synology DS215j 175 134 W
Internal hard WD 2 x Purple 180 -
drive WD20PURX 2 TB
Table A.3: Estimated power consumption of camera setups.
Device Power  Consumption
consumption  in three weeks
(504 hours)
Example config. of Table A.2 with PC 23 W 11,592 Wh
Example config. of Table A.2 with 204 W 10,282 Wh
NAS
Axis Q1615-E 3.7W 1,865 Wh
Axis Q1932-W 6 W 3,024 Wh
Total config (PC) + RGB+thermal 32.7W 16,481 Wh
Total config (PC) + RGB 26.7 W 13,457 Wh
Total config (NAS) + RGB+thermal 30.1 15,171 Wh
Total config (NAS) + RGB 241 W 12,147 Wh

estimate the power consumption of the setup. This estimate is calculated in
Table A.3 for the RGB+thermal setup and for the RGB setup alone.

We use the estimated power consumption of Table A.3 to calculate the
required size of the batteries and the enclosure where the batteries should
reside. The calculations use the NAS configuration as the point of departure.

We deal with two scenarios as:

1. The setup should be self-contained and requires no manual intervention
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throughout the acquisition period. Thus, the batteries must contain all
the power required.

2. The setup might require replacement of batteries throughout the acqui-
sition period. This decreases the number of batteries and thus reduces
the size of the enclosure.

The batteries used for the calculations are heavy-duty 12 V batteries, for
instance the Biltema SMF 12 V 180 Ah which costs 242 Euros or the Varta M18
12 V 180 Ah at 255 Euros. The dimensions of the batteries are 513x223x223
mm and the weight 45.1 kg. Scenario # 1 requires at least 10 batteries for
the RGB+thermal setup and 8 batteries for the RGB setup. We calculate an
overhead of 30 % for each setup as the real-world capacity of the batteries is
lower than the specifications.

If we use 3 batteries for scenario # 2, the estimated replacement cycle is 6
and 8 days for the RGB+thermal and RGB setup, respectively.

A suitable enclosure for the batteries and associated equipment found in
Table A.2 are the Eurobox and Alu-Box manufactured by the Danish com-
pany Zarges. The Eurobox has previously been used to store batteries and
equipment for another traffic monitoring study performed at AAU, contain-
ing 2-3 batteries. This configuration is shown in Figure A.2. The Alu-Box is
a rugged, sturdier, and IP65-certified version of the Eurobox. The enclosure
options and the number of batteries they may contain is listed in Table A.4.

Fig. A.1: Enclosure options listed by the corresponding number of batteries that fits inside the
box.

and a netbook. The third battery is added by rotating the existing batteries 90 degrees.
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Table A.4: The enclosure options and the corresponding possible number of batteries.

Battery Model Outer dimensions Inner dimensions ~ Capacity =~ Weight Price

capacity [Euros]

3 Eurobox 800x600x410 mm 750x550x380 mm 155 L 7.5 kg 428
40705

3 Alu-box 800x600x410 mm 750x550x380 mm 157 L 10.0 kg 540
40565

6 Eurobox 800x600x610 mm 750x550x580 mm 240 L 8.9 kg 493
40706

6 Alu-box 800x600x610 mm 750x550x580 mm 239 L 12 kg 609
40566

12 Eurobox 1200x800x500 mm 1150x750x480 mm 400 L 16.9 kg 820
40709

12 Alu-box 1200x800x510 mm 1150x750x480 mm 414 L 20 kg 990
40580

4 VIDEO RECORDING SETUP

The developed video recording setup at a intersection will consists of two
setups: the first setup will have one RGB and one thermal camera and the
second setup will have one RGB camera. Each setup will be placed strate-
gically in the intersection in order to prevent occlusion. Each setup consists
of the same basic recording equipment; A Network Attached Storage (NAS)
server, network switch, and batteries. The recording equipment is placed
in an aluminium box that is chained to existing infrastructure. Having two
setups at one intersection, that are not wired together, presents a time syn-
chronization challenge. This has been solved by modifying one of the NAS
servers to run a Network Time Protocol (NTP) server and setting the NAS
servers in a master-slave configuration, such that the first NAS runs a NTP
server and the second NAS synchronizes towards this one. By including a
wireless access point to the recording equipment for each setup, the two se-
tups are wirelessly connected; hence they can synchronize with each other.
The layout of the video recording setup is presented in Figure A.3.

The cameras are installed in existing infrastructure by the use of a lift as
seen in Figure A.4

The cameras are manually installed and mounted on the traffic light pole,
the 2 different view-angles are installed diagonally across the traffic intersec-
tion as seen in Figure A.5

4.1 Time synchronization issues

The setup is created such that all 3 cameras are time-synching towards one of
the NAS in the setup(The NAS where 2 cameras are connected physically).
It uses the NTP protocol to adjust the timedrift. The shortest adjustment
interval is 16 seconds, but as it is not a static interval, it changes as a results
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Fig. A.3: Overview of the developed video recording system
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Fig. A.4: Cameras are installed in a traffic light pole. The cameras are connected NAS server
inside the Eurobox located on the pavement next to the pole.

Fig. A.5: .

of the offset. The time is drifting quite a lot during these recordings, there
have been observed a 4 seconds offset, which is quite a lot — and there might
be worse examples in the large dataset that I have not examined. The NTP
should under ordinary conditions adjust the clock based on offset in small
steps so that the time is continuous, and hence “not broken”. But the offset
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can be so large, that it bypass these small continuous adjustment steps and
simply define a new time on the client equal to the reference clock on the
server.

5 CONCLUSION

We have successfully developed a video recording setup that has been used
for capturing video data within the InDeV Project. The video recording sys-
tem has been deployed a large number of times and has thus been used to
capture several months of traffic video data across Europe. The video record-
ing system is however experiencing some problems maintaining a proper
time synchronization at times. This is often and mostly caused by the wifi
connection not being stable.
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1. Introduction

ABSTRACT

Several initiatives have been launched to help prevention of traffic accidents and near-
accidents across the European Union. To aid the overall goal of reducing deaths and
injuries related to traffic, one must understand the causation of the traffic accidents
in order to prevent them. Rather than deploying a person to physically monitor a lo-
cation, the task is eased by camera equipment installed in existing infrastructure, e.g.
poles, and buildings, etc. In rural areas there is however a very limited infrastructure
available which complicates the data acquisition. But even if there is infrastructure
available in either the rural area or the urban area, this might not serve as an ideal
position to capture video data from. In this work, we survey and provide an overview
of available and relevant portable poles setups with respect to capturing data in both
urban areas and rural areas. The conclusion of the survey shows a lack of a mobile,
lightweight, compact, and easy deployable portable pole. We therefore design and
develop a new portable pole meeting these requirements. The new proposed portable
pole can be deployed by 2 persons in 2 hours in both rural areas as well as urban
areas due to its compactness. The deployment and usage of the new portable pole is a
complimentary tool, which may improve the camera capturing angle in case existing
infrastructure is insufficient. This ultimately improves the traffic monitoring oppor-
tunities. Further, the survey of selected portable poles provides an excellent overview
and can aid multiple applications within road traffic.

1 INTRODUCTION

Preventing traffic accidents and near-accidents remains a major and interest-
ing challenge to address for academic partners as well as public organiza-
tions. In 2017 alone, the European Union (EU) reported that 25,000 people
lost their lives and 135,000 people were injured on the roads across the EU [1].
In 2009 the EU estimated that the deaths and injuries across Europe costed
the society approximately 130 billion Euro [2]. As a result, the EU set out
a 2010-2020 goal with an overall objective of halving road deaths across Eu-
rope. To achieve this, several initiatives have been started covering increased
enforcement of road rules, improved education and training of road users,
safer road infrastructure, promote the use of modern technology to increase
road safety (ITS), and protection of vulnerable road users (VRU). All of which
are important to analysis and address to meet the overall objective in 2020.

Understanding accidents causes in the traffic requires a lot of data, which
can be collected with different purposes. Naturalistic Driving Study (NDS)
such as the "100-Car Naturalistic Driving Study" [3] and the "SHRP2 Natural-
istic Driving Study" [4], collects all sorts of data from within the participating
vehicles such as GPS, accelerometer and similar vehicle network data, but the
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vehicles are also equipped with multiple different sensors, e.g. RGB cameras,
thermal cameras, stereo cameras [5] or radars. Though these studies generate
a lot of interesting data, a major drawback of this approach is the large invest-
ments needed to reach a large participant pool and then afterwards installing
expensive equipment inside the car whilst keeping the car naturalistic.

A less expensive approach of capturing data that helps understanding
accidents causes is simply to monitor and observe a critical location, e.g.
traffic intersection. This manually task is however quite error-prone as the
assigned person must be aware of everything happening in area of interest
whilst continuously documenting the observations over a longer period of
time. So rather than deploying a person to physically monitor a point of
interest, the task is eased by mounting a camera-based system in existing
infrastructure, e.g. poles, and buildings, etc. The captured video data can
then be post-processed and analyzed with the purpose of understanding the
scene and ultimately making adjustments that ideally prevents accidents and
near-accidents. The main challenge of the camera-based system is that of-
ten there is no or very limited existing infrastructure available at the scene,
thus directly impacting the quality of the analysis. This has spawned the use
and interest in portable setups that can be moved around, which allows for
a more optimal data collection in both urban areas but in particularly also in
rural areas where there is often no proper infrastructure to mount cameras in.

In this paper, we make an analysis of relevant portable setups, where we
discuss the pros and cons of different portable types and solutions, thorough
overview of available setups. The result of the overview shows a lack of a
mobile, lightweight, and easy deployable portable pole, thus we design and
develop a new portable pole meeting these requirements.

The contributions of this paper are thus twofold:

1. Providing a thorough analysis and overview of available portable camera-
based capturing setups.

2. Design and development of a new mobile, lightweight, and easy de-
ployable portable pole to ease camera-based data collection.

The paper is organized as follows: Section 2 describes the minimum re-
quirements for the portable pole as well as the general definitions used. All
of the requirements and definitions are then used examining various solu-
tions ultimately providing an overview of available portable pole solutions
in Section 3. In Section 4, the design and development of the new portable
pole is presented. Usage and applications of new portable pole is presented
in Section 5. In Section 6 we perform a discussion of our work. Finally, we
present our conclusions in Section 7.
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2. Portable Pole Analysis

2 PORTABLE POLE ANALYSIS

Portable poles can serve multiple purposes and can be used for various ap-
plications. As briefly mentioned and introduced in Section 1, this survey
will only consider portable pole solutions that could be relevant as a camera-
based recording platform in the field of traffic surveillance and monitoring.

2.1 Minimum Setup Requirements

The relevant portable pole solutions are derived based on 4 minimum re-
quirements that are considered essential for a portable pole to function as a
proper camera-based recording platform, which can be utilized in both urban
and rural traffic environments.

Recording Time

The video recordings are the basis for the entire analysis, so besides having
a great view-angle provided by either the infrastructure or a portable pole,
the video recordings must contain a sufficient amount of accidents or near-
accidents in order to make some concluding remarks of a given location.
In [6], the frequency of traffic accidents is described as a pyramid, where
the pyramid base contains normal traffic encounters that are non-critical and
rather safe, but very frequent. The pyramid apex contains the fatal and very
severe events, e.g. fatal injuries, these are however occurring more infrequent
compared to accidents in the lower part of the pyramid. Previous studies
from Scandinavia show that at a particular site, the number of near-accidents
tends to be as low as 1-2 per day [7] [8] [9]. So in order to get video recordings
containing some infrequent events, the portable pole and camera-based setup
must robust and stable enough to record continuously throughout a longer
period of time. In this analysis we consider a period of 3 weeks to be the
minimum requirement.

Capturing Height

A major issue to take into account when installing camera equipment at a
point of interest is occlusion. Occlusion is in this case defined as when two
objects are overlapping each other from the view-angle of the camera equip-
ment, which makes the objects completely or partly occluded. In Figure B.1
an example of this is shown, where the red car is clearly not visible from the
specific camera-view mounted in existing infrastructure.

To reach the most accurate conclusion in a traffic analysis, the data needs
to be as accurate as possible, thus we want as little occlusion as possible in
the data collection. There are multiple ways of reducing occlusion, e.g. hav-
ing multiple cameras from different view-angles or simply just by increasing

89



(a) (b)

Fig. B.1: Objects can overlap each other in the camera-view as seen in (a) where the the large
cement truck clearly occludes the lane behind it. (b) clearly shows that a red car is in fact driv-
ing side-by-side of the cement truck.

the capturing height similar to the Figure B.1b. In this analysis, we define
a minimum capturing height of 7 meters for the portable pole, which is 3
meters higher than the maximum height limit for vehicles in most countries
in Europe [10] [11].

Ground Area Occupation

To make sure, that the data collection is done in an as naturalistic and un-
obtrusive environment as possible, we need to make sure that the base does
not cause any major impact on the behavior of the drivers on the road or
the pedestrians on the sidewalk. Naturally, placing a new "intruder" in an
existing environment may attract some attention and thus result in changed
driver behavior, but the point of this demand is to keep it at a minimum
by defining the maximum ground area occupation of the portable base to
be 1.5 meters in the width. This should enable deployment of the portable
pole in rural areas and in most urban environments as it can be deployed on
the sidewalk whilst pedestrian should be able to easily walk around it. The
maximum ground area occupation is only defined for the width, as this is
the strictest one in terms of occupying the sidewalk. The length is less critical
as people are still able to use the sidewalk, however it should preferably be
under 2.5 meters.

Payload Weight

The portable pole setup must be able to handle the payload weight from the
capturing devices mounted in the top. In this analysis, we suggest using both
a RGB camera and thermal camera as capturing devices. Using multi-modal
visual cues provides a solid data foundation for a later accident causation
analysis as accidents and near-accidents do not solely happen in daylight
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[12]. Doing periods with a limited amount of light and challenging weather
conditions, e.g. night, winter, rain. Thermal cameras are quite useful as
illustrated in Figure B.2, where both modalities are seen showing the same
scene.

(a) (b)

Fig. B.2: Data collection at 02:00 in the night using two modalities: (a) RGB camera (b) Thermal
camera.

The RGB camera is having a hard time coping with the headlights from
the car and the low-light in the reminder of the scene. Furthermore, the RGB
camera seen in Figure B.2a is challenged by the weather conditions, i.e. rain.
The thermal camera on the other hand do not rely on light to produce its
output but infrared radiation, which clearly produce a more accessible out-
put as seen in Figure B.2b, where the car is clearly visible. The pole must
therefore be able to handle a setup with two capturing devices. The captur-
ing devices in this analysis are seen in Table B.1, which defines a minimum
payload weight requirement of 5.7 kg.

Table B.1: Derivation of the minimum payload weight requirement using AXIS RGB camera
and thermal camera.

Type Manufacturer Model Weight [kg]
RGB Axis Q1615-E 3.5
Thermal Axis Q1932-E 2.2

Below are the requirements for a portable pole listed, if nothing else is
stated, these are minimum requirements.

1. Solution must be able to record continuously in 3 weeks.
2. Capturing height: 7 m.

3. Maximum ground area occupation(Width): 1.5 meters.
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4. Payload weight: 5.7 kg.

2.2 Portable Pole Types

In this analysis, we have divided portable poles into 4 different types, which
will also form the structure for the reminder of the portable pole analysis
and overview, namely: 1) Lightweight and compact portable pole with low
payload; 2) compact portable pole with high payload; 3) trailer portable pole
with high payload; and 4) heavyweight portable pole with high payload.

The payload is the capacity which the portable pole is able to lift in the
top during operation. The stability in the top of the pole, hence the recording
usage quality, is dependent on the payload. Common for all of the portable
pole types are that they all must comply with the minimum requirements
defined in Section 2.1.

Type-1 Lightweight and compact portable pole with low payload: The main
goal of this type is that they are very easily moved and transported between
locations. The efforts needed for setting up this type of portable pole is very
low. The setup and transportation of this type of portable pole is a one-
person job, requiring it to be lightweight and compact. The stability and
payload scales accordingly, resulting in a low payload to keep the pole stable
in the top.

Type-2 Compact portable pole with high payload: Rather than being able
to transport the portable pole by yourselves, this type consider more heavy-
weight equipped that can be assembled on-location by one or two persons.
The equipment will remain compact while dissembled such it can be easily
transported from location to location by use of a van or pick-up truck. When
assembled the equip-ment is more robust compared to type-1, but at the cost
of easy mobility.

Type-3 Trailer portable pole with high payload: This type utilizes a trailer
or small wagon which can be attached to a vehicle’s hitch ball. All the equip-
ment is installed upon this trailer, such that one or two persons can drive to a
location and set up the portable pole without too much assembling and more
lenient requirements for the level of the ground base. This provides a rather
stable portable pole with some degree of mobility.

Type-4 Heavyweight portable pole with high payload: By using a large
platform of e.g. concrete, all the equipment can be installed on this providing
a robust platform for the portable pole. However, this require a large truck
with a crane for transportation, but provides a good pre-assembled portable
pole.
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This division will form the structure for the portable pole overview sec-
tion when surveying the corresponding available portable poles.

3 OVERVIEW OF RELEVANT PORTABLE
POLES

The overview is divided into 6 parts. The first part introduces a general base
framework that complies with the battery and storage requirements and is
applicable for most of the portable poles presented. This is followed by 4
parts, one for each of the 4 portable pole types presented in Section 2.2. The
final part presents an overview that summarizes all of the presented portable
poles.

3.1 Base framework

Regardless of the portable pole choice, the data recording capacity, the power
supply and underlying video acquisition framework must fulfill the mini-
mum requirements. Using aforementioned minimum requirements, we will
in this subsection define a common framework that can be used together with
the portable poles.

Video acquisition

The Axis cameras defined in Table B.1 are capable of operating by Power
over Ethernet (PoE) which means it is only necessary to supply one cable
per camera in the mast. The cameras are by the use of a network switch
connected to a Synology DS215j Network Allocated Storage (NAS) server,
where the acquired video data must be properly stored. The storage capacity
required is heuristically derived to be no less than 6 TB in order to keep
3-weeks of data using H.264 compression.

Power supply and enclosure

The video acquisition hardware presented above must be powered through-
out the 3-week acquisition period. The power supply and some of the video
acquisition hardware must also be placed in an enclosure which is resistant
to tampering.

The video acquisition hardware consumes approximately 30 watts in op-
eration, which make a self-contained setup unfeasible due to 3-weeks video
acquisition requirement. Instead we use 3 heavy-duty 12 volt 180 Ah batter-
ies, which provides the setup with an approximately replacement cycle of 4-6
days depending on the overhead and wear out of the batteries. The entire

93



Paper B.

Fig. B.3: The Eurobox 40705 containing 3 batteries, a 230V power inverter, a PoE switch, and a
NAS server.

system is finally installed in an IP65-certified Eurobox 40705, which can be
seen in Figure B.3.

3.2 Type-1: Lightweight and compact portable pole with low
payload

The first type of poles, is as introduced in Section 2.2, the most compact and
lightweight ones, and should ideally be deployable for a single person.

Miovision Scout

Scout is a portable and expanded pole developed by Miovision, and is, ac-
cording to their own documentation, "designed specifically with the users in
mind" [13]. This has resulted in a portable pole with a weight of only 19.1
kg and a set up time of 10 minutes. The Miovision Scout do not meet the
requirements for this analysis, defined in Section 2.1, as it is not configurable
for the two cameras defined in Table B.1. It is however still included as it is
a very popular solution for traffic monitoring, and might be usable in pilot
tests or as a second view-angle.
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Other Video
obstructed view

Extend to 21’
apl ant

Collapse to 4’3" scéout
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(b)

(a)

Fig. B.4: The lightweight and compact, but non-configurable, portable pole from Miovision. (a)
Miovision Scout with the extendable pole [13] (b) Miovision Scout Video Collection Unit. [13]

The Miovision Scout has a battery life of 7 days when buying the ad-
ditional power pack and can be set up on existing infrastructure using an
included pole mount. The simplicity of the product can easily be deducted
by examining Figure B.4. In case deployment is needed in places without
street poles, a separately sold Scout Tripod can be used. The Scout Tripod
weights 14 kg, but can reach 68 kg with additional security weights. The
Miovision Scout is equipped with a wide lux camera with 120°horizontal
view capturing with a resolution of 720x480 pixels @ 30 FPS. As mentioned
in the introduction, this camera setup is not configurable. The operational
height can be adjusted to be between 1.32-6.4 meters, which do meet the re-
quirements either. In Table B.2 an overview of the required equipment is
seen.

The Miovision Scout can be mounted to existing infrastructure, such as a
pole, defining some requirements to how poles or similar objects are located
at an intersection. Otherwise the Scout Tripod can be used to deploy the
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Table B.2: Required equipment for the Miovision Scout.

Product Weight
Scout Video Collection Unit 10.89 kg
Scout Pole Mount 8.16 kg
Scout Power pack 14.0 kg
Scout Tripod 14.0 kg

Scout. For both of the solutions no major equipment is needed, and one
person should be able to set this up in an hour.

Custom lightweight portable pole

This portable pole is a proposal on how a lightweight portable pole could
be manufactured. The portable pole must meet the requirements defined in
Section 2.1, while being a lightweight solution easily transported around.

(a) (b)

Fig. B.5: Parts for a custom lightweight portable pole (a) Clark Mast FT mast. (b) Clark Mast
FT carrying bag. [14]

The portable pole utilizes the Clark Masts SFT9-6 mast, which can be
extended to 8.8 meters using a hand pump, and remains at 2.05 meters in
retracted mode. An image of a FT series mast from Clark masts is seen in
Figure B.5a. On top of this there must be created a rig which cameras can
be mounted in. The mast comes with a carrying bag, seen in Figure B.5b
for easier transportation. In addition to the bag, equipment such as spikes
and radius lines are also included. This solution must also utilize the base
framework presented in Section 3.1. In addition to the base framework, Table
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B.3 summarizes the additional required equipment to manufacture this type
of pole.

Table B.3: Equipment needed for custom lightweight portable pole. An unknown weight is
marked with a “-”.

Type Model Weight
Telescopic Clark Masts FT series, SFT9-6/HP 10 kg -
mast headload, 8.80 m extended height, 2.05 m

retracted height, w. tripod
Carrying Clark carrying bag, SFT9-6/HP Bag -
bag

A van must be used to transport the equipment from location to location
as the mast is 2.05 meters long, but setting up the equipment should be
doable for one person. Using the radius line to make a guying system is
however not really feasible in urban places, requiring the wind speed to be
low for the setup to remain usable.

Discussion

The Miovision Scout do not meet the configurable requirements defined in
Section 2.1 and can therefore not be used in the final setup. It might, however,
be a useful solution for some minor pilots tests or be used a second view-
angle at a complex environment. The custom made portable pole is not as
lightweight as the Miovision Scout as one needs to bring more equipment
to meet the requirements of capturing data continuously in 3 weeks. The
custom made portable pole can be configured to have 2 cameras installed,
but it is however considered necessary to utilize a guying system in order to
stabilize the portable pole sufficiently, even in low wind conditions, such the
video recordings are stable and usable for a traffic analysis.

3.3 Type-2: Compact portable pole with high payload

We divide possible solutions for systems using a compact portable pole with
high payload into three proposals based on the estimated total weight of the
system: lightweight, middleweight, and heavyweight. All of them utilize the
base framework presented in Section 3.1.

Lightweight: Mast with tripod

The lightweight portable solution consists of a telescopic, 5-section mast with
a corresponding tripod. The extended mast is usually secured by a guying
system to assure stability under heavy payload and wind speeds. However,
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as guying is not applicable in urban areas, we include a tripod to ensure
stability. The tripod furthermore ensures independence of existing infras-
tructure and comes in a variety of sizes for different mast heights. An image
of such a pole is seen in Figure B.6.

Fig. B.6: Clark QT Mast on tripod [15].

We choose the largest mobile tripod available to provide stability and
accommodate the requirements even under moderate wind speeds and pay-
loads. The base diameter of the tripod is 2 m, which have a recommend
maximum mast height of 10m. When the mast is not guyed, the maximum
wind speed is 13.8 m/s for stable operation. A wind speed of 13.8 m/s
translates to ‘Strong Breeze’ on the Beaufort scale.

The necessary equipments for the lightweight mast with tripod are listed
in Table B.4.

Table B.4: Required equipment for compact, lightweight portable pole with high payload.
Maximum wind speed 13.8 m/s. An unknown weight is marked with a “-“.

Product Model Weight
Telescopic Clark QT Series, SQT9-5, 5 section mast 18 kg -
mast payload, 9.00 m extended height, 2.25 m

retracted height
Tripod Clark MK VI, MK6 2000MM 18.0 kg
Tripod Clark -
adapter

The transportation of the equipment requires a medium-to-large sized
car or van to accommodate the length of the retracted mast and the total
weight of the equipment. The telescopic mast is extended by an integrated
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hand pump, and the extended section is subsequently locked manually by
using the provided screws. The ground area required for the base is 0.5 m
larger than specified in the setup requirements. The extra space is however
necessary for the stability of the portable pole.

Middleweight: Mast with tripod

The lightweight setup, described in Section 3.3, is used as a point of departure
for the middleweight portable setup where the telescopic mast and tripod
remain key components. The Clark QT mast from the lightweight setup is
replaced by the heavier and sturdier NT series and features only 4 sections
compared to the 5 section QT mast. The heavier mast calls for a heavier and
larger tripod which is found in the Clark MK IV Tripod. The tripod weighs
27 kg and features a base diameter of 2.6 m. As with the light-weight mast
with tripod, the un-guyed mast is stable up to wind speeds of 13.8 m/s. The
equipment of the middleweight mast with tripod is listed in Table B.5.

Table B.5: Required equipment for compact, middleweight portable pole with high payload.
Maximum wind speed 13.8 m/s. An unknown weight is marked with a “-“.

Product Model Weight
Telescopic Clark NT Series, NT 90-4, 4-section mast, 15 kg 41.0 kg
mast payload, 9.00 m extended height, 2.82 m

retracted height
Tripod Clark MK IV 27.0 kg
Tripod Clark -
Adapter

Due to the larger retracted height of the telescopic mast (2.82 m) it might
be impossible to fit inside an ordinary car, and thus a larger van is recom-
mended. The telescopic mast is extended by the use of a hand pump and the
sections are secured by screws similarly to the lightweight setup. The ground
area required is even larger than for the lightweight scenario; however, this
is needed in order to provide stability for the heavier mast.

Heavyweight: Flyintower

The heavyweight compact portable pole solution uses a Flyintower, or sound
tower, as the camera mast. The Flyintower is a well-known object at large
concerts or festivals where it is used for the lifting of loudspeakers as de-
picted in Figure B.7. The V-shaped basement, the metal grid, and the heavy
weight of the construction improve the sturdiness and stability of the setup.

We choose the smallest possible Flyintower from Litec to minimize the
ground occupation area required for the basement of the tower. The ex-
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Fig. B.7: Litec 7.5-500 Flyintower [16].

tended height of the tower is 7.75 m and due to the V-shaped basement, the
footprint is 4.1 x 3.6 m. The maximum lifting load capacity of the tower
is 500 kg which requires additional ballast at the base for stability. For the
much lighter loads required in this setup, the required ballast weight is re-
duced. Due to the studier nature of the setup, the maximum wind speed is
increased compared to the lightweight and middleweight setups. A list of
the equipment is found in Table B.6.

Table B.6: Required equipment for compact, heavyweight portable pole with high payload.
Maximum wind speed 70 km/h. An unknown weight is marked with a “-*.

Product Model Weight

Flyintower Litec 7.5-500, 500 kg max load capacity, 7.75 m 160 kg
extended height

Ballast Required ballast for Flyintower -

The Flyintower is considerably heavier than the mast-based solutions listed
above. However, the tower might be taken apart and assembled on-site which
greatly reduces the space needed for storage and transportation. We there-
fore estimate that a larger van is needed for the transportation, just as in the
middleweight scenario. Compared to the lightweight and middleweight sce-
narios, the Flyintower requires a larger, planar surface for the base to stand.
This might exclude the deployment in tight urban spaces where such space
is not available.
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Discussion

For both the light portable poles and middleweight portable poles, issues
arise when dealing with higher wind speeds as the equipment is mounted
in the top making the setup unstable. To cope with this, a guying system
can be installed to stabilize the mast, this is however not feasible in urban
places. For most scenarios in urban environments, both portable pole setups
are considered usable in terms of wind speeds. The heavyweight solution is
therefore a better overall option due to increased stability, but significantly
comprising the compactness and weight compared to the lightweight and
middleweight solutions. Generally, all of the solutions can possibly be dis-
assembled and be somehow compact and then be used in rural areas where
there are more open space, it is however not ideal that none of the proposals
meet the maximum ground occupation area requirement. Deploying any of
the introduced solutions in this section in an urban environment will most
likely be considered unnaturalistic and obtrusive.

3.4 Type-3: Trailer portable pole with high payload

The third type of portable poles differs from the both type-1 and type-2 in
the sense that the equipment used comes in a more wrapped up and easy-
deployable way. As mentioned in Section 2.2, type-3 relies on equipment
installed either in a trailer or in a small wagon resulting in less assembling
on-site.

UTRaCar

The Urban Traffic Research CAR is developed for the national aeronautics
and space research center of the Federal Republic of Germany (DLR) [17]
and is equipped with a large set of sensors and systems to be used for traffic
surveillance and data acquisition in the field. The car is seen in Figure B.8a in
transportation mode and in Figure B.8b where the left image show an image
of the car in operation [18]. The UTRaCar does not meet the requirement of
the maximum ground occupation area, but is included as it provides some
interesting solution ideas.

The car is equipped with multiple sensors as seen from the images in
Figure B.8b. For this analysis, the telescopic mast seen in the left image is
the most interesting one. A telescopic mast is mounted in the back of the car,
and can extend to 13 meters. In the top of the telescopic mast various sensors
can be installed, as seen in the upper right image in Figure B.8b. According
to [14], the power supply unit in the car is self-sufficient. It is unclear what
this covers, but from the lower image in Figure B.8b, it is clear that a lot of
equipment can be installed in the of the car. In Table B.7 an estimate of the
equipment needed for a minimum requirement solution are seen.
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(a) (b)

Fig. B.8: (a) The DLR UTRaCar with retracted telescopic mast. (b) The DLR UTRaCar with
extracted telescopic mast. [18]

Table B.7: Estimated equipment needed for a minimum requirement version of the UTRaCar.
An unknown weight is marked with a “-”.

Type Model Weight
Van VW Crafter 35 with medium wheelbase and -
high roof
Telescopic Clark WT Series, WT100-4, 4 Section mast, 140 -
mast kg headload, 10.0 m extended height, 3.32 m
retracted

The size of the car can be a challenge at a lot of intersections, so there
must be some open areas around the intersection for deploying this system.
But if the area suffices, a solution like this allows a rather fast deployment
without any external actors.

Trivector Mobile Mast

The Swedish based company Trivector has developed the TMV1, which is a
mobile mast installed in a trailer with the scope of capturing traffic situations.
When extracted the height can reach up to 15 meters. In Figure B.9a an image
of the setup is shown, and in Figure B.9b it is visible that the setup utilizes
two cameras in operation meeting the requirements for this analysis.

The setup consists of a trailer equipped with a custom made telescopic
mast. Inside the trailer all the equipment can be stored, and given from the
image seen in Figure B.9a, it is clear that box is rather large, providing good
possibilities to put all equipment inside. There exists no technical data sheet
available to the public, hence it is hard to estimate the equipment used to cre-
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(b)

(a)

Fig. B.9: (a) The Trivector Mobile mast setup in operation. (b) The Trivector Mobile mast with
two installed cameras. Images provided by Aliaksei Laureshyn, Lund University.

ate the Trivector mobile mast. From examining the figures the minimum re-
quirements are a cargo trailer and a telescopic mast. As for the UTRaCar, the
setup occupies a rather large area on the ground, making it difficult to place
in some urban areas. The installation complexity is low as it all equipment
are inside the trailer, so the deployment is straightforward with a minimum
of external actors. Finally, a car is needed to tow this setup from point A to
point B.

Custom made trailer

With inspiration of the previously solutions in type-3, we look into to assem-
bling a trailer portable pole. The main idea is to utilize a trailer solution with
a pole mounted on it. In Figure B.10a and Figure B.10b the main component
in the setup is seen. It consists of an already existing product which needs
to be customized to accommodate the minimum requirements. Though there
are some boxes and containers mounted in the original Clark Mast 804-15-6,
additional room is considered necessitated to meet the capacity requirements.
The 6 section XT Series mast mounted on the trailer has an extracted height
of 15 meters. [19]

A vehicle is needed to tow the trailer from location to location. A regular
van is considered to be sufficient to tow the trailer and the remaining equip-
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Fig. B.10: Specifications and overview of Clark Mast 804-15-6. [19]

ment The length of the trailer is 6.3 meters, making it quite large and difficult
to deploy in tight urban spaces.

Discussion

For all of the trailer solutions the main advantages are the easy and rather fast
deployment as a very limited amount of external actors are needed. Other
advantages of the type-3 solutions are a "all-in-one" solution in the sense
that room for batteries, HDD and other equipment is included in the setup.
The disadvantages are that they can rather fast become quite expensive, and
they do not scale very well in the sense of transportation from point A to
point B might require multiple cars or a large truck. The weight and size
of the solutions also occupies a large ground area which challenges one of
the requirements defined for this analysis. Furthermore, a regular driver’s
license might not be sufficient for all of the solutions. The UTRaCar solution
is considered to become quite expensive to build, so the best option in type-3
is to use a solution similar to the Trivector mobile mast or the custom made
trailer, even though it is also expected to become expensive.

3.5 Type-4: Heavyweight portable pole with high payload

The last type of portable poles takes it starting point in a large platform of
e.g. concrete, where all equipment can be installed upon. This complicates
the transportation phase but should have advantages in operation compared
to the previous types.

DLR Platform

The National Aeronautics and Space Research Centre of the Federal Republic
of Germany (DLR) have used a portable platform for data capturing. The
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development of the technical aspects of the portable platform was carried out
by Jenoptik. One of the usages of it has been to monitor railroads crossings
as seen in Figure B.11a. The camera equipment used in the DLR portable
pole setup consist of 4 cameras, 2 IR-flashes, 2 radars, and an aluminium
frame, totaling a payload weight of 25.4 kg. In operation mode, the camera
fixed to an operational height of approximately 4-5 meters. [20] As seen from

(b)

Fig. B.11: (a) DLR Setup in operation mode. (b) DLR Setup in transportation mode. [20]

Figure B.11 it is clear that the entire portable pole consists of a cabinet and a
port that is split into two pieces, and is mounted onto a large concrete block.
In operation mode, the pole is angled in vertical position, opposite to the
horizontal transportation angle seen in Figure B.11b. The equipment needed
for creating a portable pole for meeting the minimum requirements are seen
in Table B.8. The mast could however be changed to a telescopic mast.

Table B.8: Required equipment for heavyweight portable pole with high payload mounted on
a concrete block. An unknown weight or model is marked with a “-”.

Type Model Weight

Custom mast Mast divided into two parts: Transportation -
and operation mode

Cement block - -

Vandalism- - -

proofed

cabinet

According to an interview with Kay Gimm and Sascha Knake-Langhorst
from DLR, it can require up to a whole day to setup and calibrate the sensors
for the specific application. As the current system requires power supply
access from the current infrastructure. Due to that concrete block, the setup
is quite heavy requiring a truck and crane to move it around.
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Discussion

Only one solution is presented for the type-4, which is the DLR setup. This
setup provides a good and solid platform for data capturing. Installed on
the concrete block is all the equipment needed making it a "all-in-one" solu-
tion. However, the setup is heavy meaning a truck and crane is needed for
transportation and deployment.

3.6 Overview

Creating a setup that is lightweight, robust, and as mobile as possible is a
hard problem to satisfy. It might become easier to record traffic data at certain
intersections if using a small and lightweight setup. One can, however, not be
certain of the quality of the recordings as lightweight usually correlates with
instability during varying weather conditions; especially when considering
that the setup has a relatively heavy camera rig mounted in the top. All of
the surveyed options are seen in Table B.9.

The main parameter to satisfy is considered to be the recording quality,
as the quality of the data is essential for performing a good traffic analysis.
Taking this into account, the proposed solutions from both type-1 and type-
2 are not good options as they require guying systems in order to reach
stability for prolonged periods of time. Guying systems are not ideal in urban
environments, and the lightweight and compact pole solutions examined in
this analysis does therefore not pose an ideal fit for the requirements.

For both type-3 and type-4, the solutions presented will provide some
more stable recording platforms however they are considered quite expen-
sive to produce, and does therefore not scale very well. Furthermore, the
solutions of type-3 are in most cases wider than the specified maximum of
1.5 meters, hampering the deployment on the sidewalk without interrupting
the pedestrians. The type-3 solutions are, however, more mobile compared
to the type-4 solution, but in both cases a regular driver’s license might not
be sufficient. Additionally, the trailer option does not scale well as multiple
trailers requires multiple towing vehicles.

This leads to the conclusion that for capturing the most stable and useful
data, the setup must comprise the lightweight and easy mobility require-
ments. For type-1 and type-2 solutions to work, various guying system must
be installed on existing infrastructure to fixate the pole. If one involves the
existing infrastructure, a better result would be reached if the capturing rig
is mounted on the infrastructure rather than using a light-weight or com-
pact portable pole with guying installation. The type-4 solution from DLR
requires both a truck and a crane to deploy, which satisfies most of the re-
quirements for this analysis, but remains, however, the less mobile solution
in this analysis.
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4 DESIGN & DEVELOPMENT OF TRG-POLE

In this section, we will present a pole which is hybrid between a type-2 and
type-4 portable pole solution designed specifically to contain the same ad-
vantages as the DLR solution while being mobile.

4.1 The designed pole

We present a portable pole design that accommodates the overall portable
pole goal while being in operation mode. It is, however, desirable to keep
the weight down during transportation. To reach this, we propose creating
the pole as a hybrid between a type-2 and type-4, meaning that the pole is
compact and has a reduced weight during transportation, but which in oper-
ation mode remains robust and stable. One of the main weight contributors
in the DLR setup is the concrete base which the entire pole is installed on.
Naturally, a proper frame is needed to keep the base stable, however, all ad-
ditional weight needed should be configurable. In Figure B.12 the proposed
base design of the portable pole is seen.

Fig. B.12: The ground base of the portable pole is equipped with tiles, adjustable feet, and a
swivel bracket to ease the raising of the lattice mast.

The entire square platform consists of a steel frame containing 4 slots for
mounting standard tiles in a vertical rack. The tiles can be acquired in most
construction and hardware stores around the world, i.e. 30x60x6cm tiles with
a weight of 25kg each. Depending of the required base weight, one of the tiles
slot could be used for the equipment cabinet rather than placing it next to the
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base. Finally, the base platform has 4 adjustable feet for levelling its height
on site in case the pavement is not well levelled.

Fig. B.13: The portable pole can be raised using a swivel bracket installed in the middle of the
base platform. The pole is raised using a steel wire connected to a manual winch system.

The swivel bracket installed in the middle of the base platform will be
used for raising the lattice mast as seen in Figure B.13. The deployment of
the portable pole is done by in-stalling tiles in 3 of tiles slots on the base
platform leaving 1 slot open. The lattice mast is connected to the swivel
bracket in the center of the base platform and put horizontally on the ground
in the open tiles slot direction. Our portable pole consists of 5 lattice mast
sections, which are 2 meters each providing a 10 meters long lattice mast.
The lattice mast and base can be completely separated to ease transportation.

Front view Side view Front-Side view

384 mm 404 mm

mmm:[ .“ .“ 1ﬁ1mm:|:1 Camera

P-T Jzﬁa mm P-T j|r 288 mm

| —

165 mm 189 mm

Fig. B.14: The portable pole can be equipped with a camera rig containing two cameras, e.g.
RGB and Thermal camera, and a pan-tilt motor to ease view-angle adjustments.

To raise the assembled lattice mast, a steel wire is attached to the mast
and directed towards a temporary installed vertical steel mast on the base
platform. On this temporary installed steel mast, a manual winch system is
installed, which by the use of hand-power can lift the lattice mast to its op-
erational position where it is locked. Afterwards the temporary equipment
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is removed and the last tiles slot is equipped with tiles finalized the deploy-
ment of the portable pole. When deployed, 11 tiles are installed in each slot,
providing a total weight of 1100 kg in the base framework.

Fig. B.15: The portable pole deployed at traffic intersection. The pan-tilt motor with one RGB
camera is installed on the top of the pole, which makes the RGB camera adjustable remotely.

The cameras used to derive the payload for this proposal are defined in
the requirements seen in Table B.1. In addition to those cameras, we propose
to include the Axis YP3040 Pan-Tilt Motor, as remote camera control has
been found desirable for the setup. This, however, increases the minimum
required payload weight for the portable pole with 4.2kg.

Table B.10: Summary of techincal parameteres of the TRG-pole.
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The Axis YP3040 has a maximum load of 8kg meaning that a custom
mounting rig needs to be created to hold both cameras whilst being mounted.
The custom mounting rig is seen in Figure B.14. The overall weight of the
camera setup, including a bulffer, is therefore estimated to be 12 kg.
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The final proposal of the TRG-pole in operation mode can be seen in
Figure B.15, where you could install your equipment on, e.g. the custom
mounting rig. The deployment of the portable pole is 2 hours for 2 per-
sons and requires a van and a trailer. A visual introduction and descrip-
tion of the portable pole can be seen at https://www.youtube.com/watch?
v=S8jZ1Wb3hmBo. In Table B.10 the specifications of the TRG-pole are summa-
rized.

5 TRAFFIC ANALYSIS USING TRG-POLE

The TRG-pole can be deployed in rural areas, which can be of particular
use as there in some scenarios are no to limited existing infrastructure (light
poles, balconies, trees, etc.) to mount the camera equipment in. For instance,
it has been used for a traffic safety analysis as seen in Figure B.16, where
there were otherwise limited options besides deploying the TRG-pole.

Fig. B.16: The TRG-pole is deployed at a traffic intersection with limited existing infrastructure.

But what really makes the TRG-pole a great tool, is that the very com-
pact base frame-work allows it to be deployed in most urban areas as well.
Though there might exists multiple options in most urban areas, it is how-
ever not guaranteed that it provides an ideal capturing angle for the camera
equipment. A limited or bad camera view-angle will im-pact the overall qual-
ity of the traffic analysis. An example of this is shown in Figure B.17, where
a traffic intersection in Aalborg is used for a traffic analysis study. The left
red circle marks a camera mounted in the existing infrastructure, i.e. lighting
pole, and the right red circle marks the camera installed in the TRG-pole.

The corresponding output camera feeds are seen in Figure B.18, where
the existing infrastructure clearly captures the same objects as the TRG-pole
does. The camera installed in the existing infrastructure do however not
capture the entire cycling box and the camera’s view of field do only allow a
limited area of the cycling road after the cyclists begin turning right. Though
the TRG-pole is deployed only a few meters away from the lighting pole,
the TRG-pole provides a better capturing view for examining the potential
conflicts between a cyclist and a right-turning vehicle.
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Existing

infrastplctufe TRG-Pole

Fig. B.17: The existing infrastructure does not already provide ideal capturing positions for a
traffic analysis. The usage of TRG-pole provides more ideal options due to its compactness.

Fig. B.18: Video feed from the camera installed in (A) the existing infrastructure (B) the TRG-
pole.

Using semi-automated image processing tools, e.g. RUBA [21], you can
use the TRG-pole to conduct traffic analysis with a large variety of scopes,
e.g. traffic counts, speed estimations, conflicts, etc. The 10 meters high pole
makes a great platform for doing traffic counts as video from such a height is
less occlusion prone compared to most existing infrastructure. An example
of traffic counts done using the TRG-pole together with RUBA is seen in
Figure B.19 , where two detectors were made to register the traffic volumes
for respectively one of the entrances to the intersection (A) and one of the
left-turning streams from the main road to the side road (B).
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Fig. B.19: Two movement detectors registered the traffic flows through the detectors.

6 DISCUSSION

The presented portable poles types and corresponding solution have been
heavily compared and discussed in Section 3.6 in a structured manner given
a set of minimum requirements. The requirements have been heuristically
derived and the essential requirements defined are thus biased. The remarks
made for each of the surveyed solutions is therefore application depended
and might still serve beneficial for other application. Most of the type-1
solution, e.g. the Miovision Scout, might be ideal to make a preliminary
study at a point of interest prior to deploying a larger solution. To ensure that
the final traffic analysis of the point of interest remains of high quality, the
captured data must be of equally good and stable quality. A larger solution is
thus necessary to ensure this during longer capturing periods due to various
real-life challenges, e.g. weather, vandalism, etc.

The proposed portable pole design is not as easy deployable as most of the
type-1 solutions and type-2 solutions, but do not require any guying system
for maintaining and ensuring stability. In this proposal it is at most needed
as a safety precaution during deployment. The main drawback of the type-4
solution is the transportation weight, which in this hybrid version of type-2
solutions and type-4 solution is reduced while remaining stable during op-
eration. Even though the transportation weight is reduced significantly by
removing the tiles from the portable pole base, the frame remains large and
made out of steel, meaning that 2 persons and some deployment equipment
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are still required. An additional drawback of the type-4 solution, and pos-
sibly portable poles in general, is the fact they might ruin the naturalistic
environment for the drivers, and therefore ruin the desired naturalistic data.
The portable pole proposed in this paper do still struggle with this issue, as
a portable pole looking similar to the illustration seen in Figure B.15 might
still be considered obtrusive in a traffic intersection. But compared to most
of the other solution, it is however considered less obtrusive.

The proposed portable pole does to some extent get inspiration and some
ideas from the Trivector mobile mast, UTRaCAR, and the DLR platform so-
lutions. These are however all considered to be quite expensive solutions,
especially the Trivector mobile mast and UTRaCAR is considered expensive
due to the large acquiring and remodeling price of a trailer and a car, respec-
tively. The proposed portable pole is considered a lot cheaper to manufacture
due to its simple structure and base framework.

7 CONCLUSION

This paper presents a survey, proposal, and analysis of portable poles in re-
lation to capturing data in traffic intersection. The surveyed portable pole
solutions were split into 4 general types. The type-4 solution appears to fit
the defined minimum requirements most, however with a major shortcom-
ing as it is also the lesser mobile and portable pole solution. This leads to
the conclusion that for capturing the most stable and useful data, the setup
must comprise the lightweight and easy mobility requirements. For the type-
1 and type-2 solutions to work, various guying system must be installed on
existing infrastructure to fixate the pole. If one involves the existing infras-
tructure, a better result would be reached if the capturing rig is mounted on
the infrastructure rather than using a lightweight or compact portable pole
with guying installation. The DLR solution in type-4 is considered to be the
best portable pole solution based on vandalism prevention, robustness, sta-
bility, and still somehow transportable.

The DLR solution does however not completely fulfill the overall portable
pole goal defined in this journal due to the limited mobility. We therefore pro-
pose a new portable pole design which combines elements from the type-2
solutions and the type-4 solution so the overall portable pole goal is reached.
The proposed portable pole will get the mobility from the type-2 solutions
and get the robustness and stability from the type-4 solution. The proposed
design is inspired by the type-4 solution from DLR as we also propose to
split usage of the portable pole into a transportation stage and an operation
stage. The weight of the entire setup can dynamically and with ease be ad-
justed allowing a more lightweight solution and easier transportation stage.
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The weight during operation is, however, still intact, such the stability is kept.
The proposed portable pole can be deployed by 2 persons in 2 hours in both
rural areas as well as urban areas due to its compactness.
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1. Introduction

1 INTRODUCTION

From a computer vision point of view, the traffic surveillance domain is a
very challenging area due to the large amount of diverse scenes, objects and
in particular objects overlapping each other generating occlusion. Occlusion
can due to humans cognitive abilities be trivial, but for a computer to reach
the same level, we need to make it quite intelligent by showing it a lot of
diverse training images.

The easiest way to prevent occlusion is to consider the placement of your
sensors, which are usually placed on either existing infrastructure, e.g. traffic
light poles, or mounted on some portable pole [1]. These options provide
a side-top view-angle, which is usually fine, but might be challenged with
large objects, e.g. trucks and buses, occluding large areas in the scene. A
natural solution raised by the traffic researchers is to use a drone, which
would provide perfect bird view and thus solve all above issues. This might
be true for the case of large objects such as vehicles, trucks, and buses, but
distinguishing between some vulnerable road users, e.g. pedestrians and
cyclists, might become more difficult from a 50 meter bird view-angle. An
illustration of 3 popular approaches for capturing data at traffic intersections
are seen in Figure C.1. The portable pole can in some scenarios provide a
better view-angle in case the existing infrastructure options are limited.

O Drone
Portable

Pole \ |
sy

Existing
Infrastructure

Fig. C.1: A traffic intersection is equipped with 3 different capturing angels by mounting a
camera in existing infrastructure, deploying a portable pole, and utilizing a drone equipped
with a camera.
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Making the computer intelligent and able to reduce the dataset to only
interesting time sequences usually refer to the computer vision stages: ob-
ject detection, classification and tracking. In this paper, we will only look
into object detection. Object detection has been a large computer vision area
for ages and has to some extend been solved with simple algorithms such
as the Viola-Jones framework [2].The Haar-like features were used for quite
some time until Histogram of Oriented Gradients (HOG) was introduced,
which when combined with Support Vector Machine (SVM) outperforms the
Viola-Jones framework [3]. Additionally, HOG+SVM has in newer updated
versions been able to perform very well with a rather small selection of train-
ing images due to inclusion of newer optimization methods.

Machine learning has seen a large boost and is used in almost every re-
cent publication in major journals and conferences. There are multiple deep
learning object detectors, such as Mask R-CNN [4], Single Shot MultiBox De-
tector (SSD) [5] and You-Only-Look-Once (YOLO) [6], which have all seen
great use and outperformed previous entries various detection challenges,
e.g. Pascal VOC [7], COCO [8], VIVA-Challenge [9], and VIRAT [10].

In this paper, we collect a dataset from 2 different view-angles, namely
view from existing infrastructure and a drone, which to some extend is vi-
sualized in Figure C.1. To compare the view-angles, we annotate the dataset
with both bounding box and instance segmentation annotations. We ap-
ply the state-of-the-art object detector Mask R-CNN on the dataset with the
purpose of comparing the performance on different objects in different view-
angles. The contributions of this paper is thus twofold:

e Collecting, annotating, and publishing of a multi-view traffic intersec-
tion dataset.

e Conducting a comparative study using state-of-the-art method between
the two view-angles.

2 CAPTURING TRAFFIC SURVEILLANCE
DATA: CHALLENGES

The current widespread solution for recording traffic video data at traffic
intersections is by the use of cameras mounted in existing infrastructure, e.g.
poles, as seen in Figure C.2. As mentioned in the introduction, this view-
angle is however not always ideal as larger objects, e.g. busses, trucks, etc,
occludes smaller objects as illustrated in Figure C.3. This occlusion is a quite
well known problem, which could potentially be partly solved by deploying
a portable pole providing a higher capturing height [1].

But in order really to get the full overview of a traffic intersection a drone
is an obvious choice given its bird-view as illustrated in Figure C.4.
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Fig. C.2: Camera mounted in existing infrastructure at a traffic intersection.

(a) (b)

Fig. C.3: An illustration of the output from a camera mounted in existing infrasruture is seen
in (a). Given this view-angle, the bus and other large objects clearly introduce an occlusion
problem as illustrated in (b).

Though the drone view-angle clearly provides a better overview and
lesser degree of occluding objects in the traffic scene. It is however quite dif-
ficult to see smaller objects, e.g. cyclists and pedestrians. This is illustrated
in Figure C.5. The capturing height could of course be smaller, but currently
the regulations of drones is quite strict which defines some restrictions on
these possibilities.

Choosing between the two different view-angles is a very application-
based decision. The drone can provide you with data very rapidly without
any major setup, it do however in Denmark require a permission from the
local police as well as a licensed pilot to do so. Though the drone provides
you with a very nice overview of most traffic scenes, traditional drones do
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S
(AT

(a) (b)

Fig. C.5: (a) A pedestrian ready to cross the intersection. (b) It is very hard to see and thus
detect the pedestrian in the drone view-angle.

however not allow for capturing continuously for a very long period of time.
Most batteries in high-end consumer product allow up to 24-30 minutes of
flight time. For some applications and pilot test, this might be sufficient,
but for more comprehensive studies, longer recordings are needed. Addi-
tional batteries scales the recording time linearly, but requires the drone to
land and take-off again. If we consider more industrial drones, these allow
a power cable attached to it, which to some extend make capturing continu-
ously possible. This do however put the electrical motors on overload.

Though some expensive industrial drones can remain operational dur-
ing rainy and windy conditions, most consumer-friendly drones needs to be
taken down if the wind speed exceeds 10 m/s or if it starts raining.
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3. Dataset

Table C.1: Overview of the dataset.

View-angle Resolution  Bicycle Car Bus Lorry

Infrastructure 640x480 2003 9989 2113 4778

Drone 1920x1080 2909 32550 3607 11208
3 DATASET

As mentioned in the introduction, the datasets consists of two different view-
angles: Existing infrastructure and a drone. The dataset consists of 3100
synchronized and annotated frames from each of the two view-angles. Each
frame is annotated with both an axis-aligned bounding box as well as on
a pixel level allowing instance segmentation. The annotation scheme is fol-
lowing the COCO format and classes, which in this case provides 4 different
annotations in the dataset, namely: bicycle, car, bus and lorry. An overview
of the specifications of the dataset are seen in Table C.1. The infrastructure
view-angle is captured using an AXIS M1124-E camera with a VGA resolu-
tion and 30 FPS. The drone view-angle is captured using a DJI Mavic Pro
Drone and its standard installed camera. The drone view-angle is captured
in full HD resolution and 30 FPS. The dataset is captured in an intersection
in downtown Aalborg, Denmark.

The annotation distribution in the dataset for the infrastructure and drone
view-angle are seen in Figure C.6 and Figure C.7, respectively.

4 EVALUATION

For evaluating the two view-angles, we applied the Mask R-CNN [4] for ob-
ject detection. We used a model pre-trained on the Microsoft COCO dataset
and applied that on dataset. Given an overlap criterion of 50 %, the Mask
R-CNN achieved a mean average precision (mAp) of 22.62 % for infrastruc-
ture and 27.75 % for drone, which is shown in the precision-recall curves in
Figure C.8 and Figure C.9, respectively.

By examining Figure C.8, it is clear that neither of the 4 classes are partic-
ularly well-performing. The best performing classes is "car" with an average
precision (AP) of 47.49 %, which is followed by bus and lorry on 26.94 % and
10.21 %, respectively. The Mask R-CNN object detector on the infrastructure
view-angle do detect a few bicycles, but by visual inspection of the the recall
on the x-axis, it not even 10 % of the total amount of bicycles present in the
infrastructure dataset. If we however compare this to the performance on
the drone dataset in Figure C.9, the infrastructure view-angle is in fact better
as no bicycles are detected at all in the drone dataset. The 3 other classes
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Annotation Distribution of the Infrastructure View-Angle
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Fig. C.6: Stacked barchart of the annotation distribution from the infrastructure view-angle.

Annotation Distribution of the Drone View-Angle
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1500
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Fig. C.7: Stacked barchart of the annotation distribution from the drone view-angle.
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Precision-Recall Curve of Infrastructure View-angle - loU: 0.5 (mAp: 22.62)
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Fig. C.8: Precision-recall curve with IoU of 50 % of the infrastructure view-angle.

Precision-Recall Curve of Drone View-angle - loU: 0.5 (mAp: 27.75)
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Fig. C.9: Precision-recall curve with IoU of 50 % of the drone view-angle.
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are however all performing better in the drone view-angle compared to the
infrastructure view-angle.

To provide a better insight into whether the bicycle class is detected in
the dataset. We vary the intersection over union (IoU) or overlap criterion
from 0.01, corresponding to allowing a very small overlap between detection
and ground truth to be considered at true positive, to 1.00, meaning a perfect
detection. As we vary the IoU we measure the AP and mAP for all the classes,
which is shown in Figure C.11 and Figure C.10 for infrastructure view-angle
and drone view-angle, respectively.

Average-Precision vs loU for Drone View-angle
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Fig. C.10: The AP as a result of varying the IoU criterion in the drone view-angle.

By examining and comparing the results presented in Figure C.11 and
Figure C.10, it is clear that even if we allow for detections that barely overlap
the ground truths annotations, we still do not detect any bicycles in the drone
view-angle. Nor does it significantly improve the AP of the bicycles in the
infrastructure view-angle.

This ultimately stress that the drone view-angle might provide a better
overview from a pure visual inspection. But if we want to apply pre-trained
deep learning models on it, the current available dataset used for training
these models is not sufficient.

In Figure C.12 and Figure C.13 samples of the annotated data are pre-
sented.
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10/g‘verage-Precision vs loU for Infrastructure View-angle
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Fig. C.11: The AP as a result of varying the IoU criterion in the infrastructure view-angle.

5 FUTURE WORK

As this paper is still ongoing work, a lot of future investigations and work
has to be carried out. These investigations and work are:

e Related work of both object detection from UAV but also provide an
overview of relevant available dataset and their short comings.

e The annotated dataset allow for instance segmentation, which Mask
R-CNN also do. Investigate and evaluate the different view-angles per-
formance on a pixel-level.

e Utilize more detectors.

e Train own models with varying amount of training data to see how the
performance changes.

e Looking into using synthetic data to apply fine-tune the pre-trained
models in the unfamiliar view-angles.

e Capture more data with multi-modal (RGB+Thermal) as well as multi-
view.

e And as always... Annotate more data.
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(b) Drone

Fig. C.12: Annotated frame 26 of each of view-angle.
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(b) Drone

Fig. C.13: Annotated frame 759 of each of view-angle.
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1. Introduction

ABSTRACT

This paper presents the challenges that researchers must overcome in traffic light
recognition (TLR) research and provides an overview of ongoing work. "The aim
is to elucidate which areas have been thoroughly researched and which have not,
thereby uncovering opportunities for further improvement. An overview of the ap-
plied methods and noteworthy contributions from a wide range of recent papers is
presented, along with the corresponding evaluation results. The evaluation of TLR
systems is studied and discussed in depth, and we propose a common evaluation pro-
cedure, which will strengthen evaluation and ease comparison. To provide a shared
basis for comparing TLR systems, we publish an extensive public dataset based on
footage from US roads. The dataset contains annotated video sequences, captured
under varying light and weather conditions using a stereo camera.” [1] The dataset,
with it’s variety, size, and continuous sequences should challenge current and future
TLR systems.

1 INTRODUCTION

"The efficiency of transportation systems fundamentally affect the mobility of the
workforce, the environment, and energy consumption, which in turn dictates for-
eign policy. Since transportation is a major part of people’s lives, their health and
well-being is directly related to it’s efficiency, safety, and cleanliness. Many future
improvements to transportation systems will come from innovations in sensing, com-
munication, and processing [2, 3].” [1]

"The automobile revolution in the early 20th century led to a massive increase in
road transportation, and the contemporary road network was incapable of handling
the rapid increase in traffic load. To allow for efficient and safe transportation, traffic
control devices (TCD) were developed to guide, requlate, and warn drivers. TCDs
are infrastructure elements that communicate to drivers, e.g. signs, signaling lights
and pavement markings [4]. Figure D.1 shows an illustration of a road scene with
some of the many TCDs.” [1]

"TCDs are especially important in complex settings such as intersections, where
a lot of information must be communicated. Informing drivers is a balance between
providing sufficient information while avoiding to burden and distract drivers exces-
sively. A driver’s ability to obtain information from TCDs is limited by the amount
of information and the time available to comprehend the information. High speed and
overwhelming amounts of information may hence lead to errors from oversights and
stress [4]. For TCDs to function properly, all road users are required to abide, oth-
erwise dangerous situations occur. Drivers sometimes purposely disregarded TCDs.
One study shows that more than 1/3 of Americans admit to having purposefully run a
red light during the past month [5]. In many cases, failure to comply is unintentional
and caused by e.g. speeding to make it through the intersection in time, aggressive
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Fig. D.1: "Traffic control devices for safe and efficient traffic flow.” [1]

driving by closely following the car in front, distraction [6], misunderstandings, or
faulty TCDs.” [1]

"The complex task of driving is easy, most of the time,” [1] since many driving
sub-tasks are automated. Effortless driving results in unfocused drivers to whom
critical events can be perceived with an added delay. "Stressful driving where the
driver is very focused and attentive can delayed reaction time, because of fatigue, and
mental overload [7].” [1]

Widespread autonomous driving lies years in the future, in the meantime
lives can be saved by having driver assistance systems (DAS) monitor the
environment and warn or intervene in critical situations. For DAS to best
support the driver, it must attempt to make up for the driver’s deficiencies.
"An example of a driver deficiency is noticing and recognizing TCDs. Studies show
that drivers notice some TCDs better than other; speed limit signs are almost always
noticed, while pedestrian crossings signs are mostly overlooked [8].” [1]

"For all parts of DAS, the urban environment possesses a wealth of challenges,
especially to systems that rely on computer vision. An important challenge is recog-
nizing TLs at intersections. In 2012, 683 people died and 133,000 people were injured
in crashes that involved red light running in the USA [9]. Ideally, TLs should be able
to communicate both visually and using infrastructure to vehicle (12V) by means of
radio communication. Introducing 12V on a large scale requires substantial invest-
ments in infrastructure, which are unlikely in the near future. Intersections are some
of the most complex challenges that drivers encounter, making visual recognition of
TLs an integral part of DAS. The yellow light dilemma is one example where DAS
can support drivers. When entering an intersection with a yellow TL, the driver
must make a decision of whether to stop or to keep going and cross the intersection.
The interval where this decision is difficult for most people is in the range of 2.5-
5.5 seconds before entering the intersection [10]. Outside this interval the decision
is typically quite clear. The reaction times of drivers is longest in the center of the
interval, where the decision is the most difficult. Figure D.2 shows two scenarios
where information from different sensors and intelligent systems can be combined
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Fig. D.2: "Fused DAS system in intersection scenarios. (a) Turn right on red assistance. (b) Dilemma
zone assistance.” [1]

and provide driver assistance.” [1]

Until now no comprehensive survey of traffic light recognition (TLR) re-
search has been published. The sub-problem of traffic light detection has
been survey in [11] and in [12] we presented an introductory overview of
ongoing work on traffic light detection along with the LISA Traffic Light
Dataset. Most published TLR systems are evaluated on datasets which are
unavailable to the public. "This makes comparison between existing methods and
new contributions difficult.” [1] The contributions made in this survey paper
are thus, fourfold:

1. Clarifying challenges facing TLR systems.
2. Overview of current methods in TLR research.
3. Common evaluation procedure for TLR systems.

4. High resolution, annotated, stereo video dataset.

"The paper is organized as follows: Section 2 touches on computer vision areas
similar to TLR. In section 3, TL appearance is discussed along with common chal-
lenges facing TLR systems. Section 4 presents the typical TLR system. Recent work
is examined in section 5. In section 6 evaluation of TLR systems is reviewed, and a
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common procedure is proposed. Section 7 presents the LISA TL Dataset. In section
8, experiences, and future possibilities are discussed. Section 9 rounds of with the
findings made through out the survey.” [1]

2 RELATED COMPUTER VISION
CHALLENGES

"Before delving into the research made in TLR, it is interesting to examine the chal-
lenges, methods, and experiences from related computer vision problems which in
many cases will be similar. Related computer vision problems would be: traffic sign
recognition, taillight, headlight, and lane detection.” [1]

"Detection of traffic signs is challenging when subject to varying lighting, view-
points, and weather conditions. All of these issues suggest that relying solely on color
is problematic, therefore shape information is useful for sign detection. An example of
the use of shape information is seen in [13]. Relying on shape can also be challenging
with both traffic signs and TLs, as the angle between the ego-vehicle and the sign or
TL will impact the perceived shape of the object, resulting in a new shape variation.
Developing robust vision based DAS that works under changing lighting, at varying
distances, and under mixed weather conditions is a difficult task as stated in [14],
which mentions that cross-over procedures for handling environmental transitions
should be investigated.” [1] Following the 2012 survey on traffic sign recogni-
tion [8], the focus has shifted entirely to learning-based traffic sign detectors
"and the problem is considered solved on a subset of signs [15, 16].” [1] The same
paradigm shift has not yet materialized in TLR.

"Most vehicle detection and brake light detection at night utilize monocular cam-
eras and rely on the symmetry of tail and head lights for detecting vehicles as seen
in [17-22]. [23] detects head and tail lights using cues from lane detection, with
the purpose of automatic switching between high-beam and low-beam. Similarly,
cues from lane detection are important additions to TLR systems in order to deter-
mine the relevance of TLs. A recent paper on lane detection is [24], where a context
aware framework for lane detection is introduced, this can significantly reduce the
required computational demand by scaling the detection algorithm based of the state
of the ego-vehicle and the road context. The same paper references several comprehen-
sive surveys on lane estimation techniques, one being [25], where work done across
multiple modalities is reviewed. In [26, 27] the gaze and attention of the driver is
determined. This is essential information for DAS, since it can be used to determine
if the driver should be notified as e.g. in [28] where the driver is alerted and safety
systems are engaged if the driver is inattentive for a prolonged period of time.” [1]

142



3. Traffic Lights: Conventions, Structure, Dynamics, and Challenges

3 TRAFFIC LIGHTS: CONVENTIONS,
STRUCTURE, DYNAMICS, AND CHALLENGES

TLs regulate the traffic flow, by informing drivers about the right of way.
Right of way is given in a manner which minimize conflicts between vehicles
and pedestrians traveling incompatible paths through the intersection. "TLs
are by design made to stand out and be easily visible.” [1] Their primary compo-
nents are bright colored lamps, usually circle or arrow shaped. The lamps
are surrounded by a uniformly colored container. “The most common TL con-
figuration is the red-yellow-green light, where each state indicates whether a driver
should stop, be prepared to stop, or keep driving. A variety of other TLs have been
created as a result of complex intersections. Figure D.3 shows some of the allowed
vertical configurations of TLs in California.” [1]

TETHH

Fig. D.3: "Examples of vertical TLs found in California. [29]" [1]

"The orientation, color, size, and shape of the container will vary country to
country and even city to city. An example of differently oriented and colored TLs
within the USA is seen in Figure D.4. There are two methods for mounting TLs,
suspended and supported, this is evident in Figure D.4(a). The supported variety
has proven the most difficult for existing TLR systems, as discussed in subsection
3.1.7[1]

"Besides the various configurations of TLs, the state sequence is an important
characteristic of a TL. An example of a state sequence for the basic red-yellow-green

(@ (b)

Fig. D.4: "(a) San Diego, California. (b) Cincinnati, Ohio.” [1]
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light is shown in Figure D.5.” [1]

Fig. D.5: "Basic TL sequence for states: green, yellow, and red.” [1]

"For increasing road safety and making it easier for drivers when driving across
states, TLs in USA are requlated by the Federal Highway Administration in the
Manual on Uniform Traffic Control Devices [30]. Most countries in Europe have
signed the Vienna Convention on Road Signs and Signals [31], requiring TLs to
meet a common international standard.” [1]

3.1 Challenges in recognizing traffic lights

"Although TLs are made to be easily recognizable, influences from the environment
and e.g. sub-optimal placement can make successful detection and recognition diffi-
cult, if not impossible. Issues include:” [1]

o "Color tone shifting and halo disturbances [32] e.g. because of atmospheric
conditions of influences from other light sources Figures D.6c, D.6d, D.6k
and D.6l." [1]

o "Occlusion and partial occlusion because of other objects or oblique viewing
angles [32]. Especially a problem with supported TLs [33-35]. Figures D.6e
to D.6g.” [1]

o "Incomplete shapes because of malfunctioning [32] or dirty lights. Figure D.6a.”
(1]

e "False positives from, brake lights, reflections, billboards [36, 37], and pedes-
trian crossings lights. Figure D.6h.” [1]

o "Synchronization issues between the camera’s shutter speed and TL LED's
duty cycle. Figures D.6i and D.6j.” [1]

"Inconsistencies in TL lamps can be caused by dirt, defects, or the relatively slow
duty cycle of the LEDs. The duty cycle is high enough for the human eye not to no-
tice that the lights are actually blinking. Issues arise when a camera uses fast shutter
speeds, leading to some frames not containing a lit TL lamp. Saturation is another
aspect that can influence the appearance of the lights. With transition between day
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Fig. D.6: "Examples of frames from the collected dataset.” [1]

and night, the camera parameters must be adjusted to let the optimal amount of light
in and avoid under or over-saturation. [38] introduces an adaptive camera setting
system, that change the shutter and gain settings based upon the luminosity of the
pixels in the upper part of the image.” [1]

4 TRAFFIC LIGHT RECOGNITION FOR
DRIVER ASSISTANCE SYSTEMS

"Computer vision problems like TLR can be divided into three sub problems: detec-
tion, classification, and tracking. The typical flow of such a system is illustrated in
Figure D.7.” [1]

" [8] presents a similar breakdown for traffic sign recognition. The detection and
classification stages are executed sequentially on each frame, whereas the tracking
stage feeds back spatial and temporal information between frames. The detection
problem is concerned with locating TL candidates. Classification is done based on
features extracted from the detected candidates. Tracking uses information about
location and TL state when tracking TLs through a sequence of frames. A TLR
system that addresses the mentioned problems can therefore be broken into 4 stages:
detection, feature extraction, classification, and tracking.” [1]
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Fig. D.7: "Breakdown of a computer vision based TLR system.” [1]

4.1 Challenges in recognizing traffic lights for DAS

"When several TLs are simultaneously visible to the driver, each possibly in different
light states, the assistance system must be able to determine which TL is relevant
to the driver, a task that can be difficult, even to a human. Figure D.8 shows an
example of a complex traffic scene where three upcoming intersections are all visible
at the same time. One of the intersections contains turn lanes that are accompanied
by their own independent TLs. This represents a major challenge for TLR systems in
relation to DAS, in determining whether a TL is relevant to the ego-vehicle.” [1]

Fig. D.8: "Complex traffic scene with multiple visible intersections and turn lanes, each with their asso-
ciated TLs.” [1]

"The relevance of a TL is closely connected to it's placement in relation to the ego-
vehicle. Information about the location and direction of the ego-vehicle must therefore
be matched with the locations of the TLs. The most advanced system for solving this
problem is seen in [36], where a guess is made based on the intersection width and
the estimated orientation of the TLs. An alternative and less dynamic approach is
used in [33], where the route is recorded beforehand and relevant TLs are manually
annotated offline. Features are extracted in the annotated regions, and the system is
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then able to recognize the relevant TLs on that specific route.” [1]

"A TLR system for DAS must communicate the gathered information to the
driver, preferably in a way that is non-intrusive and adds as little as possible to the
cognitive load of the driver. Information about the driver’s attention can be used to
activate a given safety system in case the driver is inattentive or to determine whether
a driver has noticed a specific object and should be made aware of it. Hence, fusion of
data from looking-in and looking-out sensors can be used [39]. In [40] a large set of
looking-in activities: head pose estimation, hand and foot tracking; and looking-out
activities: vehicle parameters, lane and road geometry analysis, and surround vehicle
trajectories, are fused together to predict driver behavior. The presentation aspect of
DAS is outside the scope of this paper.” [1]

5 TRAFFIC LIGHT RECOGNITION:
STATE-OF-THE-ART

"In this section, we present an overview of methods used in each stage of the pipeline

for existing TLR systems. The pipeline is divided into four stages; detection, feature
extraction, classification, and tracking. This breakdown was described in chapter 4.
In addition to the breakdown in the four stages, papers are also presented with their
applied color spaces. This is done since the choice of color space is central to TLR and
emphasized in some work e.g. [38]. Table D.1 contains an overview of the applied
methods for all the papers from academic institutions. Table D.2 shows a similar
overview for industry papers. It should be noted that some of the papers presents
more than one approach, whereof only the best performing is listed. Since some of
the papers focus on only parts of the problem, and in a few cases it is not apparent
what methods were used, some fields are left empty. The paper overview covers papers
from 2009-2015, with a single exception of an important paper [41] from 2004, which
forms the basis for the more recent paper [33].” [1]

5.1 Color space

"As color is a major characteristic of TLs, it is used extensively in most TLR research.
It is primarily used for finding region of interest (ROI) and classifying TL states.
The wvariety in color spaces is large, but the RGB color space is often discussed, as
it usually is the color space in which input images are represented. Because color
and intensity information are mixed in all the channels of the RGB color space, the
information is usually translated to another color space for processing. [37, 42] are
the only studies, where RGB is the primary color space. The same author group also
utilizes the YCbCr color space in their earliest paper [43]. [44] uses both RGB and
YCbCr, in two separate stages, RGB is used for localizing the box of the TL, whereas
YCUCr is used for detecting the arrow TL.” [1] In [45], CIELab is used when
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extracting features for TL detection, subsequent they also employ RGB for
extracting features for TL classification. “"Normalized RGB has seen used by it
self, as in [46] and combined with RGB in [38, 47, 48]. [34, 35, 49, 50] use grayscale
for initial segmentation in the form of spot light detection. Whereas [34, 35, 50],
rely purely on grayscale, hence, their systems must function using only intensity
and shape information. Other works that use grayscale, are [51], where normalized
grayscale is used in addition to CIELab and HSV and [52] where grayscale is used
for finding candidates, before determining their state using the HSV color space.
The HSV and HSI color spaces are well represented by their use in [49, 52-56],
and [57, 58], respectively.” [1] It is noteworthy that [54], demonstrates that the
hue distribution is much narrower if a low exposure is used when capturing
frames. The narrower distribution greatly helps in later segmentation of the
frames by limiting color saturation. For each low exposure frame they also
capture one with normal exposure to maintain a balanced intensity. [59] uses
the HLS color space for determining the state of found TLs and ” [32] uses
IHLS which is an modification of HLS, which separates chromatic and achromatic
objects well” [1] . [60, 61] uses the LUV color space for extracting color features.

"There is no clear tendency towards the use of one particular color space, but
color spaces where color and intensity information is separate are clearly preferred.
In some recent work such as [38, 51] and to some degree [62], researches have begun
combining channels from multiple color spaces in order to get optimal separation of
TL colors. In [63, 64], the CieLab color space is used to create a new channel by
multiplying the lightness with the sum of the a and b channels.” [1]

5.2 Detection

"TLR systems usually look for a selection of TL components. Figure D.9 shows an
illustration of the various TL components. The structural relationship between the
components is in some cases also used.” [1]

H I I w O .OO

Rectangle Pole  Rectangle Box Circle  Lights

Fig. D.9: Supported TL along with it’s different components. [1]
Detection approaches can be categorized as either learning-based or model-

based, the latter is currently the far most widely used. It relies on heuristi-
cally determined models using shape, color and intensity.

Model-based "A simple and widely used color model consists of color density
thresholds for each TL lamp color, this is seen in [32, 36, 37, 42, 43, 46, 48, 49,
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54, 56, 58, 64]. Detectors based on this kind of simple color model are especially
in danger of suffering from overfitting to the specific training set. [33, 41] present
several detectors, the best performing being a Gaussian pixel classifier, created from
thousands of manually annotated images. In [38, 471, fuzzy clustering is introduced
to generate unique representations of a given color. Opposite to regular clustering,
sometimes called hard clustering, data points in fuzzy clustering can belong to more
than one cluster; the association degree to clusters can vary, meaning that a data point
can have a higher probability of belonging to one cluster than another [65]. Common
for all detectors relying on color distributions is their sensitivity to disturbances in
color which can be caused by many of the effects described subsection 3.1 [38, 47, 48,
53, 54]. Spotlight detection using the white top hat operation is a popular detection
approach which is robust to disturbances in color. It is usually based on greyscale
images, as seen in [34, 35, 49, 50]. In [53], the V channel from the HSV color space
is used with the same effect.” [1]

"Shape models are either used an alternative to the dominating color models or
as a filtering step after the color based segmentation In [42] the Hough transform
is used on an edge map from a Laplacian edge detection filter. The contribution
of [46] is a modified version of the circular Hough transform, which looks for filled
circles, and outperforms the conventional circular Hough transform. In [62] they
improve this idea further by also looking for other circles around active lights. [32]
first apply a Laplacian filter that extracts a clear boundary, disregarding halo effects,
before looking for approximate ellipses in the canny edge pixels around candidate
BLOBs. In [63, 641, fast radial symmetry is used for finding circles, followed by local
maximum and minimum for finding the exact parameters of the given circle. [52]
finds object boundaries using morphological operations and thresholding, the borders
are topologically analyzed and TL candidate rectangles are located.” [1]

"Most of the reviewed work applies BLOB analysis in various degrees for noise
removal or for calculating BLOB properties. [34, 35, 37, 43, 44, 49, 50, 57, 58]
removes noise by looking at a selection of BLOB features, from relative position of
elements such as circles, squares, rectangles, spots, containers, to size, aspect ratio,
shape, etc.. An example is [49] where BLOB size, aspect ratio, circular shape, holed
regions, and the estimated height in world coordinates is used. [58] employs region
growing using seed points from their found BLOBs to perform a border property
check between found BLOBs and their corresponding grown regions. Other BLOB
analysis includes doing bounding box analysis as in [38, 47, 48, 53, 54], where the
goal is to locate the TL box such that the state within it can be estimated. Instead of
finding shape from segmented BLOBs, [46, 52] applies a Sobel Kernel to get an edge
map and applies Hough transform in order to find either circular shapes or boxes.” [1]
Using BLOB analysis to filter out false TL candidates is very dependent on
the quality of the BLOB segmentation. In many cases BLOBs from actual TLs
will appear vastly different from a TL BLOB under ideal conditions.
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Learning-based “An early attempt at learning based detection was seen in [33,
41] where a cascading classifier based on Haar features was tested. It was, however,
outperformed by their Gaussian color classifier. Recently, three papers that employ
some more successful learning-based detectors have been published.” [1]. [59] is com-
bining occurrence priors from a probabilistic prior map and detection scores
based on SVM classification of Histogram of Oriented Gradients (HoG) fea-
tures to detect TLs. [45] detects TL pixels by extracting features from color,
texture, pixel location and normalized voting histograms and classify them
using a JointBoost classifier. In [60, 61] features are extracted as summed
blocks of pixels in 10 channels created from transformations of the original
RGB frames. The extracted features are classified using depth 2 learning trees
in [60]. In [61] detector performance is improved by increasing the learning
tree depth to 4 and extending the scale space. Common for the learning-
based detectors is their requirement for lots of data and computation. Their
advantages are a higher robustness to variation and less tendency to overfit-
ting because of the substantial amount of data used in the training process.

Auxiliary detection “In [42] GPS position is used to activate the detection sys-
tem when approaching preannotated intersections. [33, 36, 41, 53, 55, 59] are taking
this further by improving detection by including maps containing much more precise
prior knowledge of TL locations. The maps are created using accurate GPS measure-
ments and manual annotation of TL position. In [55] they store hue and saturation
histograms of each TL during the initial TL mapping. This helps with handling dif-
ferences in the light emitting properties of individual TLs. In [36] the possible states
of the individual TLs is also annotated to further reduce false positives. Relying on
prior maps can be a big help to visual TL detection. The maps increase the certainty
in TL candidates from the detector which makes it easier to reject false candidates. In
cases where a TL has not been mapped e.g. due to roadwork, a high reliance on maps
might lead to critical missed detections.” [1]

"Generally, the first step of model-based detection is segmentation of ROI by
using either, clustering, distributions, or thresholds. This is followed by either looking
for circular objects using Hough transform or fast radial symmetry, or BLOB analysis
to filter TL candidates. With learning-based detectors all of this is achieved by the
classification of numerous features. Prior knowledge of the route, geographical and
temporal information can drastically reduce the ROI, hence reduce the computational
requirements and the number of bad candidates.” [1]

5.3 Feature Extraction

"Color is a widely used feature for classification. This is seen in [33, 36, 38, 41, 46—
48, 51-53, 57, 62], where color densities from segmented areas are used. In [49, 55]
the features are based on HSV histograms. Besides color, shape and structure are
widely used characteristics from TLs. Shape information includes a wide variety of
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features, such as aspect ratio, size, and area. Structural information is the relative
positioning of the components of TLs. A TL lamp and the surrounding container
is, in many cases, easily distinguishable from the background, making shape, and
structural information popular features. [58] uses color template matching. Shape
information is combined with structural information in [34, 35, 501, and also color
features as seen in [38, 46—48, 51, 62]. In [42, 53], color, shape, and structural
information is used as features. In [37], a mix of BLOB width, height, center co-
ordinate, area, extent, sum of pixels, brightness moment, and geometric moment is
used as features for their SVM classifier. More advanced feature descriptors are seen
in [54], where edge information in the form of HoG, are used as features for image
regions containing TL containers. [44] uses 2D Gabor Wavelet features and [43, 56]
uses Haar features. [45] extract 21 geometric and color features from TL candidate
regions. [32] relies on spatial texture layout for classification, specifically they cal-
culate a Local Binary Pattern (LBP) histogram for the TL as well as for five equally
sized regions in each color channel, before creating a feature vector consisting of the
concatenated LBP histograms.” [1]

Systems relying either color, shape, or structural features will be chal-
lenged in varying conditions of the real world. By using multiple types of
features containing different types information increase robustness.

5.4 Classification

"For classification of TL candidates [53] utilizes a fusion between scores from struc-
ture, shape, color, and geolocation information, which help determine whether a TL
should exist at that location. [52] simply estimate the state to be the winner of a ma-
jority count on the number of pixels within empirically determined thresholds. [57]
decides on a TL state for the entire segmented frame based on a contradiction scheme
that selects the optimal light from TL position and size.” [1]. [59] classifies TL
candidates by subdividing them vertically in three using the color distribu-
tion. [44] focus on classifying the arrow type of their TL candidates, this is
done by nearest neighbor classification of Gabor image features which are
reduced by 2D independent component analysis. [54] classifies the TLs by
using HoG features from the TL container and SVM. [1] "In [33, 41], a neu-
ral network is used for determining the state of the found TLs. [58] applies tem-
plate matching by normalized cross correlation. [34, 35, 50] use adaptive template
matching. [49] uses SVM for classification based on HSV histograms. [43, 56] use
cascading classifiers based on Haar features. [35] compares their proposed adaptive
template matching system with the learning-based AdaBoost cascade Haar feature
classifier. Their model based approach proved to substantially outperform their learn-
ing based approach. [45] classify their 21 element feature vector using a JointBoost
classifier. [32] applies SVM to classify LBP feature vectors in order to determine the
state of a TL from it's spatial texture layout.” [1]

Successful classification rely heavily on the quality of the features. "The
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majority of papers apply a classifier to the extracted features and find the best match
by comparison with a selection of trained TL states” [1]. The remaining papers
classify TLs based on heuristics. Classification based on e.g. heuristically
determined thresholds, is vulnerable to many of the variations found under
real world use. The machine learning-based approaches train a model based
on training samples, which requires large amount of data with large variation
in order to obtain robustness.

5.5 Tracking

"Tracking is commonly used for noise reduction by suppressing false positives and
handling dropouts due to e.g. occlusion. It is evident in Table D.1 and D.2 that
approximately half of the presented approaches apply some form of tracking.” [1]

"Temporal tracking is used to examine previous frames and determine whether a
candidate has been found in the same area earlier and whether it has the same prop-
erties as a given candidate in the current frame. This is a simple and straightforward
approach used in [47, 48]. [57] reduced false detections by a third by using a temporal
decision scheme that makes a final classification based on temporal consistency.” [1]
A similar approach is seen in [45], where a TL has to be detected in three con-
secutive frames before it is accepted. It is evident their results that including
this type of tracking led to an increase of 12.16% in overall precision, while
costing 6.27% in overall recall. ” [49] employs multiple target temporal tracking
using predictions of the location of TL from the speed of the ego vehicle. This allows
for validation of state changes and smoothed recognition confidence. Additionally,
they modify top hat kernel size, saturation, and intensity thresholds when TLs are
about to disappear from the field of view. This enables recognition in a greater dis-
tance interval. Before reaching the final state verdict, [49] inputs the detected state
from their classifier into a range of HMMSs, one for each possible type of TL and
one for a non-TL objects. The model which best fits the detected sequence of states
is then selected as the final estimated state. [52] also employs HMM, although only
for a single TL type. [38] estimates the distance to TLs using inverse perspective
mapping and tests both a Kalman filter and a particle filter for tracking the relative
movement between vehicle and TLs. TLs are then filtered based on their consistency
in position and color. In [50], an Interacting Multiple Model filter is used for keeping
track of both state and position of a given TL. The prediction in the model is using
Kalman filters to keep track of the state and the position in time. For establishing the
state, a Markov chain with weighted probabilities is used for finding the current state
based on posterior states, originally introduced in [66]. [55] uses prior maps and a
histogram filter to adjust the localization mismatch between predict and actual TL
area.” [1]

"The correlation tracking used in [33, 41, 53], relies on the fact that a given
detected TL’s state is unlikely to shift sporadically in a sequence of frames. E.g., when
a series of red states are detected, it is most likely that the state in the upcoming frame
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will be red again and the appearance will therefore be approximately the same. [56]
use CAMSHIFT tracking of candidates across frames based on their appearance.” [1]

"Tracking is mostly used to filter out noise and handle lone failed detections,
caused by e.g. occlusion. In most of the surveyed papers, tracking consist of a
simple temporal consistency check, a few use tracking in a more advanced manner by
incorporating prior probabilities.” [1] Generally, two types of tracking are used,
correlation tracking and point tracking. In many cases correlation tracking
rely on the same types of features as the detector and for this reason will
be unable to complement the detector when it fails. Point tracking on the
other hand can employ temporal information which has a better basis for
complementing the detector.
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Table D.1: "Recent academic studies in TLR. Colors indicate paper group affiliation. Corresponding
evaluation results and datasets for each paper are available in Table D.3. Abbreviations: Connected com-
ponent analysis (CCA), support vector machine (SVM), hidden Markov model (HMM)" [1]

Paper Year

Color
Space(s)

Detection

Features

Classification

Tracking

[38]

2014

RGB,
RGB-N

Fuzzy cluster-
ing, CCA, BLOB
analysis

Color

Color

Kalman filter,
particle filter

[47]

2013

RGB,
RGB-N

Fuzzy cluster-
ing, CCA, BLOB
analysis

Color

Color

Temporal filter-
ing

[48]

2012

RGB,
RGB-N

Clustering, BLOB
analysis

Color

Color

Temporal filter-
ing

[50]

2014

Grayscale

Top-hat spot light
detection, BLOB
analysis

Shape, structure

Adaptive template
matching

Interacting Mul-
tiple Model

[35]

2009

Grayscale

Top-hat spot light
detection, BLOB
analysis

Shape, structure

Adaptive template
matching

[34]

2009

Grayscale

Top-hat spot light
detection, BLOB
analysis

Shape, structure

Adaptive template
matching

[37]

2013

RGB

Color threshold-
ing, BLOB shape
filtering

Brightness and
geometric mo-
ments

SVM

[43]

2011

YCbCr

Color threshold-
ing, BLOB shape
filtering(width to
height ratio, sum
of pixels, BLOB

area to bounding
rectangle ratio)

Haar-like fea-
tures

Adaptive multi-
class classifier
trained using
AdaBoost

[62]

2010

RGB,
RGB-N

Pixel clustering,
edge map, filled
circle Hough
transform in
neighborhood

Color, shape

Color of best
circle

[46]

2009

RGB-N

Color thresh-
olding, edge
map, filled circle
Hough transform

Color, shape

Color of best
circle

[60]

2015

LUV

Aggregated chan-
nel features

[61]

2015

LUV

Aggregated chan-
nel features

[45]

2015

RGB,
CIELab

Color, texture,
pixel location
and normalized
voting histogram
classified with
JointBoost

Color, Geometric
features

JointBoost

Temporal filter-
ing

2015

HSL

Probabilistic prior
maps and dense
HoG

Color

Color distribution
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Table D.1: "Recent academic studies in TLR. Colors indicate paper group affiliation. Corresponding
evaluation results and datasets for each paper are available in Table D.3. Abbreviations: Connected com-
ponent analysis (CCA), support vector machine (SVM), hidden Markov model (HMM)" [1]

Paper Year

Color
Space(s)

Detection

Features

Classification

Tracking

[52]

2014

Grayscale, Topological analy-

HSV

sis of edges

Color

Majority pixel
count

HMM

(53]

2014

HSV

Top-hat spot light
detection, BLOB
analysis

Color, shape,
structure

Fusion of color,
shape, structure
scores, and geolo-
cation

Correlation
tracking

2014

HSV

Color thresh-
olding, BLOB
analysis

HoG

SVM

2014

Norm.
grayscale,
CIELab,
HSV

Prior knowledge
of TL location

Color, shape

Convolutional
neural network

2014

CIELab

Color thresh-
olding, radial
symmetry, local
maximum and
minimum, shape
filtering

2012

RGB,
YCbCr

BLOB analysis

2D Gabor
wavelet

Nearest neighbor

2012

CIELab

Color difference
enhancement,
neighborhood
image filling,
radial Symmetry

Color

Color

Spatial-temporal
consistency
check

[42]

2012

RGB

Color threshold-
ing, edge map
with Laplace fil-
ter, circle Hough
transform, shape
filtering

Color, shape,
structure

Color

[58]

2011

HSI

Color threshold-
ing, dimension-
ality and border
property check

Color

Normalized cross
correlation tem-
plate matching

(32]

2011

IHLS

Color threshold-
ing, Laplacian
filter for bound-
ary extraction,
approximate el-
lipses based on
edge pixels from
canny

LBP features

SVM

[55]

2011

HSV

Prior knowledge
of traffic light
location

HS histograms

Histogram back-
projection

Histogram filter

[49]

2010

HSV

Top-hat spot light
detection, Color
thresholding,
CCA, BLOB anal-
ysis

Concatenated
HSV histogram
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Table D.1: "Recent academic studies in TLR. Colors indicate paper group affiliation. Corresponding
evaluation results and datasets for each paper are available in Table D.3. Abbreviations: Connected com-
ponent analysis (CCA), support vector machine (SVM), hidden Markov model (HMM)" [1]

Paper Year Color Detection Features Classification Tracking
Space(s)
2010 HSV Color threshold- Haar features AdaBoost trained CAMSHIFT
[56] ing, morphologi- classifier
cal operation
2009 HSI Gaussian- Color Global contra- Temporal fil-
[57] distributed clas- diction solving tering /decision
sifier, BLOB anal- scheme scheme
ysis, temporal
information

Table D.2: "Recent studies in TLR from industry. Colors indicate paper group affiliation. Correspond-
ing evaluation results and datasets for each paper are available in Table D.2.” [1]

Paper Year Color Detection Features Classification Tracking
Space(s)
2013 - Prior knowl- Color Neural network Correlation
[33] edge of TL loca- tracking

tion, Gaussian-
distribution classi-

fier
2004 - Prior knowl- Color Neural network Correlation
[41] edge of TL loca- tracking

tion, Gaussian-
distribution classi-

fier
2011 - Prior knowledge Color, shape Color and BLOB Temporal filter-
[36] of TL location and geometry ing

state sequence

6 EVALUATION

Performance of TLR systems has been evaluated in a wealth of ways through-
out the reviewed work, complicating comparisons between competing ap-
proaches. Additionally, some papers does not clearly define which evalua-
tion criteria have been used. Evaluation is generally done on a local collection
of frames, unavailable to the public. These local datasets are mostly small in
size and contain little variation.

6.1 Performance measures

The most common measures of system performance are: precision, recall,
and accuracy. Results from the reviewed TLR systems are therefore, when
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possible, summarized using these measures. Precision, recall, and accuracy
are defined as in [67]. The definitions are shown in equation (D.1), (D.2) and
(D.3). TP, FP, EN, TN are abbreviations for true positives, false positives, false
negatives, and true negatives. [1]

TP

Precision = ———— D.1
recision TP+ FP (D.1)

"A Precision close to one indicates that all the recognized TL states are in fact cor-
rectly recognized." [1]

TP
TP+ FN
"A recall close to one indicates that all the TL states, in a given video sequence, were
correctly recognized by the proposed system." [1]

Recall = (D.2)

TP+ TN
TP+FN+FP+TN

"An accuracy close to one indicates that the system detects all TLs with no false
positives. Traditionally, true negatives are also included in the calculated accuracy as
follows from equation (D.3), but true negatives are rarely used in evaluation of TLR
systems." [1]

"In some cases these performance measures are referred to under different names,
e.g. detection rate instead of recall or recognition rate for accuracy. When it is unclear
what the used terms are covering, they are published as accuracy in Tables D.3, D.4
and D.5. The criteria for deciding when a TL is recognized and registered as a true
positive can also be unclear or vary widely. An example of this is seen in [34, 35],
where a TL is registered as a TP if it has been recognized once in the whole series of
frames where it appears. We suggest evaluating FPs, TPs on a frame by frame basis,
as this gives a more complete representation of a given system’s performance.” [1]

Accuracy =

(D.3)

6.2 Evaluation overview

In Table D.3 evaluation data specifications are presented along with the stated
results from TLR papers originating from academic institutions. Table D.4
presents the same for TLR research originating from industry. Since a few
papers have published results limited to TL detection, these results are pre-
sented separately in Table D.5. When looking at the tables it is clear that the
majority of systems are evaluated on local datasets. Many of these datasets
are not described sufficiently and consist of as little as 35 ground truth TLs.
Taking dataset size and evaluation results in to account, [38] is one of the best
performing systems. TLs are detected based on fuzzy clustering, the system
has been refined from earlier publications [47, 48] and recognition is sup-
ported by adaptive image acquisition and tracking. Another notable system,
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with impressive results, is presented in [59], where TLs are detected and rec-
ognized in an extensive dataset using a probabilistic prior map and detection
based on HoG features. " [33] presents an autonomous car with TLR which has
successfully driven a 100 km route in real traffic. TLs are detect using prior maps
and from TL color distributions. The performance of the TLR system is, however,
not quantified, atleast not publicly, making it impossible to do direct comparisons to
other work.” [1]

Table D.3: "Evaluation datasets and corresponding results from recent studies in TLR from academia.
Colors indicate paper group affiliation. RCMP abbreviates Robotics Centre of Mines ParisTech and sig-
nifies the use of their dataset, - indicates evaluation on part of the dataset and + indicates the addition of
private datasets. Under Ground Truth, # of frames indicates # of frames with a minimum of 1 TL.” [1]

Paper Year Dataset Size Ground Resolution Conditions Pr Re Ac
[Frames] Truth [Pixels] [%] [%] [%]

2014 Local 75,258 19,083 752x480 Day, night 99.38 9824 99.39
[38] frames

2013 Local 16,176 4,600 752x480 Night 98.04 - -
[47] frames

2012 Local 27,000 14,000 752x480 Day, night 90.32 - -
[48] frames

2014 Local - - - - 97.6 87.57 97.6
[50]

2009 RCMP+ >11,179 10,339 640x480 Day 84.5 53.5 -
[35] TLs

2009 RCMP+ >11,179 >9,168 640x480 Day 95.38 9841 -
[34] TLs

2013 Local 16,080 12,703 620x480 Night - 93.53 -
[37] frames

2011 Local 30,540 16,561 620x480 - - 93.80 -
[43] frames

2010 Local 35 35 - - - - 89.0
[62] TLs

2009 Local 30 30 - - - - 86.67
[46] TLs

2015 Local, - - 640x480+ Day, night 72.83 80.13 -
[45] RCMP-

2015 Local - 9,301 6x1024x768  Early morning, after- 92.3 99.0 -
[59] frames noon

2014 Local 649 446 648x488 Mixed day-time illu- 99.59 92.19 9445
[52] TLs mination conditions

2014 Local 3,767 - - Day - - 96.07
[53]
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Table D.3: "Evaluation datasets and corresponding results from recent studies in TLR from academia.
Colors indicate paper group affiliation. RCMP abbreviates Robotics Centre of Mines ParisTech and sig-
nifies the use of their dataset, - indicates evaluation on part of the dataset and + indicates the addition of
private datasets. Under Ground Truth, # of frames indicates # of frames with a minimum of 1 TL.” [1]

Paper Year Dataset Size Ground Resolution Conditions Pr Re Ac
[Frames] Truth [Pixels] [%] [%] [%]

2014 Local - - 640x480 Mixed day-time illu- - - -
[54] mination conditions

2014 Local 3,351 3,351 - Afternoon, dusk - - 97.83
[51] TLs

2012 Local 5,000 - 1392x1040 Mixed day-time illu- - - 91.00
[44] mination conditions

2012 RCMP 11,179 9,168 640x480 Day 6122 9375 -
[63] TLs

2012 Local 7,311 - - Day - 89.9 -
[42]

2011 RCMP- 5,553 5,553 640x480 - 9695 944 -
[58] frames

2011 Local 714 763 640x480 Sunny, cloudy, rainy 3451 94.63 95.01
[32] TLs

2011 Local - - 1280x1024 Noon, dusk, night 8146 7798 92.85
[55]

2010 Local - 2,867 512x384 - - - 89.6
[49] TLs

2010 Local - - 780x580 - - - -
[56]

2009 Local 6,630 - 640x480 - - - 98.81
[57]

Table D.4: Evaluation datasets and corresponding results from recent studies in TLR originat-

ing from industry. Colors indicate paper group affiliation. Under Ground Truth, # of frames

indicates # of frames with a minimum of 1 TL.

Paper Year Dataset Size Ground Resolution Conditions Pr Re Ac
[Frames] Truth [Pixels] [%] [%] [%]
2013 Local - - - 100 km in real world - - -
[33]
2004 Local - - - - - >95 =
[41]
2011 Local - 1,383 2040x1080 Morning, afternoon, 99.65 6194 93.63
[36] frames night
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Table D.5: "Evaluation datasets and results from TL detection papers. Under Ground Truth, # of
frames indicates # of frames with a minimum of 1 TL.” [1]

Paper Year Dataset Size Ground Resolution Conditions Pr Re Ac
[Frames] Truth [Pixels] [%] [%] [%]

2015 LISA 14,386 21,421 1280x580 Mixed day-time illu- 30.1 50.0 -
[60] TL TLs mination conditions

2015 LISA 11,527 42,718 1280x580 Night-time 65.2 50.0 -
[61] TL TLs

2015 Local - 9,301 6x1024x768  Early morning, after- 97.3 99.0 -
[59] frames noon

2014 Local 70 142 240x320 Day 8493 8732 -
[64] TLs

6.3 Proposed evaluation methodology

"A variety of performance measures can be used for evaluation of TLR systems,
examples are recognition rate, detection rate, recall, precision, true positive rate,
false positive rate, false positives per frame, confusion matrix, Fl-score, etc. No
matter which measure is used, it is important to define it clearly. Furthermore, it
is important to describe the used datasets in detail in order to make fair assessments
possible.” [1]

True positive criteria

"It should be clear what constitute a true positive. We suggest using the PASCAL
overlap criterion introduced in [68]. It is defined as seen in equation (D.4).” [1]

area(B; N Bgt)

— 9 °>05 D4
area(B; U Bgt) — (D4)

ap =
"ay denotes the overlap ratio between the detected bounding box By and the ground
truth bounding box Bgt.” [1]

Describing performance

"According to [69] it can be misleading to state performance using overall accuracy
on an unevenly distributed dataset. The overall accuracy does not necessarily rep-
resent the performance on smaller classes.” [1] The distribution of classes in TL
datasets is naturally skewed since e.g. the standard stop light is a lot more
common than the warning arrow light. When evaluating multi-class classi-
fiers on skewed datasets, confusion matrices provide a great overview of the
performance for specific classes. “In table D.6 we present an example of a con-
fusion matrix for a basic TLR system with the stop, warning, and go classes. Dark
grey indicates the variables, and brighter grey indicate either ground truth or sys-
tem classification output. From these numbers, recall, precision, and accuracy seen

160



6. Evaluation

in the blue fields, can be calculated. The classifications in the confusion matrix for
this example were found based on thresholds that provide a high recall at the cost of
precision.” [1]

Table D.6: Confusion matrix of 3-class skewed dataset. [1]

’ System classification
Stop ‘ Warning ‘ Go ‘ Recall
9210 5102 6194
£ Swop 9703 B - 0 60.67%
i Warning 691 1 406 0 58.76%
5 Go 7688 | 2 0 4872 63.37%
G Precision 63.92%  7.96%  78.66%

The vast majority of papers report performance using the three measures
described in subsection 6.1. The problem with these measures is that they
only provided a narrow glimpse into the actual performance of the system.
By calculating accuracy or precision and recall for a large number of thresh-
olds and plotting the resulting curves, it is possible to observe the perfor-
mance over the full spectrum of the system. “The fwo most common types of
curves are Receiver Operator Characteristic (ROC) curves, cost curve, and Precision-
Recall (PR) curves. In [70], the relationship between ROC curves and PR curves
is presented, and it is concluded that when using skewed datasets, the PR curves
provides a more informative picture of a system’s performance. Both [70] and [69]
mention Area-Under-Curve (AUC) as an alternative to the traditional measures for
comparing algorithms. AUC can describe performance in the full spectrum using a
single number. When calculating the AUC it is important to keep in mind that using
few thresholds as basis for generating the curve may lead to a poor representation of
the systems performance. Ideally the number of thresholds should match the number
of different scores outputted by the TLR system.” [1]

Figure D.10 shows PR curves for the same TLR example used in table D.6.
The optimal threshold for a given system can be easily determined using the
PR curves. Additionally, the AUC will reflect the dramatic drop in precision
of the stoplight classifier, a single precision, or accuracy measure on the other
hand could not.

"The proposed evaluation terms and criteria are listed below:” [1]

o "True positives are defined according to the PASCAL overlap criterion.” [1]

e "Precision, as seen in equation (D.1).” [1]
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Precision-Recall Curve
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Fig. D.10: Recognition performance on skewed dataset.

o "Recall, as seen in equation (D.2).” [1]
o "Area-Under-Curve for Precision-Recall curve.” [1]

o "Confusion matrix.” [1]

7 TRAFFIC LIGHT DATASET

Extensive and challenging datasets are essential for evaluation and compar-
ison of TLR research. Until now the only publicly available dataset was the
TLR benchmark from LaRA (La Route Automatisée) at Mines ParisTech, Paris.
In this section the new Traffic Light Dataset from LISA (Laboratory for Intelli-
gent and Safe Automobiles) at University of California, San Diego, is described
in detail. Table D.7 provides an overview of these two TL datasets.

"The LISA Traffic Light Dataset consists of TLs that are found in San Diego,
California, USA. The dataset provides two day and two nighttime sequences for
testing. These test sequences contain 23 minutes and 25 seconds of driving around
San Diego. The stereo image pairs are acquired using the Point Grey’s Bumblebee
XB3 (BBX3-1352C-60) which is constructed with three lenses which each capture
images with a resolution of 1280x960. The lenses have a Field of View(FoV) of 66°.
Because of the 3 lenses, the stereo camera supports two different baselines, 12 and 24
cm, whereof the widest is used for the LISA Traffic Light Dataset. The stereo images
are uncompressed and was rectified on the fly. The Bumblebee XB3 was mounted in
the center of the roof of the capturing vehicle and connected to a laptop by FireWire-
800 (IEEE-1394b). Besides the 4 test sequences, 18 shorter video clips are provided
for training and testing. Gain and shutter speed were manually set to avoid over
saturation as well as limit the effect of flickering from the TLs. For all day clips,
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Table D.7: "Ouverview of existing public TL databases. The ambiguous class covers uncertain annota-

tions.” [1]
LaRA, Mines ParisTech [71] LISA, UCSD
#Classes 4 (green, orange, red, & 7 (go, go forward, go left,
ambiguous) warning, warning left, stop,
& stop left)
#Frames/#GT 11,179 / 9,168 43,007 / 119,231
Frame spec. Mono, 640 x 480, 8-bit, RGB Stereo, 1280 x 960, 8-bit,
RGB
Video Yes, 8min 49s @ 25FPS Yes, 44min 41s @ 16FPS
Description 1 sequence, urban, day, 4 test seq. > 4min and 18

Paris, France

training clips < 2min 49s,
urban, morning, evening,
night, San Diego, USA

shutter speed was 1/5000 sec and gain was set to 0. For all night clips, shutter speed
was 1/100 sec and gain was set to 8. A Triclops calibration file is provided along with
the stereo images, this file contains the factory calibration for the used Bumblebee
XB3 camera. Table D.8 shows a detailed list of the short video clips and longer video
sequences that constitute the LISA Traffic Light Dataset.” [1]

Table D.8: "Overview of the video sequences in LISA Traffic Light Dataset.” [1]

Sequence Description # Frames # Anno- #TLs Length Classes

name tations

Day seq. 1 morning, 4,060 10,308 25 4min Go, warning, warning
urban, back- 14s left, stop, stop left
light

Day seq. 2 evening, 6,894 11,144 35 7min Go, go forward, go left,
urban 11s warning, stop, stop left

Night seq. 1 night, urban 4,993 18,984 25 5min Go, go left, warning,

12s stop, stop left
Night seq. 2 night, urban 6,534 23,734 62 6min Go, go left, warning,
48s stop, stop left

Day clip 1 evening, 2,161 10,372 10 2min Go, warning, stop, stop
urban, lens 15s left
flare

Day clip 2 evening, 1,031 2,230 6 1min 4s Go, go left, warning
urban left, stop, stop left

Day clip 3 evening, 643 1,327 3 40s Go, warning, stop
urban

Day clip 4 evening, 398 859 8 24s Go
urban

Day clip 5 morning, 2,667 9,717 8 2min Go, go left, warning,
urban 46s warning left, stop, stop

left
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Table D.8: "Overview of the video sequences in LISA Traffic Light Dataset.” [1]

Sequence Description # Frames # Anno- #TLs Length Classes
name tations
Day clip 6 morning, 468 1,215 4 29s Go, stop, stop left
urban
Day clip 7 morning, 2,719 8,189 10 2min Go, go left, warning,
urban 49s warning left, stop, stop
left
Day clip 8 morning, 1,040 2,025 8 1min 5s Go, go left, stop, stop
urban left
Day clip 9 morning, 960 1,940 4 Imin Go, go left, warning
urban left, stop, stop left
Day clip 10 morning, 40 137 4 3s Go, stop left
urban
Day clip 11 morning, 1,053 1,268 6 Imin 5s Go, stop
urban
Day clip 12 morning, 152 229 3 9s Go
urban
Day clip 13 evening, 693 1,256 8 43s Go, warning, stop
urban
Night clip 1 night, urban 591 1,885 8 36s Go
Night clip 2 night, urban 2,300 4,607 25 2min Go, go left, warning,
23s warning left, stop, stop
left
Night clip 3 night, urban 1,051 2,027 14 1min 5s Go, go left, warning
left, stop, stop left
Night clip 4 night, urban 1,105 2,536 9 1min 9s Go, warning, stop
Night clip 5 night, urban 1454 3,242 19 Imin Go, go left, warning,
31s stop, stop left
43,007 119,231 304 44min
41s

The LISA Traffic Light Dataset is captured in stereo since stereo vision is
widely used in related computer vision areas and might see more use in TLR.
"Both mono and stereo vision are widely used for vehicle detection according to [72],
which review vehicle detectors. Additionally, [72] describe a stereo vision bottom-up
paradigm which consist of visual odometry, feature points in 3D, and distinguishing
static from moving points, which is also mentioned in [73]. All parts of this paradigm
can potentially reduce the amount of false positives. The benefit of stereo vision is
reinforced by [74] where the main technical challenges in urban environments are said
to be occlusions, shadow silhouettes, and dense traffic. The introduction of stereo has
shown promising results in relation to solving these challenges.” [1]

"Each sequence in the dataset comes with hand labeled annotations for the left
stereo frame. Anmnotations for a given video sequence contains the following infor-
mation: frame number, rectangular area around the lit TL lamp, and it’s state.” [1]
A heatmap of the all annotations in the dataset can be seen in Figure D.11,
where it is clear that most of the annotations are done in the upper right part
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Heatmap of all annotations in LISA Traffic Light Dataset
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Fig. D.11: Heatmap of all annotations in the LISA TL Dataset.

of the frame, and a few TLs are annotated in the far left side. It is therefore
safe to reduce the search for TL to the upper part of the frames.

Aspect ratio of annotations in LISA TL Dataset
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Fig. D.12: Aspect ratio histogram of LISA TL Dataset.

Figure D.12 shows a histogram of the aspect ratio of all the annotations
in the dataset. The mean aspect ratio is 0.9697, which fits the quadratic TL
bulbs well. The variation in aspect ratio is caused by viewing angles, motion
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blur and imprecise annotation.

"The LISA Traffic Light Dataset is made freely available at http: // curr.
ucsd. edu/LIS4/ datasets. html for educational, research, and non-profit pur-
poses.” [1]

8 DISCUSSION AND PERSPECTIVES

“In this section we discuss the current trends and perspectives based on the sur-
veyed papers. It is difficult to determine the state of TLR as evaluation is done on
local datasets and with different evaluation methodology. To maintain and advance
research on TLR, it is essential to use a common evaluation methodology on challeng-
ing publicly available TL datasets. This will enable both newcomers and established
research groups to efficiently compare approaches. [71] provides the only publicly
available dataset. It is unfortunately not widely used and lacks variation. The ideal
TLR benchmark should have large variation in environmental conditions, similar to
The KITTI Vision Benchmark Suite for evaluation of stereo correspondence [75], and
the VIVA challenge [76] for hands, face, and traffic signs. When TLR systems even-
tually matures, the evaluation metrics should evolve to include weighted penalties
for missed or wrong recognitions based on the severity of the error. Furthermore, the
distance where TLR systems are first able to successfully recognize a TL is very rele-
vant and should also be part of the evaluation. Since no comprehensive surveys have
existed until now, it required substantial effort to gain an overview of the state of
TLR research. The scope of existing TLR research vary significantly, spanning from
very basic TL detection, to complex systems robust enough to be used in autonomous
systems as seen with [33]. Table D.3 indicates that many of the surveyed systems
performs in the high 90% in recall, precision, and accuracy. The best performing pa-
pers seem to be [41], [33], [36] from the industry, and [55], [53], [59] from academic
institutions. The approaches from these papers rely on prior maps of TL location and
properties, which makes it possible to achieve solid performance under challenging
conditions. Such systems can reduce the number of false positives substantially, be-
cause the approximate locations of TLs are known.” [1] Using information from
precise maps is a big advantage over conventional systems. [59] shows that
their use of prior maps increase precision from 56.67% to 97.33%. “The price
is less flexibility and high cost, since the maps must be kept up to date for the systems
to function.” [1]

"The paradigm change from heuristic models to learning-based seen in traffic sign
detection and pedestrian detection has not happened for TLR yet.” [1] This is un-
derlined by examining Table D.1 where detection of candidate TLs is almost
entirely based on heuristic models, with the exception of two very recent pa-
pers. In [59] detection is done using HoG and [60] uses the ACF framework.
Learning-based detectors have been tried earlier, but do not appear in Table
D.1, “since only the best performing approach from each paper is listed. [35, 41] de-
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8. Discussion and Perspectives

veloped learning-based TL detectors, based on Haar features, to compare with their
model-based systems.” [1] In both cases a model-based detector outperformed
the learning-based detector in both detection and computational load.

"The additional information that stereo vision provides is rarely used, one ex-
ception to this is [41] where stereo vision is used to measure real world distance
and size of detected objects. Doing this resulted in a ten fold decrease in false candi-
dates, along with the tracking benefits of knowing the distance and size. As discussed
in [74], stereo vision has proven useful to improve the robustness of computer vision
systems. Stereo vision cues could be considered as an additional feature channel or
for rejecting false positives from e.g. tail lights and reflections. In [77] vehicle detec-
tion at night is assisted by a stereo vision 3D edges extractor, while in [78], vehicle
detection rely solely on stereo vision for both day- and nighttime data.” [1]

"Less than half of the TLR papers include tracking. The most common use of
tracking is a simple temporal consistency check. This efficiently suppress FPs and
lone FNs. A few papers uses more advanced and sophisticated tracking, such as
HMM, IMM, and CAMSHIFT. This is an area that must be researched further as
tracking is known to increase performance as seen in [15] where introduction of
tracking to traffic signs recognition significantly reduced the number of FPs. For
vehicle detection, [79] has similarly increased performance based on vehicle tracking
fused with lane localization and tracking. ” [1]

DAS applications for TLR

"There are many applications in which TLR can be used as part of DAS. Table D.9
lists applications which have been mentioned in the surveyed papers.” [1]

Table D.9: "DAS applications for TLR."” [1]

DAS feature Description Requirements References

Dashboard TL state visualization in dash- TLR recognition, lane under- [49], [38]

visualization board standing

Get going alert Draw attention to the recently TLR recognition [49]
switched light

Warn driver of Drawing attention to upcoming  TLR recognition, intersection, [64], [53],

stop light stop light lane understanding [37]

Stop at stop Autonomous vehicle stopping TLR recognition, lane under- [49]

light at stop light standing

Smooth stop at Smooth braking towards stop TLR recognition, stop line, lane [38]

stop light line at stop light understanding

Stop and go Automatic stop/start of engine  TLR recognition [49], [38]

at stop lights

"Fusion of data from multiple systems and sensors can greatly improve the overall
capabilities of DAS. In [27, 28] the driver’s attention is measured using cameras
looking inside the car. In [26] a first person view camera is used for capturing. The
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driver’s registered attention can e.g. be used to activate safety systems in case of the
driver being inattentive. By fusing TL recognition with looking-in systems which
e.g detect the driver’s eye gaze, it can be determined whether or not the driver have
noticed the TL. Other properties which can be used to decide if the driver should be
informed are the TL’s detectability and discriminability as discussed in [80]. Velocity
information from the CAN bus can also be obtained to help determining if the vehicle
is slowing down while approaching the TL. A lot of applications require fusion of
information from multiple systems, this includes most of the application seen in Table
D.9. Understanding the traffic scene is necessary as seen with the use of intersection
and lane information. A major challenge for TLR in complex intersections is to
determine which TLs are relevant to the driver. Selecting the biggest and closest one,
as in [81], is a simplistic way of determining which lights to adhere to. In complex
intersections, this will not be sufficient and more intelligent approaches must be
applied. So far the most intelligent systems for solving this problem is seen in [36],
where a guess is made based on the intersection width and the estimated orientation
of the TLs. An alternative and less dynamic approach is seen in [33], where relevant
TLs are manually annotated before hand. Features are extracted in the annotated
regions and the system then recognize relevant TLs on that specific route. " [1]

"TLR can potentially help people by decreasing fatigue and stress level when
driving. This is especially true for people with color vision deficiency or similar chal-
lenges. As mentioned in the introduction, a large portion of accidents are connected
to intersections and red light running. Integration of TLR systems in vehicles can
reduce these accidents. Furthermore, the integration of TLR systems and DAS in
cars can to some degree be implemented on smartphones as seen with [42, 82]. An-
other application for a developed TLR system could be naturalistic driving studies
(NDS) analysis by automatic detection of events related to e.g. red light running at
intersections. Something similar was done with lane detection in [83], where a set of
NDS events are identified and quantified.” [1]

Directions

"Even though the Daimler group in Germany and the VisLab group in Italy, have
successfully managed to make autonomous vehicles drive on public roads, the TLR
problem is not considered solved. TLR systems remain challenged by changing
weather and light conditions. To overcome these challenges, TLR systems should
be able to adapt parameters throughout the TLR pipeline to the changing conditions.
Another major problem that still remains to be solved is determining the relevance
of recognized TLs. More research should be made into extending TLR for DAS
with lane detection, detailed maps, and other traffic scene information.” [1] A few
learning-based TL detectors have recently been published [59, 60]. It is not
possible at this time to tell whether learning-based detectors are superior to
heuristic model-based detector. To determine this, more research in apply-
ing learning-based detectors for TLR is needed, as well as evaluations on
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common datasets.

9 CONCLUDING REMARKS

"This survey presented an overview of the current state of traffic light recognition
(TLR) research in relation to driver assistance systems. The approaches from the sur-
veyed paper were broken down into choices made for color space, detection, features,
classification, and tracking. For color space, there exist no clear tendency towards
one in particular. We have seen a raising popularity for combining channels from
multiple color spaces to create a combined color space that separates traffic light (TL)
colors well. Most detection approaches rely on color or shape for finding TL candi-
dates other rely on spotlight detection in a single intensity channel. BLOB analysis
is generally used to remove bad TL candidates, this is done based on prior knowledge
of the properties of TL BLOBs. Furthermore, some of the best performing approaches
use detailed maps of the route and temporal information to improve performance.
Many papers utilize manually specified models of TLs, which consist of color, shape,
and structural features, to do state detection of TL candidates. Other use trained fea-
tures such as HoG, LBP, and 2D Gabor wavelets, classified using SVM. A few rely
on template matching or neural networks using the color and/or shape. The tracking
stage is dominated by temporal filtering, while more advanced approaches include
HMM, IMM, and CAMSHIFT.” [1]

"TLR is dominated by model based approaches, especially for finding TL candi-
dates. This raises the question of whether model based approaches outperform learn-
ing based approaches for TLR. Based on the limited experiences with learning based
detection this question cannot yet be answered. Additionally, because the systems
are evaluated using different methodology and on very different datasets it is not
clear which approaches are the best. Only one public dataset with TLs is currently
available and it is not widely used. We have therefore contributed a new dataset,
the LISA Traffic Light Dataset, which contains TLs captured with a stereo camera
in San Diego, USA under varying conditions. The dataset is supposed to enable
comparable evaluation on a large and varied dataset, and provides the possibility of
including stereo vision for improving TLR. The dataset will be included in the next
VIVA Challenge [76].” [1]
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1. Introduction

ABSTRACT

Determining the optimal parameters for a given detection algorithm is not straight-
forward and what ends up as the final values is mostly based on experience and
heuristics. In this paper we investigate the influence of three basic parameters in
the widely used Aggregate Channel Features (ACF) object detector applied for traf-
fic light detection. Additionally, we perform an exhaustive search for the optimal
parameters for the night time data from the LISA Traffic Light Dataset. The op-
timized detector reaches an Area-Under-Curve of 66.63 % on calculated precision-
recall curve.

1 INTRODUCTION

The Aggregate Channel Features (ACF) object detector [1], from Piotr’s Com-
puter Vision Matlab Toolbox (PMT) [2], has been used for detecting a wide
range of objects. Originally it was introduced as as a detector for pedestrians
in [1], but have since been applied in several other areas related to driver as-
sistant systems (DAS). The applied areas are not only limited to looking-out
of the vehicle [3], where other vehicles [4], signs [5], and traffic lights (TLs) [6]
have been popular, but also looking-in areas, such as hands detection [7] has
seen use of the ACF detector. General for all areas is that the ACF object
detector has been adjusted heuristically in a practical manner. Fine-tuning
towards the optimal parameters are a common problem amongst researchers
as it can be difficult without any prior experience of applying the given de-
tector or without any prior knowledge of the test data. All of the above
DAS areas where ACF has been applied are great challenges and remains
important cases as people unfortunately keeps getting injured in the traffic.
In 2012, 683 people died and 133,000 people were injured in crashes related
to red light running in the USA [8]. Traffic light detection is thus an obvious
part of DAS system in the transition towards fully autonomous cars.

A large issue in research is that evaluations are done on small and private
datasets that are captured by the authors themselves. For better and easier
comparison in DAS related areas, benchmarks such as the VIVA-challenge [9]
and KITTI Vision Benchmark Suite [10] can highly beneficial for determine the
prone future research directions.

In this paper, we will do a comprehensive analysis of three central pa-
rameters for the ACF object detector, applied on the night data from freely
available LISA Traffic Light Dataset used in the VIVA-challenge [11]. The
contributions of this paper are thus threefold:

1. Exhaustive parameter sweep of ACFE.

2. Analysis of correlations between detector parameters.
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3. Optimized TL detection results on the night data from the LISA Traffic
Light Dataset.

The paper is organized as follows: Relevant previous work is summarized
in section 2. In section 3 we present the detector and the three parameters
that are investigated. The extensive evaluation of the parameter sweep is
presented in 4. Finally, in section 5 we give our concluding remarks.

2 RELATED WORK

The related work can be split into two parts: model-based and learning-
based approaches. For a more comprehensive overview of the related work,
we refer to [11].

2.1 Model-based

Model-based object detection is a very popular approach for detecting TLs.
Most model-based detectors are defined by some heuristic parameters, in
most cases relying on color or shape information for detecting TL candi-
dates. The color information is used by heuristically defining thresholds for
the color of interest in a given color space [12, 13]. The shape information is
usually found by applying circular Hough transform on an edge map [14],
or finding circles by applying radial symmetry [15, 16]. In [17, 18] shape
information is fused with structural information and additionally color in-
formation in [19, 20]. The output of using above approaches are usually a
binary image with TL candidates. BLOB analysis is introduced to reduce
the number of TL candidates by doing connected component analysis and
examining each BLOB by it’s size, ratio, circular shape, and so on [21].

2.2 Learning-based

One of the first learning-based detectors is introduced in [22, 23] where a
cascading classifier is tested using Haar-like features, but was unable to per-
form better than their Gaussian color classifier. The popular combination
of Histogram of Oriented Gradients (HoG) features and SVM classifier were
introduced in [24], but additionally also relying on prior maps with very
precise knowledge of the TL locations. The learning-based ACF detector has
previously been used for TLs, where features are extracted as summed blocks
of pixels in 10 different channels created from the original input RGB frame.
In [25] and [6] the extracted features are classified using depth-2 and depth-
4 decision trees, respectively. In [6] the octave parameter, which define the
number of octaves to compute above the original scale, is changed from 0 to 1.
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(a) (b) (c) (d) (e)

Fig. E.1: Positives samples cropped from training data.

3 METHOD

The method section is two-fold, firstly the learning-based ACF detector is
presented. Secondly, the method for conducting the comprehensive parame-
ters optimization for the TL detector is presented.

3.1 Learning-based detector

The features for the ACF object detector are extracted from 10 feature chan-
nels: 1 normalized gradient magnitude channel, 6 histogram of oriented gra-
dients channels, and 3 channels constituting the LUV color channels. The
features are hence created by single pixel lookups in the feature maps. The
channels sub-sampled corresponds to a halving of the dimensions. [4]

The training is done using 3,728 positives TL samples with a resized res-
olution of 25x25, and 5,772 frames without any TLs and hard negatives gen-
erated from 1 execution of bootstrapping on the 5 night training clips from
the LISA TL dataset [11]. Examples of these hard negatives are seen in Fig-
ure E.2. The number of extracted negative samples varies depending on the
configuration, but is limited to maximum of 175,000 samples.

AdaBoost is used to train 3 stages of soft cascades, the three stages consists
of 10, 100, and 4000 weakleaners. However, the comprehensive parameters
optimization showed that it often converges earlier. The generated AdaBoost
classifier is using decision trees as weak learners.

For detecting TLs at greater distances, the intervals of scales can be ad-
justed by the octave up parameter, e.g. changing it from 0 to 1 will define
the number of octaves to compute above the original scale. The number of
extracted samples from the training will highly depend on the model size,
tree-depth, and octave up parameters.

Finally the detection is done by using a sliding window which is moved
across each of the 10 aggregated feature channels created from the test frame.

3.2 Parameter optimization

In this paper, a comprehensive parameter optimization is made by adjusting
the dimensions of the sliding window, hereafter defined as mDs, the decision
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()

(g)

Fig. E.2: Hard negatives generated from bootstrapping.

tree’s depth, hereafter defined as treeDepth, and the number of octaves to
compute above the original scale, hereafter defined as nOctUp. To speed up
the parameters optimization, a MATLAB script is developed which uses a
FTP connection to communicate with a master web host, such n-computers
can work on the parameter optimization simultaneously.

The parameter optimization is done by adjusting one parameter at a time,
e.g. creating a TL detector with a nOctUp = 0 and treeDepth = 2, and then
vary the mDs size from [12,12] to [25,25]. A total of 142 = 196 detectors are
made with above nOctUp and treeDepth settings. By adjusting the nOctUp
and treeDepth and redoing the sliding window variation, a very comprehen-
sive overview of what the optimal mDs size is, and how the performance
correlate with the nOctUp and treeDepth.

4 EVALUATION

— AFC(15,13)-0-2] (AUC: 0.33418)
—— AFCI(17,14)-0-4] (AUC: 0.40213)

0.9 - AFC[(18,18)-1-2] (AUC: 0.49293)

— AFC[(18,16)-1-4] (AUC: 0. 56347)
AFC[(19,21)-2-2] (AUC: 0.612
AFC[(20,20)-2-4] (AUC: 0. seszs;

Precision
°

Flecall

Fig. E.3: PR-curves of best ACF detector from each heatmap.

In this paper the parameters optimization will be done according to the
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parameter variations seen in Table E.1. The parameters optimization will be
performed on nighttime sequence 1 from the LISA TL dataset which are col-
lected in an urban environment in San Diego, USA and contain 4,993 frames
and 18,984 annotations. The data is generated from a 5min and 12s long
video sequence containing 25 physical TLs split between 5 different types:
go, go left, warning, stop, and stop left. [11]

The mDs are decreased in the last two iteration in Table E.1 as the training
time increases significantly when the nOctUp and treeDepth are increased.
As the training have been done on multiple different computers, the average
training time, defined in Table E.1, is calculated from calculated the average
training time from the computer being involved in all 6 iterations for the
most comparable results. The most involved computer is a Lenovo Thinkpad
T550 with an Intel i7-5600U CPU @ 2.6 GHz, 8GB of memory, and a SSD page
file. The parameter sweep was done using MATLAB R2015b on Windows 7
Enterprise, both 64-bit.

Table E.1: ACF detector parameter variation

mDs Start mDs End nOctUp treeDepth # Detectors Avg Time [DD:HH:MM]

[12,12] [25,25] 0 2 19 00:02:59

[12,12] [25,25] 0 4 19 00:04:40

[12,12] [25,25] 1 2 19 01:02:43

[12,12] [25,25] 1 4 19 01:06:34

[15,15] [22,22] 2 2 64 02:19:28

[15,15] [22,22] 2 4 64 02:21:19
912

Each detections will be quantified in accordance to the VIVA-challenge [9],
where the Area-Under-Curve(AUC) of a Precision-Recall curve(PR-curve)
generated from the ACEF results is used as the final evaluation metric [11].
Furthermore, the true positive criteria in the VIVA-challenge defines a detec-
tion as one that is overlapping with an annotation with more than 50 %, as
defined in Equation (E.1).

area(By N Bgt)

_ == E.1
area(B; U Bgt) ED

apg —

Where a( denotes the overlap ratio between the detected bounding box B; and

the ground truth bounding box Bgt. a9 must be equal or greater that 0.5 to
meet true positive criteria. [26]

In Figure E 4, the 6 different parameter variation sweeps, defined in Table

E.1, are seen. All of the heatmaps are plotted with the same color range,

spanning from dark blue to dark red indicating a detection rate of 0 % and
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I
mDs-X

(a) Heatmap of ACF detector with oc-
tave 0 and tree-depth 2.

(c) Heatmap of ACF detector with oc-
tave 1 and tree-depth 2.
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mDs-X

(e) Heatmap of ACF detector with oc-
tave 2 and tree-depth 2.

(b) Heatmap of ACF detector with oc-
tave 0 and tree-depth 4.

P ——

(d) Heatmap of ACF detector with oc-
tave 1 and tree-depth 4.
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19 58.39% 58.83% 60.96% 62.62% 61.11% 61.09% 61.57% 62.94%

1/ 53.85% 56.68% 56.34% 59.05% 61.46% 60.61% 63.21% 59.44%

47156.29% 55.82% 57.15% 56.74% 61.90% 63.05% 60.53% 61.57%

51 56.61% 56.11% 57.65% 61.66% 58.38% 58.15% 62.36% 61.73%

1 56.01% 53.50% 56.42% 59.45% 62.19% 59.76% 60.58% 57.17%

mDs-X

(f) Heatmap of ACF detector with oc-
tave 2 and tree-depth 4.

Fig. E.4: Heatmaps of ACF Detector with varying octaves and tree-depths.
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100 %, respectively. For each heatmap plot in Figure E.4, the model dimen-
sion with the highest detection rate is marked with bold. By examining the
figures in pairs, e.g. E.4a+E.4b and E.4a+E.4c, one can determine the effect of
changing tree-depth or octave, respectively. Increasing only the octave from
0 to 1 increases the best performance from 33.42 % to 49.29 %. Furthermore,
the average AUC of the entire heatmap is also increased significantly as a re-
sult of the octave increment, which is best illustrated by the increase of more
bright green areas in Figure E.4c compared to Figure E.4a. Increasing the
tree-depth from 2 to 4 increases the best performing mDs with 6.79 %, and
the overall average AUC is also increased by comparing the color schemes
of Figure E.4a and E.4b. In Figure E.4d both the octave and tree depth is
increased to respectively 1 and 4, resulting in an AUC of 56.85 % with a mDs
of [18,16]. There are no clear tendency of a groupings of mDs where the
detection rate is good in Figure E.4a. In Figure E.4a, E.4b E.4c, and E.4d, a
grouping with a lower detection rate is present in the upper right corner and
the lower left corner, which suggests that the optimal mDs is found between a
size of 15 and 22. Finally, the octave increased in Figure E.4e and E.4f, where
only the detection with mDs from 15 to 22 have been executed due to time
restrictions and the previously mentioned low detection rate grouping anal-
ysis. Increasing the octave to 2 increases the AUC to 61.28 with a tree-depth
2, and finally 66.63 %, which is the highest achieved AUC in this parameter
sweep.

In Figure E.3, the Precision-Recall curves of the best performing mDs
from each heatmap are seen. The precision is decent when the recall is under
0.35 for all of the detections, meaning that we have high confidence in our
detections until this point. The detections with octave 0 detects less than 60 %
of the true positives, by increasing the octaves the recall, and number of true
positives detections, are greatly improved reaching over 90 % with octave
2 and tree-depth 4. By increasing the octave all detections reaches a recall
above 79 % resulting in a higher AUC.

5 CONCLUSION

Increasing only the octave provides us with better capabilities of detect a
larger size range of TLs, resulting in the most significant AUC increments.
The increments of the tree-depth improves the results when keeping the oc-
tave unchanged, however, the AUC increase is not as high as increasing the
octave while keeping the tree-depth the same. The AUC is nearly doubled
by increasing both of tree-depth and octave in Figure E.4a and E.4d, lead-
ing to conclusion that these parameters are correlated, as the color scheme
strongly show the overall AUC increase. Finally, the AUC is improved by
increasing octave and tree-depth additionally, as seen in Figure E.4e and E.4f,

187



REFERENCES

respectively. As in the first 4 iteration heatmaps, the best performing AUC is
increased when increasing both octave and tree-depth simultaneously, which
supports the conclusion that the parameters are highly correlated. By ex-
amining Figure E.4f it is clear that the best performing AUC is increased
additionally and found at a mDs of [20,20] with 2 octaves and a tree-depth of
4.

Further experiments includes finding the convergence points by keep in-
creasing the parameters. Additionally, a similar parameter sweep on the
daytime data from the LISA TL dataset would be interesting.
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1. Introduction

ABSTRACT

Traffic light detection (TLD) is a vital part of both intelligent vehicles and driving
assistance systems (DAS). General for most TLDs is that they are evaluated on small
and private datasets making it hard to determine the exact performance of a given
method. In this paper we apply the state-of-the-art, real-time object detection system
You Only Look Once, (YOLO) on the public LISA Traffic Light dataset available
through the VIVA-challenge, which contain a high number of annotated traffic lights,
captured in varying light and weather conditions.

The YOLO object detector achieves an AUC of impressively 90.49 % for dayse-
quencel, which is an improvement of 50.32 % compared to the latest ACF entry in
the VIVA-challenge. Using the exact same training configuration as the ACF detec-
tor, the YOLO detector reaches an AUC of 58.3 %, which is in an increase of 18.13
%.

1 INTRODUCTION

In recent years the term big data and machine learning have gained tremen-
dous momentum, especially the use of big data have been a heavily dis-
cussed topic. As a result, data is collected in almost every digital action we
do, and is collected like never before. In fact, we create 2.5 quintillion bytes
(2,500,000,000 gigabytes) of data each day resulting in 90 % of the current
available data have been created for the past 2 years [1]. The data are collected
from a large variety of locations, spanning from your social media activities
and browsing to various sensors collecting climate data or traffic surveil-
lance data. Collecting traffic data both with the purpose of surveillance and
especially autonomous vehicles have gained a lot of media attention as a re-
sult of major companies spending large amount money on research in this
area. However, making a vehicle drive autonomously have a lot of challenges
linked to it, which still requires years of research.

Both industry and academic institutions are looking into research and ap-
plications that can be relevant and helpfull in the meantime. This can prove
beneficial for the ultimate dream of self-driving cars, but also for the pop-
ular driving assistance systems (DAS). DAS applications are already widely
implemented in newer vehicles, such as emergency breaking, automatic lane
changing, keeping the advertised speed limit, and adaptive cruise control.
DAS applications can usually be split into looking-in [2], such as hands ac-
tivity recognition [3] and looking-out applications, such as detection of other
vehicles, pedestrians [4], traffic signs [5] or traffic lights [6]. In 2012, 683
people died and 133,000 people were injured in crashes related to red light
running in the USA [7], making traffic light detection a vital part of both
self-driving cars and DAS.
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In this paper we apply the state-of-the-art, real-time object detection sys-
tem You Only Look Once, (YOLO) [8], which have proven a good competitor
to Fast R-CNNs and SSDs both in terms of detections and speed. In this
paper, we will apply YOLO on the daytime data from the freely available
LISA Traffic Light Dataset used in the VIVA-challenge [9, 10], which have
seen a limited use of deep learning methods. The contributions of this paper
is twofold:

e Training and applying the state-of-the-art, real-time object detection
system You Only Look Once, (YOLO) for traffic light detection.

e Deep learning entry in the public VIVA Traffic Light challenge.

The paper is organized as follows: Relevant research is summarized in
section 2. In section 3 we present the method used, followed by evaluation of
the TL detector in section 4. Finally, section 5 rounds of with some concluding
remarks.

2 RELATED WORK

In this section a brief introduction to the most notable research in relation
to TLD is given, for a more comprehensive overview, we refer to the traffic
light survey [9]. In [9] TLD is split into two categories: model-based and
learning-based.

The model-based methods have been quite dominant and popular in the
past decade and are usually created by the use of a heuristically defined
model which relies on color and /or shape information. The color information
is quite intuitive and a straight-forward approach as traffic lights presents the
driver with multiple color cues which corresponds to a driver action e.g. stop
or go. The detector is based on a heuristical defined threshold in a selected
color space [11, 12]. The color can however vary from scene to scene and
thus challenge models relying solely on static thresholds. So rather than
looking at color, one could make use of the distinctive shape of traffic lights
by applying circular Hough transform on an edge map [13] or by using radial
symmetry [14]. Both approaches are challenged in different scenarios, but not
entirely the same scenarios, thus shape information is fused with structural
information [15, 16], and additionally color information in [17, 18]. Rather
than defining static set of rules, [19] propose a Bayesian inference framework
relying on color, shape and height to detect traffic lights.

Cascading classifier based on Haar-like features was one of the first learning-
based detectors to be introduced in [20, 21], but did however not outperform
their Gaussian color classifier. As for most other computer vision research
areas, the popular combination of using Histogram of Oriented Gradients
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features together with a SVM classifier was introduced in [22]. The learning-
based Aggregated Channel Features (ACF) detector have seen a large use in
TLD, and have shown superior performance over the heuristic models both
during day and night time [6, 23]. TLD using Convolutional Neural Network
(CNN) is introduced in [24, 25], where a CNN is used detects and recognize
the traffic lights using region-of-interest information provided by an onboard
GPS sensor.

3 METHOD

In this section the method used in this paper will be briefly introduced.The
method section is split into two sections: firstly the YOLO object detector is
introduced. Secondly, training parameters and data specifications used in the
evaluation are introduced.

3.1 YOLO

YOLO have been introduced in two versions [8, 26], where the latest version
is the one used in this paper which include new features as well as modifi-
cations to the existing network. YOLO is an end-to-end single convolutional
neural network that detects objects based on bounding boxes prediction and
class probabilities. The network divides the input image into a SxS grid, if
the center of an object is located within this grid, it is this specific grid’s task
to detect the object. Each grid predicts bounding boxes and a corresponding
confidence, where the confidence is an indicator of how confident the model
is that a box contains an object as well as how accurate the box is. The confi-
dence is therefore calculated using the intersection over union (IOU), where
a perfect match between a predicted box and a ground truth will provide a
confidence of 1, and oppositely if a predicted box is not present in the grid,
hence no ground truth overlapping, the confidence will be 0. Finally, the grid
cell also predicts the probability of an object belonging to a class.

Unlike many sliding window methods, such as the ACF detector, YOLO
examines the entire image during training helping it to learn contextual in-
formation about a given class and its surroundings. The original YOLOv2
classification model, called Darknet-19, has 19 convolutional layers and 5
maxpooling layers, and have some resembles to well-known VGG-16 net-
work. It is however a lot less complex as the VGG-16 requires 30.69 billion
floating point operations to process a single 224x224 pixel frame, whereas the
Darknet-19 only needs 5.58 billion operations whilst improving the top-5 ac-
curacy on ImageNet with 1.2 % compared to VGG-19’s 90 %. An additional
training where the size is increased from 224 to 448, improves the top-5 accu-
racy to 93.3 % at the compromise of processing the images 4.24 times slower.
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This 448x448 model constitutes the Darknet19 448x448 model which have
been used as pre-weights for training in this paper.

For using the model for detection, the network is modified by removing
the last convolutional network and instead adding three 3x3 convolutional
layers with 1024 filters, which is finally followed by a 1x1 convolutional layer
with the number of outputs needed for the specific detection. For enabling
fine grain features, a passthrough layer is inserted second to the last convo-
lutional layer.

3.2 Training parameters

The random parameter enables multi-scale training, resulting in a robustness
for detecting objects in different image resolutions. The input size is per
default set to a resolution of (416x416), but by enabling the random param-
eter the network will randomly change the input image size every 10 batch.
The YOLOV2 network downsamples by a factor of 32, resulting in a down-
sampling range between {320, 352, ..., 608}. The smallest input size is thus
(320x320), and the largest input size is (608x608). The random parameter
is per default enabled in YOLOV2, in this paper we will try to identify the
effect. Furthermore, we will investigate varying the input size whilst doing
detection.

4 EVALUATION

Several models have been trained using different training data and modified
in accordance to the parameters described in section 3.2.

The data configuration for each model can be seen in Table E.1. The train-
ing data used for all the models are from the LISA Traffic Light Dataset [9]
and the LARA Traffic Light Dataset [27].

The LISA Traffic Light Dataset consists of 13 day training clips, hereafter
referred to as LISA-dayTrain, as well as 2 longer test sequences, hereafter
referred as LISA-daySeql or 2. For evaluating, the LISA-daySeql has been
used, as it was the main evaluation sequence in the VIVA-challenge. The
LARA Traffic Light Dataset is also included to create some more variance as
it is captured in Paris, France, whereas the LISA TL dataset is captured in
San Diego, USA. Furthermore the LARA Traffic Light Dataset is introduced
to see how it impacts the model when testing it on a test sequence that is
captured in same environment as a large part of the training data. In Table
E2, an overview of the used training and test data is seen. In Figure F.1 some
samples from the data are seen.

A total of 6 YOLO TLD models are trained and applied on the LISA-
daySeql. In order to make the results of above models comparable with pre-
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Table E1: Overview of the trained YOLOV2 Traffic Light Detectors. All models have been
trained with an input image size of (416,416), with half the models enabled the random pa-
rameter varying the input image size between {320, 352, ..., 608}.

Training Data

R o~
S N
5 = @
= IN) =
S N S
T T
< =2 =
= < =
Model name Random ~ ~ ~
YOLO_V1_0 v
YOLO_V1_1 v v
YOLO_V2_0 v
YOLO_V2_1 v v v
YOLO_V3_0 v v
YOLO_V3_1 v v v
Table E.2: Overview of the evaluation data.
Dataset Frames True positives Resolution Classes
LARA 11,179 9,168 640 x 480 4 (green, orange, red, & ambiguous)
LISA-dayTrain 14,025 40,764 1280 x 960 6 (Go, go left, warning, warning left,
stop, stop left)
LISA-daySeq2 6,894 11,144 1280 x 960 6 (Go, go forward, go left, warning,
stop, stop left)
LISA-daySeql 4,060 10,308 1280 x 960 5 (Go, warning, warning left, stop,

stop left)

vious publications, the results must be evaluated in accordance to the VIVA-
challenge [10], where the Area-Under-Curve(AUC) of a Precision-Recall curve(PR-
curve) is the final evaluation metric [9]. Furthermore, the true positive criteria
in the VIVA-challenge defines a detection as one that is overlapping with an
annotation with more than 50 %, as defined in Equation (F.1).

0o = area(By N Bgt) (E1)

area(By U Bgt)

Where ag denotes the overlap ratio between the detected bounding box B; and
the ground truth bounding box Bg;. a9 must be equal or greater than 0.5 to
meet true positive criteria. [28]

Prior to calculating the AUC of the model, we examine the recall of each
of the trained models. Models are trained for 80,000 iterations and for ev-
ery 1000th iteration during training, weights are saved for backup purposes.
These weights are used to determine how the performance relates to the
number of iterations. This relation is seen Figure F2 and in F.3 where the
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(d) (e) ®

Fig. F1: Training samples from the (a-d) LISA and (e-f) LARA Traffic Light database.

detectors’ image size have been changed from (416,416) to (672,672).

In Figure E2 the detectors with an input image of (416,416) are shown.
To determine the impact of the random parameter, we compare the versions
of the YOLO TL detectors. By enabling the random parameter with only
the LISA-dayTrain as training data, the recall performance decrease by 17.32
%. By examining the figure, it is clear that YOLO_V1_1 is struggling to
reach a stable recall compared to the other 5 models, which suggests that
we do not use enough and sufficient varied training data for the varying
input image size to make any impact. In YOLO_V2_0 we add the LARA
dataset to the training which nearly reaches the same recall as YOLO_V1_0.
YOLO_V2_1, with the random parameter enabled, increases the recall with
3.85 % compared to YOLO_V2_0 but is still 2.47 % worse than YOLO_V1_0.
Finally, by swapping the LARA dataset with LISA-daySeq?2, we reach a recall
of 87.38 % and 88.91 % for YOLO_V3_0 and YOLO_V3_1, respectively.

As the detectors only use convolutional and pooling layers we can resize
the input image size without retraining. In Figure E.5 the detectors with input
image of (672,672) are shown. The result of increasing the input image size to
(672,672) provides a very similar picture of the detectors as for the (416,416).
However, 5 out of 6 models reaches a higher maximum recall after increasing
the image input size to (672,672), the exception being YOLO_V1_1 which also
struggled in Figure F.2. By examining and comparing Figure F.2 and E3, it is
clear from a visual analysis, that the (416,416) looks more smooth compared
to (672,672). This is due to the larger difference in the recall results between
the iterations, suggesting that the input image size of (672,672) might not be
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Recall overview plot of all YOLO TL Detectors using input image size (416,416)

Max: 88.91% @ 72000 Iterati
Max: 87.38% @ 32000 Iterations @ ions
%0

Max: 59.65% @ 70000 Iterations
Max: 57.18% @ 76?0 Iterations

Recall [%]

45000 Iterations

o 10000 20000

30000 40000 50000 60000

70000
# Iterations

YOLO_V2_O(lisaTrain+Lara)
YOLO_V2_1(lisaTrain+Lara+Random)

— YOLO_V1_0(lisaTrain) — YOLO_V3_0(lisaTrain+DaySeq2)
— YOLO_V1_1(lisaTrain+Random)

YOLO_V3_1(lisaTrain+DaySeq2+Random)

Fig. E2: Recall plot for iterations made during training of the models with input image size
(416,416).

Recall overview plot of all YOLO TL Detectors using input image size (672,672)

Max: 96.38% @ 80000 Iterations
Max: 91.2% @ 34000 Iterations

Max: 68.06% @ 34000 Iterations

Max: 69.38% @ 75000 Iterations
Max: 66.03% @ 75000 Iteratiol

Recall [%]

ax: 42.3% @ 25000 Iterations

o 10000 20000 30000 40000 50000 60000 70000
# Iterations
— YOLO_V1_o(lisaTrain) — YOLO_V2_0(lisaTrain+Lara)

— YOLO_V3_0O(lisaTrain+DaySeqz2)
— YOLO_V1_l1(lisaTrain+Random)

— YOLO_V2_l1(lisaTrain+Lara+Random) YOLO_V3_1(lisaTrain+DaySeq2+Random)

Fig. E3: Recall plot for iterations made during training of the models with input image size
(672,672).
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0.0 0.2

0.4 0.6 0.8 1o
Recall

— YOLO_V1_0 (AUC=51.15%)
— YOLO_V1_1 (AUC=25.57%)

— YOLO_V2_0 (AUC=45.35%) — YOLO_V3_0 (AUC=86.55%)
—— YOLO_V2_1 (AUC=49.54%) YOLO_V3_1 (AUC=88.50%)

Fig. F.4: Precision-recall curves of the best recall iterations from (416,416) detectors in Figure

F2.
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Precision
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o

o
=
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Precision-Recall curves of YOLO TL Detectors (672,672)

—_—

0.0 0.2 0.4 0.6 0.8 1.0
Recall
— YOLO_V1_0 (AUC=58.30%) — YOLO_V2_0 (AUC=59.87%) — YOLO_V3_0 (AUC=89.94%)
— YOLO_V1_1 (AUC=13.47%) —— YOLO_V2_1 (AUC=60.05%) YOLO_V3_1 (AUC=90.49%)

Fig. E5: Precision-recall curves of the best recall iterations from (672,672) detectors in Figure

E3.

(a)

(b)

Fig. F.6: Results from YOLO V3 1 applied on LISA-daySeq1.

200



5. Conclusion

completely ideal, at least not for the data configuration of YOLO_V1 and V2.
Finally, the best performing model is YOLO_V3_1, which was expected as it
is the one with the most training data from the LISA TL dataset, thus looking
most identical with LISA-daySeql.

For each of the detectors seen in Figure F2 and E3, the iteration with the
highest recall is used for precision-recall curves and calculating the corre-
sponding AUC. The lowest AUC is in both figures the YOLO_V1_1, which is
not surprising as it was also generally performing bad in Figure F.2 and E.3.
In Figure F4, the YOLO_V1_0 is reaching an AUC of 51.51 % and is the best
performing of the one not including LISA-daySeq2 in the training data. In
Figure F.5, YOLO_V1_0 is still performing good, but both YOLO_V2_0 and
YOLO_V2_1 surpass it after the image input size is increased. Generally in-
creasing the input image size provided an average AUC increase of 4.29 %,
and if we exclude the YOLO_V1_1 we each an average AUC increase of 7.51
%. The average AUC increase caused by enabling the random parameter for
YOLO_V2 and YOLO_V3 is 1.72 %, which could indicate that adjusting the
input image size provide a larger impact.

The 2 detectors based on both LISA-dayTrain and LISA-daySeq2, YOLO_V3_0
and YOLO_V3_1, reaches the by far highest AUC with both image input
sizes. The highest overall AUC is 90.49 % by YOLO_V3_1. In [29], the highest
AUC for daySeq] is 40.17 %, which means that the YOLO_V3_1 have signifi-
cantly improved the entry on the LISA Traffic Light dataset with impressively
50.32 %. This result do however not form basis for a fair comparison between
YOLO and the ACF detector used in [29] as the ACF detector have purely
been trained on the lisaTrain data. So to compare the performance of the
two methods given the same data, we must compare it to YOLO_V1_0 which
reaches an AUC of 58.3 % with an image input size of (672,672), resulting in
an AUC increase of 18.13 %.

In Figure F.6, detection results from the YOLO_V3_1 detector are shown.
Compared to previous work from the ACF detector used in [29], the YOLO_V3_1
handles the varying lighting conditions well as seen from F.6a. Generally, the
models with the multi-scale training parameter random enabled are not sur-
prisingly also able to detect the TLs at a much longer distance, which is
illustrated in F.6b.

5 CONCLUSION

We have taken one of the state-of-the-art object detectors and applied in on
a challenging traffic light dataset with different model and data configura-
tions. The highest overall AUC on daySequencel from the LISA Traffic Light
dataset is 90.49 % and is unsurprisingly based on all the training data and
daySequence? from the same dataset. This improves the entry from [29] on
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the LISA Traffic Light dataset with impressively 50.32 %. However, if we use
the exact same training data as used with the ACF detector in [29], we reach
an AUC of 58.3 %, which is an AUC improvement of 18.13 %. The random
parameter that enables multi-scale training did in most cases improve the
AUC slightly, whereas increasing the input image size of the detector turned
out to have a larger impact than the random parameter.

Further experiments includes using SSD for traffic light detection, creating
an ensemble with R-FCN, and do similar evaluation on the nighttime data
from the LISA Traffic Light dataset.
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1. Introduction

ABSTRACT

Traffic light recognition (TLR) is an integral part of any intelligent vehicle, it must
function both at day and at night. However, the majority of TLR research is focused
on day-time scenarios. In this paper we will focus on detection of traffic lights at
night and evaluate the performance of three detectors based on heuristic models and
one learning-based detector. Evaluation is done on night-time data from the public
LISA Traffic Light Dataset. The learning-based detector outperforms the model-based
detectors in both precision and recall. The learning-based detector achieves an average
AUC of 51.4 % for the two night test sequences. The heuristic model-based detectors
achieves AUCs ranging from 13.5 % to 15.0 %.

1 INTRODUCTION

Traffic lights are used to safely regulate the traffic flow in the current infras-
tructure, they are therefore a vital part of any intelligent vehicle, whether it is
fully autonomous or employ Advanced Driver Assistance Systems (ADAS).
In either application, TLR must be able to perform during both both day
and night. TLR for night-time scenarios is especially important as more than
40 % of accidents at intersections occur during the late-night/early-morning
hours, in fact a crash is 3 times more probable during the night than during
the day [1]. For more introduction to TLR in general we refer to [2] where
an overview is given of the current state of TLR. In the same paper, the lack
of a large public dataset is addressed with the introduction of the LISA Traf-
fic Light Dataset, which contains challenging conditions and both day- and
night-time data.

Before the state of traffic lights (TLs) can be determined they must first
be detected. Traffic light detection (TLD) has proven to be very challenging
under sub-optimal and changing conditions. The purpose of this paper is
therefore to evaluate the night-time TLD performance of three heuristic TL
detectors and compare this to a state-of-the-art learning based detector rely-
ing on Aggregated Channel Features (ACF). The same learning-based detec-
tion framework has previously been applied for day-time TLD in [3]. This
makes it possible to compare the detector’s performance at night and day.
Evaluation is done on night-time sequences from the extensive and difficult
LISA Traffic Light Database. The contributions are thus threefold:

1. First successful application of a state-of-the-art learning-based detector
for TLD at night.

2. Comparison of three model-based TLD approaches and a learning-
based detector using ACFE.
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3. Clarification of the challenges for night-time TLD.

The paper is organized as follows: Challenges specific to night-time TLD
are clarified in section 2. Relevant research is summarized in section 3. In
section 4 we present the detectors, followed by the evaluation in section 5.
Finally, section 6 rounds of with our concluding remarks.

2 TRAFFIC LIGHTS AND THEIR VARIATIONS

In this section we present some challenges particular to night-time TLD.

(@) (b) () (d)

Fig. G.1: Challenges samples from the LISA Traffic Light dataset.

1. Lights may seem larger than the actual source [4], see Figure G.1a.
2. Colors saturate to white [4], see Figure G.1a.

3. Lack of legal standards for tail-lights in the USA, tail-lights may there-
fore resemble TLs [5], see Figure G.1d.

4. TL may be reflected in reflective surfaces, e.g. storefronts, see Figure
G.1b.

5. Street lamps and other light sources may look similar to TLs, see Figure
G.lc.

Type 1 and 2 can be reduced by increasing the shutter speed at the risk
of getting underexposed frames. One solution to this problem is seen in
[6], where frames are captured by alternating between slow and fast shutter
speed. Generally, it is hard to cope with the remaining issues from a detection
point of view. One solution to removing type 3, 4 and 5 false positives could
be the introduction of prior maps with information of where TLs are located
in relation to the ego-vehicles location, as e.g. seen in [5].

3 RELATED WORK

Most research on TLD and TLR has been focused on day-time, only a handful
of publications evaluate their systems on night-time data. One is [4] where
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a fuzzy clustering approach is used for detection. Gaussian distributions
are calculated based on the red, amber, green, and black clusters in a large
number of combinations of the RGB and RGB-N image channels. In [7] the
work from [4] is expanded, by the introduction of an adaptive shutter and
gain system, advanced tracking, distance estimation, and evaluate on a large
and varied dataset with both day-time and night-time frames. Because of
the differences in light conditions between night and day, they use one fuzzy
clustering process for day conditions and another for night conditions. [8]
finds TL candidates by applying the color transform proposed in [9]. The
color transform determines the dominant color of each pixel based on the
RGB values. Dominant color images are only generated for red and green,
since no transform is presented for yellow. After thresholding of the domi-
nant color images, BLOBs are filtered based on the width to height ratio and
the ratio between the area of the BLOB and the area of the bounding box.
The remaining TL candidates are then classified using SVM on a wide range
of BLOB features.

When looking at TL detectors which have been applied to day-time data,
two recent papers have employed learning-based detectors. [10] is combining
occurrence priors from a probabilistic prior map and detection scores based
on SVM classification of Histogram of Oriented Gradients (HoG) features to
detect TLs. [3] uses the ACF framework provided by [11]. Here features are
extracted as summed blocks of pixels in 10 channels created from transforma-
tions of the original RGB frames. The extracted features are classified using
depth-2 learning trees. Spotlight detection using the white top hat operation
on intensity images is seen in [12-14] and [15]. In [16], the V channel from the
HSV color space is used with the same effect. A high proportion of publica-
tions use simple thresholding of color channels in some form. [6] is a recent
example where traffic light candidates are found by setting fixed thresholds
for red and green TL lamps in the HSV color space.

For a more extensive overview of the TLR domain, we refer to [2].

4 METHODS

In this section we present the used methods. In the first subsection the
learning-based detector is described. The second describes each of the three
model-based detectors and how the confidence scores are calculated for the
TL candidates found by these model-based detectors.

4.1 Learning-based detection

In this subsection we describe how the successful ACF detector has been ap-
plied to the night-time TL detection problem. The learning-based detector
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is provided as part of the Matlab toolbox from [11]. It is similar to the de-
tectors seen in [17] for traffic signs and [3] for day-time TLs, except for few
differences in the configuration and training which are described below.

Features

The learning-based detector is based on features from 10 channels as de-
scribed in [18]. A channel is a representation of the input image, which is
obtained by various transformations. The 10 different channels include 6
gradient histogram channels, 1 for unoriented gradient magnitude, and 3 for
each channels in the CIE-LUV color space. In each channel, the sums of small
blocks are used as features. These features are evaluated using a modified
AdaBoost classifier with depth-4 decision trees as weak learners.

Training

Training is done using 7,456 positive TL samples with a resolution of 25x25
and 163,523 negative samples from 5,772 selected frames without TLs. Fig-
ure G.2 shows four examples of the positive samples used for training the
detector. Similarly, Figure G.3 shows two examples of frames used for nega-
tive samples. Finally, Figure G.4 shows four hard negative samples extracted
using false positives from the training dataset.

(@ (b) (0 (d)

Fig. G.2: Positive samples for training the learning-based detector.

AdaBoost is used to train 3 cascade stages, 1st stage consists of 10 weak
learners, 2nd stages of 100, and 3rd stage is set to 4,000 but converges at 480.
In order to detect TLs at a greater interval of scales, the octave up parameter
is set to 1 instead of the default 0. The octave up parameters defines the
number of octaves to compute above the original scale.

Detection

A 18x18 sliding window is used across each of the 10 aggregated channels in
the frames from the test sequences.
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(@ (b)

Fig. G.3: Negative samples for training the learning-based detector.

(@ (b) (c) (d)

Fig. G.4: Hard negative samples for training the learning-based detector.

4.2 Heuristic model-based detection

We want to compare the learning-based detector to more conventional de-
tector types which are based on heuristic models. For each of the three
model-based detectors, a short description is given along with output show-
ing central parts of the detectors. The sample shown in Figure G.1a is used
as input.

Detection by Thresholding

The detector which uses thresholding is mainly based on the work presented
in [6]. Thresholds are found for each TL color in the HSV color space by
looking at values of individual pixels from TL bulbs sampled from the train-
ing clips in the LISA Traffic Light dataset. Figure G.5 (a) shows the input
sample and Figure G.5 (b) shows output after thresholding input. Pixels that
fall inside the thresholds for one of the three colors are labeled green, yellow
or red in Figure G.5. For the input sample only pixels which fell within the
yellow and red thresholds were present.
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(a) (b)

Fig. G.5: Thresholded TL.

Detection by Back Projection

Back projection begins with the generation of color distribution histograms.
The histograms are two-dimensional and are created for each of the TL colors
using 20 training samples for each of the TL colors, green, yellow, and red.
From the training samples the U and V channels of the LUV color space are
used. The histograms are normalized and used to generate a back projection
which is thresholded to remove low probability pixels from the TL candidate
image. The implementation is similar to our previous work in [3]. Figure
G.6a shows the back projected TL candidate image. Figure G.6b shows the
processed back projected TL candidate image after removal of low probability
pixels and some typical morphology operations.

(a) (b)

Fig. G.6: Back projected TL.

Detection by Spotlight Detection

Spotlights are found in the intensity channel L from the LUV colorspace using
the white top-hat morphology operation. The implementation is similar to
our previous work in [3]. This method has been used in a many recent TLR
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papers [12-16]. Figure G.7a shows the output of the white top-hat operation.
Figure G.7b shows the binarized TL candidate image after thresholding and
some typical morphology operations.

(@ (b)

Fig. G.7: Spotlights found using the white top-hat operation.

Confidence scores for TL candidates

Confidence scores are calculated for all TL candidates found by the three
model-based detectors. The TL BLOB characteristics used in this work have
seen use in earlier work, such as [9] and [8]. Scores from individual charac-
teristics are generated ranging from [0 - 1], with 1 being the best. These are
summed for each TL candidate, resulting in a combined score ranging from
[0-5].

Bounding box ratio: The bulbs of TLs are circular, therefore under ideal
conditions the bounding box will be quadratic. The bounding box ratio is
calculated as the ratio between width and height of the bounding box.

Solidity ratio: Since TL bulbs are captured as circular and solid under ideal
conditions, a BLOBs solidity is a characteristic feature for a TL. The solidity
is calculated as the ratio between the convex area of detected BLOBs and the
area of a perfect circle, with a radius approximated from the dimensions of
the BLOB.

Mean BLOB intensity: Each of the three detectors produce an intensity
channel which can be interpreted as a confidence map of TL pixels. The best
example is from detection by back projection, where the result of the back
projection is an intensity channel with normalized probabilities of each pixel
being a TL pixel. The intensity channel employed from the spotlight detector
is less informative, since it describes the strength of the spotlight. From the
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threshold based detector, we simply use the intensity channel from the LUV
color space.

Flood-filled area ratio: The bulbs of TLs are surrounded by darker regions,
by applying flood filling from a seed inside the found BLOBs, it can be con-
firmed that this contrast exists. We use the ratio between the area of the
bounding box and the area of the bounding box from the flood filled area as
a measure for this.

Color confidence: Using basic heuristics based thresholding we find the
most prominent color inside the TL candidates” bounding boxes. The con-
fidence is calculated based on the number of pixels belonging to that color
and the total number of pixels within the bounding box. Pixels with very low
saturation are not included in the confidence calculation.

5 EVALUATION

Most TL detectors have been evaluated on datasets which are unavailable to
the public. This makes it difficult to determine the quality of the published
results and compare competing approaches. We strongly advocate that eval-
uation is done on public datasets such as the LISA Traffic Light Dataset!.

5.1 LISA Dataset

The four detectors presented in this paper are evaluated on the two night
test sequences from the LISA Traffic Light Dataset. This provides a total
of 11,527 frames, and a total ground truth of 42,718 annotated TL bulbs.
Additional information of the video sequences can be found in Table G.1.
The resolution of the LISA Traffic Light Database is 1280x960, however only
the upper 1280x580 pixels are used in this paper.

Table G.1: Overview of night test sequences from the LISA Traffic Light Dataset.

Sequence name Description # Frames # Annotations #TLs Length

Night seq. 1 night, urban 4,993 18,984 25 5min 12s

Night seq. 2 night, urban 6,534 23,734 62 6min 48s
11,527 42,718 87 12 min

Freely available at http://cvrr.ucsd.edu/LISA/datasets.html for educational, re-
search, and non-profit purposes.
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5. Evaluation

5.2 Evaluation Criteria

In order to insure that the evaluation of TL detectors provide a comprehen-
sive insight into the detectors performance, it is important to use descriptive
and comparable evaluation criteria. The presented detectors are evaluated
based upon the following four criteria:

PASCAL overlap criterion defines a true positive (TP) to be a detection
with more than 50 % overlap over ground truth (GT).

Precision is defined in equation (G.1).

.. TP
Precision = TP+ FD (G.1)
Recall is defined in equation (G.2).
TP
Recall = TP EN (G.2)

Area-under-curve (AUC) for a precision-recall (PR) curve is used as a mea-
sure for the overall system performance. A high AUC indicates good perfor-
mance, an AUC of 100% indicates perfect performance for the testset.

5.3 Results

We present the final results according to the original PASCAL overlap criteria
of 50 % in Figure G.8 and G.9.

Precision-Recall curve for nightSequence1
T T T T T

: :
—ACF(AUC: 0.54)
—Backprojection(AUC: 0.10)
Spotlight(AUC: 0.15)
—Thresholding(AUC: 0.10)

1 T T

Precision

L 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Recall

Fig. G.8: Precision-Recall curve of night sequence 1 using 50 % overlap criteria.

By examining Figure G.8 and G.9, it is clear that the learning-based de-
tector outperforms the other detectors in both precision and recall on both
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Precision-Recall curve for nightSequence2

‘ : ‘ —ACF(AUC: 0.49)
—Backprojection(AUC: 0.19)
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Fig. G.9: Precision-Recall curve of night sequence 2 using 50 % overlap criteria.

night sequences. The odd slopes of the PR curves for the back projection de-
tectors are a result of problems with getting filled and representative BLOBs.
The learning-based detector is able to differentiate well between TLs and
other light sources, leading to a great precision and smooth precision-recall
curve. The main problems with the learning-based detector’s PR curves are
the false negatives caused by detections not meeting the PASCAL criteria but
still reaching a very high score, and problems with detecting TLs from far
away. These detections causes some instability in the precision especially
around 0.05 recall in Figure G.8.

6 CONCLUDING REMARKS

We have compared three detectors based on heuristic models to a learning-
based detector based on aggregated channel features. The learning-based
detector reached the best AUC because of the significantly higher precision
and good recall. Recall is generally seen as the most important performance
metric for detectors since precision can be improved in later stages, whereas
false negatives are lost for good. The learning-based detector achieves an
average AUC of 51.4 % for the two night test sequences. The heuristic model-
based detectors achieved average AUCs ranging from 13.5 % to 15.0 %, with
detection by back projection and spotlight detection achieving the highest
AUCs.

Interesting future TLD work could involve applying and comparing the
performance of deep learning methods on the LISA TL Dataset with the re-
sults presented in this paper.
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1. Introduction

ABSTRACT

Neural networks designed for real-time object detection have recently im-
proved significantly, but in practice, looking at only a single RGB image at
the time may not be ideal. For example, when detecting objects in videos,
a foreground detection algorithm can be used to obtain compact temporal
data, which can be fed into a neural network alongside RGB images. We
propose an approach for doing this, based on an existing object detector, that
re-uses pretrained weights for the processing of RGB images. The neural net-
work was tested on the VIRAT dataset with annotations for object detection,
a problem this approach is well suited for. The accuracy was found to im-
prove significantly (up to 66%), with a roughly 40% increase in computational
time.

1 INTRODUCTION

Neural networks designed for real-time object detection using a single image
as their input have recently improved significantly. Detectors like SSD [1],
SqueezeDet [2] and YOLOvV2 [3] outperform previous real-time detectors
while approaching the accuracy of slower methods like those based on Faster
R-CNN [4]. It might thus be tempting to use real-time detectors directly, but
in practical problems there is often more information available than these
networks take advantage of. For example, when detecting objects in videos,
looking at only a single frame at the time is bound to make detection more
difficult; humans have access to all we have seen before a given moment
to help us detect various objects, and this information could be particu-
larly helpful for occluded or small objects, hard to distinguish in a single
frame. Commonly used datasets for object detection like COCO [5] and
PASCAL VOC [6] only contain stand-alone images which algorithms are
supposed to find objects in. This has led to strong development of algo-
rithms and networks designed for this particular task. The use of temporal
information in neural networks for object detection is not as well explored.
Taking advantage of temporal information in object detectors is not trivial.
End-to-end learning is currently often the preferred way of solving computer
vision and deep learning problems, but in the case of videos, that approach
is not ideal. Feeding multiple frames directly into a Convolutional Neural
Network (CNN) is problematic, as the amount of data to be processed by
the network grows large if more than a few frames are to be considered.
Recurrent Neural Networks (RNN’s) can learn to process videos, but this
only solves part of the problem; in order to properly train the RNN, it should
be unrolled to allow backpropagation “through time” which also uses a large
amount of memory during training if a large number of frames are to be
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Fig. H.1: The BILSSD network takes an RGB image and a corresponding foreground probabil-
ity map as input to produce object detections.

considered. If there was a compact way to represent temporal information
gathered from a large number of frames, a faster and simpler approach would
be to feed that data alongside standard RGB pixels into a single-frame object
detector.

In the case where videos are filmed by a static camera, a foreground
detector like the one by Ardé and Svarm [7] can be used to compute a
per-pixel foreground probability map. Going from RGB to Red-Green-Blue-
Foreground (RGBF) adds only a single input layer, increasing the amount of
data to feed into the network only by 1/3 while providing useful temporal
information. Compared to using an RNN, some generality is lost, as any tem-
poral information other than what is considered foreground and background
cannot be learned, and the videos have to be filmed by a static camera. What
is gained is the simplicity and speed of being able to re-use existing and opti-
mised single-frame object detectors as a starting point. Compared to using a
single-frame object detector directly, temporal information is gained without
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sacrificing real-time performance.

Using foreground detection or background subtraction for object detec-
tion is a well-established concept, and used to be a popular approach for
object detection. With the recent improvements to object detection CNN’s,
methods relying on foreground detection are no longer considered state of
the art. However, this does not necessarily imply that these kinds of data
cannot improve the performance of object detectors.

In other problems, other kinds of data might be available that can be ex-
pressed as an additional input layer. For example depth information, which
has become more commonly available thanks to products like the Kinect,
and thermal cameras that are sometimes used as a complement to RGB. The
network design for including additional input layers does not need to make
strict assumptions on the type of data it will process, as long as it somewhat
resembles an image and is spatially correlated to the RGB layers.

For a network using RGB and additional modalities to be practically vi-
able, unless a very large and varied annotated multimodal dataset is available
for pretraining, it is necessary to be able to reuse RGB pretraining on the part
of the network that is to process RGB data. It is also beneficial if the network
can easily be constructed from any RGB-only object detector, such that if a
better single-frame object detector is designed in the future, a corresponding
improved mutlimodal version is easy to construct.

For practical object detection problems, before using a standard single-
frame RGB object detector, one should ask if any additional data is available
that could significantly help the detector perform its task, like temporal in-
formation. If so, a network design is needed that allows the use of this addi-
tional information, preferably without sacrificing the recent improvements of
fast single-frame RGB object detectors. This paper proposes such a network.

The main contributions of this paper are:

e Bonus Input Layer Single-Shot multibox Detector (BILSSD), a novel
neural network design based on SSD which can utilise both RGB and
and additional data, like a foreground probability map, for object de-
tection (Section 3)

e A set of annotations designed for object detection for some frames in
the VIRAT [8] video dataset (Section 6.1)

2 RELATED WORK

Multimodal object detection has been attempted before. For example, Vi-
ola [9] and Jones and Snow [10] propose object detectors for videos using
both spatial and temporal information that are not based on deep learning,
distancing themselves from today’s state-of-the-art approaches. Similarly,
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Gould [11] used RGB along with depth images for detecting household ob-
jects. Like BILSSD, features were calculated from both modalities separately,
allowing some pretraining to be done on larger RGB-only datasets, but it was
also not based on deep learning. Further from BILSSD’s approach, Javed [12]
and Bang [13] propose methods not based on deep learning using only tem-
poral data (recurrent motion images and adaptive background subtraction
images, respectively) for object detection.

One way of using temporal information for object detection is via recur-
rent neural networks. Ning [14] suggests a method for adding recurrent lay-
ers to an existing single-frame object detector to do simultaneous object de-
tection and tracking. The high level features and detections from the single-
frame object detector are fed into LSTMs that are trained to make spatially
and temporally consistent detections. Because the recurrent layers operate on
high level features, there is no ability to learn low-level motion features like
separating the foreground from background. Such low-level features will not
be brought up to high-level layers, as the single-frame object detector is first
trained on its own, before the training of the recurrent layers.

Using temporal information for generating object proposals has been done
in a few ways. Tripathi [15], Sharir [16] and Oneata [17] propose different
methods for creating object proposals in videos, not only spatially but also
temporally. Those object proposals can then be evaluated by a CNN to do
full object detection in videos. These approaches differ significantly from
BILSSD, as it does not rely on separate object proposals, which by necessity
is computationally redundant as the tasks of finding and classifying objects
are intimately connected.

Many neural networks use temporal information in videos for various
other computer vision tasks. Yeung [18] propose a method for finding the
times for certain actions in short videos by feeding multiple frames into an
RNN. Karpathy [19] explore multiple ways of utilising temporal informa-
tion for classifying entire videos, by comparing early, late and “slow” fusing
strategies. The “slow” strategy fuses features in multiple steps, including
some fusion in the middle of the network, somewhat similarly to BILSSD.
Donahue [20] propose an RNN for image retrieval and caption generation
in videos. Closer to BILSSD’s approach, Simonyan [21] propose a neural
network that process both RGB frames and optical flow differences between
frames separately and classify videos by a late fusion of features from both
modalities.

There have been deep neural networks that tackle the problem of fore-
ground segmentation in videos, like Caelles [22]. It differs from traditional
foreground segmentation algorithms in that it only segments a single fore-
ground object, which has to be annotated manually in one frame. Another
recent attempt at foreground segmentation is a neural network proposed by
Jain [23], which does not utilise temporal information.
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Gupta [24] train neural networks with depth data alone and in addition
to RGB. They also take advantage of existing RGB networks by splitting the
depth channel into three channels in an attempt to mimic the structure of
RGB, and then retraining an existing RGB R-CNN detector on this new input
data. This allows the re-use of an existing network design and pretrained
weights, but they were not able to improve the results by fusing the modali-
ties inside the network; instead they propose running two separate detectors
and fusing their output.

In conclusion, many research approaches have tried to use temporal or
otherwise multimodal input data for various vision tasks, including object
detection, but none of them have made an object detector based on modern
real-time neural networks, that combine RGB and temporal data in a “deep
fusion” way, while being able to largely re-use the network design, and pre-
training for the RGB processing layers.

3 BILSSD

This section describes a deep neural network design called Bonus Input Layer
Single-Shot multibox Detector (BILSSD) based on Single-Shot multibox De-
tector [1]. The main difference is that BILSSD takes four input layers instead
of three (RGBF instead of RGB, in our experiments). In order to be able
to re-use initial layers pretrained for RGB images, the fourth input layer is
processed separately by similar convolutional and pooling layers. The only
difference in these layers is that the number of output features per layer is
reduced by half, a design choice made on the assumption that the additional
data can be represented by fewer features compared to RGB images. All fea-
tures are then merged by three convolutional layers before being fed into the
detection part of the SSD network. See Figure H.1 for a basic overview, and
the top part of Figure H.2 for a more detailed description of the network. The
design can be described as a “deep fusion”, which differs from both “early
fusion” and “late fusion” as the network processes the data both before and
after the fusing of modalities.

Since the primary purpose of this network is to show the usefulness of
providing additional input data, no other redesigns of the network, compared
to standard SSD, are made.

BILSSD’s concept of “deep fusion” is not inherently tied to SSD’s design.
Any similar deep neural network designed for object detection, for example
YOLOV2 [3] and SqueezeDet [2], should be possible to modify in a similar
way. The detection part of the SSD network is in BILSSD’s implementation
completely unchanged, and the processing of additional data is very similar
to the processing of RGB, so making similar changes to any similar detector
should be straightforward.
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BILSSD512

Detection layers

—

Fig. H.2: In this schematic, data flows from left to right. For each layer in the network, drawn
as a box, the output dimensions are drawn on the left. Above horizontal black line is the net-
work design of BILSSD512. RGB images are processed by the RGB processing layers (orange),
and F are in parallel processed by the F processing layers (purple). Features from both are
merged and processed by the merge layers (magenta). These are followed by the detection lay-
ers (black), which are identical to those in standard SSD. The boxes used as input into the SSD
detectors (not shown in this visualisation) are filled brown. If one were to remove the F pro-
cessing and merge parts, the result would be the standard SSD network. Note that the input
and output of the merging layers are identical, meaning that no change to the detection layers
was necessary. Below the horizontal black line is the “simple” network, which shares its initial
layers with the F processing layers of BILSSD. The simple detection layers (green) do simplified
object localisation and bring the resolution down to 4 x 4, which is the output of the simple
network.

BILSSD’s design is not inherently bound to some specific type of addi-
tional data; as long as the data can be expressed as a single layered image
that is spatially consistent with the RGB data, it can be used with BILSSD,
although minor changes like the number of output features from the layers
processing the additional data may improve results, depending on the type
of data.
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4 PRETRAINING FOREGROUND FEATURE
EXTRACTION

While the first few layers that process RGB images based on VGG-16 can
utilise existing pretrained weights to initialise the training process, no corre-
sponding weights exist for the layers that process the foreground probability
maps. It was initially tested to train the BILSSD network with pretraining for
the RGB layers, and randomly initialised weights for the others layers. The
network was then found to prefer only using RGB features. To work around
this, a simple neural network was designed, which shares the initial layers
with BILSSD's initial layers that extract features from foreground probability
maps. The task of this simple network is to, given a foreground probabil-
ity map, produce a 4 x 4 grid of values between 0 and 1, where high values
indicate high confidence that an annotated object (of any class) exist in the
corresponding 16th of the image, and low values indicate the opposite. An
example of what output from the simple network can look like can be seen
in Figure H.3.

Fig. H.3: An example of output from the simple network. Blue regions (dark regions, if viewed
in monochrome) means high confidence for annotated objects appearing somewhere in the re-
gion, while red (brighter, if viewed in monochrome) means a low confidence. These colours
are drawn over the 300 x 300 foreground probability map that the simple network receives as
input. The image is rescaled to this size before being processed by the foreground detection
algorithm. In this example, the simple network is able to correctly detect two cars and a pedes-
trian, but also believes the moving tree to be an annotated object.

Converting existing ground truth to this format is straight-forward, by
marking the cell in the 4 x 4 grid containing the center coordinates of each
annotation’s bounding box as a 1, while all others are set to 0. The simple
network is designed to learn to find objects rather than to classify them. The
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idea behind this design is that the foreground probability maps may be better
suited for localisation rather than classification.

After training this simple network, the weights for the layers that over-
lap with the processing of the additional input data in BILSSD are used as
pretrained weights. This approach should help BILSSD utilise the additional
input data. For a detailed description of the simple network for process-
ing 512 x 512 images, see the bottom part of Figure H.2. When processing
300 x 300 images, the only difference to when processing 512 x 512 images is
the last pooling layer which pools a 3 x 3 region rather than 5 x 5, to bring
the resolution down to the same 4 x 4.

5 BGGRAD FOREGROUND DETECTION

The foreground detection algorithm used in this paper is BGGRAD, as de-
scribed in Ardo [7]. This algorithm generates a single-layer probability map
where dark pixels indicate a high probability of background, white pixels
indicate a high probability of foreground and grey areas are regions where
the algorithm is not certain. Because the algorithm is based on matching gra-
dients directions in different frames, areas with little or no gradients, like flat
surfaces (generally in the interior of objects) will appear grey. This means
that, in general, foreground objects appear grey with white outlines while
background objects appear grey with black outlines. A few examples can be
seen in Figure H.4. This allows the shapes of objects to remain visible, and
could help the network in separating the different objects when looking at
only the foreground probability maps.

The algorithm’s main limitation, like most foreground detection methods,
is that it relies on the camera being stationary. When the camera shakes,
background objects will appear as foreground. It is also somewhat sensitive
to heavy compression artifacts, as edges between blocks of pixels compressed
separately may appear as foreground.

6 EXPERIMENTS ON VIRAT

A Keras implementation! of BILSSD was trained on the VIRAT dataset using
annotations designed for object detection (see Section 6.1). The output from
the BGGRAD foreground detection algorithm [7] was used as the fourth in-
put layer. For this task, BILSSD was trained and evaluated using RGBF, only
RGB and only F. This allows some analysis of how much the different modal-
ities help in object detections. When only using one modality, this was im-

!The implementation is based on a port of SSD to Keras available here: https://github.
com/rykov8/ssd_keras
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6. Experiments on VIRAT

Fig. H.4: Two examples of the BGGRAD algorithm after running on videos from the VIRAT
dataset. At the bottom are the RGB inputs, and above them are the corresponding foreground
probability maps. On the right, is an example of what the output looks like when the algo-
rithm runs on a shaky video, where all edges appears as foreground.

plemented by feeding only zeroes as input to the other modality’s processing
layers. In the case where only RGB is used, BILSSD should behave nearly
identical to the standard SSD network in terms of accuracy, as the only dif-
ference is the additional “merging” layers that are assumed to affect the end
result at most marginally, as they should quickly learn to only include RGB
features.

In these experiments, both the 300 x 300 and 512 x 512 versions of SSD
were used as the base for BILSSD, and the two versions are labelled “BILSSD300”
and “BILSSD512”. Images were scaled down to 300 x 300 and 512 x 512
respectively before going through the background detection algorithm. To
generate the foreground probability maps, all frames in the videos were fed
into the foreground detection algorithm. The frames where annotations exist
were saved, and used in training.

6.1 VIRAT annotations for object detection

The VIRAT dataset [8] is designed for event recognition, and thus its offi-
cial annotations only mark certain pedestrians and vehicles that are part of
the annotated events. The dataset is however a large collection of surveil-
lance videos filmed with, for the most part, stable cameras, making it a good
benchmark for object detections that work in such a context. We have made
third-party annotations for the task of object detection, where most visible
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objects of the following two classes are annotated by bounding boxes:
e “vulnerable road users” (“VRU’s”, such as pedestrians, bicyclists)
e “vehicles” (four-wheeled vehicles like cars, buses, trucks)

A total of 1240 frames have been annotated, from 62 different videos in
the VIRAT dataset. Half of those videos make up the training set, while the
other half is used for evaluation. In total, there are 2733 VRU’s and 721 ve-
hicles annotated, with 1368 VRU’s and 339 vehicles in the training set, and
1365 VRU’s and 382 vehicles in the test set. The annotations are made to
resemble data used in traffic surveillance analysis, for example only vehi-
cles that are not parked are annotated. This, along with a large number
of small pedestrians that likely appear more clearly in foreground proba-
bility maps, makes utilising temporal information a promising approach for
this challenge. On the other hand, there are frames in the dataset where
camera shake cause the foreground detection algorithm to produce bad re-
sults. These annotations are available here: https://github.com/ahrnbom/
ViratAnnotationObjectDetection.

6.2 Training

First, the simple network was trained on foreground probability maps using
randomly initialised weights, for 30 epochs. This procedure was repeated
until a good initialisation allowed convergence. The network was tested with
these weights on some samples from the dataset and its output was inspected
visually to make sure the simple network had learnt to detect objects. This
was done for both 300 x 300 and 512 x 512 foreground probability maps.

For all three variants (RGBF, RGB and F) the BILSSD300 and BILSSD512
networks were trained for 100 epochs using an Adam optimiser [25] with a
base learning rate of 3 x 10~%. The batch size was 16 for BILSSD300 and 8 for
BILSSD512. The BGGRAD foreground detection algorithm was set to look at
the previous 100 frames for computing the foreground probabilities, and it
processes blocks of 8 x 8 pixels at the time.

For the RGB processing layers, pretrained weights from ImageNet [26]
were used, while the F processing layers used weights from the simple net-
work as described in Section 4. The merging and detection layers had random
weight initialisation.

During training, data augmentation was performed by horizontally flip-
ping the images with a probability 0.5, varying saturation, brightness, con-
trast and lighting over RGB images, while adding random noise with an
amplitude of 10% of the value range to the foreground probability maps.
Additionally, random cropping was performed with an aspect ratio between
3/4 and 4/3 and the area of the cropped section was between 75% and 100%
of the original images.
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6. Experiments on VIRAT

All variants (RGBE, RGB and F) were trained for 100 epochs each, which
took around 3 hours for SSD300 and 6 hours for SSD512.

6.3 Results

Accuracy

The mAP scores for BILSSD300 and BILSSD512 for the VIRAT dataset can
be seen in Table H.1, and corresponding precision-recall curves for the two
classes can be seen in Figure H.5. In short, using RGBF outperforms using
only RGB (which should behave similarly to standard SSD) or only F in terms
of accuracy. The accuracy improves for both the tested input resolutions, by
66% and 31% respectively.

RGBF RGB F
BILSSD300 | 0.272  0.208 0.154
BILSSD512 | 0.400 0.241 0.125

Table H.1: mAP scores for different input resolutions and modalities of BILSSD on the VIRAT
dataset. Bold number indicates best result.

Fig. H.5: Precision-recall curves for the VIRAT dataset. Using RGBF is better than using only
RGB or only F for both resolutions, and the improvement is significant in all cases except for
the VRU class in lower resolution, where the improvement is marginal. Higher resolution is
better than lower resolution for RGBF and RGB, but surprisingly not for only F, which per-
forms poorly overall.

Qualitative analysis

Some output from the different BILSSD networks trained on RGBF, RGB and
F were inspected manually. It was found that when trained with only F or
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only RGB, correct detections were given only marginally better confidence
values than a large number of incorrect detections. They all had problems
with giving false positives relatively high confidences, around 0.40 for RGBF
and around 0.44 for F and RGB, while true detections vary between 0.4 and
0.9 for RGBF but for F and RGB they only rarely get above 0.5. Using only
RGB, confidences above 0.5 were more common than when using only F,
explaining the low mAP scores of the latter. True positives of the VRU class
generally got lower confidences than of the vehicle class, likely due to the
smaller objects being harder to detect.

Comparing 300 x 300 and 512 x 512 versions of RGBE, the higher resolu-
tion was found to help detecting small objects. They both had problems with
outputting more than one box near real objects, not quite close enough to be
caught by the non-maximum suppression, and this issue is more noticeable
in the lower resolution. Failing to localise objects did occur, as well as some
false positives, but incorrect classifications were uncommon.

Execution speed

For the computer used in these experiments, which is equipped with a NVIDIA
Titan X GPU and an Intel Core i7-6800K CPU, the execution times for a batch
size of 1 can be seen in Table H.2. These times can be compared to the origi-
nal SSD’s reported execution speeds on the same GPU model and batch size,
which were 46 FPS and 19 FPS for SSD300 and SSD512 respectively. One
should note that the original SSD implementation was done in Caffe, while
BILSSD’s implementation was done in Keras with a Tensorflow backend and
the computers’ other differences may have some impact, so the numbers are
not perfectly comparable. However, using these numbers, BILSSD (including
the BGGRAD preprocessing) has roughly 40% more processing time com-
pared to SSD.

7 CONCLUSIONS

We have introduced the BILSSD network, which is based on SSD while adding
the ability to utilize multimodal spatially aligned input. We have tested it on
the VIRAT dataset, using foreground probability maps computed by the fast
BGGRAD foreground detection algorithm as the additional input, along with
RGB images.

On this dataset, accuracy increases when RGB and F are used together,
compared to using only RGB and using only F, for both the VRU and ve-
hicle classes. The improvements are expected, as it is difficult to tell the
difference between a parked and non-parked car without temporal data, and
small pedestrians appear more clearly in the foreground probability maps.
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BILSSD300 BILSSD512
Time BILSSD 0.029 s 0.055 s
Time BGGRAD | 0.0023 s 0.019 s
Time both 0.031s 0.074 s
FPS BILSSD 34 FPS 18 FPS
FPS BGGRAD | 430 FPS 52 FPS
FPS both 32 FPS 14 FPS

Table H.2: Execution times and frame rates for BILSSD and BGGRAD on 300 x 300 and 512 x
512 resolutions. These times were computed as an average over more than 100 frames.

For example, BILSSD300 using RGBF outperforms BILSSD512 using only
RGB (similar to SSD512) in terms of mAP while running much faster, so
for this problem, adding temporal data is a more efficient way to improve
performance than increasing the resolution. Accuracies for the VRU class
are generally low for BILSSD300, which makes sense as most instances of
this class are small, making them more difficult to detect in low resolution
images.

Using only F performs poorly overall. Because the features learned from
the F input improves RGBF significantly compared to RGB, it is obvious that
these features are helpful, but on their own they do not seem to provide
enough confidence for separating true from false positives. Another reason
why using only F performs so poorly could be the lack of training data;
while the RGB layers use the large and varied ImageNet as a starting point,
the F layers have only ever looked at the limited number of images in the
VIRAT annotations. Finding a better pretraining strategy for the F layers
could improve not only the accuracy when using only F, but also when using
RGBE

It should be noted that the relatively low number of annotated frames
used in these experiments means that one should be careful drawing too
general conclusions about how much using foreground probability maps in
addition to RGB improves accuracy on other datasets. What can be concluded
is that the BILSSD network is capable of utilising multiple modalities to in-
crease the accuracy of object detections, and this improvement is independent
of increasing the spatial resolution of the input data.
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8 FUTURE WORK

There are other ways in which BILSSD could be evaluated. Most notably, it
would be interesting to try the approach on more datasets. There is currently
no large scale dataset of videos filmed with stationary cameras in varied
environments in decent video quality. The DETRAC dataset [27] is a large
scale surveillance dataset, but the camera shake in most videos prevent the
BGGRAD algorithm to work properly. Developing a fast yet shake resistant
foreground detection algorithm and using it with BILSSD on the DETRAC
dataset could be an interesting direction for future evaluation.

The pretraining of the foreground processing layers could likely be im-
proved. As Gupta [24] showed, pretraining on RGB images from ImageNet
can be used as an initialisation for non-RGB images with improved results
compared to starting from scratch, if the data is formatted to partially mimic
the structure of RGB. Perhaps a foreground detection algorithm could be de-
veloped which produces three output layers, somewhat mimicking the struc-
ture of RGB, to take full advantage of such an approach. The probability map
already shares some properties with RGB, like the concept of edges around
objects, so such an approach is probably feasible.

It would be interesting to try the BILSSD network using other modali-
ties than foreground probabilities alongside RGB, like depth data or thermal
images, perhaps using more than one non-RGB modality at the time. Dif-
ferent pretraining strategies and minor network changes may be necessary,
depending on the data.

Implementing similar multimodal versions of other object detectors, like
Faster R-CNN, SqueezeDet and YOLOv2, would allow further analysis of
how well the concept of deep fusion generalises. When a new and better
single-frame object detector is made in the future, as long as this network
can be split into a feature extraction part and a detection part, implementing
a deep fusion of modalities in the style of BILSSD should be easy.
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1. Introduction

ROAD USER BEHAVIOUR ANALYSIS

Fig. I.1: The RUBA logo.

1 INTRODUCTION

The Road User Behaviour Analysis (RUBA) project is a watch-dog tool for
computer-based analysis of traffic videos. The program can be used on Win-
dows, MacOS, and Linux computers.

RUBA is developed by the Visual Analysis of People Lab at Aalborg Uni-
versity, Denmark, in collaboration with the Traffic Safety Research Group at
Aalborg University.

RUBA allows the user to draw fields (detectors) on the video image by
using a simple click-based drawing tool. The sensitivity of the detector, re-
garding movement in the image, is adjusted by different parameters in the
program.

How to contribute

Please feel free to use RUBA and see if it fits your use case and research
needs. If you encounter a bug by doing so, or if you have any suggestions on
the further improvement of RUBA, please report it in our issue tracker.

License

RUBA is licensed under the MIT License.

2 ANALYSIS IN RUBA

The procedure when conducting an analysis in RUBA is as follows:
1. Import video(s)
2. Create module(s) for the analysis

3. Calibrate parameters to ensure that the right movements/road users
are registered

4. Run the analysis
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2.1 Import of videos

RUBA handles videos of most file types and resolutions. The program offers
two different approaches for handling the synchronisation and time manage-
ment for every frame of a video file:

1. If the frame rate of the video is constant, the start time of the video
might be encoded into the file name of the video. The exact time of a
frame will be computed based on the start time, the frame rate of the
video, and the current frame number.

2. If the frame rate of the video is varying, you may put the exact date
and time of each frame in a separate log file. The log file should be
placed in the same directory as the corresponding video file and share
the same file name except for the extension. As default, RUBA looks
for corresponding files with the “log” extension.

For more information on the video synchronisation options, refer to Sec-
tion 4.2. Once you have selected a suitable way to ensure the synchronisation
of the video, you have two options to import video files into RUBA, illus-
trated in Figure 1.2 and listed below:

1. Use File -> Load Video Files or click the button at the menu bar (CTRL
+ O). This option will clear the current list of video files and import the
new files that you have selected.

2. Use the ‘Add videos to list (CTRL + INS)” button in the “Video files’
pane. This option will add the selected videos files to the bottom of the
current list of video files.

2.2 Creation of modules for the analysis

After the videos have been imported the first video is shown in the window
pane. A module for the analysis is created by pressing the button for the
desired module. This is illustrated in Figure 1.3.

different detectors is given in Section 5.

2.3 Drawing the mask

After the desired detector have been chosen a new window opens, shown in
Figure 1.5. This window contains the settings of the detector and lets the user
draw the detector. Via Configure detectors the detector is chosen, after
which drawing tools to create the detector and a number of detector settings
appears. The settings depend on the chosen detector type.
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2. Analysis in RUBA
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2. Analysis in RUBA

Table L.1: Functionality of the drawing tools in RUBA.

Button Description

e

Remove the last corner point.

3
“

Add a point between the current and the previous
corner.

Switch between corners. The current point is marked
with a circle.

Move the corner up/down/left/right.

To draw the outline of the detector, click on the pencil. The detector is
drawn by clicking in the image. Straight lines are created between the points.
The latest point can be deleted by right clicking.

Drawing tips

Use the drawing tools illustrated in Figure I.6a to modify your detector. The
functionality of the tools is explained in Table L.1.

Load and save

Mask image
Mask points
Draw mask

Background image E
Ldp =
(b) Load an existing detector mask or

create images and detector masks to
(a) Tools for drawing the mask reuse the masks

Fig. 1.6: Mask manipulation tools in RUBA.

the buttons to find the keyboard shortcut.

Move points: When drawing your detector, you can click on the points and
drag them to where you want them to be.

If you have an existing detector mask or want to save the mask area as
an image or RUBA file, you can use the functionalities in the Load and save
panel shown in Figure 1.6b.
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Fig. 1.7: Creation of detector using the drawing tool

e Mask image loads (left) or saves (right) an image of the detector where
the detector is white and the background is black.

e Mask points can be used to save a RUBA configuration file with infor-
mation on the size and position of the detector.

e Background image imports and exports a screen shot of the background.

Once the detector has been drawn (i.e. it only needs to be closed), double
click or press the green tick mark, marked in red on Figure 1.7. After this, the
parameters can be adjusted, and it can be chosen if logs should be created.
See Section 7.3 for detailed information on the log system of RUBA.

The detector is saved via the Save-button before the window is closed

via the OK-button. Configuration files that have previously been saved can
similarly be imported in this window.

2.4 Calibration of parameters

To ensure that the right objects are detected the parameters must be cali-
brated. This is done via a number of tools, marked in red in Figure 1.8, which
let the user gain insight into what is detected by the algorithms.
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Fig. 1.8: Tools for calibration of the detectors. From left: 1) edit the detector. Editing can also be
done by right clicking on the detector in the Active detectors; window. 2) delete the marked
detector. If the detector has not been saved, it is deleted completely and cannot be imported. 3)
histograms. 4) Overlay of the detector in the image. 5) information about activity in the detec-
tor. 6) extended information about the detector.

2.5 Histograms

The most important tool for the calibration is the histograms of the activity
in each detector.

Histograms are used to adjust the detectors. If the amount of activity is
sufficiently high so that the software recognizes it as a road user, the activity
is marked with a bright colour, illustrated in Figure 1.9. If the parameters
of the detector are not adjusted correctly, then the road user will either be
missed or only partly detected, as seen in Figure 1.9a. After the adjustments
of the parameters the road user will be clearly detected.

The histograms of the movement detector, the stationary detector, and the
traffic light detector are described in more details in Section 5.

When adjusting the detectors, change a few parameters at a time and
validate experimentally if the change has any effect. The most important
parameters of the detectors are listed below:

e Presence detector: Minimum occupation percentage

e Movement detector: Trigger threshold, movement range, and mini-
mum speed

e Stationary detector: Minimum occupation percentage, minimum speed,
and max vector count
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Fig. 1.9: Calibrating the trigger threshold of the presence detector.

o Traffic light detector: The position of the annotated traffic light posi-
tions

A detailed description of all detector parameters is given in Section 5.
Detailed information on how to set up the logger is given in Section 7.3.
There, you will also find information on the timing options of the different
detector modules.

2.6 Run the analysis

When the detectors have been calibrated the analysis can be performed. If
it has not yet been specified which log files should be created during the
analysis, this is done by double clicking the detector in active detectors. Run
the analysis by pressing the play button which is marked in red on Figure
L.10.

2.7 Inspecting the log files

If log every event or log sum of events have been marked when config-
uring the detector, a number of log files (.csv-files) will be generated. The
log files may be inspected by a text editor or a spreadsheet program such as
Microsoft Excel. More details on the log system are provided in Section 7.3.

2.8 Multi-threaded processing

It takes time to process long videos in RUBA, especially if the resolution of
the video frames is high. In order to help with this problem, RUBA has

250



2. Analysis in RUBA

Playback controls E)

n’u 27062013
07:00:00:050

WE®® 0

i 27-06-2013 07:0000
27-06-2013 0800:00

>

BENEEE

Actve detectors 8

Single Module [1]

N EEE®

Fig. 1.10: Running a traffic analysis. Double click on the first video to scroll back to the begin-
ning of the video, and then press the play button to run the analysis. The analysis is complete
when the time stops in the end of the last video. Please note, that the time and date must be
specified in the beginning of each video if the user defined time format is used.
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Fig. I.11: Opening the Multi-threaded processing dialogue.

an option to split the analysis such that it runs on multiple threads. Once
the videos are loaded and the detectors are initialised, press the Perform
multi-threaded processing button in the main menu, marked in red in
Figure I.11.

Once you have opened the multi-threaded processing dialogue, you may
select the desired number of threads to perform the analysis. The maximum
number of threads is dependent on the number of physical CPU-cores on
your machine. Furthermore, in order to create a number of threads, each
tread needs at least one unique video.

In the example in Figure 1.12, RUBA has detected that the machine has
eight CPU-cores, but RUBA only allows the creation of four threads because
only four video files are loaded. In order to increase the number of threads,
more video files should be provided and the multi-threaded processing dia-
logue should be reopened.

The optimal number of processing threads

The maximum number of threads is computed as the number of CPU-cores,
minus 1. If the computer has four CPU-cores, three will be selected for run-
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= Multi-threaded processing ? >
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Mumber of processing threads ||4 = | | Apply

Load more video files to increase the number of threads

Threads

Fig. I.12: The initial window in the Multi-threaded processing dialogue.

ning the analysis - and the last will be spared for showing the progress in
RUBA and for running other tasks.

As a general rule, the processing speed is proportional to the number of
processing threads. However, if your CPU features hyper-threading technol-
ogy, RUBA will typically see one physical CPU-core as two CPU-cores. On a
machine that has four physical CPU-cores with hyper-threading, RUBA will
report the maximum number of threads to 4 * 2 - 1 = 7, seven threads.
In this case, the addition of more threads than physical CPU-cores will have
little impact on performance.

Running the multi-threaded analysis

Once you have selected the desired number of processing threads, press the
Apply button. Behind the scenes, RUBA will save the detectors and reload
them for every thread. This might take some seconds depending on the num-
ber of threads and the size of the detectors. After this process has finished,
the window will be resized and the desired number of threads are shown.
A sample screen with four threads is shown in Figure 1.13. Press the Play
button in the upper left corner to start processing.

The Video Files window shows the progress of the analysis. As opposed
to normal analysis, it is not possible to jump to a specific video by double-
clicking.

The Detectors window allows you to inspect the progress by expanding
the arrows, similar to a normal analysis. However, the following features are
not supported when the multi-processing window is opened:

1. Reconfiguring detectors

2. Showing the detector masks

3. Showing the detector histograms

4. Overlaying debug information on the videos

Because the analysis now runs in parallel, you will find that RUBA creates
temporary log files, one for each thread. Once all the threads has finished
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3. User interface
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Fig. 1.13: The multi-threaded processing is started.

processing, RUBA will automatically combine the temporary log files into a
single log file.

3 USER INTERFACE

Figure 1.14 illustrates the main window of RUBA, after a video has been im-
ported. Until then, most buttons are inactive. In the following, the function of
each button is described. Keyboard short cuts are defined in square brackets.

1. Main menu. In the tabs, the same functions that are accessible via
buttons in the main window can be found, as well as a number of
program settings to use before conducting the analysis.

2. Import video(s) [Ctrl + O].
3. Take a screenshot of the video pane (20) [F9].

4. Record a video of the video pane. Clicking the red dot [F10] starts the
recording. It is possible to pause the recording by clicking the button
again. The recording can be resumed by clicking the red button again.
When clicking the square button [ctr] + F10] the recording is finished.
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All overlays (detectors, etc.) which are shown in the video pane (20)
will appear in the recording.

. Enable/disable that the video is shown in the video pane (20) [F3].
. Add/remove overlay which shows a timestamp (13) in the video [F4].

. Flexible analysis tool (detector) consisting of a single module (left) [Ctrl+1],

a double module (middle) [Ctrl+2] and an exclusive module (right)
[ctrl+2].

. Annotate Ground Truth. Opens the Ground Truth Annotator panel

which can be used to manually detect activity. These detections can be
used to calibrate detectors.

. Review Log Files. Opens the Log File Reviewer panel which can be

used to review events from a log file and create a new log file with
selected events.

Multi-Threaded Processing. Press this button to open the Multi-Threaded
Processing panel and analyse the videos in multiple thread simultane-
ously to speed up the analysis.

Start/pause analysis [space].
Jump to a specific frame in the video.

Date and time for the video.
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4. Settings

= Settings ? >

- © = B »

General Synchronisation  Processing  Recording  Debug

Fig. 1.15: The settings panel in RUBA. The Debug panel is only shown when running a develop-
ment version of RUBA.

14

15.

16.

17.

18.
19.

20.

. Navigate through the video. Use these four buttons to respectively
jump five frames previous [A], one frame previous [S], one frame for-
ward [D] and five frames forward [F].

Adjust video speed. When the slider is placed to the far left the video
is paused. When the slider is placed to the far right the video is sped
to the maximum.

Imported videos. The video that is currently played is marked with a
pause symbol.

Respectively add videos [Ctrl+insert], delete imported videos [Ctrl+del],
change the order of the videos [ctrl+arrow up] and [ctrl+arrow down]
and show the video properties. The button to the far right contains
properties for the video (start/end time, frame rate, file name and res-
olution).

Inserted/created detectors.

Support tools for creating and calibrating of detectors. From left: 1)
edit the detector [ctrl+R]. 2) delete the marked detector [Del]. 3) reset
the detector. 4) histograms [F5]. 5) Overlay of the detector in the image
[F6]. 6) information about activity in the detector [F7]. 7) extended
information about the detector [F8].

Video pane.

4 SETTINGS

Access the settings under File -> Settings and a settings panel similar to
Figure 1.15 will be shown.
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Initialisation

Restore previous configuration when the program starts
Indude:
Videos
|:| Detectors

Fig. 1.16: The general settings in RUBA.

4.1 General

The general settings pane is shown in Figure L.16.

o Restore previous configuration when the program starts: When you
open RUBA it will try to load the videos that you imported the last time
you were running RUBA. You can change this behaviour or choose to
also load the detectors from the last time you were running RUBA.

e An alternative is to use the Load configuration and Save current
configuration buttons in the File menu. A configuration file is, sim-
ilar to the detector files, an .yml-file, but contains references to the
videos and detectors that are currently loaded into RUBA. By using this
functionality, you can quickly switch between different combinations of
videos and detectors.

4.2 Video synchronisation

The video synchronization pane is shown in Figure 1.16.

e Start time of each video is encoded in the file name: If the frame
rate of the video is constant, the start time of the video might be en-
coded into the file name of the video. The exact time of a frame will be
computed based on the start time, the frame rate of the video, and the
current frame number.

— Frame rate: Used to define the frame rate. The value should match
the frame rate of which the video is recorded. It is recommended
to let RUBA auto-detect the frame rate (default).

— Date and time: Used to define the date and time of which the
video is recorded. This can be encoded in the file name, so that the
information can be imported automatically. The format is chosen
as either:
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4. Settings

* MM-dd-HH (month-day-hour). The year must be specified man-
ually when playing the video.

yyyy-MM-dd (year-month-day)

yyyyMMdd-HH (year-month-day-hour)

yyyy-MM-dd-HH (year-month-day-hour)

yyyyMMdd-HH-mm-ss (year month day-hour-minute-second)

ESE S R S

yyyyMMdd-HH-mm-ss.zzz

(year month day-hour-minute-second.millisecond)

* user defined in which the date and time is specified manu-
ally every time the video is played from the beginning.

Time stamps of each video frame are provided in a separate log file:
If the frame rate of the video is varying, you may put the exact date
and time of each frame in a separate log file. The log file should be
placed in the same directory as the corresponding video file and share
the same file name except for the extension.

— As default, RUBA looks for corresponding files with the “.log’ ex-
tension. You may change this if necessary.

— Each line of the log file should be contain the frame number and
the frame time in the following format: frameNbr yyyy MM dd
hh:mm:ss.zzz. An example is shown in Figure 1.2.

The video processing pane is shown in Figure 1.17b.

Playback speed: Used to decide the speed of which the video will be
analysed. The speed can be altered later on.

Skip frames: In order to speed up processing, RUBA may skip every
n’th frame. Beware, however, that this may affect the accuracy of the
detectors.

Resolution: Used to create a warning if the imported video is recorded
at a low resolution. The width and height of when the warning is
created can be set manually.

The behaviour of the built-in video recording may be altered from the

settings pane shown in Figure 1.17c. As default, RUBA records to a single file
when the Record video to file button is pressed. However, when log files
are played back with the Log File Reviewer, it might be beneficial to create a
separate recording for each event.

If the option Create a new recording for each jump of at least is

selected, a new recording will be created when the jump to frame function-
ality is used, either directly or indirectly from the Log File Reviewer. If this
option is unchecked, a single video file will be created that contains the same
‘jumps’ as the original playback from RUBA.
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Playback speed

@ Piay video as fast as possble

© Auto-detect frame rate
O Manually speafy framerate 1,00

@ Auto-detect frame rate
O Menualy speafy framerate 1,00 f

(a) The synchronisation (b) The processing set- (c) The recording settings
settings in RUBA. tings in RUBA. in RUBA.

Fig. 1.17: Settings panels in RUBA.

5 DETECTOR TYPES

The algorithm behind the software consists of four detector types (presence,
movement, stationary, and traffic light) with different attributes. Examples of
the application of the four detector types are shown in Table 1.3.

Combinations of the detectors are introduced on the description of the
detector modules in Section 6.

An overview of the adjustable parameters for each detector type is given
in Table 1.4. A detailed description of the parameters is given with the overall
description of each detector type.

5.1 Presence Detector

The presence detector checks if there is an object in a specific area of the video.
With this method objects (vehicles, road users) that are not a part of the
background (the road, the surroundings) are extracted. This is done by con-
verting the image to a gray scale image and finding presences (continuous
lines), where large variations in the contrast appear. In this way the algo-
rithm finds road markings, changes in the pavement, and road users. This
is done for all the frames of the video. For two consecutive frames, vectors
between the lines are created and summed up. In this way we get a measure
for the activity which is based partly on the size of the object, partly on the
speed of the object moving across the area. In order to take noise in the image
into consideration; i.e. from small changes in the contract, birds, movement
of leaves, or shadows, the sensitivity of the presence detector is controlled by
some parameters. The background is updated regularly to extract elements
that are consistent in the image for a long time, or elements that occur due to
changes in the light conditions and the creation of shadows.
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Table 1.2: A sample log file containing time stamps for every individual frame.

00000 2016 08 25 12:02:16.215
00001 2016 08 25 12:02:16.248
00002 2016 08 25 12:02:16.282
00003 2016 08 25 12:02:16.315
00004 2016 08 25 12:02:16.348
00005 2016 08 25 12:02:16.382
00006 2016 08 25 12:02:16.415
00007 2016 08 25 12:02:16.448
00008 2016 08 25 12:02:16.481
00009 2016 08 25 12:02:16.514
00010 2016 08 25 12:02:16.548
00011 2016 08 25 12:02:16.581

Table 1.3: Applications of the detector types in RUBA.

Detector Description

Presence Simple analysis and traffic counts. Traffic counts in sec-
tions. NB! The highest accuracy is obtained if the traffic
streams are separated.

Movement  Analysis and traffic counts in areas shared by road users
from different directions (e.g. in intersections). Road
users driving in the opposite direction of travel.

Stationary  Analysis of road users that do not move. Detection of
parked cars.

Traffic light Analysis of the phases of one or several traffic lights.
Combined with other detectors, analysis of red light run-
ning.
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Table 1.4: Adjustable parameters in the detector modules.

Presence Movement Stationary

Trigger threshold X
Minimum occupation percentage x X
Minimum speed X X
Movement direction X
Max vector count X
Max triggered duration X X X

Presence detector histogram

- S\ - o x

e« s 4+ J$E@BEPLLHY

Video synchronisation method
(® Start time of each video is encoded in the file name.

() Time stamps of each video frame are provided in a separate log file

Start time in file name:
Frame rate

(® Auto-detect frame rate

() Manually spedify frame rate 1,00 frames/sec 3
Date and time

Date and time format yyyy-MM-dd-HH-ss.222 -

Use end time of previous video as start tine of next video

Time stamps in log file

File type of the log file |.log
(x=11, y=10} ~ R:220 G:220 B:255

(a) Histogram of the presence detec- (b) Movement detector histogram.
tor. X-axis: time. Y-axis: registered X-axis: time. Y-axis: activity through
occupation percentage, in the range the detector (the higher red lines, the
from 0 to 100. more activity was registered

Fig. 1.18: Histograms of the movement and presence detectors.

The lower white, horizontal line of the presence detector histogram of Figure
1.18a shows if the size of the object that is present inside the detector is lower
or higher than the Minimum occupation percentage.

To be detected as a road user, the blue lines must go higher than the
horizontal line and the width of the blue lines above the threshold must
be above the time interval which is defined in Delete events smaller than
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(standard setting: 200 ms). Only the dark blue lines counts in the time that
it should be above the threshold to be detected as a road user. The width of
the dark blue part should be approx. 0.5 cm when using the standard setting
of 200 ms. If the activity for one road user results in two tops with a small
gap in between (meaning that it will be registered twice), you can adjust the
value for Collate events within (standard setting: 300 ms). In this way you
can influence how large the gap between two tops can be before they should
be registered as two separate road users. NB! Be careful if changing this
value. If too big, two cars with a small gap between them will be registered
as one.

Presence detector parameters

Minimum occupation percentage Fraction of the defined mask that must be
occupied by a road user or a temporary object in the scene. Use this value to
filter out noise or small road users, for instance pedestrians and bicyclists.

5.2 Movement Detector

The movement detector checks if there is activity in a specific direction in a
certain area of the video by means of the Farnebiick dense optical movement esti-
mation(Farnebéck, 2003). In the movement detector points in two consecutive
frames are identified and matched. Objects moving across the detector will
result in vectors that are dependent on the direction and speed of the object.
Higher speeds will result in larger vectors. The amount of vectors per di-
rection (in terms of degrees) is summed up for those vectors that are higher
than a predefined value of the speed of the object. Vectors below this value
are omitted.

Movement detector histogram

The histogram of the movement detector is illustrated in Figure I.18b. The red,
vertical lines of the histogram indicate that something has moved faster than
the Minimum speed in the specified direction. The unit is not comparable
to known speed units (e.g. m/s or km/h) but low values means that slow
road users will be detected, high values that only fast objects will be detected.
Choosing a narrow range of direction will result in limited activity and hence
few /short red lines.

The white, horizontal line shows the Trigger threshold, i.e. how much ac-
tivity is required to be identified as a road user (above the line) and what
is considered as noise (below the line). To be detected as a road user, the
red lines must go higher than the horizontal line and the width of the red
lines above the threshold must be above the time interval which is defined
in Delete events smaller than (standard setting: 200 ms). Only the dark red
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Fig. 1.19: The movement detector (red). The movement detector detects activity (movement) in
a specific direction through the detector.

lines counts in the time that it should be above the threshold to be detected as
a road user. The width of the dark red part should be approx. 0.5 cm when
using the standard setting of 200 ms. If the activity for one road user results
in two tops with a small gap in between (meaning that it will be registered
twice), you can adjust the value for Collate events within (standard setting:
300 ms). In this way you can influence how large the gap between two tops
can be before they should be registered as two separate road users. NB! Be
careful if changing this value. If too big, two cars with a small gap between
them will be registered as one.

Movement detector parameters

Trigger threshold Limit for when an activity will be registered. The param-
eter is used to sort out noise in the video. In the histogram of Figure 1.20a,
the trigger threshold is shown as a horizontal line. To filter out noise, the red
line must be above the horizontal line in four out of the last ten frames. This
is visible from the histogram below; the red line is above the horizontal line
in a short duration (three frames) before the detector is finally triggered and
turns dark red.

Minimum speed Measure for how fast an object must move to be registered
in the movement detector. The higher value, the faster it has to move. The
minimum speed is measured in pixels.
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- ST s View 1 (RGE o O %

e + @ BEPLLHY

50
180 V]
(x=262, y=103) ~ R:220 G:0 B:0 270
(a) Trigger threshold (b) Flow range

Fig. 1.20: Histogram and flow range of the movement detector.

Flow range Defines in which direction the vectors must go if the activity
should be registered as an event. The range can be chosen on a circle (0-360
degrees), illustrated in Figure 1.20b. The range is chosen by either inserting
the range in the fields or by dragging in the dots on the circles.

5.3 Stationary Detector

The stationary detector, depicted in Figure 1.21, detects if an object is idling
or moves very slowly through a specific area of the video by means of a
combination of the presence and movement detectors. To detect an object
(a road user) the presence detector must be triggered, while the movement
detector must not be triggered. This indicates that an object is present in the
area but is moving very slowly or not moving at all.

Stationary detector histogram

The histogram of the stationary detector, shown in Figure 1.22, is a bit differ-
ent than the histograms of the other detectors, as the detector is a combination
of the presence (blue) and movement (red) detectors.

The lower white, horizontal line of the histogram shows if the size of the
object that is present inside the detector is lower or higher than the Minimum
occupation percentage.
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Playback controls. 8

B 27052013
07:50:46:000
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Video files. £l
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Fig. 1.21: The stationary detector (green). The stationary detector detects if something is idling
or moves slowly through the area covered by the detector

(=145, y=0) ~ F:730 5:255 B:230

Fig. 1.22: Stationary detector histogram. X-axis: time Y-axis: activity through the detector (the
higher lines, the more activity was registered))
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The upper white, horizontal line shows the limit of how much the object
can move and still be registered as standing still. The height of the red line
shows the amount of activity in any direction with a speed higher than the
Minimum speed. To be detected as a road user standing still, the blue lines
must reach the lower white, horizontal line and the red lines must not exceed
the upper white, horizontal line. If both of these criteria are met, the blue and
red lines will turn into a brighter colour. If the width of bright coloured lines
is above the time interval which is defined in Delete events smaller than
(standard setting: 200 ms), a road user is detected. The width of the dark red
part should be approx. 0.5 cm when using the standard setting of 200 ms. If
there is a small gaps in the bright coloured lines, it will still be registered as
one road user if the gap is smaller than the value for Collate events within
(standard setting: 300 ms). NB! Be careful if changing this value.

Stationary detector parameters

Minimum occupation percentage See the description of the equivalent pa-
rameter for the presence detector.

Minimum speed See the description of the equivalent parameter for the
movement detector.

Max vector count The maximum amount of vectors that is allowed to be
above the defined minimum speed to result in an event. In other words; the
maximum allowed amount of ‘movement’ in the mask. If the movement is
larger than this, we do not consider the mask to be stationary.

5.4 Traffic Light Detector

The traffic light detector, illustrated in Figure 1.23, detects the different phases
(red, yellow, red-yellow, and green) of a traffic light. The detector mask is to
be defined in a small region around the traffic light and is used to perform
image stabilisation. Image stabilisation is performed in order to make sure
that the annotated traffic light positions follows the actual positions of the
traffic light in case of small movements (oscillations) of the camera.

The traffic light positions should be annotated in the centre of the traffic
light. An overview of the detected states of a traffic light is given in Table L.5.

Traffic light detector histogram

The histogram of the traffic light detector visualises the detected state of the
traffic light. Two examples are shown in Figure 1.24.

The five states of the traffic light are displayed in different colours that
may be seen from the annotated histogram of Figure 1.24b.
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Fig. 1.23: The traffic light detector (yellow). The traffic light detector detects the colour of the
traffic signal

Table L.5: Overview of the possible states of the traffic light and the corresponding detections
as defined by the colour trigger. The ambiguous state is activated if the detector is unsure of
the state of the traffic light.

Traffic light state Colour trigger
Red Yellow Green

Red X

Red-yellow X X

Yellow X

Green X

Ambiguous
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Fig. 1.24: Histograms of the traffic light detector.

6 DETECTOR MODULES

The four detectors can be combined in detector modules. The modules man-
age logic between one or two detectors. Furthermore, the modules define
when a detector takes on one of three states:

1. Activated: When a detector is activated, movement in the field can be
registered.

2. Triggered: The detector has registered activity of the right type (e.g. the
right direction) and in an extent that indicates that the movement comes
from a road user (and not just noise in the image).

3. Flagged (results in the detection of an event) When the detector has been
triggered for a number of consecutive frames, an event is registered and
saved in a log file.

RUBA consists of a single module (one detector), a double module (two
detectors), and an exclusive module (two detectors).
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Fig. 1.25: Example of a single module. The single module lets the user create one detector of
one’s own choice per module.

6.1 Single

The single module consists of one detector type (presence/movement/stationary-
/traffic light). An event is saved in a log file when the criteria are met ac-
cording to the specifications of the chosen detector. An example is shown in
Figure 1.25.

6.2 Double

Consists of two optional detectors. An event is detected and saved in the log
file when both detectors have been triggered within a specific time distance
defined by the user. An example is shown in Figure 1.26.

The timewise relation between the two individual detectors can be defined
in two ways. Interval timing can be used to define the maximum time gap
between the two detectors are triggered or stop being triggered. For instance,
the time can be defined as the the interval from a vehicle enters one detector
and another vehicle enters the other detector. Overlap timing is used when the
two detectors should be activated simultaneously. It is possible to define a
buffer so that events can be registered if the detectors are activated almost at
the same time. Detailed information on the timing options is given in Section
7.3.

6.3 Exclusive

Similar to the double module, the exclusive module consists of two optional
detectors. An event is detected and saved in the log file only when the main
detector is triggered and the excluding detector is not. If both detectors are
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Fig. 1.26: Example of a double module. The double module lets the user create two detectors of
one’s own choice per module.

triggered, an event is not created. A timing example is shown in Figure 1.27.

7 SETTING UP THE LOGGER

To set up the logger, two aspects should be considered; timing settings and
the type of output we get from RUBA. The common timing settings are re-
lated to each individual detector. Furthermore, there are additional timing
settings for double modules to define when an event should be detected.

win detector | N
Excluding detector - | _

I ‘ﬁ_, time

Exclusive Module triggered

v

Fig. 1.27: The Exclusive module is triggered when the main detector is triggered and the ex-
cluding detector is not.
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Fig. 1.28: Common timing settings.

71 Common timing settings

The common timing settings are used to adjust when an event should be
written to the log. The fields for defining the common timing settings are
marked in red on Figure 1.28.

Delete events smaller than

Deletes events that are only detected briefly, which often indicates noise in
the image. Events with duration less than Delete events smaller than mil-
liseconds will be omitted from the log. An example is shown in Figure 1.29a.

Collate events within

Combines separate events into one event if the time gap between them is less
than XX milliseconds. This protects against multiple detections of the same
object. If chosen too high, multiple road users driving close to each other will
be registered as one road user. See Figure 1.29b for an example.
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of the histogram will not be detected as one event if the Collate events
as an event if Delete events smaller within setting is greater than the time
than is greater than zero. difference between the two detections.

Fig. 1.29: The common timing settings in RUBA.

Maximum triggered duration

Defines the maximum allowed duration (in milliseconds) of an event. If an
event is longer than the specified maximum duration, it will be cut off af-
ter the max triggered duration has gone, and a new event will be created
immediately thereafter.

7.2 Double module timing settings

Timing between the two individual detectors of a double module can be de-
fined using either interval timing or overlap timing, marked in red on Figure
1.30.

Interval timing

The interval timing, illustrated in Figure 1.31a, denotes the maximum ac-
cepted time gap (in milliseconds) from the detection of activity in one detec-
tor to the detection of activity in the other detector. The point for measuring
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Fig. 1.30: The Double Module offers two timing modes; interval timing and overlap timing.

the time gap can be either when the detector is activated (i.e. when the de-
tector registers a that a road user enters the detector) or when the detector is
left (i.e. when the road user has just left the detector).

entering leaving

first triggered ; :

detector _ entering leaving
last triggered _
detector : H

buffer

first triggered

> detector
S ———
entering-entering last triggered
timing detector

(a) Hlustration of interval timing. In this C
example, Entering is selected for both _— .
the First triggered detector and the overiap
Last triggered detector.

(b) Illustration of overlap timing.

Fig. 1.31: Timing settings of the Double Module.
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Log files
Enable log files for individual detectors

General

Log every event
Save frame of every event

Log sum of events

Fig. 1.32: The log files settings pane.

Overlap timing

The overlap timing, illustrated in Figure 1.31b, detects an event if both detec-
tors are activated simultaneously. A buffer (in milliseconds) can be used to
also log events where the two detectors are activated at almost the same time.

7.3 Logs
Three types of output can be created:
¢ Log every event: creates a .csv file with one line for each detection.

e Save frame of every event: saves an image of what triggered the detec-
tor. For double modules, the saved image contains a screenshot of what
triggered each detector, put side by side.

e Log sum of events: creates a .csv file with the total number of detec-
tions per log interval(in minutes).

The log settings pane is shown in Figure 1.32. The content of the log file
depends on the detector module. Table 1.6 gives an overview of the content
of the log files.

Log Examples

Sample every event logs are shown in Figure 1.33 and 1.34. A sample of a
sum of event log is shown in Figure 1.35.

8 GROUND TRUTH ANNOTATOR

RUBA features a built-in option to perform manual event-based annotation
based on timestamps. For example, we might want to annotate whenever a
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Table L.6: Contents in the log files. The files Analytics are created when marking Log every
event in the settings/drawing window of the detector, while Counts will be created when
marking Log sum of events. In the latter, the desired time interval can be specified (in min-
utes), e.g. 15 minutes. Legend: Single Module = SM, Double Module = DM, Exclusive Module =

XM.
Log every event Log sum Description
of events
SM, DM All mod-
XM ules

File X X X File name of the video

Date X X X Date for video recording

Entering X X Time stamp for arrival to the
detector (i.e. there is activity in
the detector)

Leaving X X Time stamp for when the
detector has been left (i.e. is
empty again)

Timegap 1-2 X Time difference between an
object has triggered detector
1 and an object has triggered
detector 2

Timegap De- X Time from one object arrives

tectorX to detector X (trigger the de-
tector) to the road user has left
the detector

FirstTriggered X Which of the two detectors
was triggered first?

TimeStart X Time for the beginning of the
time interval

TimeEnd X Time for the end of the time
interval

Object X Number of objects that have

been detected within a specific
time interval
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8. Ground Truth Annotator

A B C D E F

1 |File Date Entering Detector 1 Leaving Detector 1 Duration Frame

2 |20170520_125729_6977.mkv 201705 20 20170520 12:58:44.333 201705 20 12:58:44.666 333 M2-000001-2017-05-20-12-58-44.333-Entering-View-1.png
3 |20170520_125729_6977.mkv 20170520 2017 05 20 12:59:00.100 367 M2-000002-2017-05-20-12-58-59.733-Entering-View-1.png
4 20170520_125729_6977.mkv 201705 20 20170520 12:59:30.433 400 M2-000003-2017-05-20-12-53-30.033-Entering-View-1.png
5 |20170520_125729_6977.mkv 20170520 201705 20 12:59:36.666 400 M2-000004-2017-05-20-12-59-36.266-Entering-View-1.png
6 |20170520_125729_6977.mkv 20170520 20170520 12:59:41.633 433 M2-000005-2017-05-20-12-59-41.200-Entering-View-1.png
7 |20170520_125729_6977.mkv 20170520 20170520 13:00:58.900 2017 05 20 13:00:59.233 333 M2-000006-2017-05-20-13-00-58.900-Entering-View-1.png
8 |20170520_125729_6977.mkv 20170520 2017052013:01:14.100 20170520 13:01:14.433 333 M2-000007-2017-05-20-13-01-14.100-Entering-View-1.png
9 |20170520_125729_6977.mkv 20170520 20170520 13:01:33.766 2017 05 20 13:01:40.100 334 M2-000008-2017-05-20-13-01-39.766-Entering-View-1.png
10 |20170520_130230_03A2.mkv 20170520 201705 20 13:02:37.833 201705 20 13:02:38.866 1033 M2-000009-2017-05-20-13-02-37.833-Entering-View-1.png
11 |20170520_130230_03A2.mkv 20170520 20170520 13:03:16.900 2017 05 20 13:03:17.433 533 M2-000010-2017-05-20-13-03-16.900-Entering-View-1.png

Fig. 1.33: Every event log from a Single Module Detector. The Duration column lists the time
difference in milliseconds between the Entering Detector 1 and Leaving Detector 1.

A B c ) E G . [ T 1 [3
1 File Date ' 1 1 Duration Duration Time Gap 1-2 First Triggered Frame
2 20170521 073023 BG3B.mkv 20170521 2017052107:3453.633 2017052107:34:53.833 200 2017052107:3453.966 201705 21 07:34:54.865 [ png
3 20170521 085036 140Cmkv 20170521 2017052108:5225.133 20170521085225633  S00  2017052108:5225.366 20170521085225.000 634 2 ML . prg
4 20170521 095045 238C.mky 20170521 2017052109:52:28466  2017052109:5229.100 634 201705210952:28.633 2017052109:5229.133 500 167 ML prg
5 20170521 133622 700D.mky 20170521 201705211338:43.333  2017052113:3849.400 6067 201705211338:46.300 2017052113:38:46.800 500 2967 M prg
6 2017052115163 DODA.mky 20170521 2017052115:20:09.733 201705211520:11.000 1267  2017052115:20:14.000 201705211520:14.865 866 267 M prg
7 20170522_075025_E1Camky 20170522 2017052207:5840.633 2017052207:54:42333 1700 201705 2207:58:44.566 201705220754:45.200 634 3933 M prg
5 20170522_172655_B6aB.mkv 20170522 2017052217:30:44766  2017052217:30:45.733 967  2017052217:30:49.433  2017052217:30:50.000 667 667 M1 7.05-22-17-30-22. png
9 20170522 184710 DSIBmkv 20170522 2017052218:51:23.333  2017052218:5127.166 3633 20170522 1851:26.765 20170522 18:5127.566 800 3433 M1 . png
10 20170523 070515 _2767.mky 20170523 2017, 2017 133 201 119233 201 500 4333 [ png
11 20170523_072521_4aE6.mky 20170523 2711300 2017, 271 1933 201 201 83 143 4100 ML . png
12 20170523 _082530_2387.mkv 20170523 2017 :29:21, 93 201 21233 201 400 200 M1 DM-000011:2017-05-23-08-29-20.833-Entering-Entering-View-1.png

Fig. 1.34: Every event log from a Double Module Detector. In the First Triggered column, we
see that the Movement Detector 1 (M1) always is triggered first in this sample. The Frame col-
umn shows the file name of the corresponding snapshot image for each event. If this column is
empty, the Save frame of every event checkbox has not been ticket in the log settings.

A B C D E
1 [File Date TimeStart TimeEnd Detections
2 |20170520_125729_6977.mkv 20170520 2017 0520 12:57:29.000 2017 05 20 13:02:29.000 8
3 20170520_125725_6977.mkv 20170520 2017 0520 13:02:29.000 2017 05 20 13:07:29.000 6
4 20170520_130230_03A2.mkv 201705 20 2017 05 20 13:07:25.000 2017 05 20 13:12:29.000 13
5 |20170520_130731_C632.mkv 20170520 2017 052013:12:29.000 2017 05 20 13:17:29.000 13
6 20170520_131232_A3A0.mkv 20170520 2017 0520 13:17:29.000 2017 05 20 13:22:29.000 9
7 |20170520_131732_44BC.mkv 201705 20 2017 05 20 13:22:25.000 2017 05 20 13:27:29.000 4
8 20170520_132233 D114.mkv 20170520 2017 0520 13:27:29.000 2017 05 20 13:32:29.000 7
9 20170520_132734_AES0.mkv 20170520 2017 0520 13:32:29.000 2017 05 20 13:37:29.000 6
10 |20170520_133235 9998.mkv 201705 20 2017 05 20 13:37:29.000 2017 05 20 13:42:29.000 7
11 20170520_133736_4BC2.mkv 20170520 2017 0520 13:42:29.000 2017 05 20 13:47:29.000 5

Fig. 1.35: Sum of event log. All detector modules produce sum logs in this format.

275



Paper 1.

car turns right in an intersection or whenever a pedestrian passes a specific
line in a zebra crossing. In the example below, we will set up the Ground
Truth Annotator to perform annotation of different road users at an intersec-
tion.

Click on Ground Truth Annotator in the main RUBA menu, marked with
red on Figure 1.37a.

'——M‘
st o T D

Settings
[”] Enable validation mode

./ Edit event types|

B Ee = @c .;Of.f‘-a.
(b) Save log files automatically in
(a) Opening the Ground Truth Annota- Ground Truth Annotator by pressing
tor. the Auto-save button.

Fig. 1.36: Ground Truth Annotator.

A new window opens. Click on Save log file as, shown in Figure
1.37b, and specify the name of the file and where to save the log file. Put
a check mark next to Auto-save to save the log automatically.

Click on Edit event types to specify the types of road users to register.
Double click on the name to change, and press Finish editing to include
the event types in the Event panel. This process is also illustrated in Figure
1.37.

e . - _
?| = ?| ;=
i‘Gmulld-Iuh Anrmnm i‘GmulIiWh Annotator
Log file Log file
/Site1_GroundTruth_doudy_peak.csv kel | | bl | ] Autosave /Site1_GroundTruth_doudy_peak.csv e | | b | ] Auto-save
Settings Settings
[ Enable validation made [ Enable validation made
B Car_right
Events B Cydists
O Pedestrian up
‘ 0 RiC [GLTC [05@:]
o
RTC LT pids
Events
RT LT S
(@) (b)

Fig. 1.37: Editing the event types of the Ground Truth Annotator

Adjust the window and column sizes to get it to look more clear and place
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9. Log File Reviewer

HEUE®
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Log e
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Ground Truth Annotator m
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Fig. 1.38: The Ground Truth Annotator should be placed beside the video window in RUBA to
make the annotation process feasible.

the window as shown in Figure 1.38 so that you can see the window and the
main window of RUBA at the same time.

Click in the Ground Truth Annotator (GTA) window and press space to
start. Press space again to pause playback. Click on the corresponding button
in the GTA window or press the number on the keyboard every time a road
user of that particular type passes. Make sure that you register all road users
at the same spot every time. All road users must be counted individually
in the tool, so if there is a group of 2 pedestrians, press twice to register the
road users.

8.1 Reviewing annotations

You may continue the annotation process or review the previous annotations
by loading them into the Ground Truth Annotator. Either start the video
from the beginning or double-click on an annotated time stamp to jump to
this particular point in the video.

If you tick the Enable validation mode button during playback, the most
recent annotated time stamp will be selected in the Events pane. If the Show
masks button is also enabled in the main RUBA window, the annotated event
information will be overlayed on the video when it takes place.

9 LOG FILE REVIEWER

The Log File Reviewer is a tool to review and validate the log files as output
by the detector modules of RUBA. Open the Log File Reviewer by pressing
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B = e -Q‘L—. g‘qu.-'

Fig. 1.39: Opening the Log File Reviewer.

Original log file Filtered log file
e
1p/RUBA_InDeV_manual_img/Site1_leftturning_car_events.csv ‘l
-
File Date Entering Lea * File Date Entering Leavin
20160427_07021... 2016 04 27 201604 27 07:02... 201
20160427 _07021... 2016 04 27 2016 04 27 07:03... 2011
20160427 _07021... 2016 04 27 2016 04 27 07:03... 201
20160427 _07021... 2016 04 27 201604 27 07:03... 201
20160427 _07021... 2016 04 27 201604 27 07:03... 2001
20160427 07021... 2016 04 27 201604 27 07:03... 20L|=
20160427 _07021... 2016 04 27 201604 27 07:04... 201
20160427 _07021... 2016 04 27 201604 27 07:04... 2011
20160427 _07021... 2016 04 27 201604 27 07:05... 201
20160427 07021... 2016 04 27 201604 27 07:05... 201
MANAYT NTNM MANA 2T MR NA 2T NTNR il

Fig. 1.40: Setting the file path of the filtered log file.

the button on the toolbar, illustrated in Figure 1.39, or press F11.

Open the log file that you want to inspect by clicking the folder icon in
the Original log file window, shown on the left of Figure 1.40. Hereafter,
click on the save button in the Filtered log file window and specify where
to save the (validated) log file for further processing. Tick off the check box
Auto-save.

Define how many seconds should be played before and after the time
stamp, e.g. 15 sec before the Entering and 10 sec after the Leaving times-
tamps in the log files. An example is shown in Figure 1.41.

Adjust the size of the RUBA windows as illustrated in Figure 1.42 so that
the normal window and the log file reviewer are both visible and placed next
to each other.

Double click on the first video in the list, then click the playback button,
marked in red on Figure 1.43a. All events will be played one by one without
break. Press the pause button to pause the playback (keyboard shortcut:

Playback Settings.

b Startearler 155 '+ Endafter 105 |[V] Enable continuous playback on overlapping entries

Current entry
currentTime [ endTime
Events Additional information

Seconds to event

Fig. 1.41: Setting the video playback properties.
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9. Log File Reviewer
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Fig. 1.42: The Log File Reviewer next to the main RUBA window.

space) and press again to start the playback (keyboard shortcut: space). You
can double click on any of the events in the list to go to that event.

[T R e —

Playback Settngs

@ Start earler 155 | Endafter 105 = (/] Enable continuous playback on overiapping entries.

P—

arrentne [ s
Events. Additional information

Seconds to event

Originallog fle Fitered log fle
SR s e e 2 e i 8] ) (] @ A

Date Entering Les® File Date Entering Leavin
120160427 07021... 2016 0427 2016 0427 07:02.._ 2011

TR 2076 01 27
20160427 07021... 20160827
20160427 07021... 20160427
20160427 07021... 2016 0427
20160427 07021, 2016 0427
120160427.07021... 20160427
120160427 07021, 20160427
120160427.07001... 20160427
20160427.07021.., 20160427
20160427.07021... 20360427
20160427 07071.., 20360827
120160427 07071... 2060427

Playback contrals =]
07O M0 201604270748, 200

27-04-2016
WL
07:03:20:500
IO NI4T 1604270140, 2
20160427 07071 20160827 2016 0427 07:IL. 2000 m ﬂ m
201604270707, 2160427 201604270711, 200

20160427 07071... 20160427 201604 2707:12... 200~
< i 1 v Rl P—— v

(a) Starting the playback based on the events (b) Adjusting the playback speed
of the log file. in the main RUBA window.

Fig. 1.43: Playback in the Log File Reviewer.

Adjust the speed on the sliding bar (Figure 1.43b) if it goes too fast/slow.
Do the following to insert and delete events in the filtered log file:

1. Click on the blue arrow pointing right (keyboard shortcut: INS) to put
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Original log fik Fitered log fie
n/RUBA_InDeV_manual_img/Site1_leftturning_car_events.csv ing_car_potential_confiicts.csv @ @ [¥] Auto-save
Fie Date Entering Lea = File Date Entering Leavin
20160427 07021... 201604 27 201604 27 07:02... 201

20160427 07021... 2016 04 27 2016 04 27 07:03... 201/

20160427 07021... 2016 04 27 201604 27 07:03... 201

20160427 07021... 2016 04 27 2016 04 27 07:03... 201,

20160427_07021... 20160427 201604 27 07:03... 201

20160427 07021... 2016 04 27 2016 04 27 07:03... 2012

20160427 _07021... 201604 27 2016 04 27 07:04... 2011

20160427 07021... 201604 27 2016 04 27 07:04... 201

20160427 07021... 201604 27 2016 04 27 07.05... 201

20160427 07021... 201604 27 201604 27 07:05... 201

20160427 07021... 201604 27 2016 04 27 0706... 201

20160427 07071.. 2016 04 27 201604 27 0707... 201

20160427 07071... 2016 04 27 201604 27 0708... 201

20160427 07071... 2016 04 27 201604 27 07:08... 201

20160427 07071... 2016 04 27 201604 27 07:10... 201

20160427 07071... 2016 04 27 2016 04 27 07:11... 201

20160427 07071... 2016 04 27 201604 27 0741... 201

20160427 07071... 201604 27 201604 27 07:02... 2011 -

« i | ’ « i ’

Fig. 1.44: Inserting and deleting events into the filtered log file.

an event from the original when there is a potential conflict. It is possi-
ble to select more events at once.

2. Click on the blue arrow pointing left (keyboard shortcut: DEL) to re-
move an event from the filtered log file. These arrows are marked in
red on Figure 1.44.

Please note that only the filtered log file is altered during this process.
The original log file is read-only.
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1. Introduction

ABSTRACT

Traffic surveillance and monitoring are gaining a lot of attention as a result of an
increase of vehicles on the road and a desire to minimize accidents. In order to min-
imize accidents and near-accidents, it is important to be able to judge the safety of a
traffic environment. It is possible to perform traffic analysis using large quantities
of video data. Computer vision is a great tool for reducing the data, so that only se-
quences of interest are further analyzed. In this paper, we propose a cross-disciplinary
framework for performing automated traffic analysis, from both a computer vision re-
searcher’s and traffic researcher’s point-of-view. Furthermore, we present STRUDL,
an open-source implementation of this framework, that computes trajectories of road
users, which we use to automatically find sequences containing critical events of
vehicles and vulnerable road users in an traffic intersection, which is an otherwise
time-consuming task.

Keywords: Computer vision, data reduction, computer aided analysis, deep learning,
surveillance, tracking, detection, traffic analysis

1 INTRODUCTION

In 2017 more than 25,000 people died and approximately 135,000 people were
seriously injured on the roads in the European Union (EU) [1]. While the
numbers are still very high, both injuries and fatalities have been decreasing
for decades. Paradoxically, road safety experts worry about the problem of
“too few crashes”, referring to the difficulties using the traditional safety
diagnosing methods as crash counts registered at individual sites become
very low [2]. The situation is aggravated by the unresolved problems of
crash under-reporting, scarce information about the crash details, conditions
in standard police reports and the general retro-active nature of the crash
analysis (before safety problem can be diagnosed, it has to manifest itself in
form of crashes with people killed or injured).

A complementary approach to crash analysis is to use surrogate mea-
sures of safety (SMoS). The method rests on the assumption of a continuous
relation between the severity of events in traffic and their frequency [3], visu-
alized in Figure J.1. The fatal and injury crashes are the most severe events
and occur relatively seldom, while the events of “normal” severity can be ob-
served in hundreds or thousands every day. The SMoS are normally derived
from non-crash events that are close enough to crashes on the severity scale
to possess sufficient similarities and thus be relevant for the safety, but much
more frequent compared the actual crashes.

While the idea has been known for decades [4, 5], the lack of an efficient
tool to reliably and accurately measure SMoS hindered the method from be-
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Accidents

Serious conflicts

Fatal Slight conflicts

Severe injury Potential conflicts

Slight injury

Damage onl
& Y Encounters

Fig. ].1: "Safety pyramid", adopted from [3].

ing used on a large scale. Previously, human observers were tasked to detect,
classify and record the relevant events, all in real-time while being in the traf-
fic environment. The high costs of using human observers, as well as some
doubts in their reliability were too discouraging.

It is already a common practice in SMoS studies to use video record-
ings either as a complementary documentation for field observations or as
a main data source. With a proper camera perspective and resolution, the
measurements of road user positions and speeds taken from video can be
very accurate [6]. Fully automated tools able to detect and track road users
in video are already in use [7, 8]. The general concepts of such tools are
illustrated in Figure J.2. The next challenge is to make the computer vision
algorithms more stable while processing longer video sequences that include
less favourable conditions, e.g. congested traffic, precipitation, twilight and
night, while making them more practical to use.

Image Object Tracking

Annotation

Acquisition Detection Objects

Danger:

| 7Objects
trajectories

, conflicts

Fig. ].2: General concept for automated traffic analysis. Videos are captured via installed cam-
eras. Humans then annotates images with bounding boxes, used to train and apply an object
detector. The detected objects are tracked across time, generating trajectories which allows
computing of SMoS.
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1. Introduction

Traffic safety and computer vision are two different worlds and the com-
munication between the researchers of these two domains is not always straight-
forward. The following list summarizes the specific “expectations” from the
traffic side that has to be taken into consideration while developing a com-
puter vision tool:

e Majority of the indicators suggested to measure the severity of a traffic
event are based on temporal and spatial proximity of the road users.
Thus, the most important data to extract from video are the positions
and speeds of the road users, complemented with at least rough esti-
mate of their type and size.

e Traffic analysis requires measurements related to the road surface (e.g.
speed is to be measured in meters per second rather than pixels per
frame) requiring an accurate calibration model.

e Though more frequent than crashes, the events used to calculate SMoS
are still relatively rare. Depending on the definition of SMoS chosen,
the observation period necessary to collect a sufficient number of the
relevant events might vary from 8-10 hours to several weeks.

e The observation period is limited in time, making it common to use
temporary installations for the recording equipment. This put less con-
strains on the complexity of the video analysis algorithms as they can
be processed off-line.

o Traffic environment is a public space and special rules to how the data
collected should be handled apply. Ideally, pre-processing could re-
move sensitive information while keeping the relevant data.

Current frameworks trying to bridge the gap between traffic research
and computer vision are all based on more traditional computer vision ap-
proaches [9-14]. The traditional approach involve looking for movement in
the image or calculating the foreground image which depending on the scene,
tells something about the moving objects or foreground objects. To classify
the objects, distinctive features, e.g. width, height, color, etc. are used to sep-
arate the localized objects. The features varies a lot from object to object, so
the used features chosen for classification various correspondingly, but are in
this case always manually selected. A traditional machine learning algorithm
will then examine the selected features and maximize the distinction between
each of the object’s subset of features with the purpose of classifying them.
This workflow is illustrated in the upper half of Figure J.3.

Computer vision have generally seen a tremendous boost as a result of
past decade’s hardware improvements which have lead to a large use of the
well-performing data-driven methods such as deep learning [15, 16]. Deep
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Traditional machine learning

H I ) > Not cyclist
Input image Feature selection_ and feature Features Machine Iearr1_ir_1g a_Igorithm Output
extraction to classification

(<
— | — RN —

Input image Manual annotation Extraction of features + classification Output

Fig. ].3: Simplified comparison of traditional machine learning approach and deep learning
approach for cyclist detection. Note that manual annotations are generally faster and require
less specialized knowledge than in traditional machine learning approaches.

learning is a sub-field of machine learning but differs as it does not require
manually selected features. Deep learning is able to learn features that rep-
resents a given object automatically from large quantities of annotated data,
which is illustrated in Figure J.2 and the lower part of Figure J.3.

In this paper, we investigate and propose a general data-driven frame-
work to aid the cross-disciplinary communication of going from capturing
video sequences and automate the traffic analysis generation using deep
learning. Furthermore, we present an open-source implementation of the
introduced framework.

The contributions of this paper are thus two-fold:

e Introducing and defining a data-driven cross-disciplinary framework
for performing automated traffic analysis, from video acquisition to
traffic analysis.

e An implementation of this framework that can detect, classify, track,
and create a traffic analysis of data from an intersection.

Our implementation is released as open source and is available here:
https://github.com/ahrnbom/strudl. This program is designed to be easy
to use for traffic researchers, without extensive knowledge in computer vi-
sion.

286


https://github.com/ahrnbom/strudl

2. Related Work

2 RELATED WORK

In this section, we present relevant work done related to defining a frame-
work easing collaborations between traffic researchers and computer vision
researchers. The section is split into 2 parts: a part containing general es-
tablished frameworks followed by relevant work where computer vision has
aided traffic researchers.

2.1 General frameworks

From a computer vision perspective, several frameworks have been proposed
to ease development of most general computer vision systems. In [9], a gen-
eral framework is defined which is applicable for most systems working with
video. The framework consists of: camera, image acquisition, pre-processing,
segmentation, representation and classification. Given a set of images ac-
quired with one or several cameras, it is possible to classify e.g. objects
and actions. In [10] a video-based system for automated pedestrian conflict
analysis is introduced following 5 basic components: video pre-processing,
feature processing, grouping, high-level object processing and information
extraction. Compared to [9], these components are more angled towards a
high-level information extraction which can be considered more applicable
for a traffic researcher.

In [11] a comprehensive review of computer vision techniques used for
analysis in urban traffic is presented. They propose two approaches to au-
tomated traffic analysis, which differs in structure by one being a top-down
approach and the other a bottom-up approach. The top-down approach esti-
mates the foreground of the frame, e.g. frame differentiation [12]. A grouping
of connected foreground pixels is done, e.g. connected component analysis,
which constitutes the objects. These objects are classified [13], which can be
based on heuristically predefined rules or by use of training data. Finally,
tracking translate the objects into spatial-temporal domain, which provides
the user with object trajectories [14]. The top-down approach analyzes the
objects as a whole, whereas the bottom-up approach takes its starting point
in using smaller patches of the image to detect a part of the objects, e.g.
histogram of oriented gradients [17]. The detected parts of the objects are af-
terwards grouped together to form an object constituting the object detection
step. Object detection can be extended with a classification step, where the
individual object is assigned to a specific class. Finally, the objects is tracked
with the purpose of creating object trajectories.

The available frameworks are in general feature-based and model-based,
which have been common prior to the hardware improvements made the
past decade. GPUs in particular have made training of complex artificial
neural networks possible. The recent trend in computer vision is the usage
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of artificial neural networks, often referred to as deep learning, to do object
detection by learning and adjusting the parameters and weights in the net-
work by exposing it to large quantities of annotated data. Generally, deep
learning is outperforming traditional methods by a large margin [15, 16].
The current available frameworks do not use deep learning, making our pro-
posed framework the first to take advantage of this significant improvement
in technology.

2.2 Automated video-based traffic applications

The related video-based traffic applications are split into two categories, which
are object detecting and conflict-based data reduction.

Object counting

Object counting in relation to the traffic domain primarily consists of firstly
detecting and classifying the object of interest, e.g. cars, trucks, pedestrians
and cyclists, followed by tracking them to prevent counting the same object
multiple times and to cope with potential occlusion. A lot of work has been
done in especially detecting and classifying objects, in [18] they build upon
the well-known Haar-like features [19], which have traditionally been used
for single-frame detection. By computing such features in temporal space,
the motion can estimated by comparing the absolute differences between the
values in the spatial-temporal domain. In [20], object classification is done
based on images captured from multiple visual traffic surveillance sensors,
providing a multi-view setup which is less prone to occlusion.

As previously mentioned, the recent years of object detection has followed
the hardware improvements, leading to a large use of the well-performing
deep learning methods [15]. Most of the object detectors using deep learning
methods, e.g. convolutional neural networks (CNN), relies on supervised
learning, meaning that large quantities of annotated data is needed to train
the CNN [21, 22]. In [23] a CNN was applied to the popular ImageNet Large-
Scale Visual Recognition Challenge, which is a popular object recognition
benchmark containing 1.2 million training images, 50,000 validation images,
and 150,000 testing images. The CNN nearly halved the top-5 error rate of
object recognition generated from traditional computer vision methods [16].

In general, for most of the aforementioned methods, the found objects can
be tracked by using nearest neighbour, Kanade-Lucas-Tomasi feature tracker
[10, 24], or by the use of more complex feature based methods, e.g. Kalman
filter [25] or Hungerian tracking [26], which have proven quite useful in a
wide variety of applications.
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Safety analysis based on SMoS

SMoS analysis is basically a task of finding situations that fulfill certain cri-
teria of "higher-than-normal severity" and are claimed to be a valid repre-
sentation of the (un)safety problems. We omit the theoretical discussion on
how such validity is established and concentrate on the practical realization
of SMoS tools once the definitions are agreed upon.

Unlike the "old-fashion" traffic conflict techniques in which the human
judgements of severity played an important role, implementation of SMoS
in a computer vision tool requires strict mathematical definitions of what
indicators and thresholds are to be used.

Several fully-automated tools with focus on SMoS analysis have been pre-
sented [27-29]. The common denominator in all of them is that the computer
vision tools attempts to produce the trajectories of all road users, calculates
the indicator values and relate them to the pre-defined thresholds, and finally
reports the total number of conflicts detected.

One concern that can be raised, however, is about the potential over-
relying on the automation. First, the aggregated numbers of conflict counts
hide in themselves the errors related to the noise in the trajectory data, of-
ten acknowledged but rarely controlled for. What is more important, the
complete exclusion of a human from the process results in difficulties in in-
terpreting the results and getting inspiration for the counter-measures [30].

An alternative approach is to split the analysis in two steps - initial de-
tection of the situations that are potentially relevant and then final filtering
among them with human involvement. The validity of SMoS is increasing as
the thresholds are set more strict for the high-severity events only [31]. The
more severe the events are, the less is the frequency, though. This has two
important practical implications: i) longer observation periods are required,
which make the automation of the first task crucial; ii) not many events are
expected to be found, which allows manual or semi-automated processing of
the events with humans involved feasible. [2] presents an example of such
study. The large volume of video data is processed using a watchdog soft-
ware [32] that detects potentially relevant events. Later, the data is processed
using a semi-automated tool [33] that allows an operator to extract the trajec-
tories and speed profiles of road users with very high accuracy [6].

The proposed framework is primarily developed with the two-step ap-
proach in mind. Even though it does perform tracking of all road users
and potentially can be used for fully-automated SMoS analysis, it has been
tested on the task of detection of "potential conflicts" that still require post-
processing.
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3 FRAMEWORK OVERVIEW

In order for a framework for traffic surveillance to be useful in practice, it
needs to be general enough to handle different kinds of queries and criteria.
A single cross-disciplinary computer vision framework can work for multiple
applications, as the main steps that need to be performed are typically the
same. The proposed framework in this paper takes its spawn in a top-down
approach, as presented in [11], and some of the general concepts presented
in [9, 10]. In Figure J.4, the proposed framework is illustrated in a block flow
diagram. Each block forms the structure for the following of this section and
will thus be described accordingly.

Video Pre- _ Object Post- . Traffic
Acquisition processing Annotations Detection processing Tracking Analysis

Fig. ]J.4: The proposed framework for automated traffic analysis. While Video Acquisition and
Traffic Analysis can be considered to belong to the field of traffic research, the remaining cen-
tral blocks belong to the field of computer vision.

3.1 Video Acquisition

The first step in the general framework is video acquisition. The primary
goal is to acquire video data to the pipeline. Essential considerations to do
are presented in the following subsection.

Modalities

The most common sensor for acquiring video data is a traditional RGB cam-
era, which is similar to the human eye making the videos easy to interpret.
Other options include using a thermal camera, which during the last decade
has seen a price reduction making it feasible to use in traffic surveillance
applications [34]. A thermal camera is a passive sensor that captures the in-
frared radiation emitted by all objects, which can be translated to "seeing" the
temperature. The thermal camera are thus usable in the night which can be
an advantage compared to RGB, but can also be considered a disadvantage
as the lack of color information can make classification challenging as seen
in Figure J.5.

The choice of modality, e.g. RGB or thermal, does not affect the rest of
the suggested framework, the choice comes down to a matter of cost, ex-
pected light, weather conditions and privacy concerns. Specifications of the
sensor should be taken into consideration, e.g. frames per second (FPS) and
resolution.

290



3. Framework Overview

o AT

(a) RGB Camera. (b) Thermal Camera.

Fig. ].5: Example of the RGB modality and thermal modality captured at a traffic intersection
simultaneously during a rainy night.

Camera calibration

By carefully measuring the positions of some points visible in the camera,
the camera can be calibrated, allowing positions in pixel coordinates in the
images to be translated to world coordinates. If this step is omitted, any
results found by computer vision algorithms are significantly more difficult
to interpret and use since they cannot be converted to world coordinates.
Detailed search queries and SMoS typically need to be computed in world
coordinates to be useful.

3.2 Pre-processing

Modern object detectors using CNNs do not need much pre-processing. The
only form of pre-processing used in our framework is masking. Often, the
entire scene captured by the camera is not of interest; if an application is
to find interesting situations in a crossing, then it is of no importance what
happens far from that crossing. For these cases, a manually drawn "do-not-
care" zone is created as an overlaying mask or the image is simply cropped.
This speeds up annotations and helps training a reliable object detector. If
this step is omitted, and only parts of the images are annotated, this may
confuse the detector during training, possibly leading to reduced accuracy.

3.3 Annotations

CNNs learn by examples, so a human needs to define and annotate this ex-
ample many times before the network can be trained to do the same. In this
pipeline, neural networks are used for object detection only, so the annota-
tions consist entirely of marking objects in images, by bounding boxes and
assigning a class label to each box, as illustrated in Figure J.6.
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Fig. ].6: Bounding box annotations with belonging class label.

It is important that all visible and relevant objects are annotated. Other-
wise, these will be considered negative examples when the detector is trained.
For example, if one car is marked as a "car" and another one is not, then the
detector will have a hard time understanding why one is considered a "car"
while the other one is not, and accuracy may suffer as a result.

If a large dataset of traffic images were annotated and made publicly
available, they could be used if their viewing angle, lightning conditions etc.
are reasonably similar to the new data. In such a case, smaller amounts of
new data are needed to be annotated. Despite the current lack of such a
dataset, pre-training the networks on general images reduces the number of
image annotations needed to a couple of hundred, as opposed to thousands
or more.

3.4 Object Detection

The goal of object detection is to find "objects”, e.g. road users, as axis-
aligned bounding boxes with class labels in an image. Traditionally this step
has been split into two steps: localization (finding the bounding box) and
classification (assigning a class to the bounding box), but due to recent years’
advancements in CNN designs, both can be performed in a single step. The
choice of class labels is application dependent and is not limited to a specific
amount. Multiple can be used, if they are of particular interest, but it should
be noted that a significant amount of examples has to appear in the annotated
images for the detector to become accurate.

292



3. Framework Overview

3.5 Post-processing

In the post-processing step, the movement direction for each of the detected
objects can be computed and converted to world coordinates.The projection
to world coordinates can be done using TSAI camera calibration. The model
is calibrated based on a set of points measured both in image coordinates
and in the road plane using special equipment [6]. Movement directions are
useful cues when connecting the detections into tracks. Performing the track-
ing in world coordinates has benefits, mainly being more independent of the
viewing angle, and working directly in natural units and world coordinates
allows more detailed and natural track analysis.

3.6 Tracking

Tracking consists of connecting the detected objects in spatio-temporal space,
meaning that each detected object in the video needs to be either associated
with a previously existing track or as a completely new track in the video.
Though this might sound as a somewhat easy task, several challenges are
introduced when objects radically change direction or if multiple objects get
too close to each other in the sensor’s field-of-view.

The performance of the object detection is critical for proper tracking as
trajectories cannot be generated for objects that are not detected. Tracking
can, however, compensate for some issues in the detector. For example, if
a vehicle is detected in only 1 frame, but not in any of prior or following
frames, there is a high probability that this is a false detection. If an object
is not detected in a small number of frames, but is detected before and after,
the tracking algorithm may be able to understand that it is indeed the same
object.

Selecting a sensor with too low FPS results in objects in the scene moving
a large distance between the consecutive captured frames, which can make it
harder to connect the detected objects in spatio-temporal space. Using a high
FPS, the objects’” movement between consecutive captured frames becomes
less, which generally makes tracking easier. Videos with 15 FPS seem to
work in our experiments.

3.7 Traffic Analysis

The final step of the proposed framework is to analyze the road user tracks
with respect to safety. For example, indicators like Time-to-Collision and
Post-Encroachment Time can be calculated and events with severity above a
certain threshold can be detected and presented to the user for further ex-
amination. The data about the distribution of events within different severity
categories can be used by special statistical methods such as extreme-value
theory in order to estimate the expected number of crashes [35, 36]. Also,
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trajectory data can be used for calculations of advanced exposure measures,
for example a number of encounters between road users of a certain type
and performing a certain manoeuvre [37]. Clustering of the trajectories and
detection of deviant trajectories do not fit into any of clusters may reveal
the abnormal incidents such as movement in wrong direction or stop at an
unusual place.

Since the tracks are computed in world coordinates, thresholds, safety
measures and other criteria can be expressed in natural terms and units.
While traditional computer vision systems allow only simple criteria (typi-
cally expressed in pixel coordinates), world coordinate tracks allow for ar-
bitrarily complex queries, that are more meaningful from a traffic analysis
perspective.

4 EXPERIMENTS

As a part of a traffic analysis project, an intersection with a crossing of interest
in Malmo, Sweden was filmed for 24 hours with a thermal camera. TSAI
calibration [38] was computed by measuring 57 points visible in the videos.
People were hired to watch through the entire 24 hours of video, tasked to
find times in the video where both a car and either a pedestrian or a bicyclist
are visible at the same time, where the car will at some point make a turn
to pass the crossing of interest, while the pedestrian/bicyclist will at some
point pass the crossing. See Figure ].7 for a visual explanation of the task.
These times were then inspected in more detail by traffic analysts. We stress
that this is not a "toy problem"; the human watchers were required as a
starting point for further traffic research at this intersection, and we hope
that the existence of this framework can reduce the need for human labor in
situations like these in the future.

Fig. ].7: The goal is to find times when a vulnerable road user is moving through the red re-
gions in the marked directions, while a car is moving either through the green or yellow re-
gions simultaneously.
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An implementation of the suggested framework was used to perform the
same task, using the human observer’s results as ground-truth. As a baseline,
the Road User Behaviour Analysis (RUBA) software [32], which is a traffic
analysis tool based on traditional computer vision technology, was also tested
for the same task.

There is some ambiguity in when exactly during an encounter it is de-
tected by an observer or computer vision tools. Therefore, it was allowed for
some time discrepancy for a detection to be counted as correct. By testing
multiple time distance thresholds between the ground truth and the output
of the automatic systems, a trade-off between precision and recall can be ob-
served. We use precision and recall curves to visualize this trade-off and
compare the automatic systems.

41 STRUDL: description of implementation

This section describes how our framework following the definitions in Sec-
tion 3 was implemented, in order to solve the problem described above.
The implementation is called Surveillance Tracking Using Deep Learning
(STRUDL). It can be used in any context where objects seen from a static
camera need to be tracked. Those tracks can be analyzed to for example find
times of interest. While thermal videos were used in this experiment due to
privacy concerns, the STRUDL system works with RGB as well (and should
in fact perform better with RGB as the pre-training of the object detector is
made with RGB images). The remaining parts of this section will describe
in more detail how STRUDL implements the computer vision parts of the
suggested framework.

Pre-processing

With modern object detection algorithms based on CNN, very little pre-
processing of images is necessary. The only pre-processing done is applying
a visual "do-not-care" mask.

Annotation

500 frames were selected from the collected videos and annotated manu-
ally with bounding boxes and class labels. The frames were taken from 25
randomly selected 5 minute clips, and from each such clip, 20 frames were
sampled evenly. This way, there should be a large variety in the road users ap-
pearing in the images. A variant of Extreme Clicking [39] was implemented
to make the annotation process fast. The reason why 500 frames is sufficient
to get decent object detection performance is that the detector is pre-trained
on a general objects detection task. Training the object detector from scratch
would require drastically many more images.
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Object Detection

The object detector SSD [40] was used. It is a commonly used CNN for the
object detection task for its reasonable trade-off between accuracy and exe-
cution speed. On a powerful modern GPU, it runs in around real-time. The
objects found are presented as axis-aligned bounding boxes. The SSD net-
work was pre-trained on the large MS COCO dataset [41], which contains
a large amount of images with bounding box annotations of many different
kinds of objects (not only traffic-related ones), made by human annotators.
Then, the network was fine-tuned on images from the videos for which the
experiment is conducted, as described in Section 4.1. Finally, the object de-
tector is applied to every single image, and detected objects are stored.

Post-processing

For the videos, the OpenCV function goodFeaturesToTrack was used to find
points which can be tracked, and then by repeatedly using the OpenCV func-
tion calcOpticalFlowPyrLK [42], those points were turned into point tracks.
These tend to follow how objects move in the scene. For each detected bound-
ing box, the average movement direction of point tracks moving through the
box were computed, giving each box a movement direction.

Then, using a TSAI camera calibration model [6, 38], each such box and
movement direction were converted to world coordinates. Because of the
pixel-aligned nature of bounding boxes, only the center point was converted.
Because the orientation of road users can be computed from their movements
directions, and the class labels allow approximate 3D models to be inserted
in their place, any information about the movements, position and spatial
extent of the road users should be possible to obtain, at least approximately,
from this simple representation.

Tracking

A simple Hungarian tracker [26] was used, using class consistency, position
in world coordinates and movement direction to compute the association
cost. World coordinate detections that were not associated to any existing
tracks, were made into tracks of their own unless they were too close to some
already existing track. When no detection were associated with a given track,
the track continues along its previous direction for some time until being
removed, unless it is associated with a new detection before that. Tracks that
were short-lived, that were only associated with one or two detections were
removed, as they are often false or unreliable tracks.

The tracking requires tuning of 13 parameters, which were optimized us-
ing a blackbox optimization scheme for a short video clip (15 seconds long)
where ground truth tracks in world coordinates were created for each road
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user, which took around 30-40 minutes of human labor to create. Because
the tracks are in world coordinates, it is believed to be possible to re-use the
optimized parameters for a different viewpoint, perhaps with minor changes.

Traffic Analysis

The goal was to find times when at least two tracks are visible at the same
time while the two tracks intersects at some point, e.g. car move to turn and
cross the vulnerable road user track. To implement this as a traffic analysis
program, mask images were drawn which mark the interesting regions, and
the tracks were tested to see if they at some points move through the marked
regions. The mask images can be seen in Figure ].8.

Fig. ].8: Checking masks used for the experiment. Top left: VRUs moving to the right. Top
center: VRUs moving to the left. Top right: first required position of left-turning cars. Bottom
left: first required position for right-turning cars. Bottom center: the last required position

of both left-turning and right-turning cars. Bottom right: mask used during object detection
annotations, in order to save annotation time. The same mask is used when running the object
detector.

4.2 Results

The results are seen in Figure J.9, where the proposed system is compared
to RUBA [32]. RUBA’s raw output was compared directly, and after seeing
that the number of false positives were very high (leading to a low precision),
time was spent to remove 967 of RUBA’s found situations by manually ex-
amination ("RUBA+human" in the figure). Most of all the removed events
were indeed false positives, as the recall drops very little in this process.
Even so, the number of false positives remain high for left-turning cars. The
manual time spent with RUBA was around three hours, where around 90
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minutes were spent manually removing false positives. Our system, on the
other hand, required only around two hours of manual work constructing the
detection annotations, and around 30-40 minutes spent on tracking ground
truth. Also note that the human time can decrease as the software becomes
more used, allowing training images from similar viewing angles to be re-
used, and tracking parameters might be possible to transfer with little to no
changes, because they are expressed in world coordinates. Furthermore, for
a human to make annotations, little training is required, while designing hit-
boxes and thresholds for RUBA requires experience and familiarity with the
software.

It should be noted that the problem was significantly more difficult for
left-turning cars than for right-turning cars. The exact cause for this is not yet
known. Only 10 situations with left-turning cars were marked as interesting
by the human annotators, compared to 331 for right-turning cars during this
one day of video.

We stress that this comparison between STRUDL and RUBA does not
include the main difference between the two; while RUBA provides only
"take-it-or-leave-it" times of interest, STRUDL provides full tracks in world
coordinates that can be further analyzed, by e.g. computing SMoS, sorting
by severity or further filtered.

Some tracking example results can be seen in Figure J.10. The tracking
generally works well, but there is also some room for improvement in its
robustness for some tracks.
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Fig. ].9: Precision and recall for the experiment, against the time difference for which

a detected time can differ from the ground truth time and still be considered correct.
RUBA+human reaches STRUDL's precision for right-turning cars, while STRUDL is still bet-
ter for left-turning cars. For recall, they perform similarly for right-turning cars, and are able
to find more than 95% of the ground truth times within £10 s, while for left-turning cars,
STRUDL's recall is clearly better for short time differences, while being only slightly better
for longer time differences.
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Fig. ].10: Example of tracking results from our experiments. An example of bad tracking is the
person walking with a stroller, who is broken up into two tracks. "Car 9" is lost and it takes a
few frames for the tracking algorithm to remove this track. For the most part however, tracking
works as expected. The dark areas are the masked "do-not-care" zones. Best viewed in color.

The experimental results show that the proposed framework works, and
the STRUDL implementation is better than traditional approaches for tasks
of this kind. It is flexible, meaning that if one is dissatisfied with the results
for a given problem, the path forward is often clear. If the object detector
makes too many mistakes, more training data is needed. If the tracking
fails too often, the parameters can be tuned, manually or via data-driven
optimization. If there are too many false positives, the analysis criteria can
be modified with relatively little effort. Visualizations of the different steps
of the computer vision pipeline make it easy to pinpoint where issues arise.

More importantly, where traditional computer vision system have a lim-
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ited range of possible operations, the richness of full trajectories allow for
much more freedom. It is possible to compute SMoS or other measures of
interest, to filter or sort the detected situations by severity. The proposed
system can therefore be seen as a starting point for arbitrarily complex traffic
analysis, whereas traditional methods are essentially of a take-it-or-leave-it
nature, impossible or difficult to further analyze, filter, sort and work with.

The proposed automatic system needs some human assistance, mainly
in annotating image data to train the object detector. When looking at new
video data, the amount of new annotations necessary will depend heavily
on previously available data. Manually annotating some images seem like a
good trade-off, as opposed to traditional methods requiring time-consuming
parameter tuning, as it is relatively simple and fast, and if multiple some-
what similar views are studied, annotations from one view can be re-used,
reducing the annotation time per intersection.

One limitation of the proposed framework is the tracking algorithm, which
is quite simple in nature. It is known to sometimes make mistakes when
tracks get too close to each other, or if the detector fails to locate an object
for many frames. These flaws could possibly be fixed or reduced by letting a
neural network perform the tracking, but that would require a large amount
of annotated ground-truth tracks for training which take time to produce.
Our implementation requires little to no annotated ground-truth tracks, since
tracking parameters should be mostly transferable between views. Still, it
would be of interest to test and compare different tracking algorithms for
this setting. The modular implementation of STRUDL makes it relatively
simple to replace the current tracking algorithm, should so be needed. An-
other limitation is the lack of uncertainty measures in the STRUDL software.
There is no universally accepted standard for how to measure the certainty
of detections and tracks, but some combination of detection confidence and
the similarities between every track and typical trajectories could probably
be used for this purpose. This is one promising direction for future work.

The implementation of STRUDL is designed with flexibility in mind and
it is our intention to continually improve the software. For example, it would
be useful to have built-in support for computing SMoS, or make improve-
ments to its computer vision algorithms, tracking in particular. We also hope
that other implementations of the proposed framework will arise, to suit the
specific needs of different traffic analysis problems.

5 CONCLUSION

We present the, to the best of our knowledge, first cross-disciplinary frame-
work for automated traffic surveillance analysis to take advantage recent im-
provements in data-driven deep-learning. Through experiments with our
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open-source implementation, STRUDL, we show better results than tradi-
tional systems, while opening new possibilities by providing full trajectories
in world coordinates, allowing arbitrarily complex traffic analysis. Promising
future works includes computing certainty measures and SMoS automati-
cally and improving the stability of tracking.
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1. Introduction

I lobet af de seneste 10 dr er kunstige, neurale netveerk gdet fra at vaere en stovet,
udstedt teknologi til at spille en hovedrolle i udviklingen af kunstig intelligens. Dette
feenomen kaldes deep learning og er inspireret af hjernens opbygning.
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1 INTRODUCTION

Hvordan kan en computer vinde over verdensme- steren i GO, hvor der er
flere mulige kombinationer pa spillepladen end atomer i universet? Hvordan
kan en bil forstd, at der er en fodgeenger foran den og selv bremse?

Svaret pd denne type speorgsmal er intelligente computersystemer, der
leerer ved at analysere data — rigtig meget data. Den nyeste metode indenfor
dette forskningsomrdde kaldes deep learning. Metoden har pa f& ar revolu-
tioneret store dele af forskningsverdenen og er nu pa vej ud i alle grene af
samfundet, hvor den forventes at fa afgerende betydning.

Et gammelt ordsprog siger, at viden er magt! Maske er data et af de
vigtigste elementer i dannelsen af viden, men hvordan man styrer og ud-
nytter data, er endnu vigtigere. Derfor har forskere altid forsegt at udvikle
avancerede mader til indsamling af data for derefter at udnytte det bedst
muligt. For at finde inspiration til at udvikle bedre databehandlingsteknikker
har forskere kigget pa hjernens opbygning og opfersel i hdb om at kunne
opna en forstdelse, der efterfolgende kan implementeres i computere. Dette
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forskningsomrade kendes ogsa som kunstig intelligens. P4 grund af hjernens
komplekse struktur har det altid veeret meget udfordrende at forsta hjernens
grundleggende funktionalitet for derefter at opbygge et hjerne-lignende sys-
tem. P& trods af, at ingenierer leenge har formaet at konstruere systemer, der
kan ef- terligne hjernen ved simple opgaver, sa har forskere stodt hovedet
mod muren, ndr det kom til at konstruere systemer, der er i stand til at lose
mere udfordrende opgaver, for eksempel genkendelse af objekter.

Imidlertid har nylige fremskridt inden for dataindsamling og ra pro-
cesseringskraft gjort det muligt at bygge systemer baseret pa kunstig intelli-
gens, der kan lose komplekse problemer som objektdetektion, genkendelse
og tracking. Systemerne er nu sa gode, at de i nogle tilfaelde klarer sig bedre
end menneskelige eksperter.

Disse systemer bliver traenet ved hjelp af massive datamengder gennem
matematiske algoritmer, der er bedre kendt under paraplybetegnelsen deep
learning. For vi kommer neermere ind pa det, md vi en tur omkring hjernen
for at fa en grundleggende forstaelse af disse systemer.

2 HJERNEN

Hjernen er en af de mest komplekse strukturer, vi kender. Den er opbygget
af 100 milliarder celler kaldet neuroner, og der er cirka samme antal neuroner
i hjernen, som der er stjerner i Meelkevejen. I figur K.1 ses en illustration af
et neuron. Hvert neuron har: Et cellelegeme, indeholdende kernen, som er
neuronets behandlingscenter. Et seet indgangsforbindelser, dendritter, som
bringer signaler fra de andre neuroner til kernen i det nuveerende neuron.
En axon, som overforer resultaterne af behandlingen af indgangssignalerne
i kernen til de neuroner, der er forbundet til det aktuelle neuron via sine
udgangsforbindelser (axonterminaler).

En gruppe af disse sma hjerneneuroner, der er internt forbundet med hi-
nanden, er ansvarlige for at udfere en specifik opgave. For eksempel udferes
matematiske operationer i en bestemt del af hjernen, mens folelser opfattes
af en anden gruppe neuroner. Ved lesning af specifikke opgaver viser de
ansvarlige grupper af neuroner mere elektrisk aktivitet end resten af hjernen.
Disse elektriske aktiviteter skyldes frigivelse af kemiske stoffer mellem neu-
ronerne, der er internt forbundet med hinanden. Hvis summen af kemiske
stoffer ved neuronet er storre end et bestemt niveau, bliver neuronet aktiveret.
I modsat fald forbliver det passivt.

Nér vi som menneske prover at leere en bestemt opgave, for eksempel nar
en baby lerer at g, gennemfores denne leering gennem adskillige forseg.
Under disse forseg leerer hjernen, eller rettere: En specifik gruppe neuroner
leerer, hvordan de skal aktiveres for at udfere den specifikke opgave. Meeng-
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Fig. K.1: Illustration af et neuron, som er hjernens byggesten.

den af de kemiske stoffer, der frigives mellem neuronerne, definerer graden
af forbindelse, ogsé kaldet veegtningen, mellem de tilsluttede neuroner.
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Fig. K.2: Princippet i en kunstig neuron.
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Man kan simulere det biologiske neuron med en matematisk funktion, der
bestar af en lineser kombination af alle inputs til neuronet. Den linezere kom-
bination styres af veegtene af de enkelte inputs. Denne sum af veegtede input
svarer til meengden af de kemiske stoffer, der kommer til et neuron. Derefter
bestemmer en sdkaldt aktiveringsfunktion, om neuronet skal aktiveres eller
forblive passivt. Hvis den veegtede sum er storre end en given greenseveerdi,
aktiveres neuronet. Dette princip er illustreret i figur K.2.

Et kunstigt neuralt netveerk bestar af en kombination af disse kunstige
neuroner i forskellige lag, der er internt forbundet med hinanden gennem
vaegtede forbindelser. Antallet af lag beskriver dybden af netveerket. Man
betegner et neuralt netveerk som dybt, hvis det indeholdertre eller flere lag.

Aktiveringsfunktioner spiller en neglerolle i kunstige neurale netveerk.
Hvis aktiveringsfunktionen udelukkende bestar af linesere funktioner, kan
det kunstige neurale netveerk udelukkende beskrive linezere faenomener, og
dets samlede funktion kan grundleeggende beskrives af én stor matrix. Hvis
aktiveringsfunktionen derimod ikke kan beskrives som en lineser kombina-
tion af dens input, er det kun dybden af det kunstige neurale netverk, der
begraenser kompleksiteten af de funktioner, som netveerket kan beskrive.

3 LZARING

For at leere et kunstigt neuralt netveerk at udfere en specifik opgave kraeves
en leeringsalgoritme, hvis formal er at finde de rette veegte mellem netveer-
kets neuroner. Vaegtene leeres gennem adskillige iterationer, hvor det neurale
netveerk preesenteres for store meengder treeningsdata. Hver enkelt stykke
data er annoteret, det vil sige, at det er parret med den enskede respons
fra det neurale netveerk — for eksempel at et billede af en hund herer til
kategorien “hund”, hvis formalet med det neurale netverk er at genkende
objekter i billeder. Nar billedet er kert igennem det neurale netveerk, giver
netveerket dets bud pa hvilken kategori, billedet tilhorer. Herefter udreg-
nes forskellen mellem det beregnede og det enskede resultat, hvilket kaldes
krydsentropitabet. Det beregnede krydsentropitab fodes herefter bagleens ind
i det neurale netveerk og opdaterer veegtene i retning af det enskede resultat.

I starten resulterer det neurale netveerk ikke i andet end stej. Men ganske
langsomt, iteration for iteration, leerer netveerket at tilpasse sig det pageeldende
treeningsdata. Nar det beregnede resultat konvergerer mod det enskede re-
sultat, er treeningen afsluttet og netveerket er nu specialiseret i at klassifi-
cere dataseettet. Hvis dataseettet indeholder tilstreekkeligt mange annoterede
billeder og er repraesentativt for de enskede kategorier, for eksempel hunde
og katte, har man nu en udmeerket hunde- og kattedetektor.

Et netveerk treenes ved at udregne dets respons for en raekke billeder
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Fig. K.3: Traeningsprocess af et kunstigt neuralt netvaerk.

(grenne pile i figur K.3), hvor vi pd forhand har defineret det enskede resultat
(annoteret data). Forskellen mellem det enskede resultat og det beregnede
resultat beregnes i det sdkaldte krydsentropitab, som fores bagleens gennem
netveaerket for at opdatere dets veegte (rede pile i figur K.3).

To af negleordene bag denne leeringsalgoritme er differentiabilitet og kaedere-
glen for diffentiering af sammensatte funktioner. Alle de neuroner, som et
kunstigt neuralt netveerk er sammensat af, er grundleeggende (stykvist) dif-
ferentierbare funktioner. Det betyder, at vi kan flytte det samlede netveerks
opforsel ved, neuron for neuron, at finde gradienten for den partielt differ-
entierede funktion, opdatere funktionens vaegte pa baggrund heraf, og fere
gradienten videre til de neuroner, som funktionen er forbundet til. Denne
proces gentages for hver iteration, indtil alle neuroner er opdateret.

Klassifikationsresultat

Iterationer

Fig. K.4: Iterativ leering af et kunstigt neuralt netveerk. I starten resulterer netveerket ikke i
andet end stgj, men jo flere annoterede billeder, der keres igennem netveerket, jo bedre bliver
det til at klassificere billeder af hunde som “hund”.
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4 HVORFOR FORST NU?

Kunstige neurale netveerk géar tilbage til 1940’erne. Disse netveerk var imi-
dlertid ikke seerlig populeere i samtiden pa grund af den beregningsmeessige
kompleksitet og manglende treeningsdata.

Den beregningsmaessige kompleksitet skyldes, at et netveerk, der kan lose
praktiske problemer, indeholder mindst tre lag med mange neuroner i hvert
lag, der er internt forbundet med hinanden. Denne type netveerk er kendt
som en Multi-Layer Perceptron (MLP). I en MLP er hvert neuron i et lag
forbundet til alle neuroner i det neeste lag af netveerket, som set i figur K.5.
Dette feenomen, der er kendt som fuldt forbundne netveerk, resulterer i store
matricer, der beskriver veegtningen af neuronernes forbindelser. De store
matricer forer igen til beregningsmeessigt kreevende leeringsalgoritmer, der i
mange ar var for store til, at computere kunne handtere dem. Dette aendrede
sig dog med introduktionen af sdkaldte Graphics Processing Units (GPU) i
1990’erne, som tilbed hurtig og parallel databehandling. Brugen af GPU’er
har gjort det muligt at implementere neurale netveerk i praksis, hvorefter
deres popularitet kun er steget. Faktisk er neurale netveerk nu blandt de
allerbedste veerktojer, der er i stand til at lose meget komplicerede proble-
mer som billedbaseret objektgenkendelse. Denne succes skyldes imidlertid
ikke kun udviklingen af bedre GPU’er, men ogsa tilgeengeligheden af enorme
maengder data.

Lag 1 Lag 2 Lag n

V‘v( \v‘ [ 3 BN ]
DIV
2{»9

IiA
[/\)

Fig. K.5: I et Multi-Layer Perceptron (MLP) netveerk er alle neuroner forbundet til hinanden
imellem lagene.
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Da kunstige neurale netveerk udelukkende kan leere pa baggrund af ek-
sempler, er tilgeengeligheden af eksempeldata kritisk. Jo mere data, jo bedre
er leeringsprocessen. Imidlertid var store databaser ikke sa almindelige for
blot 10 &r siden. Men siden 2010 er enorme databaser gradvist blevet op-
bygget. Et eksempel er ImageNet, der bestér af cirka 14 millioner annoterede
billeder, inddelt i mere end 20.000 forskellige kategorier.

Fig. K.6: Overlejrede annoteringer af objekter i trafikken, hvor hver farve indikerer en kategori.
Denne type data er fx vigtig for treeningen af selvkerende biler.

De fleste billeder i ImageNet indeholder kun én annotering, det vil sige
at hele billedet tilhorer én kategori. En anden og mere omfattende made at
annotere billederne pa er at definere det specifikke omrade i billedet, der
indeholder et givent objekt — for eksempel fodgeengere, cyklister, biler og
trafikskilte, som ses i figur K.6.

5 FRA MACHINE LEARNING TIL DEEP
LEARNING

Traditionelle machine learning-teknikker er baseret pa at udvikle og udvaelge
specifikke karaktertraek, ogsa kaldet features, ved de objekter, man ensker at
finde og genkende. Det har betydet, at forskere tidligere har brugt tid pa
manuelt at definere features, som efter deres vurdering var unikke og gav en
god repraesentation af de enskede objekter.

Til detektion af trafikskilte vil man i traditionel machine learning udveelge
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features, der kan beskrive skiltets cirkuleere form og dets karakteristiske rede
kant. Herefter udveelger man manuelt en eller flere metoder, der kan kon-
vertere de onskede features til en matematisk repreesentation. Disse features
bruges til at treene en machine learning-algoritme, som benytter de udreg-
nede features til at skelne mellem trafikskilte og ikke-trafikskilte.

Til trods for, at det i sidste ende er computerens algoritmer, der udregner
det endelige resultat, indebeerer traditionel machine learning en del manuelt
arbejde med at definere hvilke features, der er relevante. Deep learning har
til forskel fra machine learning ingen behov for menneskelig indblanding
i forbindelse med udveelgelse og udformning af features. Sammenheengen
mellem kunstig intelligens, machine learning og deep learning ses illustreret
ifigur K.7.

Kunstig Intelligens

Enhver teknik, der gor det muligt for
computeren at efterligne menneskelig adfeerd.
Kunstig intelligens refereres ofte til som AI
(artificial intelligence).

Machine Learning

En del af AI, som ved brug af statistiske
metoder kan forbedre maskinens evne til
at udfgre en opgave gennem lzering fra
annoteret data.

Deep
Learning

En undergruppe af ML,
som ved eksponering af
store maengder
annoteret data til multi-
lags neurale netveaerk
kan udfgre en opgave.

Fig. K.7: Sammenheaeng mellem kunstig intelligens, machine learning og deep learning.

Det kraever dog stadig menneskelig indblanding, nar deep learning-netveerkene
skal designes. Det gores for eksempel ved at definere netveerkets storrelse,
det vil sige hvor mange lag, netveerket skal besta af. Workflowet fra mellem
machine learning og deep learning er illustreret i figur K.8.

Et lag bestdr af en reekke funktioner. Den vigtigste funktion i moderne
neurale netveerk er en sakaldt convolution (pd dansk en foldning), og der-
for kaldes disse netveerk ogsd Convolutional Neural Networks (CNN’er).
Convolution er en matematisk operation, der benytter sig af et filter. Fil-
trenes overordnede funktion er at treekke features ud af inputbilledet, og
et moderne neuralt netveerk indeholder rigtig mange filtre, der er grup-
peret i flere convolution-lag. Populeere deep learning-netveerk som AlexNet,
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Traditionel machine learning

_.\.RAI_. _.

Udveelgelse og Machine learning

y » Tike-trafikskilt

. udtraekning Features algoritme til
Inputbillede af features klassifikation Output

Deep learning

‘ m e

Inputbillede Udtraekning af features + klassifikation Output

Fig. K.8: Sammenligning af workflowet for traditionel machine learning og deep learning. I
modseetning til traditionel machine learning kreever deep learning ikke manuel udveelgelse af
features.

VGG, GoogLeNet og Microsoft ResNet er alle CNN’er, og de indeholder
henholdsvis 8, 19, 22 og 152 lag. Et eksempel pd en convolution ses til
venstre i figur K.9, hvor der benyttes et filter af storrelsen 3x3 pixels med
udgangspunkt i den pixel, der er markeret med red ring. Convolution bestar
i, at man anvender 3x3 filteret pa den “rede” centerpixel samt dets nabopix-
els, illustreret med det gra omrade i input- matricen. Den resulterende pix-
elveerdi i outputmatricen opnds ved at gange filterets vaegte pa de tilherende
pladser i inputmatricen for derefter at summere resultatet. Herefter rykker
vi vores 3x3 filter én gang til hejre og gentager udregningen.

Convolution Pooling

Center input pixel

3x3 Convolution

2x2 Max filter
filter med stride 1

med stride 2

Fig. K.9: De vigtigste funktioner i moderne neurale netveerk er convolution og pooling.
Outputtet fra convolution kaldes et feature map, og det er udgangspunk-
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tet for et andet meget anvendt lag i neurale netveerk kaldet pooling, som ses
til hejre i figur K.9. I eksemplet pa pooling bruges her et sakaldt max pooling-
filter med en storrelse pd 2x2 pixels og en stride pa 2 pixels. En stride pa 2
pixels betyder, at vi flytter filteret 2 pixels til hojre efter hver operation. Max-
filteret undersoger alle veerdierne i et 2x2 omrade, tager den hejeste veerdi
heri og smider de ovrige veerdier veek. Den hojeste veerdi udger nu den nye
pixelveerdi i outputmatricen. Denne funktion reducerer sterrelsen pé de fea-
ture maps, der genereres fra convolution-laget, sdledes at man opnar en mere
kompakt repreesentation.

En af arsagerne til, at CNN fungerer si godt, er, at netveerkene selv kan
leere at sammensaette bade simple og komplekse features i deres convolution-
lag — uden at man som operateor specifikt beder dem om at gere sddan. Ek-
sempel pa bade simple sdvel som komplekse features ses i figur K.10.

Inputbillede Convl Pooll Conv2 Pool2 Conv3 Conv4 Conv5

227x227x3 55x55x96 ) 27x27x96 ) 27x27x96

Conv1l Conv2

Fig. K.10: Eksempel pa et AlexNet-inspireret neuralt netveerk med 5 convolution-lag og 2
pooling-lag samt dertil herende leerte features for hvert convolution-lag (everst). Conv-lagene
@ndrer sig gradvis fra at veere ret genkendelige omrids af bilen i conv1 til mere komplekse
strukturer i conv5, som knap nok er genkendelige for det menneskelige gje. Den nederste del
af figuren visualiserer, hvad 1 tilfeeldigt udvalgt feature-map i hvert af de 5 convolution-lag
reagerer pa i billedet. Conv1-features repraesenterer kanter og farveforskelle i forskellige ret-
ninger, mens de senere convolution-lag repraesenterer komplekse, specialiserede menstre.

6 IKKE BEGRZAENSET AF MENNESKELIGE
SANSER

Det ser i store treek ud til, at deep learning og kunstige neurale netveerk
virker som hjernen ved lesning af bestemte opgaver. Det betyder, at kunstig
intelligens i princippet vil kunne klare det samme som et menneske. Poten-
tialet er dog endnu sterre for den kunstige intelligens, da dets input ikke
er begreenset til de menneskelige sanser, men vil kunne opfatte verden gen-
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nem et utal af sensorer og have adgang til ufattelige meengder information.
For at na sa langt kreeves der dog betydelige fremskridt indenfor udvikling
af leeringsalgoritmer og handtering af information. Pa vejen dertil vil deep
learning eendre fremtiden i mange forskellige applikationer og sektorer, fra
sikkerhed og finans til medicin og transport. Vi er glade for at veere en del af
dette speendende eventyr.
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1. Folkemedet

1 FOLKEMODET

Since 2011 Bornholm has hosted Folkemedet, directly translated to "The Peo-
ples Meeting", which is a yearly recurrent event lasting four days, with po-
litical debates, happenings, and concerts. All the Danish political parties
are invited to the event in Allinge and is given the opportunity to hold a
major speech for the people. Beside the major speeches, there are a lot of
open debates and discussions, which allow people to ask questions directly
to politicians and experts.

As the admission is free, the meeting attracts a lot of different peoples,
which makes it an obvious opportunity for companies, entrepreneurs and
the likes to acquire information about what is stirring by engaging and par-
ticipating in relevant debates. This is supported by the number of visitors,
which reached a record high of 113,000 people visiting the meeting across the
four days in 2018. A graph showing the estimated number of visitors every
year since the beginning in 2011 can be seen in Figure L.1'.

120

100

Participants x1000
@
3

2011 2012 2013 2014 2015 2016 2017 2018
Year

Fig. L.1: Graph showing the increase in participants over the years.

1.1 The Role of the University

The meeting offer the university a great opportunity to debate with people
and politicians about the future technologies and how they may impact us.
This includes the many aspects of computer vision, which is incorporated in
more and more applications that people encounter every day. In most cases
people without a technical background is not aware of where the technology
is moving, what it can be used for and why it is important to pay attention.
The universities are obligated to inform people about the new technolo-
gies and Folkemedet is an obvious opportunity to do so. The meeting attracts
people that comes from all walks of life, which opens for a variety of discus-
sions about ethics, problematics and opportunities. Furthermore, the meeting

lh’ct-ps: / / folkemoedet.dk
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has a high potential for promoting the engineering work conducted by the
universities by showing off systems and applications in a digestible way. An
example is shown in Figure L.2, where Malte Pedersen is explaining a group
of listeners how deep neural networks can be used to detect objects in im-
ages, while a live demonstration is running on a monitor just outside of the
photograph.

Fig. L.2: The stand of Aalborg University inside the Techtunnel, where Malte Pedersen de-
scribes how object detection works. Furthermore, a man is investigating whether the system is
capable of detecting his key-hanger.

2 TECHTUNNEL

The meeting is split into several areas, that hosts different types of events
and the main road of Allinge links them. However, as Allinge is a small
city with only around 2,000 permanent residents, the regular infrastructure
was estimated not to be sufficient to handle all the visitors. Therefore, the
organizers of Folkemeodet asked Aalborg University to create something that
would draw people to use a shortcut between two of the major areas in order
to reduce the traffic on the main road. The location of the roads and areas
are illustrated in Figure L.3.

In order to attract people to drop by the Aalborg University stand, a large
tunnel, known as the Techtunnel, was built on a pathway between two of
the main areas. The tunnel was designed and created by Poul Lund using
reusable bamboo-sticks held in place by custom made iron-racks and roofed
with fire-resistant heat shrink plastic. The use of bamboo as a fundamental
part was intended as the tunnel itself should represent a proposition of how
the future includes both state-of-the-art technologies and traditional organic
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2. Techtunnel

Fig. L.3: Overview of the two major areas, A and C, and the location of the shortcut and Tech-
tunnel.

materials, such as the strong and eco-friendly bamboo. An image of the
entrance to the tunnel can be seen in Figure L.4.

Fig. L.4: Entrance to the bamboo tunnel seen from area C.

Two monitors were placed in the tunnel as visual attractions and each of
the them were connected to a computer and a webcam. The black rectan-
gles connected to the camera-icons in Figure L.5 illustrate the placement of
the monitors and cameras, respectively. When going from area C to area A,
the visitor will see a monitor to the left of the entrance, which detects objects
caught by the webcam. Moving further down the tunnel, another monitor ap-
pears which shows a single number representing the total amount of visitors
that has passed through. Both systems will be described in further details in
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Section 3.
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Fig. L.5: Setup of monitors and webcams.

Finally, the tunnel was also covered with RGB LED strips on the inside,
which slowly faded through various colors to create a cozy atmosphere. The
images presented in Figure L.6 shows the tunnel an evening seen from both
ends. From Figure L.6a it can be seen that the tunnel was also a popular
attraction in the evening, even though the monitors were turned off.

(a) Entrance from area C. (b) Entrance from area A.

Fig. L.6: The Techtunnel seen from both ends in the evening.

3 COMPUTER VISION APPLICATIONS

The technical research conducted on the universities may be difficult to com-
prehend for people without technical knowledge. Therefore, a part of the
project was to come up with ways to present complicated image processing
software in a compelling and comprehensive way.
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3. Computer Vision Applications

Two applications were made for the meeting, and the main prerequisite
for both were some kind of interaction between the user and monitor. Both
applications will be described briefly in the following sections.

3.1 Object Detector

The main attraction was an object detector based on the YOLOv3 deep neural
network, which was used to analyze images in real-time from a webcam
mounted above the monitor. When people walked into the tunnel and looked
at the monitor, they would see them self being classified as a "Person” by the
system. The network was trained to recognize 80 different items, so if the
person had a backpack, a glass of beer, a bottle of water or another of the
classes known to the network, they would be classified as well. An example
can be seen in Figure L.7, where an image has been taken of the monitor
while the system is running. Several people and objects are being recognized
by the system illustrated by the labelled boxes surrounding the respective
items.

Fig. L.7: Picture of the system detecting a bottle, a dining table, and several persons.

The fact that people could see them self on the screen created an instant
attraction for some and provocation for others and both were obvious oppor-
tunities to explain the listener how the system works and go into discussion
about the pros and cons. As people recognize these types of systems from
crime-series, movies and surveillance they are fast to join the conversation
and may have positive or negative experiences and meanings they want to
share and discuss.
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3.2 People Counter

The second attraction was a people counter, which showed an estimate of the
total number of visitors, that had passed through the tunnel. The webcam
used for monitoring people was placed in the ceiling in the center of the tun-
nel, pointing towards area A as illustrated in Figure L.5. When people walked
through the tunnel, the system would detect and track each individual, count
them and increment the counter on the monitor accordingly.

The detection module was based on the YOLOv3 deep neural network
and a Kalman filter was used to assist keeping track of the detections to
avoid the same individual being counted more than once while being inside
the field of view. An image of the monitor and people walking by it can be
seen in Figure L.8.

Fig. L.8: Picture of the people counter showing that a total of 23537 people had walked
through the tunnel.

During the meeting, the people counter would log the amount of visitors
every 5 minutes. A graph showing the increase of visitors over time is pre-
sented in Figure L.9. The graph has date and time on the horizontal axis and
the total amount of visitors on the vertical axis. The blue and red regions are
the on- and offline periods, respectively. It should be noted that both systems
were shut down and locked up every night and no data was recorded on
Sunday.
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4. Outcome

Techtunnel people counter
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Fig. L.9: Graph showing the total amount of visitors over time. The blue and red regions show
the on- and offline periods, respectively.

4 OUTCOME

Throughout Folkemgdet the Techtunnel gathered attention from a lot of peo-
ple. Even in the days before the meeting began, the local tv-station TV2 Born-
holm visited the tunnel to make a piece about the risk of fire when mounting
the shrink plastic and how the object detection worked?. As the meeting be-
gan the national news station TV2News dropped by to make a piece about
Engineer the Future, which was a gathering of engineering sections from sev-
eral institutions and universities. The journalist went through several of the
other technologies but finished the piece with a several minutes long inter-
view of Morten Borne Jensen, who explained how the technologies behind
the object detection and people counter worked. During the meeting several
people mentioned that they had seen the tunnel in either TV2Bornholm or
TV2News and dropped by to see it.

Throughout the entire meeting people visited the tunnel, used it as a
shortcut or dropped by to get a status on how many people had went through
the tunnel. Due to the tunnel being totally custom made in bamboo, steel,
and concrete it differed from all the other tents and structures, which re-
sulted in many comments and discussions about innovation, sustainability
and creativity. Both seniors, kids, and adults asked questions about the tech-
nologies and they came from all social classes, so the debates and discussions
varied and were in almost every case rewarding for both parts. All in all, an
estimated 25,000 people went through the tunnel during the time the sys-
tems were running and there were never more than a few minutes without
questions or discussions.

Zhttp:/ /play.tv2bornholm.dk/?area=specifikTV&id=747324
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