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Abstract

This thesis focuses on advancing the use of computer vision in underwater

environments, specifically in the areas of multi-object tracking, dataset de-

velopment, and re-identification. The work revolves around three aspects

of underwater research, namely: behavioral analysis of fish in a controlled

aquarium setup, detection and tracking of marine organisms in the wild, and

long-term monitoring of fish in the wild based on re-identification.

The first part of the thesis focuses on stereo camera calibration and tracking

of multiple fish in an aquarium. An objective comparison of three common 3D

reconstruction procedures was conducted, evaluating their flexibility, ease of

use, and precision. Our findings revealed that the optimal approach consisted

of an independent calibration of the intrinsic and extrinsic camera parameters

while using ray tracing and Snell’s law to account for refraction during recon-

struction. We actively used this procedure to accurately reconstruct the 3D

positions of zebrafish as part of a novel 3D multi-object tracker which we eval-

uated on the first ever publicly available underwater 3D multi-object tracking

benchmark dataset. Additionally, we proposed an occlusion complexity esti-

mation metric as an alternative to the conventional and misleading ’number of

objects’ to describe the difficulty of tracking multiple zebrafish. Building upon

the occlusion complexity estimation metric, further advancements were made

in evaluating multi-object tracking sequences in a broader sense. This resulted

in the development of the objective and accurate multi-object tracking dataset

complexity metric named MOTCOM.

In the second part of the thesis the research revolves around an underwater

camera system mounted in a local Danish strait to record marine organisms

in the wild. This led to the creation of a publicly available bounding box

annotated underwater object detection dataset captured in an environment

with varying visibility. This was later on expanded with additional sequences

and multi-object tracking annotations. State-of-the-art detectors and trackers

were fine-tuned and evaluated on the datasets to provide baselines to promote

further research in the field. Additionally, we proposed a framework for gen-

erating realistic synthetic sequences of multiple fish exhibiting social group

behavior and investigated ways of using synthetic data for training a tracker.
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Abstract

Lastly, based on the experience gained from developing our datasets we pre-

sented critical factors to consider for optimizing data collection in challenging

underwater environments.

In the context of re-identification, a pipeline based on keypoint matching

was proposed for identifying giant sunfish. The main advantage of the solu-

tion is that it consists of common algorithms configured with default settings,

meaning that it requires no training or parameter fine-tuning. We found that

a state-of-the-art deep learning based keypoint descriptor outperformed tra-

ditional handcrafted features descriptors with respect to the re-identification

task. To enhance the performance of the pipeline, we introduced a contrast en-

hancement module. It not only offered practical utility but also improved the

performance of the handcrafted feature descriptors. Furthermore, a solution

for easing manual verification through image alignment based on homogra-

phy estimation was presented. Lastly, the limitations of ranked list outputs in

re-identification systems were discussed, and a binary classification approach

was suggested, effectively reducing the number of false positives.

Together, this thesis contributes to the advancement of computer vision in

underwater environments, providing valuable insights, benchmark datasets,

metrics, and practical solutions for a variety of applications in the field.
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Resumé

Denne afhandling fokuserer på at fremme anvendelsen af computer vision i

undervandsmiljøer, specifikt inden for områderne multi-objekt tracking, ud-

vikling af datasæt, og re-identifikation. Arbejdet handler hovedsageligt om

automatisering af tre aspekter af undervandsmonitorering: adfærdsanalyse af

fisk i et kontrolleret miljø, monitorering af marine organismer i deres naturlige

omgivelser, og langvarig overvågning af vilde fisk.

Den første del af afhandlingen fokuserer på kalibrering af et stereo-kamera

system og 3D tracking af fisk i et akvarium. Vi foretog en objektiv sammen-

ligning af tre typiske 3D-rekonstruktionsmetoder, hvor de blev vurderet på

deres fleksibilitet, brugervenlighed, og præcision. Resultaterne viste, at den

optimale tilgang indebærer en separat kalibrering af kameraernes intrinsiske

og ekstrinsiske parametre, samtidig med at der tages højde for refraktion ved

hjælp af ray-tracing og Snells lov under rekonstruktionsdelen. Denne proce-

dure blev aktivt brugt til at rekonstruere 3D-positioner af zebrafisk som en del

af vores 3D multi-objekt tracker, som vi evaluerede på det første undervands

3D multi-objekt tracking benchmark dataset som vi publicerede sammen med

trackeren. Derudover foreslog vi en metode til at estimere sværhedsgraden

af okklusion i multi-objekt tracking sekvenser som et alternativ til den kon-

ventionelle og misvisende ’antal objekter’, der typisk bruges til at beskrive

sværhedsgraden af at tracke flere objekter. Gennem yderligere arbejde på es-

timering af kompleksiteten i multi-objekt tracking sekvenser lykkedes det os

at udvikle tre objektive metrikker til at beskrive sværhedsgraden af okklusion,

visuelle ligheder mellem objekter, og objekternes bevægelsesmønstre. Dette

resulterede i det første objektive og præcise kompleksitetsmål til at beskrive

sværhedsgraden af multi-objekt tracking datasæt, kaldet MOTCOM.

I anden del af afhandlingen er omdrejningspunktet et undervandskam-

erasystem, der har været monteret i Limfjorden i en længere periode for at

optage marine organismer i deres naturlige miljø. Dette ledte til udviklingen

af et offentligt tilgængeligt datasæt med bounding box annoteringer af ma-

rine organismer optaget i varierende sigtbarhed. Dette datasæt blev senere

udvidet med yderligere sekvenser og multi-objekt tracking annoteringer. Vi

fintunede og evaluerede nogle af de nyeste detektorer og trackere på disse
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Resumé

datasæt for at præsentere et udgangspunkt for yderligere forskning inden for

feltet. Derudover præsenterede vi et framework til generering af realistiske

syntetiske sekvenser af fisk, der udviser social gruppeadfærd, og vi undersøgte

måder at bruge syntetisk data til træning af en tracker. Endelig, baseret på den

erfaring vi har fået gennem udviklingen af vores datasæt præsenterede vi et

sæt af kritiske faktorer, der bør tages højde for, for at optimere dataindsamling

i undervandsmiljøer.

I den sidste del af afhandlingen præsenteres en pipeline for re-identifikation

af klumpfisk baseret på keypoint matching. En af fordelene ved vores løsning

er, at den består af nemt tilgængelige algoritmer konfigureret med standard-

indstillinger, hvilket betyder, at den kræver hverken træning eller finjustering

af parametre. Vi kom frem til at en deep learning-baseret keypoint deskriptor

præsterede bedre end traditionelle håndfremstillede deskriptorer i forhold til

re-identifikationsopgaven. For at forbedre ydeevnen af vores pipeline intro-

ducerede vi et kontrastforstærkningsmodul. Det betød ikke blot en forbedring

til den praktiske anvendelse af algoritmen, men forbedrede også resultaterne

af de håndfremstillede deskriptorer. Derudover præsenterede vi en løsning

til at gøre den manuelle verifikation lettere ved hjælp af en projektering af

billederne baseret på homografiestimering. Til sidst, blev begrænsningerne

ved rangerede lister som output i re-identifikationssystemer diskuteret, og der

blev foreslået at anskue problemet som værende binær klassifikation udfra om

to billeder viser samme individ eller ej, hvilket effektivt reducerer antallet af

falske positiver.

Samlet set bidrager denne afhandling til fremskridt inden for computer

vision i undervandsmiljøer ved at levere værdifulde indsigter, benchmark-

datasæt, metrikker, og praktiske løsninger.
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1





Chapter 1

Introduction

As the world’s population continues to grow, the demand for sustainable food

sources is increasing [21]. More than a third of the world’s population is located

at or near coastal areas and many people depend on fish as their primary

source of protein [2]. Technological advancements in the fishing industry,

such as more efficient and effective fishing gear, have made it easier to catch

larger quantities of fish. The increase in fishing has led to concerns about

overfishing, depletion of fish populations, and potential negative impacts on

marine ecosystems across the globe [20]. Concerns for the impact of overfishing

continues to grow and with it a rising demand for enhanced monitoring to

enable effective regulation and ensure restoration and conservation of fish

populations and ecosystems.

Apart from the growing population and demand for food, the world is

also struggling with climate change, characterized by a rise in temperatures,

pollution, and other related problems [20]. This has led to a need for enhanced

monitoring and analysis of various environmental factors to better understand

the implications of these changes on marine ecosystems. The urgency of this

need has been brought to the forefront in recent years with the introduction of

the United Nations’ fourteenth Sustainable Development Goal (UN SDG #14)

Life Below Water [19] and as the scale and impact of the climate crisis become

increasingly apparent to people. As a result, there is a growing interest in

developing new tools and technologies for monitoring and analyzing marine

environments.

However, assessing the state of marine environments is a multifaceted

process, which varies depending on the situation and may entail everything

from sonar monitoring to dissection of organisms [12, 18]. In recent years, the

utilization of computer vision has gained attention due to the emergence of

cheaper, smaller, and better underwater cameras [11]. This method provides

a non-intrusive solution for detecting and tracking marine organisms in their
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Chapter 1. Introduction

natural habitats, as opposed to traditional techniques which often involve

catching and potentially hurting the organisms. The purpose of this thesis is to

explore and advance the field of computer vision in underwater environments

by addressing the overall research question: What are the limitations and

challenges associated with detecting and tracking fish in diverse underwater

environments using computer vision, and how can they be overcome?

1 Data: The Oxygen of Machine Learning

The widespread availability and affordability of powerful hardware has led to

a steep increase in popularization of computer vision and machine learning

during the past decades. These technologies have transitioned from being

mostly used in the industry and academia to becoming a pervasive part of our

daily lives. Tasks that were once achievable only by trained professionals using

sophisticated computer systems are now becoming routine and accessible to

anyone with a smartphone or tablet.

A major driver for reaching this point was the development of the novel

deep learning architecture behind AlexNet [9] in 2012. AlexNet exhibited a

superior level of performance in image classification in comparison to other

contemporary approaches and it is widely regarded as one of the catalysts

for the deep learning era that followed and which has lead to significant

improvements within nearly every sub-field of computer vision and machine

learning. Another event a few years earlier that was potentially as significant,

if not more so, was the creation of the ImageNet [4] dataset, consisting of

more than a million labeled images, which provided the necessary large-scale

training data required for training deep neural models like AlexNet. Together,

these breakthroughs sparked a rapid development in deep learning research,

and have since enabled remarkable progress in various other fields such as

natural language processing, speech recognition, and robotics, to name a few.

It is essential to underscore that the unprecedented performance demon-

strated by AlexNet for a large part owes its existence to ImageNet. Beyond cat-

alyzing a substantial proliferation of deep learning research, ImageNet spurred

a corresponding surge in the domain of data acquisition, labeling, and synthe-

sizing, which has lead to the development of an increasing number of large

labelled datasets like MS COCO [10], Places [23], KITTI [6], MegaFace [8], and

more [1, 3, 5, 7, 22, 24]. The abundance of data has been a key factor in the matu-

rity of fields like image classification, facial recognition, autonomous driving,

and surveillance. However, the same rapid advancement has not been proven

within less popular fields, like marine monitoring, where annotated data has

not been readily accessible or easily acquired. The number of labelled under-

water image datasets is generally scarce and the datasets are small compared

to their terrestrial counterparts [15].
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2. Charting the Course: Thesis Structure

Only recently has the notion gained traction that the ocean’s resources are

not infinite and require careful conservation and nurturing, which calls for

large-scaled and long-term monitoring. And although the majority of the

Earth’s surface is covered in water, and many people rely on it as a source

of sustenance, it remains an extremely inhospitable environment for humans

to navigate. Unlike the terrestrial domain where people can capture beauti-

ful images and videos simply using their phone, acquisition of high quality

underwater data requires specialized equipment and significant planning.

Moreover, annotating marine data is often a complex process, as underwater

images are typically subject to turbidity, sub-optimal lighting, and challenging

scenes. In addition to these technical challenges, the unpredictable nature of

marine environments can make it a difficult and time-consuming task to cap-

ture images of interest. As a result, the development of comprehensive and

diverse underwater image datasets remains an ongoing challenge.

2 Charting the Course: Thesis Structure

A focus of this thesis is development and utilization of computer vision al-

gorithms for monitoring marine life in the wild. However, jumping straight

into deep water without proper preparation is not advisable. As a precaution-

ary measure, we adopt a step-by-step approach by starting with a controlled

aquarium environment to gain knowledge. Next, we take a dive into shallow

local waters to monitor marine life in the wild, and, finally, we extend our

scope to deep international waters with long-term monitoring of fish. The

limitation in underwater datasets is evident in this thesis as suitable datasets

were not publicly available; instead, new datasets were designed, acquired,

and annotated during the course of the research.

As briefly mentioned, the thesis is structured into three chapters, each

exploring distinct aspects of underwater monitoring. Each chapter contains

related work, which is integrated within the body text to maintain an engaging

reading experience, and concludes with its own list of references.

The first part, presented in Chapter 2, centers on behavioral analysis of fish

through 3D multi-object tracking in a controlled environment. The second

part, presented in Chapter 3, delves into detection and tracking of multiple

marine organisms in the wild. In the final part, presented in Chapter 4, the

focus is on long-term monitoring of giant sunfish using re-identification. An

overview of the chapters and the associated papers is presented in Figure 1.1.

The arrows in the figure indicate direct influence from previous work, e.g., the

findings in Paper A laid the foundation for parts of the work in Paper B; this

will be elaborated in the respective chapters. A brief introduction to each of

the papers is presented below.
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Chapter 1. Introduction

Fig. 1.1: The three boxes contain the titles of the papers that lay the foundation for the respective

chapter indicated by the title above the box. The arrows illustrate direct influence by prior work.

Chapter 2: Tracking Multiple Fish in a Controlled Environment

We conducted three related studies on 3D multi-object tracking (MOT) of

fish. In Paper A, we identified the three most commonly used methods for

calibrating stereo cameras for underwater 3D reconstruction and conducted

the first objective comparison between the methods with respect to flexibility,

ease of use, and precision. Next, in Paper B, we developed a benchmark

dataset for stereo-based 3D multi-object tracking of zebrafish in a controlled

aquarium environment as illustrated in Figure 1.2. We used the knowledge

gained from Paper A to design the hardware setup and as part of our baseline

3D multi-object tracker. Through our work with the zebrafish dataset, we

discovered that there was no effective method for estimating the complexity

of MOT sequences. This lack of metric obstructs creation of ’fair’ data splits

and complicates objective comparison between datasets and, thereby, trackers.

Therefore, in Paper B we also developed a novel occlusion-based metric to

estimate the complexity of 3D fish sequences, as we deemed occlusion to be

the largest hindrance for fish tracking. In Paper C, we expanded the work on

estimating sequence complexity by proposing a MOT complexity metric, that

generalizes to other types of MOT datasets. The metric is based on the level of

occlusion, non-linear motion, and visual similarity in the sequences.

t t+10 t+20 t+30

t t+10 t+20 t+30

t+40

t+40

Fig. 1.2: Cut-out examples from the 3D zebrafish tracking dataset proposed in Paper B and the

stereo setup used to record the dataset. The figure is from [14], Paper B, © 2020 IEEE.
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2. Charting the Course: Thesis Structure

Chapter 3: Monitoring Marine Organisms in the Wild

In this part of the work, we moved from a controlled laboratory environment

and into local coastal waters to focus on detecting and tracking marine or-

ganisms in the wild. This led to three publications beginning with Paper D,

in which we presented a custom-made camera setup with artificial lights de-

signed for capturing video sequences in turbid water with strong currents.

The setup was mounted nine meters below surface and it recorded video se-

quences for two years laying the foundation for the Brackish dataset, a publicly

available object detection dataset with annotated bounding boxes. A frame

with bounding box annotations from the dataset is presented in Figure 1.3.

Fig. 1.3: A frame from the Brackish

dataset [13] without and with bounding box

annotations drawn around the fish. The an-

notations were updated to include ID’s in

the BrackishMOT dataset [16]. The figure is

adapted from [13], Paper D, © 2019 IEEE.

In Paper E, we expanded upon the Brack-

ish dataset by adding nine new fully an-

notated sequences focusing on schools of

fish. Additionally, the ground truth an-

notations of all the sequences were im-

proved with IDs to enable multi-object

tracking of marine organisms in the wild.

We utilized the MOTCOM metric, pro-

posed in Paper C, to design the train and

test splits to ensure a fair distribution of

sequences with respect to complexity.

Data acquisition in underwater en-

vironments is notoriously difficult and

during development of our underwa-

ter camera system we discovered a gap

in the existing literature on guidelines

for conducting long-term underwater

recordings and the precautions to take.

Therefore, the experience we gained

from designing, mounting, and record-

ing data in a harsh brackish environment

serves as the basis for Paper F, which is

an essay that describes general factors to consider when collecting data in

marine environments.

Chapter 4: Long-term Monitoring of Giant Sunfish

Lastly, we steer into international waters, more specifically Indonesia, where

we investigate the problem of monitoring individual giant sunfish across years

by re-identifying them based on their unique patterns. Despite its large

size, the giant sunfish is elusive and rarely seen. However, they periodically

visit coastal areas near Bali in Indonesia and are therefore occasionally pho-
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tographed by amateur divers. These images are the basis for on-going research

on the state of the giant sunfish and how it is affected by climate change, visits

from curious divers, and much more. The images are gathered continuously

and stored in a database named ’Match My Mola’, which currently holds a few

thousand images. The re-identification procedure is currently done manually

by trained volunteers through visual inspection as illustrated in Figure 1.4 and

this is an extremely time-consuming and tedious task. Therefore, in Paper G

we introduce a novel and effective method for recognizing individual giant

sunfish based on keypoint matching which requires no training or fine-tuning.

In Paper H, we build on top of our previous work, by proposing an enhanced

version of the method, and evaluate its performance on two additional datasets

of patterned animals. Our results demonstrate the method’s generalizability

and potential for wider applications based on its ranking capabilities. How-

ever, despite that a ranked output is common in academia, it is not necessarily

practical for real-life applications where it is not trivial to decide the number

of proposed matches to manually verify. To address this issue, we propose

an alternative binary output module for the pipeline that states whether two

images depict the same individual. This approach is expected to be more

suitable for a human-in-the-loop system in which efficient manual verification

is critical.

Fig. 1.4: Currently, marine researchers manually re-identify Giant Sunfish by comparing the

unique patterns on their bodies. The figure is from [17], Paper H.

Final Remarks

In the following three chapters of Part I we will dive deeper into the work and

findings that have been made throughout this project. Every chapter concludes

with a summary that emphasizes the main contributions accompanied by a

discussion of possible future research directions. This is followed by a Part II,

which is a collection of the papers that laid the foundation for the findings.

I hope you will enjoy reading the thesis and maybe learn a bit on the way.
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Chapter 2

Tracking Multiple Fish in a
Controlled Environment

Fig. 2.1: An overview of the papers lay-

ing the foundation for the findings in

this chapter.

Behavioral analysis of animal models, such

as the zebrafish, plays an important role in

a wide variety of applications ranging from

development of drugs to monitoring the state

of ecosystems [24, 26, 38, 66]. By analyz-

ing the behavior of animals, insights can be

gained into how environmental factors, such

as pollution or habitat degradation, impact

the overall health of an ecosystem. This in-

formation can be used to inform conserva-

tion efforts and guide policy decisions aimed

at protecting and preserving fragile ecosys-

tems. Additionally, the use of computer vi-

sion in behavioral analysis of animal models

allows for objective and scalable experiments

to meet the rising demand for large-scale studies [64].

The focus in this chapter is on tracking multiple zebrafish in a controlled

environment. An overview of the papers that lays the foundation for the

findings in the chapter can be found in Figure 2.1.

1 Laying the Foundation for Precise Underwater 3D
Reconstruction of Fish Trajectories

Despite a controlled aquarium environment, it is a complicated task to accu-

rately track multiple similarly looking, erratically moving, and social fish [40].
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Chapter 2. Tracking Multiple Fish in a Controlled Environment

The first step is to identify an optimal hardware configuration for the aquarium,

camera, and light. Solutions for automated behavioral analysis has typically

been developed for terrestrial animals like mice or aquatic organisms in shal-

low water [19, 43, 47, 53, 56] and has focused on tracking objects in 2D using

a single camera. However, 2D solutions are not capable of capturing all the

relevant motion patterns exhibited by fish as their natural habitats allow for

movement in three dimensions [25]. Therefore, an aquarium that allows the

fish to swim freely is a prerequisite for conducting meaningful behavioral anal-

ysis of fish [36]. Furthermore, in order to estimate the 3D trajectories of the

fish, depth information is necessary.

Choosing a Suitable Sensor Setup

There exists a range of sensors and methods for acquiring depth informa-

tion including structured light, time-of-flight, and stereo vision. Relying on

a single depth sensor to capture swimming fish can lead to complete occlu-

sion of objects if the fish swim in front of each other, which is likely due

to the social behavior of zebrafish. A way to address this issue, is to use a

Fig. 2.2: Illustration of our stereo setup

with orthogonal views. The rod with

the two balls is used for evaluating the

calibration procedures and will be ex-

plained in more details. The figure is

from [46], Paper A, © 2018 IEEE.

stereo setup with two cameras and a wide

baseline that captures the fish from approx-

imately orthogonal viewpoints, as shown in

Figure 2.2. With this setup, if an object

is occluded in one view, there is a chance

that it is still visible in the other. This re-

duces the likelihood of complete occlusion,

which is commonly considered to be the

most critical problem for tracking algorithms

to handle. The advantages of multi-camera

stereo setups are highlighted in the litera-

ture, where it is the most used setup for

tracking fish in 3D in controlled environ-

ments [10–12, 42, 48, 59, 65, 68]. Therefore,

we also choose to use this setup.

Refraction

When the subjects are submerged in water one must consider the effect of

refraction, which is when light waves change direction as they move between

two media as illustrated in Figure 2.3. Refraction can be described through

Snell’s law which is given by

sin𝜃1

sin𝜃2

=
𝑣1

𝑣2

=
𝑛2

𝑛1

(2.1)
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Trajectories

“where 𝜃 is the angle between the surface normal and the light ray, 𝑣 is the velocity of
light, and 𝑛 is the refractive index of the respective medium” - from [46], Paper A,

© 2018 IEEE.

Fig. 2.3: Illustration of the an-

gular change of light due to

the movement between two

transparent media with dif-

ferent refractive indexes.

This phenomenon complicates the task of obtaining

accurate 3D information from depth sensors. Sub-

merging the cameras into the water will reduce some

of the distortion caused by refraction. However, it

will lead to blind spots where the fish are able to

hide, e.g., behind or beside the camera, and the fish

may feel threatened or attracted by the intrusive cam-

eras, resulting in undesirable behaviors. Addition-

ally, there will still be a need for calibration in order

to acquire accurate depth estimations. Therefore, in

most cases it is far from optimal to place the cameras

in the water.

The other possibility is to place the cameras out-

side the aquarium. This induces a stronger distortion

caused by refraction as it introduces additional tran-

sitions when the light travels from the water through

the aquarium wall and into air before reaching the

lens of the camera. However, due to the relatively

thin walls in smaller aquariums the impact of the glass/acrylic medium is

negligible and can be discarded [63]. The refraction between air and water still

needs to be taken into account, though, in order to obtain accurate measure-

ments [73]. We choose to place the cameras outside the aquarium to avoid the

aforementioned negative consequences of occlusion and intrusion associated

with submerging the cameras into the water.

Calibration Procedures

Broadly speaking, there are two categories of calibration procedures used

to deal with refraction: relying on the camera model to indirectly absorb

the transformations caused by refraction or explicitly taking refraction into

account [7, 63].

In the first category the simplest approach is to rely on the single viewpoint

(SVP) camera model and calibrate the camera following Zhang’s camera cal-

ibration method [79], which is included in most image processing toolboxes.

Zhang’s method is based on capturing images of a planar object (typically a

checkerboard) with known dimensions and solving a system of linear equa-

tions that relates known 3D point correspondences, such as corners, on the

object, with 2D points found in the image. Typically, around 20 images are

captured of the checkerboard placed in different positions, orientations, and

distances to the camera. By moving the checkerboard in air this procedure

13



Chapter 2. Tracking Multiple Fish in a Controlled Environment

can provide both the intrinsic and extrinsic camera parameters. However, this

approach does not in any way account for refraction, therefore, a slightly more

advanced procedure is to submerge the checkerboard into the aquarium while

capturing the calibration images [8, 48, 57]. The 3D reconstruction accuracy is

heavily dependent on the quality of the images of the checkerboard as well as

the localization of the 2D-3D point correspondences. Additionally, the cam-

eras must be re-calibrated if they are moved, which is time-consuming and

tedious.

In the second category, refraction is taken into account by modelling the

physics that causes the light to change direction as it moves between media [63].

In the field of 3D reconstruction of fish trajectories the procedure is typically

to compute the intrinsic parameters of each camera through in-air calibration,

e.g., following Zhang’s method. Subsequently, refraction is considered by esti-

mating the path of the light based on the placement of the cameras with respect

to the aquarium and using Snell’s law to account for the light’s angular change

between the media [9, 23, 42, 70, 72]. The extrinsic parameters are estimated in

order to establish a correspondence between the cameras and the aquarium in

a shared world-space. If the intrinsic parameters are known, the extrinsic pa-

rameters can be found by solving the perspective-n-point (PnP) pose problem

from a set of fixed calibration points on the aquarium. A flexible setup can be

achieved by separating the computation of the intrinsic and extrinsic param-

eters. This allows for moving the cameras or changing the aquarium without

having to re-calibrate the intrinsic parameters, it merely requires a single im-

age of the fixed calibration points on the aquarium (e.g., the corners) in order

to re-establish the world-to-image (3D-2D) relationship [46], as explained in

Paper A. With the intrinsic and extrinsic parameters in place, the final steps

involve projecting the 2D image point into a ray, identify where it intersects

with the aquarium wall, and use Snell’s law to compute the angular change of

the ray between the two media. This procedure is done for both cameras and

the 3D position is estimated from triangulation of the two refracted rays. A

simplified overview of the steps from camera calibration to triangulation are

illustrated in Figure 2.4.

Comparing the Calibration Procedures

There are pros and cons of both types of calibration procedures, but they

have not been quantified in the literature. Therefore, in Paper A, we propose

an evaluation procedure based on manually moving a rod with two brightly

colored balls around an aquarium and subsequently estimating the distance

between the two balls, see Figure 2.2 for an illustration of the rod. The dif-

ference between the true and estimated distance between the balls is used to

estimate the precision of the 3D reconstruction method. We evaluate the three

calibration procedures described previously, namely:
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Trajectories

Cam2
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Fig. 2.4: “Illustration of the five 3D reconstruction steps. 1. Camera calibration 2. Projecting a 2D point
into a ray 3. Identifying the plane-ray intersection 4. Calculating the refracted rays 5. Triangulation using
rays.” [46]. Figure from [46], Paper A, © 2018 IEEE.

1. In air: Estimating the intrinsic parameters using Zhang’s method with a

checkerboard in air.

2. Under water: Estimating the intrinsic parameters using Zhang’s method

with a checkerboard submerged under water and moved around the

aquarium.

3. Ray tracing: Estimating the intrinsic parameters following the in air cali-

bration and subsequently taking refraction into account explicitly.

Note that for all three methods, the extrinsic parameters are found through

solving the PnP problem with four calibration points (the aquarium corners)

and the 3D point is estimated by triangulation of the ray-projected 2D image

coordinates.

We find that the in air procedure introduces large reconstruction errors,

which is not surprising as it is not designed to handle refraction. On the other

hand, we see that calibrating the intrinsic parameters using the under water and

ray tracing procedures both give good results with low error-margins making

both of them suitable for precise 3D reconstruction of fish trajectories in con-

trolled environments. However, the ray tracing procedure is found to be far
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Chapter 2. Tracking Multiple Fish in a Controlled Environment

more flexible due to the decoupling between the intrinsic and extrinsic pa-

rameters. When following the under water procedure, the intrinsic parameters

can to a degree absorb the distortion caused by refraction, but it comes at

the expense of a rigid setup. If either the camera or aquarium is moved the

entire procedure must be repeated. Additionally, the user must ensure that

the checkerboard is moved around the entire aquarium during calibration as

it otherwise can lead to regions with lower reconstruction precision. We grade

the procedures by three loosely defined attributes: precision, flexibility, and

precision and the findings are summarized in table Table 2.1.

In air Under water Ray tracing
Precision ✓ ✓✓✓ ✓✓✓
Flexibility ✓ ✓ ✓✓✓
Ease of use ✓✓✓ ✓ ✓✓

Table 2.1: ”Simplified recap and comparison of the properties of the tested 3D reconstruction ap-
proaches.“ [46]. Table is from [46], Paper A, © 2018 IEEE.

2 Tracking Multiple Zebrafish in 3D: Developing a
Benchmark Dataset and Tracker

The majority of multi-object trackers has been developed for pedestrians and

traffic scenes [4, 37, 75, 77, 78, 80], likely due to its proximity and relevance

to our daily lives, and this has naturally led to the development of multiple

large public benchmark datasets [13, 14, 20, 76]. Despite that pedestrians,

cars, and bicycles move in three dimensions, the tracking task is most often

simplified to an estimation of 2D trajectories due to the movement taking

place on an approximately planar surface. This is obviously not the case for

fish, nonetheless, a majority of trackers used for behavioral analysis of fish

in controlled environments has been developed for 2D tracking [41, 47, 49,

50, 55, 56, 58]. This has led to a frequent use of aquariums with only a few

centimeters of water, which forces the fish to follow an approximate 2D plane.

However, by limiting the space, a range of behavioral traits disappear and the

outcome becomes only a partial behavioral analysis [10, 25, 36]. Therefore, it

is paramount to observe fish in three dimensions, but this poses additional

requirements to the tracker.

Most 3D fish tracking algorithms have been developed specifically for ze-

brafish [3, 10, 48, 59, 70, 72] due to zebrafish being a commonly used animal

model [17, 25, 26, 31]. For this reason and for comparability, we also chose ze-

brafish for our work in Paper B. The literature on this subject generally present

trackers with, at first glance, surprisingly strong performance in 3D tracking
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of 10-20 individual zebrafish [33, 48, 51, 67, 68]. However, their evaluation

procedures contain biases and shortcomings and most likely do not reflect

real-world conditions. For example, Wang et al. [67, 68] do not present or

describe their training data. Additionally, they claim to make their dataset

available, however, despite multiple attempts we were not able to obtain it.

Another example is Qian et al. [33, 48, 51] who evaluate their algorithms on

two test sequences, but, like Wang et al., fail to properly explain their training

data; their description even hints that they are using a subset of frames from

the test sequences as training, but the details are unclear. Furthermore, they

present a demo video with 10 fish which contains only four occlusion events

during 15 seconds. For comparison, in the dataset we propose, our test se-

quence with 10 fish contains 66 occlusion events during 15 seconds. Together,

these limitations call into question both the difficulty of the scenarios on which

the algorithms were evaluated and, more critically, the credibility of the re-

ported results. When evaluating the performance of trackers (or any other

type of algorithm for that matter) it is critical to ensure that they are tested

on a diverse range of conditions in order to provide a trustworthy estimate of

their effectiveness in real-world scenarios. Therefore, we chose to develop our

own 3D zebrafish tracking dataset and make it publicly available for others to

evaluate their trackers on a common benchmark.

The 3D-ZeF Benchmark Dataset

Fig. 2.5: Illustration of the stereo setup

with a square aquarium, orthogonal

views, two lights. The figure is adapted

from [45], Paper B, © 2020 IEEE.

During development of the 3D zebrafish

tracking dataset (3D-ZeF) we aimed at be-

ing apparent about every aspect regarding

setup, recording procedures, and data splits,

as this was heavily lacking in the field. Ad-

ditionally, the setup should be replicable,

therefore, we deliberately chose to use off-

the-shelf equipment with a simple square

glass aquarium, two IKEA lights, and two

GoPro cameras positioned as illustrated in

Figure 2.5. A detailed description of the

recording setup can be found in Paper B.

Beside deciding on the setup, we had to

determine which and how many fish should be present in the sequences.

Dependent on where and how zebrafish are raised, how old they are, and their

general state, they may look or behave slightly different. Therefore, it was

critical for us that the fish in each of the three data splits (train, validation, and

test) were unique to avoid data leakage and minimize the chance of overfitting.

Additionally, we chose to use fish from an entirely different, and younger,

population for the test split compared to the fish from the train and validation
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Trn2 Trn5 Val2 Val5 Tst1 Tst2 Tst5 Tst10 Total

Length 120 s 15 s 30 s 15 s 15 s 15 s 15 s 15 s 240 s

Frames 14,400 1,800 3,600 1,800 1,800 1,800 1,800 1,800 28,800

BBs 28,800 9,000 7,200 9,000 1,800 3,600 9,000 18,000 86,400

Points 28,800 9,000 7,200 9,000 1,800 3,600 9,000 18,000 86,400

OC 1.82 / 1.42 3.60 / 2.93 0.93 / 0.47 2.67 / 3.80 0.00 / 0.00 0.67 / 0.67 3.07 / 2.93 4.40 / 6.53

OL 0.41 / 0.51 0.56 / 0.64 0.22 / 0.63 0.25 / 0.66 0.00 / 0.00 0.10 / 0.38 0.25 / 0.36 0.28 / 0.35

TBO 0.69 / 0.89 1.00 / 1.21 1.79 / 3.20 1.64 / 0.73 15.00 / 15.00 2.41 / 2.18 1.38 / 1.28 1.86 / 1.40

IBO 0.29 / 0.26 0.28 / 0.28 0.24 / 0.35 0.22 / 0.34 0.00 / 0.00 0.19 / 0.19 0.25 / 0.23 0.26 / 0.24

Ψ 0.26 0.50 0.03 0.63 0.00 0.01 0.16 0.28

Table 2.2: ”Overview of the proposed dataset. OC, OL, TBO, and IBO are listed for the top- and
front-view, respectively, and the number of fish is denoted in the sequence name. OC: average amount of
occlusions per second, OL: average occlusion length in seconds, TBO: average amount of seconds between
occlusions, IBO: intersection between occlusions, Ψ: complexity measure based on OC, OL, TBO and IBO
(see Equation (2.2)).“ [45], table from [45], © 2020 IEEE.

splits, which were from the same group. This was a significantly different

approach compared to the procedures followed in the literature.

In total we recorded eight sequences which were split into two train, two

validation, and four test sequences with 1-10 individuals, the details can be

found in Table 2.2. Each sequence consists of two synchronized videos: one

captured from the camera placed in front of the aquarium (front) and another

captured from above the aquarium (top). All videos were fully and manually

annotated with bounding boxes (BBs) and points. The points were used as

the groundtruth for the 3D tracks to be reconstructed. The only rigid part

of a zebrafish is its head, therefore, the point to track and reconstruct was

positioned on top of the head between the eyes (when seen from the top view)

or in one of the eyes (when seen from the front view) as illustrated in Figure 2.6.

Fig. 2.6: Examples of zebrafish seen from the top and front view with ground truth bounding

boxes and points drawn on the images. Note that the images are cropped in proximity to the

objects and are from larger frames containing multiple zebrafish.

During the annotation process we realized that the complexity of a se-

quence did not seem to be dependent on the number of individuals, but rather

on their behavior. In some cases when the fish occluded each other we had

to switch between the two views repeatedly to confirm our annotations, while

the annotation process was unambiguous and fast when the fish were spatially

distant. This led us to develop a score for estimating the complexity of the

sequences based on the level of occlusion. The complexity scores are presented
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as part of Table 2.2 for both views of each sequence. The overall complexity

score, Ψ, is computed from the four sub-metrics presented below along with

a brief justification for their existence:

• OC (Occlusion count): More occlusions makes a harder problem.

• OL (Occlusion length): Longer occlusions makes a harder problem.

• TBO (Time between occlusions): Less time between occlusions makes a

harder problem.

• IBO (Intersection between occlusions): A higher degree of occlusion

makes a harder problem.

The final score was then computed as:

Ψ =
1

𝑛

{T,F}∑
𝑣

OC𝑣 OL𝑣 IBO𝑣

TBO𝑣
, (2.2)

Interestingly, the Trn2 sequence (with two fish) has an occlusion-complexity

score of 0.26 resembling the score of sequence Tst10 (with 10 fish), which

has a score of 0.28. Additionally, Val5 and Tst5 have scores of 0.63 and 0.16,

respectively, despite both containing five fish. As we anticipated, this indicates

that the number of objects alone is not a well-suited metric for estimating the

complexity of tracking sequences.

In addition to the dataset and the occlusion-complexity metric we also

proposed a baseline 3D multi-object tracker, which is described in the following

section.

A Baseline Tracker for 3D Zebrafish Tracking

When using a stereo camera setup to track objects in 3D, traditionally, there

have been two main approaches: reconstruction-tracking and tracking-recon-

struction [71]. In the reconstruction-tracking approach, 3D positions of objects

are reconstructed based on detections in both camera views for each frame,

which is followed by a temporal association of the 3D points to create tracks.

This approach benefits from the use of 3D information during the associa-

tion step, which is generally more accurate. However, weak or missing 2D

detections can lead to a complex 3D reconstruction phase.

The tracking-reconstruction approach, on the other hand, starts by solving

a traditional 2D MOT problem independently for each camera view. Tracks are

then associated between the views, and finally, 3D positions are reconstructed

based on the associated tracks. This approach has the advantage of using

tracks rather than individual detections for the between-views association

step. However, flaws in the 2D tracks, e.g., introduced by ID swaps, can

19



Chapter 2. Tracking Multiple Fish in a Controlled Environment

be problematic to handle during the reconstruction phase. Despite this, we

decided to adopt the tracking-reconstruction approach as the basis of our 3D

tracker which is presented in Paper B. One of the reasons behind this choice is

that the field of MOT is mainly driven by improvements in 2D tracking [4, 77,

78, 80], and by designing our 3D tracker in a modular manner, it is trivial to

replace the 2D tracking module as needed [6].

The pipeline of the proposed tracker consists of four modules: 2D object

detection, 2D tracklet1 construction, 2D tracklet association between views,

and 3D tracklet association. The groundtruth data used for evaluating the

performance of our tracker consists of tracks that follows the head of the fish.

Therefore, the objective of the tracker is to locate, track, and reconstruct the 3D

positions of the zebrafish head.

• 2D object detection: We implement two different approaches: a Faster R-

CNN [52] head detector and a naive BLOB detector with a skeletonization

step. The head detector has the advantage that as long as the head of the

fish is visible, occlusion is potentially not a problem. The naive detector

is based on background subtraction, which is a robust segmentation

algorithm to use in controlled environments that requires minimal fitting,

however, it does not handle occlusions well.

• 2D tracklet construction: The Euclidean distances between the 2D de-

tections are used to construct a cost matrix, which is solved as a global

optimization problem through the use of the Hungarian algorithm [28].

We deliberately choose a conservative approach to obtain more robust

tracklets at the expense of their length.

• 2D tracklet association between views: This module utilizes the ray
tracing calibration and triangulation procedure presented in Paper A for

reconstructing 3D positions. The problem of associating the 2D tracklets

is formulated as a directed acyclic graph. The graph is created by an-

alyzing each tracklet in the top-view and associating it with front-view

tracklets that intersect temporally. Every node describes a 3D tracklet

that is composed by one 2D tracklet from both views. The weight of

a node is computed as a temporal median of the reprojection error of

the per-frame reconstructions between the 2D tracklets. Every node is

connected to all other nodes sharing one of the 2D tracklets under the

condition that connected tracklets from the same view cannot temporally

overlap as exemplified in Figure 2.7. The weight of the edges are based

on the number of frames between the last frame of the first node and the

first frame of the second node, the speed of the fish, and the weights of

the two nodes. The graph is disconnected, meaning that a node can be

1We use the word ’tracklet’ for a trajectory that does not necessarily contain the full spatio-

temporal information of an object’s motion. In other words; a partial track.
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included without being connected to other nodes. Lastly, the 3D tracklets

are found by greedily choosing the path through the graph that gives

the highest score when summing the weights of the nodes and edges.

Every time a tracklet is constructed the associated nodes and edges are

removed, and this is continued in a recursive manner until the graph is

empty as illustrated in Figure 2.8.

Fig. 2.7: ”The colored lines represent 2D track-
lets in each view, the node pairs are represented
by the double-colored circles, and the edges of the
DAG are shown by the arrows. The numbers
represent example node and edge weights.“ [45],

the figure is from [45], Paper B, © 2020 IEEE.

Fig. 2.8: ”Graph evaluation based on the ex-
ample from Figure 4. The colored lines rep-
resent 2D tracklet pairs based on the chosen
nodes in the graph; the transparent nodes are
discarded.“ [45], Paper B, © 2020 IEEE.

• 3D tracklet association: The last step is to associate the 3D tracklets into

the final tracks. The number of fish in the aquarium, 𝑁 , is known and

constant throughout every sequence. We utilize this to initiate 𝑁 main
tracks, which are found by looking for sets of 𝑁 temporally overlapping

tracklets and choosing the set containing the most robust candidates. The

remaining tracklets are then associated with the main tracks in a greedy

manner based on the spatio-temporal distance between them. This is

continued until there are no more tracklets available and the outcome is

the 𝑁 final 3D tracks.

We evaluated our tracker with respect to a range of MOT metrics including

MOTA [5], which was the dominant multi-object tracking performance metric

at the time. We considered a detection to be a true positive if it was within 0.5

cm from the ground truth annotation. Beside evaluating the pipeline with the

Faster R-CNN and naive detectors, we also presented results from an ’oracle

tracker’. The oracle tracker simply tracks everything correct as long as the

object is not part of an occlusion in any of the two views. This gives us a strong

basis of comparison with three trackers with very different foundations. The

results from the three trackers are presented in Table 2.3.

We see that the naive detector is more stable compared to the Faster R-

CNN based detector. The Faster R-CNN model may have overfitted to the

zebrafish from the train split and has not managed to generalize to other ze-

brafish. Whether this is the case may be interpreted from the plot presented in

Figure 2.9, which shows the performance of each of the trackers with respect to
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Method MOTA ↑ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑚 ↑
T
s
t
1

Naive 77.6% 1 0 0 28 12.5

FRCNN-H 30.2% 0 0 0 15 8.212

Oracle 100.0% 1 0 0 0 900

T
s
t
2

Naive 77.6% 1 0 0 44 15.856

FRCNN-H 5.7% 0 2 2 17 2.641

Oracle 81.6% 2 0 0 25 27.396

T
s
t
5

Naive 39.7% 0 0 7 185 6.249

FRCNN-H 40.2% 0 0 7 115 7.577

Oracle 67.8% 1 0 0 50 28.112

T
s
t
1
0

Naive 48.3% 0 0 11 268 9.075

FRCNN-H 25.2% 0 3 32 225 4.904

Oracle 66.6% 1 10 0 119 23.105

Table 2.3: ”Evaluation of 3D tracks on test split. The arrows indicate whether higher or lower values are
better. MOTA: Multiple Object Tracking Accuracy, MT: Mostly tracked, ML: Mostly lost, ID Sw.: Number
of identity swaps, Frag.: Number of fragments, MTBF𝑚 : Monotonic MTBF.“ [45], table is from [45],

Paper B, © 2020 IEEE.

the occlusion-complexity score for all the sequences from the train, validation,

and test splits.
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Fig. 2.9: ”MOTA compared to the dataset complexity, Ψ, for all
sequences in the dataset.“ [45], figure is from [45], Paper B,

© 2020 IEEE.

Interestingly, we see that

the Faster R-CNN based

tracker performs well on

both the training and vali-

dation sequences, but poorly

on the test sequences. This

is in accordance with the as-

sumption that the detector

has been overfitted as the

train and validation splits

contain fish from the same

population, whereas the test

sequences contain younger

fish from an entirely different

population. The fact that the

Faster R-CNN based tracker

significantly outperforms the

oracle tracker on three out of

four of the training and vali-

dation sequences, indicates that the tracking and reconstruction modules work

well with a strong detector. Lastly, we see that the performance of the naive

tracker correlates negatively with the occlusion-complexity metric, which is

expected qua the design of the detector.
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3 Estimating the Complexity of Multi-Object Track-
ing Sequences

The purpose of the complexity metric presented in Paper B was to allow for

a more fair comparison between zebrafish trackers and datasets. However, a

metric that relies solely on occlusion fails to capture the various challenging as-

pects of more general MOT problems. Furthermore, using the metric only for

comparison purposes would not fully exploit its potential. A comprehensive

complexity metric could provide more transparency on tracker performance

in general and be utilized to tailor dataset splits based on informative crite-

ria. Therefore, in Paper C, we steered into uncharted waters on a pursuit for

developing a comprehensive MOT dataset complexity metric.

The literature in the field of MOT dataset complexity estimation is ex-

tremely sparse. Traditionally, the complexity of MOT sequences has been

evaluated in terms of the number of objects, and this has been reflected in the

construction of datasets, which has generally aimed to collect sequences with

progressively more objects [15, 18, 29, 39, 61]. However, the idea of designing

dataset splits based on their complexity has likely been around for decades,

but it has been based on subjective estimates by the developers and not on com-

mon terms. This is exemplified in PETS2009 [18] where the authors provide a

subjective diffculty score for the sequences, without going further into details.

For the popular MOTChallenge datasets [14], the developers provide sequence

information like frame rate, resolution, and length. Additionally, they present

two metrics based on the number of objects, namely, the total number of tracks
and the average number of objects per frame denoted density. Leal et al. [30]

touches upon some of the aspects that make MOT sequences difficult to handle

and which has laid the foundation for the creation of the MOT15 and MOT16

benchmarks. Traits like camera motion, low illumination, and inclusion of

night-scenes are used to describe the difficulties of MOT15. For the next iter-

ation of the benchmark, MOT16, the authors specifically mention a focus on

increasing the difficulty of the sequences through a higher density of objects.

In Paper C we have dared to challenge this widely held belief that a higher

number of objects in a multi-object tracking sequence automatically translates

to a greater level of difficulty. We anticipate, based on our experiences from

Paper B, that factors derived from the activities in the scene generally have

a higher impact on the MOT complexity compared to the number of objects.

Therefore, from the MOT literature we identified three major challenges that

multi-object trackers aim to address, namely: occlusion, erratic motion, and

visual similarity [1, 2, 4, 35, 45]. The three elements are the core of the MOT

complexity metric proposed in Paper C. The following sections provide a brief

description of each element and how to quantify them in order to estimate the

complexity of a sequence.
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Chapter 2. Tracking Multiple Fish in a Controlled Environment

Hidden in Plain Sight:
- Quantifying the Complexity of Occlusion in MOT Sequences

Occlusion is a term used in MOT to describe when an object is hidden from

view, either fully or partially. The literature generally distinguish between

three types of occlusion: self-occlusion, scene-occlusion, and inter-object-

occlusion [1].

Self-occlusion, such as when a person covers their face with their hands,

can be a problem in surveillance tasks, but it is not generally considered a

significant problem in MOT. The importance of different parts of an object

can vary greatly depending on the type of object and task, which makes self-

occlusion difficult to quantify. For example, highlighting one limb may lead

to occlusion of another, e.g., if a person raises their arm to expose the torso;

depending on the view, the shoulder or face may become hidden. Therefore,

we have chosen not to include it in our complexity metric.

In a broader picture scene-occlusion and inter-object-occlusion refer to the

same problem: an object being hidden from view due to external forces.

However, there is a difference between the two, which for some tasks can

be more or less significant, especially for trackers that do not utilize visual

cues. Inter-object-occlusion entails close and possibly passing tracks, which

typically poses a more difficult problem compared to scene-occlusion where

an object is hidden due to moving behind a stationary object like a tree or a

sign. We account for both types of occlusion, but do not discriminate between

them for simplicity.

The MOTChallenge annotation standard is likely the most widely used and

it entails annotating the entire object per frame; even during occlusions. It also

includes a visibility score which is automatically computed from the ground

truth annotations as the area of intersection over the area of the object [14].

During inter-object occlusions the ordering of the objects (who is occluding

who) is determined from a pseudo-depth estimation based on the y-values of

the bounding boxes, which applies due to an assumption of the objects moving

on a plane. We compute our occlusion metric, OCOM, as the complimentary

to visibility. OCOM is in the interval [0, 1] where a higher number indicates a

more complex problem.

Note that we did not use the visibility score as the foundation for the

occlusion-complexity metric in 3D-ZeF, Paper B, as we followed another an-

notation procedure which did not allow us to directly compute the visibility

score. The flexible body of the zebrafish makes it a non-trivial task to annotate

the entire fish when it is occluded, therefore, only the visible parts of the fish

were bounding box annotated in 3D-ZeF. Furthermore, fish moves in three

dimensions, therefore, the pseudo-depth estimation based on the y-values of

the bounding boxes does not uphold.
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3. Estimating the Complexity of Multi-Object Tracking Sequences

Twists and Turns:
- Quantifying the Complexity of Motion in MOT Sequences

In multi-object tracking, motion is a broad term that generally covers an object’s

change in state between consecutive frames. For most MOT tasks the perceived

motion is typically limited to the motion captured on the image plane, rather

than the actual 3D motion of the object. In addition to the object’s own motion,

this can also involve camera motion, passive motion, or a combination of these

factors. As more variables come into play, predicting the next state of the object

becomes more challenging. Except from the special case of having no motion,

linear motion is the simplest to predict. Therefore, we expect objects to behave

linearly between consecutive frames and the level of deviation is an indication

of erratic behavior and a more complex motion to predict.

Beside the motion itself, the camera placement and perspective also affect

how motion is perceived. From bird’s-eye view (e.g., traffic-surveillance from

a drone) objects are more likely to (approximately) maintain the same distance

to the camera, therefore, if an object is moving with a given velocity, this will

not significantly change during the sequence. From a first-person perspective,

this is not true unless the object is moving perpendicular to the view. Other-

wise, if an object is moving towards or away from the camera, the motion is

generally perceived to be slower and it either increases or decreases, respec-

tively. Furthermore, as the distance between the object and camera changes,

the size of the object is also perceived to change and this further increases the

difficulty of predicting where the object is heading [4].

An illustrative overview of the aforementioned problems are presented in

Figure 2.10. We take each of the elements into account in the proposed motion

complexity metric, MCOM, by formulating it as the size-compensated non-

linear displacement between consecutive frames weighted by a log-sigmoid

function to get an output in the interval [0,1] where a higher number indicates

a more complex problem.

pt-β

pt

λt+β

pt+β

 ∆t

Pt

(a) (b) (c)

Fig. 2.10: ”a) Illustrative example of how the positional error Δ𝑡 is calculated as the distance between
the true position 𝑝𝑡+𝛽 and estimated position 𝜆𝑡+𝛽 . b) The three objects have traveled an equal distance.
Relative to their size, the two smaller objects are displaced by a larger amount and the bounding box overlap
disappears. c) If the size of an object increases between two time steps the displacement is relatively less
important, compared to when the size of the object decreases.“ [44], the figures are from [44], Paper C.
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Spot the Difference:
- Quantifying the Complexity of Visual Similarity in MOT Sequences

Visual cues have been used as an affinity measure for associating detections in

tracking algorithms for decades [21, 27, 62]. However, with the advancement

of deep learning-based detectors and descriptors, more trackers are placing

greater emphasis on visual cues [32, 69, 74, 78]. Generally, tracking becomes

more challenging when objects share similar visual characteristics, particularly

in scenarios involving occlusions, crowded environments, or fast and erratic

motion of the objects among each other. If the objects are spatially distant,

however, they are less likely to be confused with one another despite sharing

visual characteristics. In other words, the significance of having strong visual

cues decreases with the increase in the distance between the objects. Therefore,

to estimate the complexity of visual association in MOT sequences we propose

a novel method that incorporates both spatial and visual information.

Fig. 2.11: By blurring the entire image, except the

object’s bounding box, and subsequently computing

the object’s feature vector from the entire image, we

are able to directly embed spatial information into the

visual feature representation. The figure is from [44],

Paper C.

The method involves a pre-

processing, feature extraction,

and evaluation step which in

the end leads to a single visual

complexity score, VCOM. Like

OCOM and MCOM, VCOM is in

the interval [0,1] where a higher

number indicates a more com-

plex problem. The preprocess-

ing step consists of heavily blur-

ring the entire image, except for

the bounding box region of the

target object, which is left un-

processed as illustrated in Fig-

ure 2.11. Next, features of the

entire image are extracted us-

ing an ImageNet [16] pretrained

ResNet-18 [22] model. This way,

the spatial information is directly

embedded into the visual feature vector. Lastly, we measure the distance be-

tween the object’s features in the current frame and the features of each of the

objects in the following frame. The nearest neighbour is expected to have the

same ID as the target, however, this is not necessarily the case if the objects are

spatially and visually close. A higher number of ’wrong’ feature vectors in the

proximity of the target feature vector is quantified as an increasingly complex

visual problem.
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3. Estimating the Complexity of Multi-Object Tracking Sequences

MOTCOM: An Accurate MOT Dataset Complexity Estimator

Each of the aforementioned sub-metrics describe an element that can make

MOT tasks difficult to solve. However, heavy occlusion is not necessarily

difficult to handle if the objects have strong visual characteristics that allow

for robust re-identification or if the objects move in a predictable manner.

Likewise, erratic motion is easily handled if there is no occlusion and the

objects are visually distinct. In other words, the complexity of MOT sequences

is dependent on multiple factors. Therefore, we propose an overall complexity

metric named MOTCOM, which is an average of the three sub-metrics.

Estimating the complexity of a MOT sequence is one thing, verifying

whether the estimation is valid is another. There exists no ’groundtruth’ for

the complexity of a MOT sequence. Currently, the only objective complexity

metrics are based on the number of objects (the total number of tracks and the

average number of objects per frame, called density) but as we show in Pa-

per C the number of objects (alone) does not induce a significant problem for

multi-object trackers. Therefore, we approximate the groundtruth complexity

from the performance of state-of-the-art trackers under the assumption that

the complexity has a strong negative correlation with tracker performance.

There are several linked problems that complicates this approach: 1) the

MOTCOM metrics can only be computed for sequences where the groundtruth

annotations are available, 2) trackers are evaluated on the test split, 3) the

major benchmark datasets do not publish groundtruth annotations for the

sequences of the test split, and 4) it is not feasible to get an accurate performance

estimation by re-implementing trackers as they would have to be both trained

and evaluated on the train sequences.

MOTC
OM

VCOM
OCOM

MCOM
de

nsi
ty

tra
cks

HOTA

MOTA

IDF1

-0.79 -0.7 -0.44 -0.37 -0.07 0.1

-0.7 -0.5 -0.39 -0.37 0.01 -0.01

-0.75 -0.67 -0.53 -0.33 -0.15 0.12

Spearman's correlation matrix

Fig. 2.12: ”Spearman’s correlation matrix based on
the performance of the top-30 trackers on MOT17 and
MOT20.“ [44], figure from [44], Paper C.

However, with permission from

the MOTChallenge team, we were

allowed to compute MOTCOM for

the test sequences of the MOT17

and MOT20 datasets. This pro-

vided us access to both MOTCOM

and the performance of hundreds

of state-of-the-art pedestrian trackers

on two of the most widely used MOT

datasets. In Figure 2.12 we present a

Spearman’s correlation matrix were

we compare MOTCOM to tracks and

density with respect to HOTA [34],

MOTA [60], and IDF1 [54]. We see MOTCOM has a strong negative correlation

with tracker performance while this is not true for density and tracks. This con-

solidates that MOTCOM is a better alternative for estimating the complexity

of MOT sequences compared to the number of objects.
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Chapter 2. Tracking Multiple Fish in a Controlled Environment

4 Summary and Scientific Contributions

The focus of this chapter was multi-object tracking of fish in a controlled envi-

ronment. Fish moves freely in three dimensions, therefore, depth information

is essential in order to obtain accurate trajectories. In Paper A we imple-

mented, described, and objectively compared three methods for underwater

camera calibration and 3D reconstructing, namely: the in-air, under water, and

ray tracing procedures. We found the ray tracing procedure to be advantageous

to the others, especially with respect to flexibility and precision. Therefore, we

used the ray tracing calibration and reconstruction procedure as part of the 3D

multi-object tracker presented in Paper B.

Beside proposing a 3D tracker, we also developed the first publicly avail-

able and fully bounding box and point annotated 3D MOT dataset with fish

named 3D-ZeF in Paper B. Additionally, we found a lack of transparency in the

zebrafish tracking literature, especially with respect to data-handling, and a

common argument referring to the number of objects as being decisive for the

difficulty of tracking sequences. However, we argue that the number of objects

alone does not pose a problem for most trackers and instead, the level of oc-

clusion should be considered the most critical problem to handle in zebrafish

tracking. Following this argument, we proposed a novel occlusion-based met-

ric to describe the complexity of MOT sequences.

We expanded upon the idea of estimating the complexity of MOT sequences

in Paper C by reformulating and generalising the occlusion complexity metric

and proposing two additional metrics to quantify erratic motion and visual

similarity. The three metrics were combined into an overall MOT dataset com-

plexity metric named MOTCOM. We showed that MOTCOM is significantly

better at estimating the complexity of the sequences of the popular MOT17

and MOT20 datasets compared to two commonly used metrics based on the

number of objects.

The main scientific contributions in this chapter can be summarized as:

• In Paper A we presented the first objective comparison between three

common procedures of camera calibration and 3D reconstruction with

respect to flexibility, ease of use, and precision.

• In Paper B we proposed the first underwater 3D MOT benchmark dataset

together with a novel 3D zebrafish tracker and an occlusion complexity

estimation metric.

• In Paper C we expanded upon the MOT complexity estimation metric of

Paper B by improving the occlusion metric and including two additional

metrics for describing the visual similarity and erratic motion of MOT

sequences. We combined the sub-metrics into the first ever objective and

accurate MOT dataset complexity metric named MOTCOM.
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Furthermore, all code and data from the three papers are publicly available,

except for the groundtruth annotations of the MOT17, MOT20, and 3D-ZeF

test splits.

Future Work

Paper A describes and evaluates three methods for reconstructing 3D points

of objects submerged into water from a stereo setup. We only looked at flat

refractive surfaces, but it is not uncommon that analysis of fish are conducted

in, e.g., circular shaped aquariums. A next step could, therefore, be to de-

scribe and evaluate relevant calibration methods to handle spherical refractive

surfaces.

In Paper B we presented a stereo based multi-object tracker and there are

several steps that may improve the method. A straightforward enhancement

of the proposed pipeline would be to implement and compare a range of

state-of-the-art object detectors as we found this to be a critical part of the

pipeline where it is possible to pick low-hanging fruits. Additionally, as the

reprojection error in the reconstruction step is an indicator for the precision

of the 2D detections, it may be used actively to optimize detections and even

estimate the position of occluded and undetected objects. In cases where there

are no (or weak) detections in one view, a possible method could be to project

a set of rays into an anticipated location of the fish and identify the ray that

yields the smallest reprojection error when associated with the detection in

the opposite view.

The MOTCOM metric, which describes the complexity level of MOT se-

quences, was proposed in Paper C. It was evaluated on a popular, but relatively

limited field of MOT, namely pedestrian tracking. It would be relevant to in-

crease the foundation of the scores by including a more thorough evaluation

that spans different fields of MOT in order to cement the score’s generalizabil-

ity. Furthermore, it would be highly interesting to conduct experiments where

a MOT dataset is split based on the MOTCOM metrics and evaluate how it

affects the performance of trackers. For example, 1) create a simple train split

and a complex test split, or vice versa, 2) create a train split with heavy oc-

clusion and a test split with minimal occlusion, or vice versa, 3) and so on.

This may reveal to what degree dataset composition affects the performance

of models developed to solve a given problem.
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Chapter 3

Monitoring Marine
Organisms in the Wild

Fig. 3.1: An overview of the papers lay-

ing the foundation for the findings in

this chapter.

Having gained knowledge about detecting

and tracking fish in a controlled environ-

ment, we now take a plunge into the wild.

Monitoring organisms in the wild generally

presents a greater challenge compared to

the controlled environment. This challenge

stems from gathering relevant data and de-

veloping robust and general methods that

can cope with the changing, unpredictable,

and wild underwater environments.

Automating the monitoring task allows

marine researchers to scale both data collec-

tion and data analysis. Additionally, solu-

tions based on visual sensors can be imple-

mented in a far less intrusive and harmful

manner compared to traditional methods which typically involves catching

the organisms. There has generally been a lack of relevant underwater com-

puter vision datasets. Up until 2019 when we published the Brackish dataset,

described in Paper D, only very few annotated underwater datasets with fish

had been made publicly available [7, 13, 18, 21] and they had mainly been

captured in clear water and with distinctive fish. A consequence of such

data shortage is that all the solutions are developed and assessed on either

the same limited set of images or on private datasets [26, 27, 34]. However,

during the past years the number of annotated underwater datasets with ma-

rine organisms has fortunately increased allowing for better assessment and

development of more robust methods [2, 5, 11, 20, 23, 29, 47].
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Chapter 3. Monitoring Marine Organisms in the Wild

1 Developing an Underwater Object Detection Dataset
in Local Brackish Water

water surface

bridge pillar

9m 15m

pipes

ice barrier

camera setup

boulder barrier

Fig. 3.2: Illustration of the placement of the cam-

era setup on one of the bridge pillars of the Lim-

fjord bridge. The figure is adapted from [37],

Paper D, © 2019 IEEE.

The initial steps in capturing any

type of image dataset involves se-

lecting a suitable location for record-

ing and designing the camera setup

accordingly. However, additional

planning is generally required when

the location is placed under water. In

our case, we aimed to record contin-

uous data from an underwater loca-

tion in Limfjorden for extended pe-

riods due to the requests of local

marine researchers. Consequently,

we were dependent on either having

easy access to the setup in order to change batteries and retrieve data, or place

it in proximity to local land-based infrastructure, to facilitate power supply and

remote connectivity. With permission from Aalborg Municipality, we were al-

lowed to mount the setup directly on one of the pillars of the Limfjord bridge

as illustrated in Figure 3.2. We chose a position nine meters below surface, just

above a boulder barrier which we expected to be a diverse habitat for marine

life. From this location we could drag cables directly into the bridge house to

get a stable power supply and remote access. More details regarding the initial

investigative phase of this project is provided in Section 3 of this chapter.

Fig. 3.3: A 3D drawing of the underwater

camera setup used to collect the data for the

Brackish dataset. The figure is from [37],

Paper D, © 2019 IEEE.

The setup consisted of three cameras

and three lights mounted on a metal

frame as illustrated in Figure 3.3. The

frame was designed such that divers

could easily change the position and ori-

entation of the cameras and lights ac-

cording to the prerequisites of various

projects. The chosen location for the

setup is characterized by strong water

currents due to the placement between

two bridge pillars in a relatively narrow

strait. Therefore, it was imperative to en-

sure that the setup could withstand the

strong current and floating debris. To ad-

dress this concern, a custom-made metal

frame was designed to enclose the cameras and lights, ensuring robustness

and stability.
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After setting up the underwater camera system, data collection was initi-

ated and it continued for two years, resulting in thousands of hours of footage.

Particularly in winter, prolonged periods elapsed without any discernible ac-

tivity within the camera’s field of view. Therefore, we implemented a rudimen-

tary approach based on background subtraction utilizing Gaussian Mixture

Models to detect any rapid changes within the scene. Given the lack of suitable

object detection and classification models, combined with uncertainty regard-

ing the types of organisms to be detected, we stored all sequences in which

movement was detected. Subsequently, through a manual selection process

we identified 89 diverse sequences encompassing various types of objects, in-

cluding fish, crabs, starfish, jellyfish, and shrimps. Four frames are presented

in Figure 3.4, which shows variation of the dataset with respect to objects and

turbidity. The buoy and calibration block in the background were used for

other projects during the time of recording and they have not been actively

used in the work of this thesis. In total, the sequences contain 14,518 images

with 25,613 manually annotated bounding boxes, which laid the foundation of

the Brackish dataset presented in Paper D. The dataset was updated with close

to 14,000 additional bounding box annotations approximately a year after its

release. To this day the Brackish dataset has more than 32,000 views and 2,500

downloads proving its relevance to the field.

Fig. 3.4: Frames from the Brackish dataset [37]. In the top left image is a big fish (lumpsucker), to the

right is a starfish, and in the bottom row we see a jellyfish to the left and a group of small fish (likely

sticklebacks) to the right. The classes are deliberately coarse due to the difficulty of distinguishing

between similarly looking species. The figures are from [37], Paper D, © 2019 IEEE.
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Object Detection Baseline Results

At the time when Paper D was published, every computer vision field was ex-

perimenting with deep learning models and evaluating their ability to general-

ize to their specific domain by comparing them with classical approaches [15,

41, 44, 50]. The marine environment was also subject to this trend, and multiple

studies demonstrated that convolutional neural networks were superior to clas-

sical computer vision and machine learning algorithms [3, 49, 53]. Therefore,

to present baseline detection results on the Brackish dataset, we fine-tuned

two, at that time, state-of-the-art object detectors, namely YOLOv2 [42] and

YOLOv3 [43]. One of the main reasons for choosing these exact models was

due to the data they had been trained on, namely: the Open Images dataset [25],

which contained relevant classes, and underwater images from the National

Oceanic and Atmospheric Administration (NOAA). More specifically:

• The YOLOv2 detector is obtained from the VIAME toolkit [8] and is pre-trained
on ImageNet and fine-tuned on fish datasets from NOAA Fisheries Strategic
Initiative on Automated Image Analysis.

• The YOLOv3 detector is used in its original version pre-trained on the Open
Images dataset [43].

The YOLOv2 detector is already fine-tuned on underwater images, but contains
only the two classes: Vertebrates and Invertebrates. Therefore, further fine-tuning
is needed in order to be able to evaluate this model on the proposed dataset. The
YOLOv3 detector is trained on the Open Images dataset, which contains 601 classes
where five of those are relevant: fish, starfish, jellyfish, shrimp, and crab.
- citation from [37], Paper D, © 2019 IEEE.

Next, the models were fine-tuned on the training sequences of the Brack-

ish dataset with the early layers frozen to maintain the pre-trained and more

general feature descriptors. The Brackish dataset was partitioned into three

subsets for training, validation, and testing, respectively. A random partition-

ing scheme was employed, resulting in a split of 80% for training, 10% for

validation, and 10% for testing. The models were evaluated by the "AP" which

is computed as the average mAP (mean average precision) across the intersec-

tion over union (IoU) thresholds [0.50, 0.55, ..., 0.90, 0.95]. Additionally, we

also presented the AP50 score, which is the AP with an IoU threshold of 0.50.

The main findings are presented in Table 3.1. Note, the only difference

between the two sets of categories is that the fish class of Open Images is split

into big fish and small fish in the Brackish categories. We see that the YOLOv3

model that has not been fine-tuned does not generalize to the environment of

the Brackish dataset, despite having been trained on similar classes. However,

opposed to YOLOv2, fine-tuning on the Brackish dataset significantly increases

performance for YOLOv3.
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Model Categories AP AP50

YOLOv3 Open Images 0.0022 0.0035

YOLOv2 fine-tuned Open Images 0.0748 0.2577

YOLOv3 fine-tuned Open Images 0.3947 0.8458
YOLOv2 fine-tuned Brackish 0.0984 0.3110

YOLOv3 fine-tuned Brackish 0.3893 0.8372

Table 3.1: Performance results of the object detection models on the test split of the Brackish

dataset. The table is adapted from [37], Paper D, © 2019 IEEE.

The reason for the low performance of YOLOv2 is likely twofold. The

YOLOv2 model has a shallower classification network, Darknet-19 [42], whereas

YOLOv3 is based on Darknet-53 [43], which is deeper and also includes resid-

ual connections [15]. Additionally, it is not unlikely that the fine-tuning on

the NOAA fish data is, ironically, harmful for the performance. The model

may have been overfitted to their data, which is possibly significantly different

compared to the Brackish dataset, and thereby provides a poor starting point

for the fine-tuning.

Class AP AP50

Big fish 0.4621 0.8999

Crab 0.4205 0.9271

Jellyfish 0.3746 0.8205

Shrimp 0.3238 0.7662

Small fish 0.2449 0.6229

Starfish 0.5102 0.9867

Table 3.2: The per-class performance of

the YOLOv3 model fine-tuned on the

Brackish dataset. The table is adapted

from [37], Paper D, © 2019 IEEE.

In Table 3.2 we take a look into the per-

class object detection performance of the

YOLOv3 model fine-tuned on the Brackish

categories. Generally, the performance is sat-

isfactory, but there is room for improvement.

However, we see that the performance is par-

ticularly high for the crab and starfish despite

they are typically the smallest and most cam-

ouflaged objects. This is likely due to the

objects often staying in the same place for

longer periods of time combined with the

random composition of the dataset splits. In

other words, frames from the same sequence

may be included in both the train and test

splits and this is likely the cause of the model to some degree overfitting to the

data, and especially the slow moving objects.

Despite possible overfitting, we find that it is feasible for object detectors to

learn to recognise six common organisms found in Limfjorden. This was not

a matter of course, as the Brackish dataset was the first of its kind recorded

under such turbid and challenging conditions. While detecting objects can be a

challenging task on its own, tracking multiple objects with similar appearances

presents an even greater challenge. Therefore, in Paper E, we extended the

Brackish dataset by including tracks for each individual object. This work will

be described in further details in the next section.
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2 Wild and Synthetic: An Exploration of Underwa-
ter Multi-object Tracking

Unlike object detection, multi-object tracking in marine environments has not

received the same level of attention in recent years. To the best of our knowl-

edge, there exists no annotated and publicly available underwater MOT dataset

captured in non-tropical regions and the general lack of MOT datasets has

been expressed as a concern in the field [6, 34]. Currently, the only underwater

MOT dataset with publicly available annotations is the Fish4Knowledge (F4K)

dataset [13], which was captured off the coast of Taiwan in mostly clear wa-

ters a decade ago. For obvious reasons, the number of dedicated underwater

multi-object trackers is therefore also on the low side [13, 19, 32, 34]. To address

this issue, in Paper E we propose to expand the Brackish dataset [37] with nine

additional sequences and annotations following MOTChallenge annotation

standard [9]. Additionally, we propose a framework for generating synthetic

Fig. 3.5: An illustrative portrayal of a sample from a

real and synthetic sequence of BrackishMOT [39].

data, which has recently gained at-

tention within other domains [1,

12, 24]. There has also been limited

work on synthesizing underwater

images to account for the lack of

annotated marine data, but mainly

for object detection [31, 36].

Regarding underwater MOT,

Martĳa and Naval [34] proposed

a method for synthesizing se-

quences based on segmenting ob-

jects and subsequently project the

segmented fish into new scenes.

To emulate motion, the segmentations were temporally rotated and trans-

lated. This is a simplified approach, which is not suitable for large-scale data

generation. Therefore, we take it a step further and propose a novel framework

to synthesize realistic and varied underwater MOT sequences using a rigged

3D fish model and by simulating various degrees of turbidity, particles in the

water, using different background sequences, and simulating fish schooling

behavior using boids [14].

In the next section we will dive into the BrackishMOT specifications and

describe how MOTCOM [38] from Paper C was used to design the dataset

splits. This is followed by a description of the framework for constructing

realistic synthetic underwater MOT sequences.
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Clear as Water: A Balanced and Transparent Dataset Composition

The BrackishMOT dataset contains six distinct categories, namely: fish, crab,

shrimp, starfish, small fish, and jellyfish. However, the distribution of sequences,

frames, and bounding boxes across the classes is not evenly balanced as illus-

trated in Figure 3.6. Additionally, the appearance, behavior, and number of

Fish
6.7%

Crab
25.6%

Shrimp 1.1%

Starfish16.9%

Small fish
48.3%

Jellyfish
1.3%

BBoxes [frames]
3310 [3310]
12631 [6268]
544 [544]

8348 [6388]
23802 [4010]
631 [631]

Fig. 3.6: ”Class distribution of the
brackishMOT dataset based on the num-
ber of bounding boxes.“ [39], figure

from [39], Paper E.

objects also vary greatly between the classes.

The crabs typically move slowly across the sea

floor and the starfish seldom moves at all. The

small fish tend to appear in groups, whereas the

fish exhibits a preference for solitude. Finally,

the jellyfish gracefully floats with the current,

and while the shrimps generally partake in this

behavior, bursts of acceleration are displayed.

The in-balance in class distribution and ob-

ject behavior necessitate careful division of the

sequences in the dataset in order to create bal-

anced train and test splits. Therefore, we sort

the sequences according to their MOTCOM

scores [38], Paper C, and follow a procedure

where we assign the most complex sequence

to the train split and the second most complex

sequence to the test split. Next, we allocate every fifth sequence to the test

split, while the remaining sequences are included in the train split. This gives

a total of 78 train and 20 test sequences with a balanced distribution between

the two splits with respect to the MOT complexity as illustrated in Figure 3.7a.

Alternatively, had we selected the first 20 recorded sequences for the test split,

the distribution would be skewed with respect to complexity, see Figure 3.7b.

Sequence

0.1

0.2

0.3

0.4

Co
m

pl
ex

ity

MOTCOM-based split
MCOM
VCOM
OCOM
MOTCOM
test seq.

(a) ”Sorting the sequences based on MOTCOM and taking
every fifth to be included in the test split. This is the
approach we follow.“ [39].

Sequence

0.1

0.2

0.3

0.4

Co
m

pl
ex

ity

Time-based split
MCOM
VCOM
OCOM
MOTCOM
test seq.

(b) ”A typical test split consisting of the 20 first recorded
sequences. This approach clearly skews the splits with re-
spect to complexity.“ [39].

Fig. 3.7: ”These plots illustrate MOTCOM and the sub-metrics for all the BrackishMOT sequences. In
both plots, the sequences are sorted based on their MOTCOM score. The circles mark the test sequences with
respect to the split-scheme.“ [39], figures are from [39], Paper E.
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Swimming in Data: A Framework for Generating Synthetic Underwater
Multi-object Tracking Sequences with Fish

Beside proposing the BrackishMOT dataset in Paper E, we also presented a

novel framework for generating synthetic underwater MOT sequences with

fish. The aim with the framework was three-fold: 1) investigate whether it

is possible to detect and track fish in the wild with a model that has been

fine-tuned purely on synthetic data, 2) determine whether synthetic data can

increase tracker performance on the BrackishMOT test split, and 3) make

the framework general in the sense that it can be easily adjusted to fit other

underwater environments. The latter was especially critical as a framework

that solely expands the BrackishMOT dataset with synthetic sequences would

not be beneficial for the broader community.

The proposed framework contains three elements: a fish model, a mo-

tion model, and the surrounding environment. The most interesting object

in perspective of MOT is the small fish class as it often appears in groups

Fig. 3.8: High resolution mesh of the stickleback
model used in our framework. The figure is

from [39], Paper E.

that are socially active, leading to se-

quences with visually similar objects,

frequent occlusions, and occasional

erratic motion. For this reason, we

deliberately focused on the small fish
class and chose a model that resem-

bles a stickleback, which is the most

typical family of the small fish class.

The 3D model was acquired from

the fish database of images and pho-

togrammetry [22] and the mesh of

the model can be seen in Figure 3.8.

The small fish are often seen in groups in the BrackishMOT sequences.

Therefore, it was essential to find a motion model that takes group behavior

into account. Such a model was proposed in the late 80’s by Craig Reynolds [45]

when he introduced boids for simulating flock behavior of birds. Boid behavior

is based on each individual object following simple rules that determines how

they should act according to their neighbors. Our implementation of boid

behavior involves four forces that are applied to the direction and velocity of

every object, namely: separation, cohesion, alignment, and leader. The forces

are dependent on the proximity and behavior of the closest neighbors and

ensure that the fish stay close, avoid total crowding, and to some degree follow

a leader object. The interaction between the objects causes this simple set of

rules to simulate relatively complex social behavior. Additionally, by adjusting

the weight of the individual forces in a stochastic manner it is possible to obtain

more complex and varied motion.
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Fig. 3.9: The stickleback model is

displayed on a plain background

in the top image and in the im-

age below we have introduced a

background video without real-life

objects. To make the environment

more realistic we add artificial tur-

bidity, and lastly, floating particles

are introduced to simulate noise to

the environment.

The habitat and the surrounding conditions

also have a major effect on the general complex-

ity of underwater scenes. Therefore, we pro-

pose a practical method for simulating varied

and changing environments. We base our ini-

tial habitat model on the conditions observed

in Limfjorden, which are characterized by a sig-

nificant variation in the amount of suspended

sediment, water current strength, salinity, and

other factors. All of these contribute to changes

in the amount of light, the perceived color of

the water, visibility, and number of floating par-

ticles. We propose three steps to create a realistic

looking underwater environment and the steps

are visualized in Figure 3.9. First, we introduce

a background video, in our case we have used

videos from the Brackish setup where there are

no organisms present. We then add turbid-

ity, which is implemented as a spherical "fog"

that intensifies with the distance to the camera.

Lastly, we add artificial floating particles which

are represented as blurry spheres.

Through the utilization of diverse back-

ground videos, adjustments in turbidity-fog lev-

els and color, as well as modifications in the size,

color, and quantity of floating particles, a wide

spectrum of diverse environments can be gen-

erated. This, in conjunction with the possibility

to modify the object count and behavioral char-

acteristics, facilitates effortless creation of an ex-

tensive and varied synthetic dataset resembling

real-world data captured in the wild.

Blending Real and Synthetic Data to Advance Fish Tracking in the Wild

We provide baseline results for the BrackishMOT dataset by fine-tuning the

state-of-the-art tracker CenterTrack [54] (CT) following different training strate-

gies involving: real-data, synthetic data, and combinations of the two. The

authors of CenterTrack have published two pre-trained models trained on

MS COCO [28] and ImageNet [10] and a recipe for fine-tuning their models,

which we use as our basis for the evaluation. We assess the performance

of our models by the conventional MOT metrics MOTA [4], IDF1 [46], and

HOTA [30]. In total we evaluate six models and the results are presented in
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Model HOTA↑ MOTA↑ IDF1↑

CT-COCO-Brack 0.36 0.37 0.39

CT-COCO-Synth 0.36 0.38 0.39

CT-COCO-Mix 0.36 0.37 0.39

CT-ImNet-Brack 0.38 0.43 0.44

CT-ImNet-Synth 0.38 0.42 0.41

CT-ImNet-Mix 0.40 0.44 0.45

Table 3.3: Baseline results for the six CenterTrack

(CT) models evaluated on the BrackishMOT test split.

The table is adapted from [39], Paper E.

Table 3.3. The model name

indicates the training strategy,

e.g., CT-COCO-Brack has been

pre-trained on MS COCO and

fine-tuned on BrackishMOT. The

CT-COCO-Synth and CT-ImNet-

Synth models have been fine-

tuned on the synthetic sequences

and subsequently fine-tuned on

BrackishMOT. Lastly, CT-COCO-

Mix and CT-ImNet-Mix have been

fine-tuned on a combination of the synthetic and real sequences in one go.

Based on the findings, it is evident that a CenterTrack model pre-trained

on ImageNet is the better option compared to MS COCO when the model is

subsequently fine-tuned on the BrackishMOT dataset following the proposed

strategies. Additionally, we find that the synthetic sequences, despite only

containing a model resembling the small fish class, can increase the performance

of CenterTrack. However, it is also apparent that the increase is marginal, and

that there is room for improvement.

Model HOTA↑ MOTA↑ IDF1↑

CT-ImNet-Synthetic 0.17 0.13 0.19

CT-COCO-Synthetic 0.21 0.18 0.24

CT-ImNet-Brack 0.39 0.50 0.46

CT-COCO-Brack 0.37 0.47 0.43

Table 3.4: The models have been evaluated on a subset

of the BrackishMOT test split, which only consists of

the sequences containing the small fish class. The CT-

ImNet-Synthetic and CT-COCO-Synthetic models have

only been fine-tuned on the synthetic sequences. The

table is adapted from [39], Paper E.

The synthetic environment

only contains objects of the

small fish class, therefore, we

also investigated how a model

purely fine-tuned on the syn-

thetic data would perform

on a subset of the Brackish-

MOT test split consisting only

of the eight small fish se-

quences. We name these mod-

els CT-ImNet-Synthetic and CT-

COCO-Synthetic and it should

be stressed that they have not
been fine-tuned on real underwater data. The results are presented in Ta-

ble 3.4. Interestingly, we see that the MS COCO pre-trained model is better

suited for this task compared to ImageNet. The performances are not striking

for any of the two models, but nonetheless, they indicate that it is possible

to teach models to track marine organisms in challenging environments from

purely synthetic data (if we ignore pre-training).

To conclude, we find that it is possible to achieve decent performance on the

challenging multi-object tracking sequences of the BrackishMOT dataset with

a tracker developed mainly for terrestrial tasks. Incorporating synthetic data

during training can marginally improve performance of the chosen tracker,

but our experiments suggest that there is potential for more.
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3 Underwater Image Acquisition: Lessons Learned

During the design and development phase of the underwater camera and

lighting system used to capture the Brackish dataset, we were unable to lo-

cate a practical overview of factors to be aware of when establishing a setup

focused on monitoring marine life in the wild. There exists great literature on

topics such as the variability of ocean color [35], the impact of eutrophication

on coastal turbidity [51], and techniques to mitigate backscatter [17, 33]. How-

ever, in a field characterized by a substantial scarcity of data, it is an uphill

battle to expect marine researchers, some without a technical background, to

conduct a literature review ahead of potentially designing a camera system.

For this reason, we wrote an essay about what we consider to be essential

factors to contemplate for optimizing visual data acquisition in underwater

environments and it is based on the experience and knowledge gained in the

process of producing the Brackish datasets. The essay is presented in Paper F

and it is written in an easily digestible manner to a cross-disciplinary audience

with limited technical knowledge with the aim of demystifying underwater

image acquisition and encouraging marine researchers to utilize visual data

and computer vision to optimize data analysis. The basis of the essay revolves

around the following six elements: 1) attenuation of light, 2) backscatter, 3) ar-

tificial light, 4) refraction, 5) data handling, and 6) the local environment. Our

knowledge regarding this topic comes from the development of the camera

setup presented in Paper D, where we had to consider each of the elements.

Fig. 3.10: The prototype setup used for

initial investigations with respect to lo-

cation and orientation of the camera

and lights.

The initial intention with the camera

setup was to acquire practical know-how

in using cameras and lights in Limfjorden,

with the goal of preparing for a future iter-

ation of the setup that would be portable.

This involved gathering insights through-

out the years regarding the fluctuating tur-

bidity levels, algae bloom on the lenses,

optimal positioning of lights and cameras,

and, naturally, capturing sequences of or-

ganisms. Limfjorden is a strait that runs

through the northern part of Jutland from

the North Sea in the west to Kattegat in the

east and it is of particular interest to local

marine biologists as it has witnessed oxy-

gen depletion, severe decline in fish popu-

lations, and more over the past decades [16].

The water temperature in Limfjorden can

fluctuate by up to twenty degrees, influ-
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enced by seasonal variations. Moreover, the water in the strait is brackish

due to the inflow of freshwater streams and drainage channels. The lat-

ter being a cause of turbidity through eutrophication [51] which can have

Fig. 3.11: Evening experiments with the pro-

totype setup in a shallow location of Limfjor-

den during Summer.

a strong effect on the attenuation of light,

especially during warmer periods. For

these reasons, we anticipated that the

visibility could be poor and vary to a

large degree based on the water current,

temperature, depth, and location. Ar-

tificial lights can be used to counteract

low visibility, if positioned accordingly,

and otherwise be the cause of backscat-

ter and shadows [48, 52]. Therefore, we

decided to install multiple artificial lights

that could be turned on and off depend-

ing on the situation. In order to deter-

mine the initial position and orientation

of the cameras and lights we designed a

prototype setup, which is shown in Figure 3.10. We conducted several field

tests, see Figure 3.11, with the prototype to find the optimal configuration of the

lights and cameras to meet our needs and to reduce the effect of backscatter and

attenuation of light. However, our findings revealed that there was no single

optimal solution, as it heavily relied on the characteristics of the surrounding

environment and the task being performed. For example, images of the sea

floor were, intuitively, of higher quality when the cameras were placed in the

bottom row of the rack. Additionally, the position of the cameras and the sur-

roundings dictated how and where the lights should be placed and oriented.

Fig. 3.12: This is me preparing for an

underwater survey near the pillars of

the Limfjord bridge.

We surveyed positions along the harbor

front of Aalborg and had divers do inspec-

tions around the bridge pillars of the Lim-

fjord bridge to find a suitable location. See

Figure 3.12 for a photo of me preparing for

one of the surveys; unfortunately, I was not

the one doing the dive as only professional

divers are allowed in the water near Aalborg

harbor and the Limfjord bridge. Figure 3.13

shows an image from one of the underwater

surveys directly below the bridge tower, and

yes, the diver is scratching the crab on its back

with his gloved hand. Ultimately, we selected

this specific location based on several factors.

It offered convenient access to a reliable power

supply and internet connection. Additionally,
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the positioning of an ice barrier directly above the camera setup provided an

ideal opportunity to secure the cables and shield them from potential damage

caused by floating debris and ice, see Figure 3.2 for an illustration of the ice

barrier and camera setup.

Fig. 3.13: A diver is investigating the area

near a bridge pillar of the Limfjord bridge

and has found a crab that is getting a scratch

on its back.

Despite a careful design and precau-

tions, we still encountered a range of dif-

ficulties when capturing the data due to

algae bloom, backscatter, overexposure,

shadows, and more. In Figure 3.14a the

image has a greenish tone caused by al-

gae bloom on the lense. The fish is a

goldsinny wrasse which may have used

the setup as its residence for a period of

time. In Figure 3.14b a lumpsucker is

swimming in front of a light causing its

body to reflect the light and be heavily

overexposed. Additionally, due to only

a single light being turned on, the fish

casts a shadow behind it, potentially hid-

ing other objects. Lastly, in Figure 3.14c

the scene is hidden behind a bright fog made of small particles that are scat-

tering and reflecting the artificial light. This phenomenon occurs when the

camera and lights are closely positioned and the water is turbid.

It is demanding to capture high quality image data in underwater environ-

ments as it is not straightforward to adjust a setup, change a lens, or conduct

maintenance of a system while it is submerged under water. However, it is

crucial that computer vision researchers get access to larger and more varied

underwater datasets, as data is the oxygen of machine learning. Therefore, it

is essential that marine researchers gather and publish the best possible data

given the existing constraints. To prevent researchers interested in capturing

underwater visual data from ending up in deep water, we described the most

critical factors to consider, based on our experiences, in Paper F.

(a) (b) (c)

Fig. 3.14: Three images that illustrates some of the difficulties encountered during recording of

data in Limfjorden. a) early algae bloom makes the scene look green. b) overexposure of a fish

that swims in front of a light. c) backscatter makes the scene seem foggy and more turbid than it

really is. The images are from [40], Paper F.
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4 Summary and Scientific Contributions

In this chapter we dived into underwater image acquisition in the wild with

a focus on object detection and tracking in brackish waters. The basis of the

work conducted in this chapter was the development of the Brackish dataset

presented in Paper D. The Brackish dataset was the first bounding box anno-

tated and publicly available underwater object detection dataset of its kind.

It consists of 89 sequences with varying visibility and six coarse object cate-

gories including fish, crabs, and starfish. Beside publishing the dataset we also

presented baseline results from two state-of-the-art object detectors.

Next, we presented the BrackishMOT dataset from Paper E which is a multi-

object tracking expansion of the Brackish dataset. BrackishMOT includes

nine new sequences, multi-object tracking annotations, and a framework for

generating realistic looking synthetic sequences with multiple fish, custom

backgrounds, and varying levels of turbidity. Additionally, we investigated

multiple training strategies with and without synthetic data and presented

preliminary tracking results.

Finally, we provided supplementary details and perspectives on the de-

velopment of the camera system and data acquisition process. The insights

were compiled into a set of factors to consider when recording data in marine

environments as outlined in Paper F. We concluded by encouraging marine

researchers to consider using cameras and computer vision as a scalable and

non-intrusive underwater monitoring solution. Moreover, due to the scarcity

of annotated underwater data, we urge researchers to publish recordings and

annotations as a means of advancing the field of underwater computer vision.

The main scientific contributions in this chapter can be summarized as:

• In Paper D we presented the first publicly available underwater object

detection dataset captured in brackish waters with varying visibility.

Additionally, we fine-tuned two state-of-the-art object detectors and pro-

vided baseline results.

• In Paper E the first multi-object tracking dataset captured in non-tropical

waters was presented along with a framework for creating realistic syn-

thetic sequences of multiple fish. Furthermore, we investigated strategies

for training a tracker via combinations of real and synthetic data and pre-

sented preliminary baseline results.

• In Paper F we compiled the knowledge gathered through the develop-

ment of the aforementioned datasets and presented essential factors to

consider when recording video data in marine environments.
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Future Work

One of the major goals with the underwater camera setup was to obtain knowl-

edge about the rough environment in Limfjorden and how it physically affected

the setup over time. This should pave the way for the next and portable iter-

ation of the setup, which ideally can be used for both stationary and moving

tasks. For example, recording a limited area of an artificial stone reef or eel-

grass plantation for a period of time to analyse growth and life. Or to survey

larger areas by mounting the camera on a boat, kayak, or handheld while

diving. It is also relevant to capture distance data, e.g., to estimate the size of

plants and animals. The preferable solution would be a passive sensor such

as a stereo setup, as it does not affect the surroundings as opposed to, e.g.,

time-of-flight, structured light, and sonar.

Expanding the Brackish dataset with more video sequences could be a way

to ensure that it stays relevant to the community. Another solution would be

to include additional annotations in the form of, e.g., segmentation masks and

provide guidance to create fair data splits, that does not include data leakage

where test and train images can be consecutive frames from the same sequence.

Lastly, it would be relevant to establish a fine-grained classification branch of

the Brackish dataset. This is likely not possible with the current recordings, but

a solution could be to record high quality and varied sequences from public

aquariums, where they have replicas of natural habitats of straits, estuaries,

and stone reefs.

The aforementioned possibilities of expanding the Brackish dataset could

with minimal effort lead to an expansion of the BrackishMOT dataset as well.

Additionally, there is a huge potential in the synthetic framework for generating

varied and relevant underwater multi-object tracking sequences. It would be

interesting to include more animal and motion models, e.g., additional fish

species, crabs, shrimps, and jellyfish. Moreover, we could implement a force

to imitate water current that affects the motion of the animals, particles, and

turbidity in the scene.

Currently, the motion model is loosely based on boid-behavior, however,

fish are prey animals and they occasionally behave erratically to avoid preda-

tors and this type of behavior is currently not directly implemented. In order

to make the motion more realistic it may be feasible to include more stochas-

tic variables sporadically affecting the orientation and acceleration of the fish.

Another relevant feature would be to simulate the depth at which the synthetic

scene is recorded and attenuate the light accordingly. One could also add a

feature for simulating weather, e.g., clear or cloudy, day or night and the option

of using artificial lights (including shadows and backscatter).
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Chapter 4

Long-Term Monitoring of
Giant Sunfish

Fig. 4.1: An overview of the papers lay-

ing the foundation for the findings in

this chapter.

Computer vision and machine learning al-

gorithms have been used for conservation

efforts for decades with re-identification as

a key application [33, 37]. Traditionally, re-

identification systems have employed a com-

puter vision module to analyse images and

identify unique features such as scars, coat

patterns, or markings on the animals. Sub-

sequently, a machine learning algorithm is

employed to quantify and compare the fea-

tures to those from other images, allowing

for re-identifying individual animals [9, 15,

34]. Handcrafted feature point detectors

and descriptors like SIFT [19], RootSIFT [2],

ORB [29], and SURF [3] have been used to

locate and describe visually distinct points on animals [1, 9, 20, 35, 39].

Recently, though, deep neural networks have generally gained increas-

ing attention within the field of animal re-identification [4, 8, 33]. The most

common approaches [32] include using triplet loss [6, 17] or designing the re-

identification model as a Siamese network [21, 38]. However, re-identification

models based on deep learning networks typically require a large amount of

training data to ensure that the model generalizes outside the individuals in-

cluded in the training space. This necessitates that there is a sufficient quantity

of data available and that a significant part of the data is annotated. This is

often not the case when looking for elusive or rare animals, like the giant

sunfish, where the amount of data is scarce.
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1 A Unique and Elusive Giant

The giant sunfish (Mola alexandrini) is the world’s heaviest bony fish [14, 31],

but little is generally known about this species. It is typically observed in tem-

perate waters of the Southern Hemisphere and it belongs to the Molidae family,

which includes the ocean sunfish Mola mola that is occasionally found close

to Denmark [22]. Apart from being a family of fish that deserves protection

and the right to inhabit the Earth on equal terms with all other living organ-

isms, it potentially exerts a substantial influence on the ecosystems in which it

resides. The fish belonging to the Molidae family primarily consume jellyfish,

and, their size taken into consideration, potentially plays a pivotal role in the

regulation of these gelatinous organisms, which are blooming worldwide as a

consequence of human activities [28]. Not only are sunfish large, goofy, and

plain likeable creatures, see Figure 4.2, they are also an effective part of the

ocean cleaning staff, that helps maintain healthy ecosystems, which, among

many other things, is crucial for large industries like fishing and tourism.

Therefore, it is essential that information on these unique creatures is collected

and analyzed in order to understand their behavior and life-cycle such that we

are able to implement effective conservation efforts where needed.

Fig. 4.2: Four images of giant sunfish from the Match My Mola database [24].

Due to their elusive nature and extensive spatial mobility, sunfish are rarely

seen and recorded. Therefore, marine researchers are utilizing citizen science

projects to gather images and recordings from amateur divers, tourists, and

the likes. Since 2013 the ’Match My Mola’ project [24] has received recordings

of sunfish, particularly from the Bali area in Indonesia. Bali is a ’hot spot’ for

sunfish activities and there are near-shore areas where sunfish are regularly

seen. Therefore, local dive shops are encouraging tourists to upload their

images and videos to the Match My Mola database including location and

time. The database is curated by marine biologists investigating whether the

same individuals are visiting the same areas recurrently. Additionally, they

are exploring issues such as the growth rate of sunfish in the wild, the impact

of having boats and tourist divers in close contact with the creatures, and the

extent of their habitat range. All of these problems are dependent on being

able to identify the same individual repeatedly.
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Re-identifying Giant Sunfish

Identifying the same individual on images captured at different times or by dif-

ferent photographers is commonly known as photo-identification by biologists

and ecologists, and re-identification in the computer vision community. Typ-

ical cues for re-identification of marine animals include pelage patterns [21],

caudal and dorsal fins [4, 7], scars, and body markings [16, 23]. However,

relying on specific patterns on an organism for re-identification necessitates

that these patterns are both unique and persistent. The giant sunfish have

such body markings and it has recently been shown that the markings do not

significantly change during a span of at least seven years [23].

Fig. 4.3: ”Giant sunfish have unique patterns on their bodies, which can be used for photo identification.
Traditionally, marine researchers have matched images by manual visual pattern recognition focused on the
body markings, as illustrated in these two examples.“ [26], the figure is from [26], Paper H.

Currently, marine biologists and trained volunteers are manually re-identi-

fying giant sunfish from the Match My Mola database by comparing their

body markings as illustrated in Figure 4.3. The database contains thousands

of images making it an extremely time-consuming task that is continuously

growing as more images are uploaded to the database. For this reason, in

Paper G and Paper H we investigated whether computer vision could be used

to automate the re-identification process. At the time when we proposed the

method described in Paper G only 29 individuals (and 91 images) had been

manually verified to be re-sightings of the same individuals captured either by

different divers or at different times. Therefore, we deemed the task unsuitable

to solve for deep learning models due to the scarce amount of data and because

it made little sense to attempt to create diverse train, validation, and test splits.

Instead, we looked for methods that required no training or fine-tuning, such

as handcrafted feature descriptors.

The body of the giant sunfish is rigid [10], therefore, the constellation of

body markings are mainly subject to translation, scaling, and rotation between

sightings. However, there are other factors affecting the clarity and appearance

of the patterns like the attenuation of light, the camera and lens, the distance

between the diver and the fish, and more. Inspired by traditional image regis-

tration techniques we anticipated that keypoint matching could be applicable

for automating the task of re-identifying giant sunfish.
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2 Connecting the Dots: Keypoint Matching for Re-
identifying Giant Sunfish

Detection and description of keypoints have been studied for many years and

have been widely used in fields like tracking and image registration. However,

we are, of course, not the first to utilize keypoints in the field of re-identification.

Keypoint matching has been used for re-identifying patterned species for more

than a decade in various constellations [5, 9, 11, 13, 36] mainly based on the

scale invariant feature transform (SIFT) algorithm [18, 19]. The pipeline that

we proposed in Paper G and expanded upon in Paper H is, therefore, not

groundbreaking. However, our approach to the problem diverge from pre-

vious practices in the field. Given the severely limited number of manually

annotated and verified re-identifications in the Match My Mola database, we

designed the solution under the assumption that no training data was avail-

able, as this is often the case for conservation and research efforts targeted at

specific species. Furthermore, in addition to performance, practicality held

significant importance in our considerations.

A Super and On-Point Re-identification Approach
We designed the solution specifically for marine biologists who typically do not

have a technical background in computer vision and image analysis. Therefore,

we adopted a paradigm stating that the method could only consist of public

and widely used algorithms configured with the default parameters, such

that it would require no parameter-tuning. The pipeline proposed in Paper G

consisted of the modules presented in Figure 4.4, namely: detect object, find

keypoints, match keypoints, clean matches, and rank.

Fig. 4.4: Visual representation of the pipeline presented in Paper G. The components linked to the

modules denote variations of the system, e.g., one model is based on segmentation (Seg), SIFT

keypoints, and brute force (BF) matching. The dashed lines indicate that only SuperPoint (SP) is

matched using SuperGlue (SG) and only the BF matches are cleaned using the distance ratio test.

The components linked to the modules represent choices for configuring

the pipeline. We construct and evaluate models for each of the combinations.

For example, in the first module we choose between the original image (Img),

the object bounding box (BB), or the segmented object (Seg), see Figure 4.5 for
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Giant Sunfish

an example of the three levels of segmentation. Note, for each model only one

component is used per module.

(a) Original image (img). (b) Bounding box (BB). (c) Segmentation (Seg).

Fig. 4.5: In the detect object module there are three components, each describing a different level

of object detection: a) original image (no object detection), b) bounding box, and c) instance

segmentation.

We evaluate the performance of three keypoint descriptors, namely: SIFT,

RootSIFT [2], and SuperPoint [12] (SP). For each of the descriptors we match the

keypoints using brute force (BF). Additionally, with the SuperPoint keypoints

we also assess the graph-based matching algorithm SuperGlue [30] (SG) in two

constellations: a model trained on indoor data (SGIndoor) and a model trained

on outdoor images (SGOutdoor). Next, we clean the matches presented by the

brute force method using the distance ratio test proposed by Lowe [19]. We do

not further process the matches presented by SuperGlue as it already contains a

cleaning step. In total we end up with 15 models based on the aforementioned

variations to the pipeline. Lastly, we rank the images based on the number of

matches under the general assumption that more keypoint matches indicates

a higher visual similarity.

Evaluation on the TinyMola Dataset

In Paper G we evaluate our models on the TinyMola dataset, which contains 91

images and 29 individuals from the Match My Mola database. The evaluation

is based on the mean average precision (mAP) and in Figure 4.6 we show the

results for all the models. Note, the images of the TinyMola dataset ranges

from 0.1 to 16 mega pixel in resolution and varies widely in color due to the

underwater environment, therefore, as a pre-processing step we normalize the

images by converting them to gray scale and resize them to 640 × 480.

We find that the handcrafted feature descriptors, SIFT and RootSIFT, ba-

sically provide random guesses and are not suitable for re-identifying giant

sunfish in the pipeline that we propose. On the other hand, SuperPoint shows

promising performance with an mAP of 50-60% at full rank. The matching

algorithm has an effect on the performance of SuperPoint and we see that

the SuperGlue model trained on indoor images is inferior compared to the

others. The brute force approach is the better option for the segmentation
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Fig. 4.6: ”Evaluation results. The legends specify descriptor-matching-segmentation, e.g., SP-SGIndoor-
BB is a combination of the SuperPoint descriptor, SuperGlue indoor matching, and bounding box segmenta-
tion. The handcrafted feature descriptors (SIFT and RootSIFT) show weak performance compared to the deep
learning based SuperPoint descriptor. The difference between using brute-force matching and the graph-
based SuperGlue is less profound and the segmentation level seems to affect the performance ambiguously.
The mAP presented in the legends are from the last rank.“ [25], figure is from [25], Paper G.

level matches, but the opposite is true for the original image and bounding

boxes where SGOutdoor is the best. The segmentation level seem to have an

ambiguous effect, which is likely due to mainly two things. The segmentation

model is an ImageNet pre-trained Mask R-CNN fine-tuned on 100 manually

annotated sunfish images (which are not part of the TinyMola dataset). It

achieves a good, but not perfect, performance with an average precision of

88%. This means that some sunfish may be segmented inappropriately which

also affects the bounding boxes as they are enclosing the segmentation masks.

Additionally, the images are captured in different environments meaning that

correct keypoint matches will mainly be located on the sunfish, except for rare

cases, e.g., when multiple distinct fish are occurring in the same image. Hence,

keypoint descriptors that are not susceptible to noise should be minimally in-

fluenced by the surroundings, while an erroneous segmentation may leave out

critical information.

To summarize, we conclude that SuperPoint is superior to the hand-crafted

feature descriptors in the pipeline proposed in Paper G. We find that the level of

object detection has an ambiguous effect on the re-identification performance.

Lastly, the SuperGlue matching algorithm seems to increase the performance

only when trained on certain types of data compared to using a brute force

approach.
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Giant Sunfish

From Theory to Practice

At the time when the we proposed the pipeline in Paper G the Match My Mola

database contained approximately 1,000 so-called ’photo events’, which are

recordings of giant sunfish by different divers, locations, or periods. Each of

the photo events consisted of 1-3 images of one or both sides of the fish. The

marine biologists curating the database were engaged in their work on manu-

ally matching all the images of the database and were interested in using our

approach for assistance. Therefore, we processed and compared all the images

from the Match My Mola database using the pipeline of Paper G configured

with the SuperPoint feature descriptor and the SGOutdoor matching model.

The biologists received the top-20 ranked images for each of the input images

to manually verify potential matches. Despite that several new matches were

discovered and the matching time was significantly reduced for a part of the

task the approach had practical flaws.

It was a time-consuming and tedious task to manually sort out a very

large number of false positives. It is likely that a majority of the sunfish in the

database has only been captured on an image once, while others may have been

recorded many times, therefore, it is a non-trivial task to choose the optimal

number of images to present to the user. We discussed with the curators of

the Match My Mola database, and found that they were especially interested

in two things for the next iteration of the system, namely: a limited number

of ranked images and better visuals when conducting the manual verification,

e.g., in the form of colored overlays of the body-patterns, greater contrasts, or

the likes.

A Contrastive Re-identification Approach
Based on the key topics proposed by the Match My Mola researchers we in-

vestigated ways of including stronger visuals and minimizing the number of

false positives. One of the problems with creating an overlay to highlight the

unique markings is the huge variability within the appearance of the markings

between images and individuals. Whether using traditional image processing

techniques like blob-analysis or state-of-the-art semantic segmentation models,

it requires training and will likely suffer from limited generalizability. How-

ever, enhancing the image contrast would be a straightforward approach to

ease manual verification by making the patterns more pronounced. Therefore,

as part of the second iteration of the pipeline, presented in Paper H, we in-

cluded a pre-processing module that enhanced the contrast of the images using

the ’contrast limited adaptive histogram equalization’ method (CLAHE) [27].

Two images of the same individual captured at different times are presented in

Figure 4.7, the left column shows the originals and the right column shows the

contrast enhanced images. The squares highlight an easy recognisable pattern.
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Fig. 4.7: Example of using contrast enhancement to make the markings on the sunfish more bold

and thereby ease the manual verification step.

Generally, the contrast enhancement makes it easier to manually match

the sunfish in two images, however, this will at most have a limited effect

on the time spent on the manual verification procedure. Therefore, inspired

by the image registration field, we propose an additional step which is to

compute the homography based on the keypoint matches between to images

and align the images according to the estimated projective transformation. As

previously mentioned, the body of the sunfish is rigid and approximates a 2D

plane. This means that if two images contain the same individual we expect a

limited projective transform comparable to a natural shift in perspective due to

a change in camera position or movement of the object. In the other end of the

spectrum, false positive keypoint matches between non-identical individuals

most likely do not agree on a simple transformation, and, therefore, lead to a

crooked homography estimation. In Figure 4.8 we present a probe image, a

set of gallery images, and projections of the probe with respect to the gallery

images. The green check mark indicates that the gallery image contains the

same individual as the probe while the red cross means another individual.
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Fig. 4.8: The probe image is projected for each of the gallery images using the homography

calculated from the set of SIFT keypoint matches between the probe and gallery image. Note that

the image with the green check mark contains the same individual as the probe and it is the only

case where the projected probe image is well-aligned with the gallery image.

Estimating the homography and projecting the probe image with respect

to the top-n ranked candidates provides an alternative and significantly faster

approach to conduct the manual verification step. However, this does not

minimize the number of false positives, which was another problem mentioned

by the Match My Mola researchers. The problem of minimizing the number of

false positives lies in the way most re-identification methods are designed and

evaluated, namely based on their ranking capabilities. Therefore, in Paper H,

as an alternative, we propose to view the re-identification task as a binary

classification problem and state whether a pair of images contain the same

individual or not. This can be achieved with a straightforward addition to the

proposed pipeline, namely by including a threshold that states that every pair

of images with at least 𝑥 number of keypoint matches is considered a positive

match and the rest are considered negatives.

In Paper H we show that the pipeline configured with the SuperPoint

feature descriptor and a threshold of minimum 25 keypoint matches reaches

a recall of 0.44 and precision of 0.98 on the TinyMola+ dataset, which contains

224 images and 83 IDs. The recall is not staggering, but a precision close

to 1.0 basically eliminates the need for human verification of almost half the

dataset. For comparison, configuring the pipeline with a pre-processing step

using CLAHE, the RootSIFT feature descriptor, and a threshold of minimum

120 keypoint matches we are able to get a recall of 0.34 and a precision of 0.99

illustrating the superiority of SuperPoint.

A combination of the projective transformation approach, for enhancing

the visual inspection procedure, with the binary classification approach may

prove to be a strong setup for a human-in-the-loop system for conservation

efforts where data is limited.
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3 Summary and Scientific Contributions

The giant sunfish Mola alexandrini is an elusive fish that is rarely seen and

we generally know little about it, despite that it is the world’s heaviest bony

fish. It has unique patterns on its body that allow for re-identification across

years. In Paper G we proposed a re-identification pipeline based on keypoint

matching and evaluated the pipeline in 15 different configurations based on the

level of object detection, choice of feature descriptor, and matching algorithm.

The pipeline consisted of public available methods implemented with default

settings, without training or fine-tuning any parameters. We were able to

achieve a mean average precision (mAP) of around 60% on the TinyMola

dataset containing 91 images.

We expanded upon this work in Paper H proposing solutions actively

aimed at solving two practical issues expressed by the marine researchers

curating the Match My Mola database, namely: easing the visual verifica-

tion procedure and minimizing the number of false positives. We included

a contrast enhancement step to make the patterns more bold, which also had

a positive effect on the performance of the pipeline when configured with

traditional handcrafted feature descriptors. Additionally, we suggested to

estimate the homography between image pairs and subsequently align the

images by applying the projective transformation. The projected image will

appear crooked and misaligned for image pairs featuring different individu-

als, offering a clear and rapid approach to eliminate potential false positive

matches. Lastly, we discussed the issue of having an inherent high number of

false positives when viewing the re-identification task as a ranking problem

where it is non-trivial to decide on an optimal number of proposals (top-n

rank). In extension thereof, we proposed an alternative output module that

incorporated a threshold, transforming the re-identification task into a binary

classification problem. This modification eliminated practically all false pos-

itives, achieving a precision and recall of 0.98 and 0.44, respectively, on the

TinyMola+ dataset containing 224 images.

The main scientific contributions in this chapter can be summarized as:

• In Paper G we proposed a pipeline, requiring no training or parame-

ter fine-tuning, for re-identifying giant sunfish. We illustrated that the

deep learning based and state-of-the-art SuperPoint keypoint descrip-

tor is both suitable for this specific task and superior to the traditional

handcrafted feature descriptors SIFT and RootSIFT.

• In Paper H we introduced a contrast enhancement module and showed

that, beside its practical use, it effectively increases the performance of

the SIFT and RootSIFT keypoint descriptors. Furthermore, we proposed

a practical solution to ease manual verification by image-alignment based

on homography estimation.
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• In Paper H we also discussed the in-practicality of having a ranked list as

output of a re-identification system and suggested to view the task as a

binary classification problem. We proposed an alternative binary output

module, effectively eliminating the problem of a high number of false

positives induced by the non-trivial task of choosing an optimal number

of ranked proposals.

Future Work

The methods proposed in Paper G and Paper H have been developed with

practicality in mind, as solutions to a real problem. Therefore, it is imperative

for future development to maintain the close collaboration with the users of

the system, the marine biologists and curators of the Match My Mola database.

An obvious and relevant piece of future work would, therefore, be to inves-

tigate the pros and cons of using the pipeline as part of a human-in-the-loop

system for processing new images submitted to the Match My Mola database.

Interesting questions include: 1) What is the level of accuracy? 2) How much

time is spent on the task? 3) How does the duration of consecutive time spent

on the task affect the performance? One approach to carry out such experi-

ments would involve dividing a number of participants into two groups: one

group following the traditional protocol for visual inspection, and another

group utilizing our proposed system. By comparing the outcomes and the

time invested, we can assess the effectiveness and efficiency of each approach.

When it comes to improving the existing system or proposing a new one,

an approach to consider is the integration of supplementary data from the

Match My Mola database, including information about the location and time

of recording. This may be applicable to exclude potential false positives using

basic heuristics. For example, it can be assumed that an individual sunfish

cannot travel extreme distances within a short period of time.

In a broader sense, exploring approaches to utilize the existing binary

pipeline as an initial stage for obtaining pseudo-labelled data to train super-

vised deep neural networks would be interesting. This could for example be a

neural network trained with triplet loss, which has been shown to be suitable

for animal re-id of patterned species [32]. It is most likely that a neural network

learns to distinguish the fish based on a different set of features compared to

the keypoint descriptor used to collect the pseudo-labelled data. Therefore,

it is also plausible that the network is capable of finding other matches and

improve the performance of the system.
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Chapter 5

Conclusion

This thesis revolves around the task of automating monitoring of marine or-

ganisms. The main objective has been to investigate and advance the field of

computer vision in underwater settings, specifically focusing on the research

question: What are the limitations and challenges associated with detecting

and tracking fish in diverse underwater environments using computer vision,

and how can they be overcome?

In the past decade, there has been an increasing emphasis on conservation

efforts in the marine sector. To effectively target these efforts and maximize

their impact, marine scientists have been encouraged to gather data at an

unprecedented pace. However, traditional marine monitoring approaches are

often harmful or intrusive due to the necessity of catching or tagging the

organisms. Additionally, they are typically not scalable as they require a

large deal of manual intervention. Underwater cameras and computer vision

techniques provide scalable, non-intrusive, and objective solutions to gather

and analyse data efficiently. However, the large variation and complexity of

underwater environments put great demands on the algorithms that need to

be versatile and robust to effectively cope with the dynamic and diverse nature

of marine habitats. Deep learning algorithms are anticipated to possess the

capacity to tackle these challenges due to their inherent design, abstraction

capabilities, and demonstrated success in various other domains.

During the past decade deep learning algorithms have matured to a degree

where they are now actively being used for conservation efforts. Currently, this

is mainly in the terrestrial domain, likely due to the difficulties of acquiring high

quality visual data from underwater environments. The latter has entailed a

critical lack of visual marine benchmark datasets, and it has basically not been

possible to evaluate algorithms aimed at the underwater domain on a credible

foundation. Therefore, a significant part of this work has been focused at

addressing the lack of publicly available annotated underwater datasets.
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We have chosen a precautionary approach to the problem by conducting

initial experiments in a controlled environment before venturing into the wild.

A major contribution of this work is the development of three underwater

benchmark datasets, namely 3D-ZeF, the Brackish dataset, and BrackishMOT.

3D-ZeF was the first publicly available underwater 3D multi-object tracking

dataset. The dataset contains sequences with multiple zebrafish in an aquar-

ium recorded from a stereo setup, which comprises that the fish needs to be

detected and associated from two perspectives: one camera is placed above the

aquarium and the second camera is placed in front of the aquarium. 3D-ZeF

presents a great challenge for the broader tracking community as the task is

to detect similarly looking, social, and erratically moving objects in two views,

associate the observations, and reconstruct the 3D trajectories of the objects.

Based on the experience gained from developing 3D-ZeF, and to pave the

way for creating transparent and balanced multi-object tracking datasets, we

developed an objective complexity metric named MOTCOM to estimate the

difficulty of multi-object tracking sequences with respect to occlusion, visual

similarity, and erratic motion. Moving from a controlled environment and

into the wild; we developed the Brackish dataset recorded from a stationary

camera system mounted in the local strait ’Limfjorden’ in the northern part of

Jutland, Denmark. It was the first object detection dataset of marine organisms

acquired in brackish water and with varying visibility. It contains sequences

that are significantly different from other underwater datasets, which have

typically been captured in tropical or clear waters. The Brackish dataset laid

the foundation for the multi-object tracking expansion named BrackishMOT,

which contained additional sequences and multi-object tracking annotations.

BrackishMOT was among the first underwater multi-object tracking datasets

captured in the wild and presents a significant challenge due to the focus on

groups of social and similarly looking fish. MOTCOM was actively used in the

design of the BrackishMOT dataset to ensure that the training and test splits

where balanced with respect to tracking complexity.

Beside publishing datasets, we have also developed and evaluated novel

solutions and assessed state-of-the-art methods on the data. Along with the

3D-ZeF dataset we also proposed a 3D multi-object tracking pipeline following

a tracking-reconstruction approach, where the objects are detected and asso-

ciated into tracks for each view independently, before reconstructing the 3D

positions based on a between-view association of the 2D tracks. We intention-

ally designed the pipeline in a modular fashion to facilitate the replacement

of components, such as the 2D object detection step, which has historically

been a rapidly progressing field in computer vision. Regarding the Brackish

and BrackishMOT datasets, we investigated ways of fine-tuning and adapting

state-of-the-art models to the brackish and turbid underwater environment.

We found that it is feasible to fine-tune deep learning models for detecting

and tracking marine organisms, but due to the stationary camera care must be
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taken to avoid overfitting the models. Additionally, we proposed a framework

for generating realistic-looking synthetic data and showed that it is achievable

to teach a model to track fish from synthetic data, which has great potential for

creating more robust and general models without acquiring and annotating

large amounts of underwater data. Lastly, we proposed a solution for re-

identification of giant sunfish, which is a large fish with unique patterns, that

allows for identifying the same individual across images. Currently, visual

identification is conducted manually, which is difficult and extremely time-

consuming. There are only few verified matches, therefore, this task is not

suited for a supervised model. Instead, we presented a pipeline based on key-

point matching and consisting purely of conventional and publicly available

algorithms using default settings. Our evaluation showed that the proposed

solution achieved promising results on a private dataset with giant sunfish

without any training or parameter fine-tuning. Moreover, we proposed to use

image-alignment based on homography estimation to ease the manual veri-

fication process, and discussed the in-practicality of having a ranked output

due to the large number of inherent false positives as a result of the non-trivial

problem of choosing an optimal number of proposals.

Future Work

Key elements that highlight potential directions for future work is presented

here. For more in-depth explanations and discussions, please see the future

work sections concluding each of the three chapters.

Chapter 2: Tracking Multiple Fish in a Controlled Environment

– The 3D tracker developed for the 3D-ZeF dataset contains a 2D

detection module, where immediate gain can be achieved by imple-

menting a stronger object detector. Additionally, the 3D reconstruc-

tion module of the system provides information on the uncertainty

of the estimated 3D positions in the form of a reprojection error,

which may be used actively to refine detections or even estimate the

position of objects that are occluded or undetected in one of the two

views.

– We proved that MOTCOM is superior at estimating the complexity

of multi-object tracking sequences compared to conventional met-

rics based on the number of objects. However, the evaluation was

based on a single domain of MOT, namely, pedestrian tracking. It

would be highly relevant to include data from other tracking do-

mains to cement the generalizability of the algorithm. Additionally,

it would be interesting to investigate how an imbalance in the com-

plexity of train and test splits affects the estimated performance of

trackers.
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Chapter 3: Monitoring Marine Organisms in the Wild

– The Brackish dataset has been captured in ’Limfjorden’ from a single

stationary camera, which has the disadvantage of containing little

variation to the surrounding environment. It would increase the

practicality of the dataset if we included a mix of stationary and

moving recordings from different areas of ’Limfjorden’.

– Due to the difficulty of correctly annotating similarly looking species

in the wild it would be relevant to capture images and sequences of

fish in realistic-looking aquarium environments, e.g., Oceanarium

in Hirtshals or the Blue Planet in Kastrup, to be able to assess fine-

grained classification algorithms under semi-wild conditions.

Chapter 4: Long-Term Monitoring of Giant Sunfish

– The pipeline developed for re-identifying giant sunfish did not re-

quire training or fine-tuning, nonetheless, we were able to iden-

tify almost half of the individuals with close to zero false posi-

tives. Therefore, the pipeline may be suitable for acquiring pseudo-

labelled data that can be used to train more complex re-identification

models.

Final Remarks

Our findings point to a lack of publicly available and high quality underwater

benchmark datasets as being a critical limitation to further advancement of

automated marine monitoring using computer vision. We consider this to

be partially attributed to the demanding marine conditions that impose sig-

nificant requirements and challenges to preparation, maintenance, and image

acquisition in comparison to terrestrial environments. However, we find that

present computer vision algorithms are suited for a wide range of underwater

applications; from behavioral analysis of fish in a controlled environment to

multi-object tracking in brackish water and long-term tracking of individual

giant sunfish. Additionally, in recent years there has been a growing focus

on the field, which appears to be an ongoing trend. The United Nations has

targeted one of their sustainable development goals directly at the sustain-

ability and conservation of our oceans and there is a general drive towards

more biodiversity and enhanced governance of Earth’s resources. Therefore,

we anticipate that computer vision will play an increasingly prominent role in

the field of marine monitoring, including targeting future conservation efforts.
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1. Introduction

Abstract

Accurately estimating the 3D position of underwater objects is of great interest when
doing research on marine animals. An inherent problem of 3D reconstruction of
underwater positions is the presence of refraction which invalidates the assumption of
a single viewpoint. Three ways of performing 3D reconstruction on underwater objects
are compared in this work: an approach relying solely on in-air camera calibration, an
approach with the camera calibration performed under water and an approach based
on ray tracing with Snell’s law. As expected, the in-air camera calibration showed to
be the most inaccurate as it does not take refraction into account. The precision of
the estimated 3D positions based on the underwater camera calibration and the ray
tracing based approach were, on the other hand, almost identical. However, the ray
tracing based approach is found to be advantageous as it is far more flexible in terms
of the calibration procedure due to the decoupling of the intrinsic and extrinsic camera
parameters.

1 Introduction

Research on marine animals is becoming increasingly popular in terms of

studying pharmacology, genetics and marine ecosystems. Environmental

studies being especially popular due to the increased focus on how emission

of various pollutants, such as microplastics [1, 2], may affect the environment

and us.

One approach to study the impact of marine pollution is to expose a model

organism to a pollutant in a controlled environment and analyze the behavioral

patterns before and after the exposure.

Mapping these behavioral patterns is a time-consuming process and has

therefore inspired multiple vision based systems, which automate this process

to some degree [3, 4]. However, a large part of these systems only supports

tracking of animals in a single plane; i.e., shallow water when working with

marine animals. This is problematic as most marine animals naturally move

in three dimensions and studying them in a single plane is insufficient in most

cases [5].

Gathering 3D information about marine animals is not without difficulties

in vision based systems as the light captured by the cameras will be exposed

to refraction as it passes through different media. This is especially true when

observing a fish tank with cameras placed outside the tank, which is a common

setup as it imposes less restrictions on the placement of the cameras and their

resistance to water.

The refraction occurring at the media interfaces, such as the aquarium

boundaries, can be described using Snell’s law [6] illustrated in Figure A.1. It
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relates the angles of incidence and refraction of the light ray by

sin𝜃1

sin𝜃2

=
𝑣1

𝑣2

=
𝑛2

𝑛1

, (A.1)

where 𝜃 is the angle between the surface normal and light ray, 𝑣 is the velocity

of light, and 𝑛 is the refractive index of the respective medium.

θ
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θ
2

n
1 n

2

Fig. A.1: Illustration of the relationship between the angles of incidence and refraction described

by Snell’s law.

How refraction can affect a camera is illustrated in Figure A.2, where mul-

tiple light rays travel from water to air until they are captured by the camera

lens. The refraction essentially causes the camera to experience the scene as if it

was observed from 𝑛 viewpoints, 𝑣𝑝𝑛 , and thereby invalidates the assumption

of a single viewpoint which is prevalent in most common camera models, such

as the one described in [7].

vp
0

vp
1

vp
2

Fig. A.2: Illustration of how light rays are bent due to refraction before entering the aperture of

the camera. The transparent cameras represent virtual viewpoints caused by the refraction.

The focus of this paper is to outline and compare the precision of various

ways of dealing with refraction when using a stereo vision based system to

gather 3D information about marine animals in aquariums.
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1.1 Related Work
The different ways of handling refraction when gathering 3D information can

generally be divided into two categories: approaches that indirectly account for

refraction by relying on the camera model to absorb the errors and approaches

that directly try to account for the physics of refraction. These will be discussed

in more details below.

Some approaches rely solely on the SVP (single viewpoint) camera model,

which is advantageous due to its ease of use, as it is well documented and

widely supported in many toolboxes. Its popularity is not without reason, as

it is also simple to deal with mathematically, mainly because the camera is

described using a linear projective transform.

Examples of using the SVP model for underwater purposes can be found

in [8–11]. The latter also tries to account for the problem of refraction by

mounting a dome port instead of a flat port in front of the camera. Doing so

essentially focuses the refracted rays into a single viewpoint. The drawback of

such a solution is the precision required to manufacture the dome and align it

properly with the given camera.

The main problem of these approaches is that the base assumption of having

a single viewpoint is violated due to the refraction, as shown in Figure A.2.

However, it can be argued that the error caused by refraction can be absorbed,

to some extend, by the focal length adjustment and radial distortion correction

commonly found in SVP models.

This idea is the scope of [12], which explores the performance of the SVP

camera model for 3D underwater reconstruction. The paper describes tests

of different configurations of the SVP model with and without focal length

adjustment and radial distortion correction. It is found that the adjustment

of the focal length has the biggest impact on reducing the error caused by

refraction.

A variation of this idea is to use multiple localized focal length adjustments

instead of a single global focal length adjustment. An example of such an ap-

proach can be found in [13] which utilizes a pixel-wise varifocal camera model.

Another example is the method presented in [14] which segments the scene

into smaller partitions and calibrates localized SVP camera models for each

partition.

The second group of approaches are the ones which actively seek to coun-

teract the refraction error by modelling the underlying physics.

A straightforward example of such an approach can be found in [15], where

two cameras are used to track a single fish in 3D. The cameras are modeled

using the SVP camera model and their intrinsic parameters have been found

through calibration in air. The extrinsic parameters of the camera are found in

relation to the corners of the aquarium.
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The intrinsic and extrinsic parameters are then used to project two rays,

one for each camera, into the aquarium. Knowledge of the aquarium’s corners

are used to calculate the intersection between the rays and the aquarium. The

refracted rays originating from the intersections are calculated and used for

triangulation.

A somewhat similar approach is described in [16], where multiple cameras

are used to track a single seahorse in 3D. This approach relies on the same

combination of ray tracing, Snell’s law, and the SVP camera model. However,

it differs in the sense, that it includes an additional step where the intrinsic

and extrinsic camera parameters are optimized. The estimated position and

orientation of the refractive interface is also optimized during this step, based

on reference points on a known calibration frame. The approach described

in [17] performs a similar optimization step to refine the parameters used

during ray tracing as well.

Other approaches discard the SVP camera model in favor of an axial camera

model [18], as this model only assumes that the light ray will intersect along a

common line and not in a common focal point. The use of axial camera models

for marine research is however sparse, as they are deemed unpractical [10].

Two of the most frequently used approaches do hence appear to be the SVP

camera model using a calibration frame placed under water [8–10] and ray

tracing in combination with Snell’s law [15–17].

Motivation in the respective works, as to why one approach is used instead

of the other, is however lacking, as no clear comparison has been made between

the two. The SVP camera model has been popular for many years due to

its simplicity and precision and it is therefore well documented and easy

accessible. This is not the case with the ray tracing based approach which

has not gained a lot of attention; possibly because the demand for precise 3D

estimation of objects, in cases where light moves through different media, is

not high. Due to this, the contributions of this paper will be

• A comparison between the approach relying on the SVP camera model

with an underwater calibration frame and the approach based on ray

tracing in combination with Snell’s law.

Furthermore, the impact of refraction is tested by comparing both of

these approaches against the SVP camera model using a calibration frame

placed in air.

• A description of each step needed to perform ray tracing in combination

with Snell’s law to account for refraction.

• A publicly available Python implementation of the ray tracing approach.

The rest of the paper is organized with first a thorough explanation of the

ray tracing based approach, followed by a description of the evaluation process

and lastly a comparison between the mentioned approaches.
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2 Ray Tracing using Snell’s Law

In this section, the ray tracing based method, to precisely estimate the 3D

position of an underwater object placed in a tank of water, will be presented.

All the steps are visualized in a simplified manner in Figure A.4, where each

number fits the number of the subsection describing the respective step.

The first part describes how to find the intrinsic and extrinsic camera pa-

rameters in a way that keeps them separated, which opens for a more flexible

setup. This is followed by an outline of how ray tracing can be used in combi-

nation with Snell’s law to expand the SVP model to account for refraction. By

taking refraction into account using ray tracing, the system becomes unaffected

by the size of the aquarium as no calibration frame is needed under water. In

the end it is explained how the resulting rays can be used to estimate the 3D

position of an underwater object using triangulation.

2.1 Camera Calibration
Calibration of the cameras is an essential part of 3D reconstruction as it relates

3D world coordinates to 2D image coordinates. This 3D to 2D relationship

can be described by the extrinsic and intrinsic parameters as illustrated in

Figure A.3.

World Coordinates
[X Y Z]

Camera Coordinates
[X’ Y’ Z’]

Image Coordinates
[x y]

Extrinsic parameters Intrinsic parameters

3D to 3D 3D to 2D

Fig. A.3: Illustration of the relationship between the extrinsic and intrinsic camera parameters.

The extrinsic parameters describe the transformation from world to camera

coordinates and the intrinsic parameters describe the relationship between the

camera coordinates and the 2D pixel coordinates in the image.

The intrinsic parameters are found for each camera using the method pre-

sented in [7], where a checkerboard in air is used for the calibration and 25

images are captured for each camera.

The extrinsic parameters are found using four 3D-2D point correspon-

dences for each camera. The parameters are found by minimizing the repro-

jection error of the four points in the respective cameras, using an iterative

approach based on Levenberg-Marquardt optimization [19]. This approach

relies on the intrinsic parameters, as they are used in the calculation of the
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reprojection error, namely the 3D to 2D transformation between camera coor-

dinates and image coordinates. The needed point correspondences are found

through manual annotation of the intersections between the water surface and

the corners of the aquarium.

2.2 Projecting a 2D Point Into a Ray
The second step is to project the 2D image coordinates into rays in the world

space coordinate system. This step is repeated for each camera with each of

the rays being characterized as

𝑟(𝜆) = 𝜆𝑟 + 𝑟0 , (A.2)

where 𝑟 is the direction of the ray, 𝑟0 is a point on the ray and 𝜆 defines all

positions along the ray. The direction vector, 𝑟, is found by

𝑟 = 𝑅−1𝐾−1

[
𝑥 𝑦 1

]𝑇
, (A.3)

where 𝑅−1
is the inverse rotation matrix of the camera, 𝐾−1

is the inverse

intrinsic camera matrix and

[
𝑥 𝑦

]𝑇
are the image coordinates of the 2D point

to back project into a ray.

The point along the ray, 𝑟0, is set to the camera center as the back projected

ray must pass through this position, which can be found by

𝑟0 = −𝑅−1𝑡 , (A.4)

where 𝑡 is the translation vector of the extrinsic parameters.

2.3 Identifying the Plane-Ray Intersection
The point of intersection between the ray and the plane of the media interface,

e.g., the plane separating air and water, must be found in order to account

for refraction. Determining this point is essentially a matter of identifying 𝜆0,

such that 𝑟(𝜆0) = 𝑝, where 𝑝 is a point on the plane. This point, 𝑝, must satisfy

the plane equation:

(𝑝 − 𝑝0) · 𝑛̄ = 0, (A.5)

where 𝑛̄ is the plane normal and 𝑝0 is an already known point on the plane.

Combining Equation (A.2) and Equation (A.5) then yields

𝜆0 =
(𝑝0 − 𝑟0) · 𝑛̄

𝑟 · 𝑛̄ . (A.6)

The intersection point between the plane and ray, 𝐼, can then be found by

inserting 𝜆0 into Equation (A.2)

𝐼 = 𝜆0𝑟 + 𝑟0. (A.7)
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2. Ray Tracing using Snell’s Law

The above calculations require knowledge of the plane normal, 𝑛̄, which can

be found as 𝑛̄ = 𝑣1 × 𝑣2. The vectors 𝑣1 and 𝑣2 being two vectors on the

plane, which can be found from three non-collinear points on the plane. These

three points are extracted from the set of points manually annotated during

the camera calibration. The required known point on the plane, 𝑝0, can be

selected from these manually annotated points as well.

2.4 Calculating the Refracted Rays
The refraction of the ray, 𝑟(𝜆), at the intersection between the media is cal-

culated using Snell’s law. The following describes the steps to calculate the

refracted vector, 𝑟′, of an incoming vector, 𝑟, and is based on [20]:

1. Calculate the cosine of 𝜃1 as

𝑐𝑜𝑠(𝜃1) = −𝑛̄ · 𝑟, (A.8)

where 𝜃1 is the angle between 𝑟 and the surface normal of the interface

between the media, 𝑛̄.

2. Calculate the cosine of 𝜃2 as

𝑐𝑜𝑠(𝜃2) =

√
1 −

(
𝑛1

𝑛2

)
2

(1 − 𝑐𝑜𝑠(𝜃1)2), (A.9)

where 𝜃2 is the angle between 𝑟′ and 𝑛̄.

3. The refracted vector, 𝑟′, can then be described as

𝑟′ =

(
𝑛1

𝑛2

)
𝑟 +

(
𝑛1

𝑛2

𝑐𝑜𝑠(𝜃1) − 𝑐𝑜𝑠(𝜃2)
)
𝑛̄ (A.10)

where 𝑛1 is the refractive index of the medium that the traced ray passes

from and 𝑛2 is the refractive index of the medium that the ray passes to.

For a camera placed in front of an aquarium, the indices 𝑛1 = 1.0 and

𝑛2 = 1.33 are used for air and water, respectively. The refraction caused by the

plastic or glass sides of the aquarium is not taken into account, as the impact

is minor except for large tanks where the sides are very thick.

2.5 Triangulation using Rays
The final step is to triangulate the 3D position of 2D image coordinates using

the refracted rays, 𝑟1(𝜆)′ and 𝑟2(𝜆)′, from the respective cameras. The refracted

rays still adheres to Equation (A.2) and are formed using the refracted direc-

tion vector, 𝑟′, from Equation (A.10) along with the position of the plane-ray

intersection, 𝐼, from Equation (A.7).
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Cam2

Cam1

Image
plane

2

1

4

Image
plane

5

3

Fig. A.4: Illustration of the five 3D reconstruction steps. 1. Camera calibration 2. Projecting a

2D point into a ray 3. Identifying the plane-ray intersection 4. Calculating the refracted rays 5.
Triangulation using rays.

The triangulation method employed is commonly known as the midpoint

algorithm. The idea is to identify the vector, 𝑚̄, between the two rays, 𝑟1(𝜆)′
and 𝑟2(𝜆)′, such that the length, | |𝑚̄ | |, is minimized. The final 3D position is

found as the midpoint of the vector 𝑚̄.

Other ways of triangulating 3D positions exist, such as the methods men-

tioned in [21]. However, the midpoint algorithm is chosen over other triangu-

lation methods, as it operates on rays by default. Other approaches utilizes

the camera matrix (formed by the intrinsic and extrinsic camera parameters)

to triangulate a point, while minimizing the reprojection error. However, this

assumes that the pinhole camera model holds, i.e., a single viewpoint exists,

which is not the case as discussed earlier.

The midpoint algorithm is based on the fact that the length, | |𝑚̄ | |, must be

at its minimum when 𝑚̄ is perpendicular to both rays. The main idea is hence

to identify a vector, 𝑚̄, such that

𝑚̄ · 𝑟′
1
= 0

𝑚̄ · 𝑟′
2
= 0,

(A.11)

where 𝑟′
1

and 𝑟′
2

are the direction vectors of the two refracted rays and · is the

dot product.
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The vector, 𝑚̄, is found by calculating the vector’s start position, 𝑀1, and

end position, 𝑀2, along the refracted rays. The two points can be calculated

by

𝑀1 = 𝐼1 + 𝑟′
1

−(𝑟′
1
· 𝑟′

2
)(𝑟′

2
· ¯𝐼1𝐼2) + (𝑟′

1
· ¯𝐼1𝐼2)(𝑟′

2
· 𝑟′

2
)

(𝑟′
1
· 𝑟′

1
)(𝑟′

2
· 𝑟′

2
) − (𝑟′

1
· 𝑟′

2
)(𝑟′

1
· 𝑟′

2
) (A.12)

and

𝑀2 = 𝐼2 + 𝑟′
2

(𝑟′
1
· 𝑟′

2
)(𝑟′

1
· ¯𝐼1𝐼2) − (𝑟′

2
· ¯𝐼1𝐼2)(𝑟′

1
· 𝑟′

1
)

(𝑟′
1
· 𝑟′

1
)(𝑟′

2
· 𝑟′

2
) − (𝑟′

1
· 𝑟′

2
)(𝑟′

1
· 𝑟′

2
) . (A.13)

where 𝐼1 and 𝐼2 are the plane-ray intersections of the two views.

The final 3D position, 𝑃, of the triangulation process, is then calculated as

𝑃 =
(𝑀1 +𝑀2)

2

. (A.14)

3 Evaluation

The described ray tracing approach is compared against two other approaches:

calibration using a checkerboard placed in air and calibration using a checker-

board placed under water in the aquarium. Both methods are based on the

calibration approach described in [7].

The test is performed by moving a calibration rod, with two brightly colored

balls mounted on it, around in an aquarium with water. The rod has a bend

near the location of the balls in order to make it easier to move it around without

interfering with the cameras, i.e., blocking their field of view or moving them.

The cameras are placed as shown in Figure A.5, which is a setup that has

been used in several marine life behavioral analysis systems based on stereo

vision [9, 15, 16].

The length of the aquarium is 40 cm and it has a width and height of 20

cm and 25 cm, respectively. A total of 15.6 liters of water, equalling a depth of

19.5 cm, has been used for the test.

The colored balls are used as markers and all three approaches have been

evaluated by their euclidean inter-distance error, 𝑒𝑖 , given by

𝑒𝑖 = 𝑑𝑤 − |𝑝′
1
− 𝑝′

2
|, (A.15)

where 𝑑𝑤 is the known distance between the two markers, while |𝑝′
1
− 𝑝′

2
|

is the euclidean distance between the markers when their 3D positions have

been estimated. This error will hence provide a measure of the ability of each

approach to correctly judge distances while capturing underwater objects.

The actual triangulation steps remain unchanged throughout the test and

are as described in Section 2.5. The main difference between the tested ap-

proaches is hence how the camera calibration is performed and how the rays

for the triangulation process are found.
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Fig. A.5: Illustration of the test setup and calibra-

tion rod with the two colored balls. The setup

is used during evaluation of the different ap-

proaches. The red, blue, and yellow axis denotes

the x-, y-, and z-axis, respectively.

The positions of the two mark-

ers are automatically found in the

recordings using color thresholding

and Hough Circle Transform [22].

The recording used for the test con-

sists of 2809 frames where a total

of 2739 pair-wise marker detections

were found. Care has been taken to

move the calibration rod around the

entire volume of the aquarium as it is

expected that the inter-distance error

can depend on the location of the ob-

jects for some of the approaches. In-

accuracies may be introduced due to

the automatic detection of the mark-

ers, however, as the same detections

are used for testing all three ap-

proaches it is assumed that it does not have any significance.

A refractive index of 𝑛1 = 1.0 for air and 𝑛2 = 1.33 for water is used

when calculating the refracted rays in the test. Due to the thickness of the

aquarium plastic being only 3mm the refraction caused by the plastic is deemed

insignificant and therefore ignored.

3.1 Results
Histograms of the inter-distance error for the three approaches are shown in

Figure A.6. The errors appear to be normally distributed for all three, with

the ray tracing based approach performing the best. The results have been

gathered in Table A.1.

In air Under water Ray tracing
Mean error (𝜇) 0.50 cm 0.03 cm 0.01 cm

Deviation (𝜎) 0.18 cm 0.14 cm 0.09 cm

Table A.1: Results of the 3D reconstruction test.

The distribution of the inter-distance error with regard to the location of

the markers is illustrated in Figure A.7. Each of the 2739 dots represents

the centerpoint between the reconstructed positions of the two markers in the

aquarium and the color represents the magnitude of the error, i.e., the absolute

inter-distance error.
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(a) Ray tracing approach (𝜇 = 0.01 cm, 𝜎 = 0.09 cm)
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(b) Underwater calibration (𝜇 = 0.03 cm, 𝜎 = 0.14 cm)
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(c) In-air calibration (𝜇 = 0.50 cm, 𝜎 = 0.18 cm)

Fig. A.6: Histogram of the inter-distance error

for each of the approaches.
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(a) Ray tracing approach.
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(b) Underwater calibration.
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(c) In-air calibration.

Fig. A.7: Plot of the inter-distance error for each

of the approaches. The colorbars depict the ab-

solute inter-distance errors in centimeters.
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4 Discussion

The in-air camera calibration did not perform well in the conducted 3D re-

construction test, which is not surprising as it has no way of accounting for

refraction. This is made apparent in the results as the inter-distance error

varies to a large degree based on the location of the markers relative to the

cameras, as seen in Figure A.7.

The same is true for the underwater camera calibration approach, but to

a lower extend. The degree of deviation of this approach rely on how well

the calibration frame, in this case the checkerboard, covers the space of the

container. In order to cover the entire container, the checkerboard must be

moved around in the aquarium and this may cause disturbances in the water

surface that can lead to a further decrease in accuracy and thereby makes it

prone to errors. The only approach that seems independent of the location

of the markers is the ray tracing based method, with the exception of a few

outliers, which is most likely caused by noisy detections such as reflections.

The difference in mean error between the ray tracing based approach and

the underwater camera calibration may be attributed to the precision of the

measurement of the actual distance between the two markers on the calibration

rod and the precision of the detections. These results are hence deemed insuf-

ficient to recommend the ray tracing approach over the underwater calibration

approach, and vice versa.

The thing that really separates the two approaches is the degree of flexibil-

ity, where the ray tracing approach is superior to the under water calibration

approach. This is mainly due to the decoupling of the extrinsic and intrinsic

parameters, as it allows for a one-time only calibration of the intrinsic parame-

ters. In other words, if the cameras are moved or the aquarium is replaced with

another, it is only the extrinsic parameters that need to be estimated, which is

easily done by manually annotating the four aquarium corners.

On the other hand, an entire re-calibration with a checkerboard is required

for the underwater calibration method if a single feature is changed in the

setup. This quickly becomes tedious and time consuming and may, further-

more, create issues with repeatability. This could to some extend be circum-

vented by replacing the checkerboard with a 3D frame with markers. However,

In air Under water Ray tracing
Precision ✓ ✓✓✓ ✓✓✓
Flexibility ✓ ✓ ✓✓✓
Ease of use ✓✓✓ ✓ ✓✓

Table A.2: Simplified recap and comparison of the properties of the tested 3D reconstruction

approaches.
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such a frame would have to be manufactured to the specific tank making the

setup even less flexible and impractical for larger setups.

To sum up the findings, the pros and cons of the tested approaches are

presented in Table A.2. Precision describes how well the respective approach

is capable of reconstructing 3D positions independent of their location in the

aquarium. Flexibility is an expression of its capabilities to adapt to variations

in the setup, such as change in water levels, camera positions or aquarium

size. Lastly, ease of use is an indication for how effortless the calibration of the

cameras can be done.

5 Conclusion

The commonly used SVP (single viewpoint) camera model is not applicable

when capturing underwater objects due to the refraction of light at the interface

between air and water which invalidates the assumption of a single viewpoint.

This observation has been confirmed during the test with the in-air camera

calibration where the 3D reconstruction of underwater positions showed to be

imprecise when refraction was not taken into account at all.

If the SVP camera model is calibrated with a checkerboard, placed under

water, a higher precision is obtained as the intrinsic camera parameters can

offset the error to some extend. However, this is problematic as even minor

changes in the test setup will require the entire system to be re-calibrated,

making this approach tedious to use.

Another approach is to use ray tracing in combination with Snell’s law to

model how the light is refracted and counteract the effect. Tests showed that

this approach achieved the lowest mean error and deviation when estimat-

ing the position of underwater objects. Furthermore, it has a less restrictive

calibration procedure, which makes it less prone to errors and more flexible

than the other approaches, why it is recommended to use within the field of

automated behavioral analysis of marine animals.

A description of the ray tracing based method is provided, along with

a Python implementation found at www.bitbucket.org/aauvap/underwater-

camera-calibration. Future work could be to extend the ray tracing method to

account for the refraction occurring due to light passing through the material

of the aquarium. One solution could be to perform the refraction calculation

twice if both the thickness and refractive index of the material are known.
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1. Introduction

Abstract

In this work we present a novel publicly available stereo based 3D RGB dataset for
multi-object zebrafish tracking, called 3D-ZeF. Zebrafish is an increasingly popular
model organism used for studying neurological disorders, drug addiction, and more.
Behavioral analysis is often a critical part of such research. However, visual simi-
larity, occlusion, and erratic movement of the zebrafish makes robust 3D tracking a
challenging and unsolved problem.

The proposed dataset consists of eight sequences with a duration between 15-120
seconds and 1-10 free moving zebrafish. The videos have been annotated with a total
of 86,400 points and bounding boxes. Furthermore, we present a complexity score
and a novel open-source modular baseline system for 3D tracking of zebrafish. The
performance of the system is measured with respect to two detectors: a naive approach
and a Faster R-CNN based fish head detector. The system reaches a MOTA of up to
77.6%. Links to the code and dataset is available at the project page
http://vap.aau.dk/3d-zef

1 Introduction

Over the past decades, the use of zebrafish (Danio rerio) as an animal model

has increased significantly due to its applicability within large-scale genetic

screening [1, 2]. The zebrafish has been used as a model for studying hu-

man neurological disorders, drug addiction, social anxiety disorders, and

more [3–8]. Locomotion and behavioral analysis are often critical parts of neu-

roscientific and biological research, which have traditionally been conducted

manually [9–11]. However, manual inspection is subjective and limited to

small-scale experiments. Therefore, tracking systems are getting increasingly

popular due to their efficiency and objectivity. The majority of the solutions

has been developed for terrestrial animals or fish in shallow water, and most

studies have been based on 2D observations in scientific [12–18] and commer-

cial systems [19–22]. However, observations in a single plane cannot capture

all the relevant phenotypes of fish [23–25]. Estimating the 3D trajectories of

multiple zebrafish accurately is difficult due to their erratic movement, visual

similarity, and social behavior [26], see Figure B.1. This may be one of the rea-

sons why no commercial solution has been developed yet. Only few groups

in the scientific community have addressed the problem, focusing mainly on

stereo vision [27–31] and monocular stereo using mirrors [32, 33]. However,

no labeled datasets have been made publicly available within the field, which

makes a fair comparison between the applied methods difficult. This ulti-

mately hinders significant developments in the field as we have seen in other

computer vision fields with common datasets.
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Fig. B.1: An example that illustrates the difference between the two perspectives. The 3D trajec-

tories are estimated based on the head point annotations.

Therefore, our contributions are

• a publicly available RGB 3D video dataset of zebrafish with 86,400 bound-

ing box and point annotations.

• an open-source modular baseline system.

A large part of 3D multi-object tracking methods are developed for LiDAR-

based traffic datasets [34–38] or RGB-D tracking [39, 40]. However, to the best of

our knowledge, there exists no publicly available annotated RGB stereo dataset

with erratic moving and similarly looking subjects like the one we propose.

2 Related Work

Multi-Object Tracking (MOT). Reliably tracking multiple objects is widely

regarded as incredibly difficult. The interest in solving MOT has been steadily

increasing since 2015 with the release of the MOT [41–43], UA-DETRAC [44,

45], and KITTI [34, 35] challenges. Within the MOT challenges, the current

focus is on either aiming to solve the association problem using deep learning

[46], using techniques such as intersection-over-union based tracking [47], or

disregarding tracking-specific models and utilizing the improvements within

object detections [48].

Zebrafish Tracking. Vision-based tracking systems developed for study-

ing animal behavior have traditionally been based on 2D [18, 49–54] due to

simplicity and because the movement of most terrestrial animals can be ap-

proximated to a single plane. The majority of research in zebrafish tracking

has followed this path by only allowing the fish to move in shallow water and

assuming that motion happens in a 2D plane.

A 2D animal tracker, called idTracker presented by Perez-Escudero et al. in

2014 [49], uses thresholding to segment blobs and is able to distinguish between
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individual zebrafish based on intensity and contrast maps. In 2019, Romero-

Ferrero et al. presented an updated version of idTracker, called idtracker.ai [18],

which is the current state-of-the-art 2D tracker system based on convolutional

neural networks (CNN) for handling occlusions and identifying individuals.

The subjects are observed with a camera positioned above a tank with a water

depth of 2.5 cm and the distance between camera and subjects is, therefore,

approximately the same at all times. As stated by the authors, this simplifies

the task compared to a real 3D tracking scenario.

However, as most aquatic species move in three dimensions, trajectories in

3D are required to thoroughly describe their behavior [55, 56]. The most fre-

quently used acquisition method when dealing with studies of animal behavior

in 3D is stereo vision [28, 30, 31, 56–61]. 3D tracking of zebrafish has been fo-

cused mainly on single subjects or small groups, as occlusion is a big hindrance

for maintaining correct IDs due to their shoaling behavior [26]. Furthermore,

the visual appearance of the fish can change dramatically depending on the

position and posture, which makes re-identification more complex compared

to 2D.

The Track3D module from the commercial EthoVision XT [19] is popular

for tracking zebrafish in 3D, but is limited to a single individual [56, 61]. An

early semi-automatic 3D tracking system was developed by Viscido et al. [58]

to investigate the relationship between individual members of fish schools.

Initial 2D tracks were generated by a nearest neighbor algorithm followed by a

step allowing the user to adjust and correct the proposed 2D trajectories, and

subsequently triangulated to reconstruct the 3D trajectories.

Qian et al. have worked extensively with tracking of zebrafish and have de-

veloped a 2D tracking system with a top-view camera using an augmented fast

marching method (AFMM) [62] and the determinant of the Hessian [15]. This

was expanded to 3D tracking by extending the setup with a side-view camera.

AFMM was utilized to generate a feature point based fish representation in

each view followed by 2D tracklet construction based on motion constraints.

3D tracks were then constructed by associating the 2D tracklets with side-

view detections using epipolar and motion consistency constraints [29]. Liu

et al. [63] extended this method to better handle occlusions based on a set

of heuristic methods and the epipolar constraint. A third camera was added

in [31], and the feature point representation method was extended.

Cheng et al. [28] utilized a similar three-camera setup, applying an iterative

unsupervised learning method to train a CNN-based classifier to distinguish

between the individual fish from a camera placed above the water tank. The

classifier was trained on the head region of the fish during periods when all fish

were visible at the same time. By iteratively retraining the classifier, they were

able to generate 2D tracks from the top-view and reconstruct the 3D tracklets

based on detections from the two other side-view cameras under epipolar and

motion constraints.
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Fig. B.2: Five frames from two different occlusion scenarios. The upper frames are from the

front-view and the lower frames are from the top-view. An illustration of the experimental setup

is shown to the right.

Wang et al. [30] also utilized a three-camera setup, using a Gaussian Mix-

ture Model, a Gabor filter and an SVM-based method to detect the fish heads

in the top- and side-views, respectively. The top-view detections are associ-

ated into 2D tracklets based on a cross-correlation method and by applying a

Kalman filter; near linear movement is achieved by a frame rate of 100 FPS.

The 2D tracklets are then constructed into 3D tracklets by associating the

side-view detections under epipolar and motion constraints. In [64], Wang

et al. proposed to model the top-view movement of the zebrafish through

long short-term memory networks, which were used to improve the motion

constraints in a new iteration of their 3D system [65]. Lastly, Wang et al. used a

CNN for re-identification of zebrafish heads from the top-view [66], although

this has yet to be incorporated into a 3D tracking setup. None of the methods

are able to track multiple zebrafish in 3D for more than a few seconds without

ID swaps; this is still a difficult and unsolved problem.

Datasets. As in other MOT challenges, there is a mutual agreement that

occlusion is what makes 3D tracking of zebrafish difficult. Nonetheless, only

Wang et al. [65] describe their recordings based on occlusion frequency; how-

ever, they do not define how it is measured. Qian et al. [31] indicate their

complexity based on the amount of fish, but only four occlusion events occur

during their 15 seconds demo video with ten fish. For comparison, there are

66 occlusion events in our 15 seconds sequence with ten fish.

3 Proposed Dataset

The proposed 3D zebrafish dataset, 3D-ZeF, has been recorded from a top-

and front-view perspective. This approach was taken to minimize events of

total occlusion typical for side-by-side binocular setups. An example of the

visual variation between the views is shown in Figure B.2 together with an

illustration of the experimental setup.
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3.1 Experimental Setup
The setup used to record the proposed dataset was built entirely from off-

the-shelf hardware, whereas previous methods have used specialized camera

equipment. An illustration of the setup is shown in Figure B.2. The two

light panels are IKEA FLOALT of size 30 × 30 cm with a luminous flux of

670 lumen and a color temperature of 4000K. The test tank is a standard glass

aquarium of size 30 × 30 × 30 cm with a water depth of 15 cm. The top and

front cameras are GoPro Hero 5 and GoPro Hero 7, respectively. All the videos

are recorded with a resolution of 2704 × 1520, 60 FPS, 1/60 𝑠 shutter speed,

400 ISO, and a linear field of view. However, the fish tank does not take up

the entire image, therefore, the effective region of interest is approximately

1200 × 1200 and 1800 × 900 for the top- and front-view, respectively. Diffusion

fabric was placed in front of the top light in order to reduce the amount of

glare in the top-view. Semi-transparent plastic was attached to three out of

four of the window panes in order to reduce reflections. Furthermore, the front

camera was placed orthogonally to the water level, which reduced reflections

from the water surface. Lastly, the pair-wise recordings have been manually

synchronized using a flashing LED, which results in a worst case temporal

shift of
1

2·FPS
.

3.2 Dataset Construction
A total of eight sequences were recorded and divided into a training, validation,

and test split. Each sequence consists of a pair of temporally aligned top-

and front-view videos and the specifications of the three splits are shown in

Table B.1. In order to avoid data leakage, each split contains a unique set of fish.

The training and validation set of fish were from the same cohort, whereas the

fish in the test split were from a younger cohort. Therefore, the test set differs

from the training and validation set, as the fish are smaller and behave socially

different. This represent a real-life scenario where different cohorts need to be

tracked, which has not generally been addressed within the field.

The zebrafish were manually bounding box and point annotated with con-

sistent identity tags through all frames. The bounding boxes were tightly

fitted to the visible parts of the zebrafish and the point annotations were cen-

tered on the head. If a set of fish touched, an occlusion tag was set for all

involved bounding boxes. During occlusions, the bounding box was fitted to

the visible parts of the fish and not where it was expected to be due to the

extreme flexibility of the zebrafish. The pair-wise point annotations from the

two views were triangulated into 3D positions using the method proposed by

Pedersen et al. [67]. The fish head was approximated during occlusions to

ensure continuous 3D tracks.

It should be noted that the data was recorded in RGB. Zebrafish can change
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Trn2 Trn5 Val2 Val5 Tst1 Tst2 Tst5 Tst10 Total

Length 120 s 15 s 30 s 15 s 15 s 15 s 15 s 15 s 240 s

Frames 14,400 1,800 3,600 1,800 1,800 1,800 1,800 1,800 28,800

BBs 28,800 9,000 7,200 9,000 1,800 3,600 9,000 18,000 86,400

Points 28,800 9,000 7,200 9,000 1,800 3,600 9,000 18,000 86,400

OC 1.82 / 1.42 3.60 / 2.93 0.93 / 0.47 2.67 / 3.80 0.00 / 0.00 0.67 / 0.67 3.07 / 2.93 4.40 / 6.53

OL 0.41 / 0.51 0.56 / 0.64 0.22 / 0.63 0.25 / 0.66 0.00 / 0.00 0.10 / 0.38 0.25 / 0.36 0.28 / 0.35

TBO 0.69 / 0.89 1.00 / 1.21 1.79 / 3.20 1.64 / 0.73 15.00 / 15.00 2.41 / 2.18 1.38 / 1.28 1.86 / 1.40

IBO 0.29 / 0.26 0.28 / 0.28 0.24 / 0.35 0.22 / 0.34 0.00 / 0.00 0.19 / 0.19 0.25 / 0.23 0.26 / 0.24

Ψ 0.26 0.50 0.03 0.63 0.00 0.01 0.16 0.28

Table B.1: Overview of the proposed dataset. OC, OL, TBO, and IBO are listed for the top- and

front-view, respectively, and the number of fish is denoted in the sequence name. OC: average

amount of occlusions per second, OL: average occlusion length in seconds, TBO: average amount of

seconds between occlusions, IBO: intersection between occlusions, Ψ: complexity measure based

on OC, OL, TBO and IBO (see Equation (B.2)).

their body pigmentation based on their environment, stress level, and more

[23]. The changes in coloration can be important in behavioral studies and

may even be valuable in solving the 3D tracking problem.

3.3 Dataset Complexity
Intuitively, a higher number of fish creates a more difficult tracking problem.

However, this is only true to some extent as the main complexity factor is the

number and level of occlusions, which depends on a combination of the social

activity and amount of space rather than the number of individuals. Therefore,

we have defined a range of metrics based on occlusion events to describe the

complexity of the proposed sequences. An occlusion event is defined by a

set of consecutive frames, where a fish is part of an occlusion. The events are

measured from the perspective of the fish; if two fish are part of an occlusion

it counts as two events.

The number of occlusion events indicates how often a fish is part of an

occlusion, but, few long occlusions can be just as problematic as many short.

The length of the occlusions and time between them are, therefore, important

to keep in mind when evaluating the complexity of a recording. Due to our

definition of occlusion events there are cases where fish are part of occlusions

with only minor parts of their bodies. Therefore, the intersection between

occlusions is measured as an indication of the general intersection level. The

metrics that we provide as basis for the complexity level of our recordings are

defined here:

Occlusion Count (OC): the average number of occlusion events per second.

Occlusion Length (OL): the average time in seconds of all occlusion events.

Time Between Occlusions (TBO): the average time in seconds between occlu-

sion events.

Intersection Between Occlusions (IBO): a measure of how large a part of the

fish that is part of an occlusion event. The intersection in a frame, 𝑓 , for fish 𝑖
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Fig. B.3: IBO seen from the perspective of two different individuals in the same frame. The targets

are marked in yellow, the red area shows the intersection with a subject that is part of the same

occlusion as the target, and the blue area shows the intersection with a subject that is not part of

the same occlusion as the target.

is given by

IBO𝑖 , 𝑓 =
1

|bb𝑖 |

𝑛occ∑
𝑗=1

bb𝑖 ∩ bb𝑗 , for 𝑗 ≠ 𝑖 , (B.1)

where 𝑛occ is the number of fish in an occlusion event, and bb𝑗 is the set of

pixel coordinates in the bounding box of fish 𝑗. IBO is measured across all

bounding boxes with an occlusion tag in a given frame, even for subjects that

are not part of the same occlusion. Two examples are presented in Figure B.3,

where the IBO𝑖 , 𝑓 is calculated from the perspective of the targets enclosed in

yellow. The blue area in the second example, represents the intersection with

a subject that is not part of the same occlusion as the target. Additionally, the

annotated bounding boxes enclose only the visible parts of the subjects. Thus,

the actual intersection between the subjects can be higher if a large part of a

fish is hidden. Nonetheless, the assumption is that a high IBO is an expression

of heavy occlusion and vice versa. The IBO measure presented in Table B.1

is an average between all fish in all frames. A single complexity measure is

calculated per sequence, by combining the four proposed metrics by

Ψ =
1

𝑛

{T,F}∑
𝑣

OC𝑣 OL𝑣 IBO𝑣

TBO𝑣
, (B.2)

where 𝑛 is the number of camera views and subscript T and F denote the top-

and front-view, respectively. If a recording has no occlusions the complexity

measure, Ψ, is zero; otherwise, the measure is in the interval ]0,∞[, where a

larger value indicates a higher complexity.
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4 Method

The pipeline of the proposed 3D tracker follows a modular tracking-reconstruction

approach, where subjects are detected and tracked in each view before being

triangulated and associated across views. This allows us to use the temporal

information of the tracklets in the two views in the 3D association step in oppo-

sition to a reconstruction-tracking approach, where detections are triangulated

before tracks are generated.

4.1 Object Detection in 2D
A consistent 2D point is needed in each view in order to create 3D trajectories.

As the head is the only rigid part of the body the tracking point is chosen to be

located between the eyes of the fish. We present two simple methods to find

the head-point of the fish: a naive approach, that does not require training,

and a CNN based approach.

Naive: A background image, 𝑏𝑔, is initially estimated for each view by

taking the median of 𝑁𝑏𝑔 images sampled uniformly across the videos. Sub-

sequently, the background is subtracted by calculating the absolute difference

image, 𝑓 𝑔 = |𝑖𝑚 − 𝑏𝑔 |. To locate the head of a fish in the top-view, the 𝑓 𝑔 is

binarized using the intermodes bimodal threshold algorithm [68]. The skele-

tonization approach of Zhang and Suen [69] is applied, and the endpoints are

analyzed to locate the head of the fish. In the front-view the 𝑓 𝑔 is binarized

through the use of a histogram entropy thresholding method because the ap-

pearance of the fish cannot be approximated as bimodal. The head point is

estimated as being either the center of the blob or one of the middle edge points

of the blob along the minor axis of the detected bounding box. All three points

are evaluated during the 3D reconstruction step, and the two points with the

highest reprojection errors are discarded.

FRCNN-H: A Faster R-CNN [70] model has been trained for each view.

The bounding boxes have been extracted from all the head-point annotations

in the training sequences in order to train a head-detector model for each view.

The bounding boxes have static diameters of 25 and 50 pixels for the top-, and

front-view, respectively. The head-points are determined as the center of the

detected bounding boxes which have a minimum confidence of 𝑐.

See the supplementary material for more detailed information on the de-

tectors.

4.2 2D Tracklet Construction
As zebrafish move erratically, it is difficult to set up a stable motion model.

Therefore, we use a naive tracking-by-detection approach. The tracking is done

by constructing a distance matrix between the detections in a frame and the

106



4. Method

last detections of current tracklets. The matrix is solved as a global optimiza-

tion problem using the Hungarian algorithm [71]. Tracklets are deliberately

constructed in a conservative manner, where robustness is encouraged above

length. A new detection is only assigned to a tracklet located within a mini-

mum distance, denoted 𝛿T and 𝛿F, for the top and front view respectively. If a

tracklet has not been assigned a detection within a given amount of time, 𝜏𝑘 ,
the tracklet is terminated.

The ℓ2 distance between the head detections is used in both views for the

FRCNN-H method. However, the Mahalanobis distance between the center-

of-mass is used for the front-view in the Naive method. This is due to the

elliptical form of the zebrafish body, which can be utilized by setting the

covariance matrix of the blob as the Mahalanobis matrix; as the fish is more

likely to move along the major axis than along the minor axis.

4.3 2D Tracklet Association Between Views
The 2D tracklets from each view are associated into 3D tracklets through

a graph-based approach. All 2D tracklets with less than a given number

of detections, 𝛼, are removed in order to filter out noisy tracklets. The 3D

calibration and triangulation method from Pedersen et al. [67] is used.

Graph Construction

A directed acyclic graph (DAG) is constructed. Every node represents a 3D

tracklet and consists of two 2D tracklets; one from each camera view. Each

edge associates nodes, where the 3D tracklet is based on the same 2D tracklet

from one of the views.

Create nodes: The graph nodes are constructed by processing each top-

view tracklet and identifying all temporally intersecting front-view tracklets

as given by

𝐼 = 𝐹T ∩ 𝐹F , (B.3)

where 𝐹T and 𝐹F are the set of frames with detections in the top- and front-view

tracklets, respectively, and 𝐼 is the set of frames with detections in both views.

If 𝐼 = ∅, the node is not created.

An example is presented in Figure B.4, where both the blue and red tracklets

in the top-view intersects with the three tracklets in the front-view. The outer

and inner circles of the six nodes represent the top- and front-view tracklets,

respectively. The number inside the nodes indicates the node weight, which

is calculated as follows.

For each intersecting frame in 𝐼, denoted 𝑓 , the 2D tracklets are triangu-

lated. This results in a 3D point of the zebrafish head, 𝑝 𝑓 , with a reprojection

error, 𝑥 𝑓 . For the Naive method where the head is not directly detected in

the front-view, the top-view 2D point is triangulated with the three estimated
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Fig. B.4: The colored lines represent 2D tracklets in each view, the node pairs are represented

by the double-colored circles, and the edges of the DAG are shown by the arrows. The numbers

represent example node and edge weights.

points to find the match resulting in the smallest reprojection error. Therefore,

𝑝 𝑓 represents the point with the smallest reprojection error. To penalize large

reprojection errors, the complimentary probability from the exponential cu-

mulative distribution function (CDF), Φ, is utilized. The exponential CDF is

chosen as it approximately models the reprojection error of the ground truth

training data. The set of weights for all valid 3D points, 𝑉 , can be described

by the following set-builder notation

𝑉 = {1 −Φ(𝑥 𝑓 | 𝜆𝑒𝑟𝑟) | 𝑓 ∈ 𝐼 ∧ 𝐴(𝑝 𝑓 )}, (B.4)

where 𝜆𝑒𝑟𝑟 is the reciprocal of the mean of the training data reprojection error,

and 𝐴 states whether 𝑝 𝑓 is within the water tank. The per-frame weights in 𝑉

are combined into a single weight,𝑊 , for the entire node by

𝑊 = median(𝑉) |𝑉 |
|𝐹T ∪ 𝐹F |

, (B.5)

and the node is added to the DAG given that 𝑊 ≠ 0. This weighting scheme

considers both the reprojection error and the ratio of frames with valid 3D

points compared to the set of all frames 𝐼. The median function is used instead

of the mean function in order to counteract that a few extreme outliers skew

the weight.

Connect nodes: The nodes in the DAG should be connected to all other

nodes building on one of the same 2D tracklets, as long as the 2D tracklets in

the other view do not overlap temporally, as illustrated in Figure B.4. This is

done by constructing the set of node pairs, 𝑃, from the set of nodes in the DAG,

𝑁 . Each element of 𝑁 , denoted 𝑛, consists of the 2D tracklets, 𝑡F and 𝑡T, the

3D tracklet, 𝑡, and the node weight,𝑊 . Nodes 𝑛𝑖 and 𝑛 𝑗 are considered a pair

if 𝑡𝑖 ,T = 𝑡 𝑗 ,T or 𝑡𝑖 ,F = 𝑡 𝑗 ,F, if the 2D tracklets in the other view do not temporally

overlap, and if 𝑡𝑖 starts earlier in time than 𝑡 𝑗 . This is necessary in order to

avoid assigning multiple detections to the same frame.
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Fig. B.5: Graph evaluation based on the example from Figure B.4. The colored lines represent 2D

tracklet pairs based on the chosen nodes in the graph; the transparent nodes are discarded.

This can be represented by the set-builder notation

𝑃 = {(𝑛𝑖 , 𝑛 𝑗) | 𝑛𝑖 , 𝑛 𝑗 ∈ 𝑁 ∧ 𝑂(𝑛𝑖 , 𝑛 𝑗) ∧ 𝑇(𝑛𝑖 , 𝑛 𝑗)}, (B.6)

where𝑂 assesses whether 𝑡𝑖 starts before 𝑡 𝑗 , and𝑇 ensures that the 2D tracklets

in 𝑛𝑖 and 𝑛 𝑗 do not temporally overlap, where 𝑛 = {𝑡T , 𝑡F , 𝑡 ,𝑊}.
For each node pair in 𝑃, the weight, 𝐸, of the directed edge from 𝑛𝑖 to 𝑛 𝑗 is

based on:

• 𝑠, the speed of the fish as it moves between the last detection in 𝑡𝑖 and

the first detection in 𝑡 𝑗 .

• 𝑡𝑑, the temporal difference between 𝑡𝑖 and 𝑡 𝑗 .

• 𝑊𝑖 and𝑊𝑗 , the weights of the nodes.

The edge weight is calculated as the complimentary probability of the CDF of

the exponential distribution, Φ. The exponential distribution is chosen as it

approximately models that of the speed of the zebrafish. 𝐸 is calculated by

𝐸 = (1 −Φ(𝑠 | 𝜆𝑠))𝑒
− 𝑡𝑑

𝜏𝑝 (𝑊𝑖 +𝑊𝑗), (B.7)

where 𝜏𝑝 is an empirically chosen value, and 𝜆𝑠 is the reciprocal of the sum of

the mean and standard deviation of the measured speed in the training data.

In case a node is not present in any node pairs, the node will be assigned to the

DAG, but it will have no edges. The DAG is therefore a disconnected graph.

Graph Evaluation

The final 3D tracklets are extracted from the constructed DAG; this is done by

recursively finding the longest path in the graph and storing the set of nodes

as a single 3D tracklet. The longest path is the path throughout the DAG,

which gives the highest value when summing all nodes and edge weights in

the path, see Figure B.5. After extraction of a path, the used nodes, and all
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other nodes using the same 2D tracklets, are removed from the DAG. This

process is repeated until the DAG is empty. In case a 2D tracklet in the 3D

tracklet is missing a detection, the 3D position cannot be assigned, but the

known information of the 2D tracklet is kept. For the Naive method, the head

position of the front-view 2D tracklet is determined by assigning the estimated

point, which minimizes the ℓ2 distance to the head positions in the consecutive

frame.

4.4 3D Tracklet Association
The final 3D tracks are constructed from the 3D tracklets in a greedy manner.

A set of tracklets equal to the amount of fish present, 𝑁
fish

, is used as initial

main tracklets. The remaining tracklets, denoted gallery tracklets, are assigned

one by one to a single main tracklet, until no more tracklets can be assigned.

Initial Tracklet Selection

The set of 𝑁
fish

in the main tracks is selected by finding the stable tracklets

that are temporally concurrent in time and span long time intervals. For each

tracklet, the set of other temporally concurrent tracklets is considered. In this

set, all possible combinations of size 𝑁
fish

are investigated. If all tracklets in

the set overlap temporally, the set is saved as a valid tracklet set. The valid

tracklet set with the highest median temporal overlap is used to construct 𝑁
fish

full 3D tracks. This is done by using the greedy association scheme described

in the following sections. No 3D tracks are created if no valid combination of

size 𝑁
fish

is identified.

Greedy Association

A greedy association algorithm is used when each gallery tracklet is associated

with a single main tracklet. The greedy part of the algorithm concerns the way

that gallery tracklets are chosen; all gallery tracks are ranked in ascending

order by the shortest temporal distance to any main tracklet. If the gallery

tracklet overlaps temporally with all main tracklets, it is relegated to the end

of the list. When the gallery tracklet has been associated with a main track, the

remaining gallery tracks are re-ranked, and the process repeated. In this way,

the main tracklets are “grown” into full tracks. The gallery tracklet assignment

is based on minimizing the cost of assignment. The cost is based on a set of

distance measures, which are determined from two cases.

In the first case at least one main tracklet does not temporally overlap

with the gallery tracklet. In this case, the association process is based on the

spatio-temporal distances between the gallery tracklet and main tracklets. All

temporally overlapping main tracklets are not considered.
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Fig. B.6: Example of internal spatio-temporal DAG, with the spatial distance between detections

in the tracklets. The shortest path is found when switching from tracklet
gallery

to trackletmain in

frame 𝑡𝑛+1.

In the second case the gallery tracklet overlaps temporally with all main

tracklets. As the spatio-temporal distances between the main and gallery

tracklet is no longer measurable, a different set of distance values are used:

The internal spatio-temporal distances, the amount of intersecting frames, i.e.,

frames with a detection in both the main and gallery tracklets, and the ratio of

intersecting frames compared to the total amount of detections in the gallery

tracklet. The internal spatio-temporal distances are determined through the

construction of a DAG, where each node is a detection in a frame, and the edge

weights are the spatial distances between the temporally previous nodes. The

final path is the one minimizing the spatial distance traveled. An example of a

graph is shown in Figure B.6. The distances are calculated as the mean of the

values when the graph switches from a detection in the gallery tracklet to the

main tracklet and vice versa.

Association: The distance measures are consolidated into a single assign-

ment decision through a global cost scheme. Each distance value is normalized

across valid main tracklets into the range [0; 1] and sum to 1. The final cost

of assigning the gallery tracklet to a main tracklet, is obtained by calculating

the mean of the normalized distance values. The gallery tracklet is associated

with the main tracklet with the smallest cost, unless all main tracklet costs are

located within a small margin, 𝛽, of each other, in which case the gallery track-

let is discarded. 𝛽 directly enforces a margin of confidence in the assignment,

in order to not assign a gallery traklet based on inconclusive cost values.
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Fig. B.7: MOTA compared to the dataset complexity, Ψ, for all sequences in the dataset.

5 Evaluation

The metrics used in the MOT challenges [41–43] and the Mean Time Between

Failures (MTBF) proposed by Carr and Collins [72] are utilized to measure

the performance of the system on the proposed dataset. The MOT challenge

metrics consist of the CLEAR MOT metrics [73], the mostly tracked/lost met-

rics [74], and the identification-based metrics [75].

The final 3D tracks are evaluated based on a subset of the MOT challenge

metrics and the monotonic MTBF metric. The primary metric used is the mul-

tiple object tracking (MOTA) metric. The detected and ground truth tracklets

are compared using the detected and annotated head points. A detection is

only associated with a ground truth tracklet if it is within a distance of 0.5

cm. The performance of the system is evaluated with two different detection

modules: Naive, and FRCNN-H. The results are compared with a hypothetical

tracker, called Oracle, which tracks perfectly at all times except during occlu-

sions. This provides an upper bound on the performance if occlusions are not

handled in any way. The full set of metrics, system parameters, and results

can be found in the supplementary material.

Results for all sequences compared to data complexity is shown in Fig-

ure B.7, and metrics for the test sequences are shown in Table B.2. It is clear

that the FRCNN-H outperforms the Naive method on the training and vali-

dation splits; it even outperforms the Oracle tracker in three out of four cases.
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Method MOTA ↑ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑚 ↑

T
s
t
1

Naive 77.6% 1 0 0 28 12.5

FRCNN-H 30.2% 0 0 0 15 8.212

Oracle 100.0% 1 0 0 0 900

T
s
t
2

Naive 77.6% 1 0 0 44 15.856

FRCNN-H 5.7% 0 2 2 17 2.641

Oracle 81.6% 2 0 0 25 27.396

T
s
t
5

Naive 39.7% 0 0 7 185 6.249

FRCNN-H 40.2% 0 0 7 115 7.577

Oracle 67.8% 1 0 0 50 28.112

T
s
t
1
0

Naive 48.3% 0 0 11 268 9.075

FRCNN-H 25.2% 0 3 32 225 4.904

Oracle 66.6% 1 10 0 119 23.105

Table B.2: Evaluation of 3D tracks on test split. The arrows indicate whether higher or lower

values are better. MOTA: Multiple Object Tracking Accuracy, MT: Mostly tracked, ML: Mostly

lost, ID Sw.: Number of identity swaps, Frag.: Number of fragments, MTBF𝑚 : Monotonic MTBF.

This is likely due to the method being able to detect some of the fish heads

during occlusions. However, the superior performance is only seen on the two

splits where the fish are from the same cohort. On the test set the FRCNN-H

fails to generalize, whereas the Naive method still manages to track the fish.

It should be noted that the poor performance of the Naive method on Tst1,

is suspected to be due many short tracks from erratic movement, which the

pipeline with the used parameter settings does not handle well.

5.1 Comparison with Other Methods
It has not been possible to make a fair comparison with the other 3D zebrafish

tracking methods mentioned in Section 2. Previous systems have been ana-

lyzed in terms of ID swaps, fragments, precision, and recall for the generated

2D and 3D tracks. However, there is no exact description of how these metrics

are calculated. The evaluation protocol is further limited by not including a

statement on the maximum allowed distance between estimated and ground

truth tracks leading to uncertainty on the accuracy of the metrics.

Furthermore, the evaluated sequences are not described in terms of com-

plexity, even though occlusion is repeatedly stated as a major hindrance in 3D

zebrafish tracking. The only common complexity indication of the datasets is

the number of fish, even though it is not representative. An example of this is

the tracking demo video of Qian et al. [62] with ten fish and only four occlusion

events during 15 seconds. Wang et al. [30] describes their dataset on basis of

an occlusion probability but do not explain how it is measured.

There are currently no publicly available annotated data and the previous

systems are evaluated on seemingly simplified cases of the problem. Further-

more, the used evaluation protocols are lacking details in such a manner that
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it is not possible to determine under which conditions the metrics have been

calculated. This, along with inaccessible codebases, severely limits the repro-

ducibility of the results, and makes it impossible to ensure identical evaluation

procedures. Therefore, it simply does not make sense to compare the proposed

system to the other methods under the current circumstances.

6 Conclusion

Zebrafish is an increasingly popular animal model and behavioral analysis

plays a major role in neuroscientific and biological research. However, it is te-

dious and subjective to manually describe the complex 3D motion of zebrafish.

Therefore, 3D zebrafish tracking systems are critically needed to conduct accu-

rate experiments on a grand scale. The significant development experienced in

other fields of MOT has not yet translated to 3D zebrafish tracking. The main

reason being that no dataset has been made publicly available with ground

truth annotations. Therefore, we present the first publicly available RGB 3D

zebrafish tracking dataset called 3D-ZeF.

3D-ZeF consists of eight stereo sequences with highly social and similarly

looking subjects demonstrating complex and erratic motion patterns in three

dimensions that are not seen in common MOT challenges. A complexity mea-

sure based on the level of occlusions has been provided for each sequence to

make them comparable to future related datasets. The proposed dataset is

annotated with 86,400 bounding boxes and points; the latter used for estimat-

ing ground truth 3D tracks based on the head position of the fish. Different

cohorts of zebrafish are used in the training, validation, and test splits to avoid

data leakage; a problem that has never been addressed within the field.

The proposed Naive method scores a MOTA between 25% and 80% across

the entire dataset, which correlates well with the complexity measure of the

recordings. The open-source modular based system provides a baseline and

stepping stone for further development within the field of 3D zebrafish tracking

and understanding.
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B Supplementary Material

In these supplementary materials we provide: examples of the visual differ-

ence between the fish in the three splits, a more detailed explanation of the

detectors, details on the benchmark pipeline parameters, a more detailed pre-

sentation of the relation between the proposed dataset complexity measures

and tracking metrics, and the full set of tracking metrics for each step in the

proposed benchmark pipeline.

B.1 Fish Examples
The visual appearance of the fish varies both within and between the splits as

unique groups of fish have been used for each split. However, the two groups

of fish used in the train and validation sets are from the same cohort, whereas

the zebrafish in the test split are from a cohort of younger and smaller fish.

We present a fish from each of the three splits in Figure 8 captured at the

approximately same position in the water tank. The resolution of the zebrafish

from the test split is significantly smaller compared to the fish in the training

and validation splits, mainly due to the physical size of the fish.

(a) Fish from Trn5 top-view. (b) Fish from Val5 top-view. (c) Fish from Tst10 top-view.

(d) Fish from Trn5 front-view. (e) Fish from Val5 front-view. (f) Fish from Tst10 front-view.

Fig. 8: Examples of zebrafish from the train, validation, and test split captured from the approxi-

mately same position in the water tank. The top- and front-view pairs show the same fish. Notice

the variation in size of the zebrafish.

B.2 Naive Object Detection
The Naive object detection algorithms presented briefly in the paper are de-

scribed in more details in this section. The methods are inspired by Qian et

al. [62] and their work on tracking zebrafish in 2D.

Pre-Processing

Initially the background image, without any fish, is estimated by taking the

median of𝑁 images sampled uniformly across the video. In the tests presented
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in the paper a set of 80 images were used to create the background image for

each recording. All further processing is restricted within a defined region of

interest based on the boundaries of the water tank and the level of water, in

order to limit the processing time.

The video is downsampled by a factor of 2, in order to further decrease

the processing time. Background subtraction is applied by calculating the

absolute difference image, |𝑖𝑚 − 𝑏𝑔 |, choosing the max value across all color

channels, and normalizing the image into the range [0; 255]. The resulting

image is filtered with a 5 × 5 median filter to reduce noise.

Top-View Detection

The top-view is thresholded based on the assumption of the image histogram

being bimodal, due to a near uniform bright background, and darker zebrafish.

Therefore the intermodal approach of Prewitt et al. [68] can be utilized. The

threshold is set to the middle point between the two modes in the image

histogram. If the histogram is not bimodal, the frame is filtered with a 3 × 3

mean filter, until its histogram is bimodal.

The fish are detected by applying a skeletonization based approach. BLOBs

are initially detected and filled, and the skeletonization approach of Zhang

and Suen [69] is applied. The skeleton is analyzed in order to find the skeleton

keypoints: head, tail, and junctions. This is done by convolving the frame

with the kernel in Equation (8). All end points of the skeleton have a value

of 116, 117, 118, or 131, while junctions have a value of 148, 149, 150, or 151.

Values, like 132, that can represent both an end point or an arbitrary point on

the skeleton are not considered.
1 1 1 1 1

1 15 15 15 1

1 15 100 15 1

1 15 15 15 1

1 1 1 1 1


(8)

Each keypoint is assigned a weight,𝑤, consisting of the smallest eigenvalue

of the covariance matrix of the BLOB coordinates extracted from a 20 × 20

window around the keypoint. The smallest eigenvalue is used, as it is assumed

the variance will be smallest along the width of the head. This way the head

keypoints will be assigned a larger 𝑤 than the tail keypoints, as the width of

the zebrafish head is usually larger than the width of the zebrafish tail. The 𝑤

of the junction points are reduced by a factor of 2.5, as they are usually larger

than endpoint keypoints.

Keypoints too close to each other are removed by applying non-maximal

suppression (NMS). Each keypoint is assigned a bounding box of size 𝑤 × 𝑤,

and kept if the bounding box does not overlap with any other keypoint by
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Parameter 𝑐 𝛿𝑇 𝛿𝐹 𝜏𝑘 𝛼 𝜏𝑝 𝛽
Value 95 15 0.5/15 10 10 25 0.02

Table 3: Pipeline parameters used for testing.

more than NMS
thresh

% of the area of the keypoint in focus. In case there is an

overlap, only the keypoint with the largest 𝑤 is kept. NMS
thresh

was set to 50

in the conducted tests.

Finally, all keypoints with 𝑤 < 1 are discarded. Per skeleton, the two

keypoints furthest apart are determined, and the keypoint with largest 𝑤 is

kept. Furthermore, half of the additional extra keypoints with the largest

𝑤 values are also kept in order to handle crossings and occlusions. Every

keypoint ideally represent a zebrafish head and they are all kept as individual

detections.

Front-View Detection

The front frame cannot be thresholded based on the assumption of a bimodal

distribution of the image histogram, as the stripes of the zebrafish results in

a non-uniform appearance. Instead the frame is thresholded by finding the

point maximizing the total entropy of the image [76]. The entropy is modeled

as background and foreground entropy for each non-zero bin.

For bin 𝑘 the background entropy, 𝑏𝑘 , is calculated by

𝑏𝑘 = |
𝑘∑
𝑖=0

ℎ(𝑖)
ℎ𝑐(𝑖)

log( ℎ(𝑖)
ℎ𝑐(𝑖)

)|, (9)

where ℎ is the normalized image histogram and ℎ𝑐 is the cumulative histogram

of ℎ. The foreground entropy, 𝑤𝑘 , is calculated by

𝑤𝑘 = |
255∑
𝑖=𝑘+1

ℎ(𝑖)
1 − ℎ𝑐(𝑖)

log( ℎ(𝑖)
1 − ℎ𝑐(𝑖)

)|, (10)

resulting in the two entropy sets 𝐵 = {𝑏0 , 𝑏1 , .., 𝑏255} and𝑊 = {𝑤0 , 𝑤1 , .., 𝑤255}
which are combined into

𝐸 = 𝐵 +𝑊, (11)

and the threshold, 𝑡, is then finally determined by

𝑡 = argmax

𝑥

𝐸(𝑥). (12)

The BLOBs in the thresholded image are found through simple Connected

Component Analysis (CCA). Only the 2𝑁
fish

largest BLOBs are kept, as long
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Property Mean Std. Dev. Median

T
r
n Reproj. Error [𝑝𝑥] 8.03 5.26 7.59

Speed [𝑐𝑚/𝑠2] 2.13 2.32 1.54

V
a
l Reproj. Error [𝑝𝑥] 6.22 4.50 5.43

Speed [𝑐𝑚/𝑠2] 2.02 2.37 1.41
T
s
t Reproj. Error [𝑝𝑥] 4.36 3.27 3.69

Speed [𝑐𝑚/𝑠2] 2.11 1.93 1.58

Table 4: Statistics of the reprojection error and speed of the zebrafish, for each split, based on the

ground truth annotations.

as the area of the BLOBs are larger than a predefined threshold. This allows

for potential reflections being detected alongside the true detection of the fish.

Otherwise, if only the 𝑁
fish

largest BLOBs are considered for further analysis,

it is possible that reflections are considered at the expense of real fish.

As it is not known where the head of the fish is, two points are saved as

proxies for the head, together with the center-of-mass. If the width of the BLOB

bounding box is larger than the height, the proxy points are (min(𝑥), 𝜇(𝑦)) and

(max(𝑥), 𝜇(𝑦)), where x and y are the coordinates of the BLOB pixels, and 𝜇 is

the arithmetic mean function. Otherwise, the proxy points are (𝜇(𝑥),min(𝑦))
and (𝜇(𝑥),max(𝑦)). The center-of-mass is further used for constructing 2D

tracklets, as it is the most stable of the three proxy points.

B.3 FRCNN-H Object Detection
Two Faster R-CNN networks were trained to detect the zebrafish heads in

each view, respectively. The official PyTorch implementation of Faster R-CNN

with a ResNet50 based Feature Pyramid Network [77] backbone was utilized

in both cases. The model was pretrained on the COCO train2017 dataset.

The network was fine-tuned for 30 epochs, using stochastic gradient descent

with momentum. A learning rate of 0.005, momentum of 0.9, weight decay

of 0.0005, and batch size of 8 was used. The learning rate was “warmed up”

during the first epoch, linearly interpolating the learning rate from 0.001 to

0.005. Each model was trained on an RTX 2080TI.

B.4 Pipeline Parameters
The full system pipeline has a set of parameters, which needs to be manu-

ally set. The parameters were chosen based on empirical investigation on the

training data and they are shown in Table 3. The front-view distance thresh-

old, 𝛿𝐹 , has two different values, depending on the method applied. For the
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Fig. 9: Ψ is the proposed complexity measure based on the front- and top-view recordings. OL is

the average length of occlusion events and the dashed lines show the mean OL for the two views.

Tst1 is not included.

Naive method it is set to 0.5, as the distance is measured in standard devia-

tions, whereas for the FRCNN-H method it is set to 15, where the distance is

measured in pixels.

Furthermore, during the association of 2D tracklets between views, a set of

exponential distributions are utilized. These distributions are parameterized

using the mean of the reprojection error of the ground truth training annota-

tions and the average speed of the zebrafish in the training split. This builds on

the assumption that these parameters generalize across the different splits. As

shown in Table 4, the average speed of the zebrafish for each split are within

0.1 𝑐𝑚
𝑠2

, which can be seen as a negligible difference, whereas the mean repro-

jection error is 2 − 4 pixels larger in the training and validation splits than in

the testing split. The cause of this difference is hypothesized to be the larger

amount and duration of occlusions in the training and validation splits, which

can introduce some uncertainty during the annotation phase. The training

split has the largest reprojection error, which means the utilized exponential

distribution penalize larger reprojection errors less harshly. However, as the

mean training reprojection error is still low, it is still deemed fitting for the

task.

B.5 Tracking Metrics and Results
When evaluating tracking tasks, a wide suite of metrics are often used, each

expressing different properties of the task. Commonly, the MOTA metric is
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Fig. 10: Ψ is the proposed complexity measure based on the front- and top-view recordings.

MOTA is based on the oracle tracker and the dashed lines show the mean MOTA for the two

views. Tst1 is not included.

used as a representative metric for the overall performance of the tracker, as

it incorporates false positives and negatives, as well as the amount of identity

swaps. However, as shown by Carr and Collins [72] the MOTA metric is not

guaranteed to be robust at all times. We evaluate the generated tracks using

the collection of metrics from the MOT challenge, consisting of the CLEAR

MOT [73], mostly tracked/lost metric [74], and identity based metrics of Ristani

et al. [75], as well as using the MTBF metric proposed by Carr and Collins [72].

A description of each of the used metrics are presented in Table 5. Each step of

the pipeline has been evaluated according to the previous mentioned metrics.

Specifically the following steps have been evaluated:

• 2D tracklets after 2D Tracklet Construction (for top-view see Table 6 and

for front-view see Table 7)

• 2D tracklets after 2D Tracklet Association Between Views (for top-view

see Table 8 and for front-view see Table 9)

• 3D tracklets after 2D Tracklet Association Between Views (see Table 10)

• 3D tracks after 3D Tracklet Association (see Table 11)

For the 2D tracklets, a distance threshold of 20 px is used.
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Occlusions

The two views are not equal when it comes to occlusions. Due to the social

behavior of zebrafish they tend to swim in the same horizontal layer of the

water column. This is indicated by the graph in Figure 9, where the occlusion

lengths are displayed with respect to the proposed complexity measure, Ψ. It

should be noted that Ψ is calculated per view and not as a mean between the

two, as in the main article. Data points are presented for all the recordings

from both views, except Tst1 as it only contains a single fish and therefore has

a complexity measure of zero. The dashed lines illustrate the mean occlusion

lengths and shows that there is a significant difference between the two views.

In general, the occlusion events seems longer in the front-view recordings.

The MOTA of the hypothetical oracle tracker is plotted against the proposed

complexity measure in Figure 10. MOTA is calculated for the top- and front-

view 2D tracklets as presented in Table 6 and Table 7, respectively. The tracking

performance of the oracle tracker correlates well with the complexity in both

views. Notice the significant difference in performance of the tracker in the

two views; the mean scores are MOTAtop = 86.0% and MOTA
front

= 75.5% as

illustrated by the two dashed lines.
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Metric Better Range Description

MOTA Higher ] − ∞, 100] Overall tracking accuracy based on ID-swaps, and false negatives/positives [73]

MOTP Lower [0,∞[ Distance between predicted position and ground truth [73]

Prc. Higher [0, 100] Precision: The percentage of correctly predicted positions

Rcll. Higher [0, 100] Recall: The percentage of ground truth positions detected

ID-Prc. Higher [0, 100] ID-Precision: The percentage of correctly identified predicted positions [75]

ID-Rcll. Higher [0, 100] ID-Recall: The percentage of correctly identified ground truth positions [75]

ID-F1 Higher [0, 100] F1-score of the predicted identities [75]

FP Lower [0,∞[ Amount of incorrectly predicted positions

FN Lower [0,∞[ Amount of ground truth positions missed

MT Higher [0, 100] Amount of ground truth tracks which are 80% or more correctly tracked [74]

ML Lower [0, 100] Amount of ground truth tracks which are 20% or less correctly tracked [74]

ID Sw. Lower [0,∞[ Total amount of identity switches [78]

Frag. Lower [0,∞[ Total amount of track fragmentations

MTBF𝑠 Higher [0,∞[ Mean time between ID-switches or false negatives/positives [72]

MTBF𝑚 Higher [0,∞[ Monotonic version of MTBF𝑠 [72]

Table 5: Description of the full collection of utilized tracking metrics.

Method MOTA ↑ MOTP ↓ Prc. ↑ Rcll. ↑ ID-Rcll. ↑ ID-Prc. ↑ ID-F1 ↑ FP ↓ FN ↓ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑠 ↑ MTBF𝑚 ↑

T
r
n

2

Naive 21.9% 3.309 57.2 91.0 10.7 6.7 8.2 9798 1301 2 0 136 428 26.316 14.109

FRCNN-H 91.3% 2.128 98.8 92.8 12.4 13.2 12.8 156 1030 2 0 72 140 87.829 45.408

Oracle 61.5% 0.000 100.0 63.0 6.7 10.6 8.2 0 5314 0 0 216 216 41.587 20.699

T
r
n

5

Naive 38.2% 3.196 64.1 90.1 31.5 22.4 26.2 2274 447 5 0 58 124 27.020 14.792

FRCNN-H 90.2% 2.038 99.1 91.6 31.9 34.5 33.2 39 378 5 0 24 50 73.607 38.523

Oracle 58.4% 0.000 100.0 59.6 19.1 32.0 23.9 0 1819 0 0 52 52 47.035 23.726

V
a
l
2

Naive 59.8% 3.050 72.6 96.7 57.1 42.8 48.9 1315 118 2 0 13 44 68.275 36.653

FRCNN-H 96.8% 2.165 99.2 97.9 75.9 76.8 76.3 30 76 2 0 10 17 167.810 92.737

Oracle 88.9% 0.000 100.0 89.7 25.8 28.8 27.2 0 372 2 0 28 28 107.600 55.655

V
a
l
5

Naive 89.4% 3.552 93.1 97.0 51.7 49.6 50.6 330 135 5 0 19 36 92.083 52.619

FRCNN-H 96.4% 2.782 99.5 97.2 48.3 49.4 48.8 22 128 5 0 15 23 147.567 83.528

Oracle 86.0% 0.000 100.0 86.9 37.2 42.8 39.8 0 598 4 0 40 40 87.933 46.553

T
s
t
1

Naive 83.1% 4.095 85.6 100.0 100.0 85.6 92.2 152 0 1 0 0 0 900.000 900.000

FRCNN-H 85.1% 2.513 100.0 85.7 49.7 58.0 53.5 0 129 1 0 5 34 22.029 11.174

Oracle 100.0% 0.000 100.0 100.0 100.0 100.0 100.0 0 0 1 0 0 0 900.000 900.000

T
s
t
2

Naive 98.6% 3.771 99.6 99.1 99.1 99.6 99.3 8 17 2 0 0 10 148.583 81.045

FRCNN-H 72.6% 2.443 100.0 74.1 39.0 52.7 44.8 0 467 1 0 26 93 14.032 7.053

Oracle 96.1% 0.000 100.0 96.7 32.6 33.7 33.1 0 60 2 0 10 10 145.000 79.091

T
s
t
5

Naive 82.8% 3.801 89.3 94.7 49.7 46.8 48.2 512 237 5 0 24 82 45.839 24.222

FRCNN-H 70.5% 2.685 99.9 71.8 25.6 35.6 29.7 4 1271 0 0 52 145 21.384 10.836

Oracle 83.0% 0.000 100.0 84.0 44.7 53.2 48.6 0 721 3 0 44 44 77.122 39.779

T
s
t
1
0

Naive 83.4% 3.752 89.3 95.4 59.0 55.2 57.0 1026 418 10 0 49 138 52.329 28.323

FRCNN-H 70.8% 2.803 99.8 72.4 26.4 36.4 30.6 13 2483 4 0 130 417 14.879 7.543

Oracle 86.8% 0.000 100.0 87.5 42.1 48.1 44.9 0 1128 10 0 64 64 106.378 56.229

Table 6: Full metric evaluation of the 2D tracking in the top-view, on all sequences.

Method MOTA ↑ MOTP ↓ Prc. ↑ Rcll. ↑ ID-Rcll. ↑ ID-Prc. ↑ ID-F1 ↑ FP ↓ FN ↓ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑠 ↑ MTBF𝑚 ↑

T
r
n

2

Naive -69.5% 12.666 7.6 6.2 0.6 0.7 0.6 10756 13490 0 2 134 159 4.709 2.528

FRCNN-H 92.8% 3.521 99.8 95.0 6.4 6.8 6.6 26 723 2 0 288 126 43.218 30.898

Oracle 62.9% 0.000 100.0 64.1 2.4 3.8 3.0 0 5168 0 0 170 170 53.558 26.936

T
r
n

5

Naive -73.5% 12.768 5.2 4.2 3.1 3.8 3.4 3478 4310 0 5 19 22 5.758 2.923

FRCNN-H 90.7% 3.634 99.9 92.4 23.2 25.1 24.1 6 341 5 0 72 47 45.207 29.496

Oracle 60.8% 0.000 100.0 61.7 20.1 32.6 24.9 0 1724 1 0 41 41 60.348 29.849

V
a
l
2

Naive -93.1% 12.918 3.7 3.6 0.8 0.8 0.8 3444 3469 0 2 37 28 3.119 1.795

FRCNN-H 93.6% 4.113 100.0 97.4 12.9 13.3 13.1 0 95 2 0 136 24 25.036 21.372

Oracle 84.9% 0.000 100.0 85.3 16.3 19.1 17.6 0 530 2 0 14 14 191.875 102.333

V
a
l
5

Naive -68.8% 12.419 10.0 8.5 2.9 3.4 3.1 3480 4162 0 5 37 44 6.690 3.464

FRCNN-H 79.0% 4.224 99.6 81.8 16.2 19.7 17.8 14 826 3 0 117 72 26.791 17.402

Oracle 49.6% 0.000 100.0 50.8 16.5 32.4 21.8 0 2240 0 0 54 54 39.153 19.914

T
s
t
1

Naive -44.8% 14.682 27.5 26.2 5.2 5.5 5.4 621 664 0 0 18 28 6.378 3.522

FRCNN-H 41.4% 7.031 99.0 44.4 15.0 33.4 20.7 4 500 0 0 23 17 13.333 8.163

Oracle 100.0% 0.000 100.0 100.0 100.0 100.0 100.0 0 0 1 0 0 0 900.000 900.000

T
s
t
2

Naive -38.3% 13.201 30.0 27.0 5.1 5.6 5.3 1135 1314 0 1 41 41 7.967 4.673

FRCNN-H 16.4% 7.828 100.0 18.7 6.6 35.4 11.1 0 1464 0 1 40 57 5.695 2.824

Oracle 86.8% 0.000 100.0 87.3 45.8 52.4 48.9 0 228 2 0 10 10 131.000 71.455

T
s
t
5

Naive -39.2% 12.703 28.5 24.3 4.6 5.4 4.9 2734 3408 0 3 124 138 5.717 3.250

FRCNN-H 53.5% 5.601 98.7 56.4 15.4 27.0 19.7 33 1962 0 0 99 147 15.962 8.161

Oracle 77.8% 0.000 100.0 78.7 32.6 41.4 36.5 0 957 2 0 42 42 75.383 38.934

T
s
t
1
0

Naive -54.1% 13.667 19.6 16.9 3.8 4.4 4.1 6219 7482 0 5 171 195 5.816 3.209

FRCNN-H 47.4% 5.604 99.4 50.3 13.0 25.6 17.2 27 4474 0 0 229 277 14.368 7.518

Oracle 75.5% 0.000 100.0 76.5 25.7 33.6 29.2 0 2115 4 0 94 94 66.202 33.261

Table 7: Full metric evaluation of the 2D tracking in the front-view, on all sequences.
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B. Supplementary Material

Method MOTA ↑ MOTP ↓ Prc. ↑ Rcll. ↑ ID-Rcll. ↑ ID-Prc. ↑ ID-F1 ↑ FP ↓ FN ↓ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑠 ↑ MTBF𝑚 ↑

T
r
n

2

Naive 82.6% 3.247 96.2 86.5 13.2 14.6 13.9 497 1939 2 0 73 403 28.732 14.846

FRCNN-H 90.9% 2.113 100.0 91.1 22.1 24.2 23.1 1 1273 2 0 41 144 85.667 43.836

Oracle 44.8% 0.000 100.0 46.2 2.4 5.3 3.3 0 7742 0 0 202 202 32.539 16.190

T
r
n

5

Naive 79.3% 3.151 95.9 83.4 37.5 43.2 40.1 159 748 3 0 23 119 29.543 15.129

FRCNN-H 90.2% 2.028 100.0 90.5 45.6 50.4 47.8 0 427 5 0 13 44 81.460 42.874

Oracle 36.6% 0.000 100.0 37.8 10.9 28.9 15.9 0 2799 0 0 53 53 29.328 14.175

V
a
l
2

Naive 89.0% 3.047 99.4 89.8 63.3 70.1 66.6 20 369 2 0 8 52 57.696 29.642

FRCNN-H 96.1% 2.163 100.0 96.3 78.4 81.4 79.8 0 133 2 0 7 20 157.591 82.548

Oracle 73.9% 0.000 100.0 74.9 12.7 17.0 14.5 0 902 0 0 36 36 71.000 35.500

V
a
l
5

Naive 92.1% 3.524 99.8 92.5 53.3 57.4 55.3 9 341 4 0 9 57 67.968 34.826

FRCNN-H 90.9% 2.765 100.0 91.1 51.8 56.8 54.2 0 404 4 0 10 24 143.138 76.870

Oracle 42.2% 0.000 100.0 43.6 13.2 30.3 18.4 0 2567 0 0 64 64 28.812 14.406

T
s
t
1

Naive 99.6% 4.102 100.0 99.6 99.6 100.0 99.8 0 4 1 0 0 2 298.667 179.200

FRCNN-H 69.8% 2.477 100.0 69.8 69.8 100.0 82.2 0 272 0 0 0 31 19.625 9.812

Oracle 100.0% 0.000 100.0 100.0 100.0 100.0 100.0 0 0 1 0 0 0 900.000 900.000

T
s
t
2

Naive 98.1% 3.782 99.9 98.1 98.1 99.9 99.0 1 34 2 0 0 18 88.300 46.474

FRCNN-H 40.8% 2.514 100.0 40.9 32.8 80.1 46.5 0 1063 0 1 2 35 19.919 9.827

Oracle 82.2% 0.000 100.0 83.2 24.3 29.2 26.6 0 302 2 0 18 18 74.900 37.450

T
s
t
5

Naive 86.1% 3.737 98.3 87.9 52.8 59.1 55.8 67 546 4 0 13 69 51.351 26.716

FRCNN-H 65.8% 2.666 100.0 66.2 34.0 51.3 40.9 0 1519 0 0 21 110 25.698 13.075

Oracle 65.7% 0.000 100.0 66.8 26.8 40.1 32.2 0 1492 1 0 50 50 54.691 26.857

T
s
t
1
0

Naive 87.0% 3.757 98.4 88.6 68.1 75.7 71.7 126 1023 9 0 23 151 48.054 24.697

FRCNN-H 62.4% 2.797 100.0 62.9 31.4 49.9 38.6 2 3341 2 0 39 293 18.677 9.323

Oracle 64.7% 0.000 100.0 66.0 20.0 30.3 24.1 0 3059 1 0 119 119 46.054 22.676

Table 8: Full metric evaluation of the 2D tracking in the top-view, after 3D tracklet association, on

all sequences.

Method MOTA ↑ MOTP ↓ Prc. ↑ Rcll. ↑ ID-Rcll. ↑ ID-Prc. ↑ ID-F1 ↑ FP ↓ FN ↓ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑠 ↑ MTBF𝑚 ↑

T
r
n

2

Naive -5.5% 14.688 46.6 33.4 6.6 9.2 7.7 5513 9577 0 0 82 772 6.174 3.091

FRCNN-H 85.3% 3.482 99.9 85.6 19.5 22.8 21.0 10 2074 2 0 37 141 82.040 42.289

Oracle 44.8% 0.000 100.0 46.2 2.4 5.3 3.3 0 7742 0 0 202 202 32.539 16.190

T
r
n

5

Naive 2.2% 13.648 51.9 37.8 19.1 26.2 22.1 1577 2800 0 2 22 168 9.770 4.843

FRCNN-H 81.5% 3.540 99.9 82.0 41.4 50.5 45.5 3 812 3 0 16 47 68.296 35.124

Oracle 36.6% 0.000 100.0 37.8 10.9 28.9 15.9 0 2799 0 0 53 53 29.328 14.058

V
a
l
2

Naive -7.9% 14.061 45.5 39.0 30.7 35.8 33.0 1678 2197 0 0 11 165 8.401 4.201

FRCNN-H 82.1% 4.095 100.0 82.3 63.6 77.2 69.7 0 638 1 0 7 36 75.949 39.493

Oracle 73.9% 0.000 100.0 74.9 12.7 17.0 14.5 0 902 0 0 36 36 71.000 35.500

V
a
l
5

Naive -6.9% 11.925 43.9 24.0 13.9 25.5 18.0 1391 3460 0 2 15 108 9.646 4.781

FRCNN-H 69.3% 4.068 99.9 69.7 35.0 50.1 41.2 4 1379 0 0 15 55 51.984 26.207

Oracle 42.3% 0.000 100.0 43.7 13.3 30.3 18.4 0 2562 0 0 64 64 28.812 14.099

T
s
t
1

Naive 72.1% 8.828 92.8 78.2 78.2 92.8 84.9 55 196 0 0 0 35 19.556 9.778

FRCNN-H 37.8% 6.992 100.0 37.8 37.8 100.0 54.8 0 560 0 0 0 7 42.500 20.000

Oracle 100.0% 0.000 100.0 100.0 100.0 100.0 100.0 0 0 1 0 0 0 900.000 900.000

T
s
t
2

Naive 75.7% 6.560 95.6 79.4 79.4 95.6 86.7 66 371 1 0 0 38 35.725 18.089

FRCNN-H 7.8% 6.187 100.0 7.9 4.8 61.3 9.0 0 1658 0 2 2 10 11.833 5.462

Oracle 82.2% 0.000 100.0 83.2 24.3 29.2 26.6 0 302 2 0 18 18 74.900 37.450

T
s
t
5

Naive 39.7% 9.665 77.9 56.1 38.6 53.6 44.9 717 1977 0 0 21 229 10.736 5.403

FRCNN-H 50.1% 5.460 99.4 50.9 27.2 53.2 36.0 13 2209 0 0 23 91 23.619 11.749

Oracle 65.7% 0.000 100.0 66.8 26.8 40.1 32.2 0 1492 1 0 50 50 54.691 27.345

T
s
t
1
0

Naive 42.1% 10.218 78.3 59.0 45.4 60.3 51.8 1467 3693 0 0 47 339 15.034 7.506

FRCNN-H 39.8% 5.488 99.9 40.3 19.6 48.8 28.0 3 5377 0 0 37 120 27.656 13.620

Oracle 64.7% 0.000 100.0 66.0 20.0 30.3 24.1 0 3059 1 0 119 119 46.054 22.589

Table 9: Full metric evaluation of the 2D tracking in the front-view, after 3D tracklet association,

on all sequences.
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Method MOTA ↑ MOTP ↓ Prc. ↑ Rcll. ↑ ID-Rcll. ↑ ID-Prc. ↑ ID-F1 ↑ FP ↓ FN ↓ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑠 ↑ MTBF𝑚 ↑

T
r
n

2

Naive 41.1% 0.198 85.0 50.5 9.1 15.3 11.4 1285 7118 0 0 60 586 12.344 6.172

FRCNN-H 73.7% 0.066 96.9 76.3 18.8 23.8 21.0 352 3407 0 0 29 215 50.548 25.333

Oracle 44.8% 0.000 100.0 46.2 2.4 5.3 3.4 0 7738 0 0 202 202 32.539 16.190

T
r
n

5

Naive 40.3% 0.169 83.5 50.5 25.5 42.1 31.8 448 2218 0 0 12 134 16.309 8.039

FRCNN-H 63.5% 0.064 92.1 69.7 37.1 49.1 42.3 269 1358 1 0 9 67 43.431 21.867

Oracle 36.7% 0.000 100.0 37.9 11.0 28.9 15.9 0 2784 0 0 53 53 29.328 14.175

V
a
l
2

Naive 59.7% 0.163 92.2 65.4 48.5 68.3 56.7 200 1244 0 0 5 86 26.682 13.341

FRCNN-H 71.4% 0.062 96.3 74.4 61.4 79.5 69.3 103 919 0 0 4 36 70.342 36.122

Oracle 74.1% 0.000 100.0 75.1 12.8 17.0 14.6 0 894 0 0 36 36 71.000 36.459

V
a
l
5

Naive 28.4% 0.204 78.8 39.1 23.2 46.8 31.1 477 2764 0 0 8 93 18.122 9.015

FRCNN-H 61.3% 0.070 95.4 64.6 33.7 49.7 40.2 143 1607 1 0 9 60 45.123 22.562

Oracle 42.4% 0.000 100.0 43.8 13.3 30.3 18.5 0 2552 0 0 64 64 28.812 14.618

T
s
t
1

Naive 77.6% 0.152 96.0 80.9 80.9 96.0 87.8 30 171 1 0 0 28 25.000 12.500

FRCNN-H 30.2% 0.105 100.0 30.2 30.2 100.0 46.4 0 625 0 0 0 15 16.938 8.212

Oracle 100.0% 0.000 100.0 100.0 100.0 100.0 100.0 0 0 1 0 0 0 900.000 900.000

T
s
t
2

Naive 77.6% 0.138 96.9 80.2 80.2 96.9 87.7 46 353 1 0 0 44 31.022 15.856

FRCNN-H 5.7% 0.133 100.0 5.8 3.5 60.2 6.6 0 1677 0 2 2 17 5.421 2.641

Oracle 80.6% 0.000 100.0 81.6 23.9 29.3 26.3 0 328 2 0 18 25 53.778 27.396

T
s
t
5

Naive 39.7% 0.168 80.0 53.1 38.0 57.3 45.7 589 2078 0 0 9 186 12.340 6.219

FRCNN-H 40.0% 0.099 98.0 41.3 23.2 55.1 32.6 37 2605 0 0 17 117 15.000 7.469

Oracle 66.7% 0.000 100.0 67.8 27.2 40.1 32.4 0 1427 1 0 50 50 54.691 28.112

T
s
t
1
0

Naive 48.2% 0.153 86.7 57.1 46.3 70.3 55.8 780 3824 0 0 16 273 18.007 8.925

FRCNN-H 25.2% 0.099 97.0 26.3 14.1 52.0 22.2 72 6571 0 3 32 225 9.996 4.904

Oracle 65.2% 0.000 100.0 66.6 20.2 30.3 24.3 0 2982 1 0 119 119 46.031 23.105

Table 10: Full metric evaluation of the 3D tracklets generated from the 3D tracklet association, on

all sequences.

Method MOTA ↑ MOTP ↓ Prc. ↑ Rcll. ↑ ID-Rcll. ↑ ID-Prc. ↑ ID-F1 ↑ FP ↓ FN ↓ MT ↑ ML ↓ ID Sw. ↓ Frag. ↓ MTBF𝑠 ↑ MTBF𝑚 ↑

T
r
n

2

Naive 41.4% 0.198 85.3 50.4 28.5 48.3 35.9 1250 7133 0 0 40 573 12.597 6.298

FRCNN-H 73.8% 0.066 96.9 76.3 44.0 55.9 49.2 352 3407 0 0 14 216 50.317 25.216

Oracle 46.2% 0.000 100.0 46.2 46.2 100.0 63.2 0 7738 0 0 0 202 32.539 16.190

T
r
n

5

Naive 40.4% 0.170 83.8 50.3 32.5 54.2 40.7 436 2228 0 0 7 135 16.121 7.947

FRCNN-H 63.5% 0.064 92.1 69.7 40.9 54.1 46.6 269 1359 1 0 7 66 44.028 22.170

Oracle 37.9% 0.000 100.0 37.9 37.9 100.0 55.0 0 2784 0 0 0 53 29.328 14.175

V
a
l
2

Naive 59.6% 0.163 92.2 65.3 50.8 71.7 59.4 199 1248 0 0 3 82 27.905 13.870

FRCNN-H 71.5% 0.062 96.3 74.4 71.7 92.8 80.9 103 920 0 0 2 35 72.216 37.111

Oracle 75.1% 0.000 100.0 75.1 75.1 100.0 85.8 0 894 0 0 0 36 71.000 36.459

V
a
l
5

Naive 28.5% 0.204 78.9 39.1 23.2 46.8 31.1 476 2764 0 0 7 93 18.122 9.015

FRCNN-H 61.3% 0.070 95.4 64.6 40.2 59.4 48.0 143 1607 1 0 5 60 45.123 22.562

Oracle 43.8% 0.000 100.0 43.8 43.8 100.0 60.9 0 2552 0 0 0 64 28.812 14.618

T
s
t
1

Naive 77.6% 0.152 96.0 80.9 80.9 96.0 87.8 30 171 1 0 0 28 25.000 12.500

FRCNN-H 30.2% 0.105 100.0 30.2 30.2 100.0 46.4 0 625 0 0 0 15 16.938 8.212

Oracle 100.0% 0.000 100.0 100.0 100.0 100.0 100.0 0 0 1 0 0 0 900.000 900.000

T
s
t
2

Naive 77.6% 0.138 96.9 80.2 80.2 96.9 87.7 46 353 1 0 0 44 31.022 15.856

FRCNN-H* 5.7% 0.133 100.0 5.8 3.5 60.2 6.6 0 1677 0 2 2 17 5.421 2.641

Oracle 81.6% 0.000 100.0 81.6 81.6 100.0 89.9 0 328 2 0 0 25 53.778 27.396

T
s
t
5

Naive 39.7% 0.168 80.0 53.1 43.4 65.4 52.2 588 2079 0 0 7 185 12.400 6.249

FRCNN-H 40.2% 0.099 98.0 41.2 29.8 70.9 41.9 37 2609 0 0 7 115 15.217 7.577

Oracle 67.8% 0.000 100.0 67.8 67.8 100.0 80.8 0 1427 1 0 0 50 54.691 28.112

T
s
t
1
0

Naive 48.3% 0.153 86.9 57.1 48.5 73.8 58.5 768 3829 0 0 11 268 18.313 9.075

FRCNN-H* 25.2% 0.099 97.0 26.3 14.1 52.0 22.2 72 6571 0 3 32 225 9.996 4.904

Oracle 66.6% 0.000 100.0 66.6 66.6 100.0 79.9 0 2982 1 0 0 119 46.031 23.105

Table 11: Full metric evaluation of the final 3D tracks generated from the 3D track association,

on all sequences. An * indicates that the method did not complete the 3D Tracklet Association

step for the sequence, as there were not enough concurrent 3D tracklets at any one point in the

sequence. In this case, the 3D tracklet results are reported.
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1. Introduction

Abstract

There exists no comprehensive metric for describing the complexity of Multi-Object
Tracking (MOT) sequences. This lack of metrics decreases explainability, complicates
comparison of datasets, and reduces the conversation on tracker performance to a matter
of leader board position. As a remedy, we present the novel MOT dataset complexity
metric (MOTCOM), which is a combination of three sub-metrics inspired by key
problems in MOT: occlusion, erratic motion, and visual similarity. The insights of
MOTCOM can open nuanced discussions on tracker performance and may lead to a
wider acknowledgement of novel contributions developed for either less known datasets
or those aimed at solving sub-problems.

We evaluate MOTCOM on the comprehensive MOT17, MOT20, and MOTSynth
datasets and show that MOTCOM is far better at describing the complexity of MOT
sequences compared to the conventional density and number of tracks. Project page at
https://vap.aau.dk/motcom .

1 Introduction

Tracking has been an important research topic for decades with applications

ranging from autonomous driving to fish behavior analysis [1–4]. The aim is to

acquire the full spatio-temporal trajectory of an object of interest, but missing

or inaccurate detections can make this a complicated task. When more objects

are present in the scene simultaneously it is termed a multi-object tracking

(MOT) problem and an additional task is to keep the correct identities of all

objects throughout the sequence.

During the previous decade there has been an increase in the development

of publicly available MOT datasets [5–9]. However, there has been no attempt

to objectively describe the complexity of a dataset or its sequences except for us-

ing simple statistics like density and number of tracks, which are neither adequate

nor explanatory, see Figure C.1. When a new dataset emerges, the community

needs objective metrics to be able to characterize and discuss the dataset with

respect to existing datasets, otherwise, ‘gut feeling’ and ‘popularity vote’ will

rule. Furthermore, the absence of an objective MOT sequence complexity met-

ric hinders an informed conversation on the capabilities of trackers developed

for different datasets. Nowadays, it is important to rank high on popular MOT

benchmark leaderboads in order to gain the attention of the community. This

may hinder the acknowledgement of novel solutions that solve sub-problems

of MOT particularly well and underrate solutions developed on less popular

datasets. We expect that a descriptive and explanatory metric can help remedy

these issues.

The literature suggests that there are three main factors that make MOT

tasks difficult to solve [2, 12–15]; namely, occlusion, erratic motion, and vi-
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Fig. C.1: Comparing the capability of the proposed MOTCOM metric against the conventional

metrics (number of tracks and density) for describing MOT sequence complexity. The shared y-

axis shows a HOTA [10] rank-based proxy for the ground truth complexity of the MOTSynth

sequences [11]. The x-axes show the corresponding rank determined by each of the three metrics.

The correlation between the complexity and MOTCOM is clearly stronger compared to both tracks
and density. More details can be found in Section 5.

sual similarity. We hypothesize that the complexity of MOT sequences can

be expressed by a combination of the aforementioned three factors for which

we need to construct explicit metrics. Therefore, in this paper we propose the

first-ever individual sub-metrics for describing the complexity of the three sub-

problems and a unified quantitative MOT dataset complexity metric (MOT-

COM) as a combination of these sub-metrics. In Figure C.1, we illustrate that

MOTCOM is far better at estimating the complexity of the sequences of the re-

cent MOTSynth dataset [11] compared to the commonly used number of tracks
and density.

The main contributions of our paper are as follows:

1. The novel metric MOTCOM for describing the complexity of MOT se-

quences.

2. Three sub-metrics for describing the complexity of MOT sequences with

respect to occlusion, erratic motion, and visual similarity.

3. We show that the conventional metrics number of tracks and density are

not strong indicators for the complexity of MOT sequences.

4. We evaluate the capability of MOTCOM and demonstrate its superiority

against number of tracks and density.

In the next section, we describe and analyse the three sub-problems followed

by a presentation of the proposed metrics. In the remainder of the paper,

we demonstrate and discuss how the metrics can describe and explain the

complexity of MOT sequences.
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2 Related Work

The majority of recent trackers utilize the strong performance of deep learning

based detectors, e.g., by following the tracking-by-detection paradigm [16–18],

tracking-by-regression [12], through joint training of the detection and track-

ing steps [19, 20], or as part of an association step [21–23]. Trackers like Track-

tor [12], Chained-Tracker [19], and CenterTrack [20] rely on spatial proximity

which makes them vulnerable to sequences with extreme motion and heavy

occlusion. At the other end of the spectrum are trackers like QDTrack [21],

RetinaTrack [22], and FairMOT [23] which use visual cues for tracking. They

are optimized toward tracking visually distinct objects and are not to the same

degree limited by erratic motion or vanishing objects but instead sensitive to

weak visual features. This indicates that the design of trackers is centered

around three core problems: occlusion, erratic motion, and visual similar-

ity. Below, we dive into the literature regarding these problems followed by

insights on dataset complexity.

Occlusion.

Occlusions can be difficult to handle and they are often simply treated as

missing data [15]. However, in scenes were the objects have weak or similar

visual features this can be harmful for the tracking performance [14, 24, 25].

Most authors state that a higher occlusion rate makes tracking harder [26–

28], but they seldom quantify such statements. An exception is the work

proposed by Bergmann et al. [12] where they analyzed the tracking results

with respect to object visibility, the size of the objects, and missing detections.

Moreover, Pedersen et al. [13] argued that the number of objects is less critical

than the amount and level of occlusion when it comes to multi-object tracking

of fish. They described the complexity of their sequences based on occlusions

alone.

Erratic Motion.

Prior information can be used to predict the next state of an object which

minimizes the search space and hence reduces the impact of noisy or missing

detections. A linear motion model assuming constant velocity is a simple,

but effective method for predicting the movement of non-erratic objects like

pedestrians [2, 24]. In scenes that include camera motion or complex movement

more advanced models may improve tracker performance. Pellegrini et al. [29]

proposed incorporating human social behavior into their motion model and

Kratz et al. [30] proposed utilizing the movement of a crowd to enhance the

tracking of individuals. A downside of many advanced motion models is an

often poor ability to generalize to other types of objects or environments.
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Visual Similarity.

Visual cues are commonly used in tracklet association and re-identification

and are well studied for persons [31], vehicles [32], and animals [33] such

as zebrafish [34] and tigers [35]. Modern trackers often solve the association

step using CNNs, like Siamese networks, based on a visual affinity model

[12, 36–38]. Such methods rely on visual dissimilarity between the objects.

However, tracklet association becomes more difficult when objects are hard to

distinguish purely by their appearance.

Dataset Complexity.

Determining the complexity of a dataset is a non-trivial task. One may have a

“feeling” or intuition about which datasets are harder than others, but this is

subjective and can differ depending on who you ask, as well as differ depend-

ing on the task at hand. In order to objectively determine the complexity of a

dataset, one has to develop a task-specific framework. An early attempt at this

was the suite of 12 complexity measures (c-measures) by Ho and Basu [39],

based on concepts such as inter-class overlap and linear separability. However,

these c-measures are not suitable for image datasets due to unrealistic assump-

tions, such as the data being linearly separable. Therefore, Branchaud-Charron

et al. [40] developed a complexity measure based on spectral clustering, where

the inter-class overlap is quantified through the eigenvalues of an approxi-

mated adjacency matrix. This approach was shown to correlate well with the

CNN performance on several image datasets. Similarly, Cui et al. [41] pre-

sented a framework for evaluating the fine-grainedness of image datasets, by

measuring the average distance from data examples to the class centers. Both

of these approaches rely on embedding the input images into a feature space

by using, e.g., a CNN, and determining the dataset complexity without any

indication of what makes the dataset difficult.

In contrast, dataset complexity in the MOT field has so far been deter-

mined through simple statistics such as the number of tracks and density.

These quantities are currently displayed for every sequence alongside other

stats such as resolution and frame rate for the MOTChallenge benchmark

datasets [7]. The preliminary works of Bergmann et al. [12] and Pedersen et

al. [13] have attempted to further explain what makes a MOT sequence diffi-

cult by investigating the effect of occlusions. However, there is no clear way

of describing the complexity of MOT sequences and the current methods have

not been verified.
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3 Challenges in Multi-Object Tracking

MOT covers the task of obtaining the spatio-temporal trajectories of multiple

objects in a sequence of consecutive frames. Depending on the specific task,

the objects may be represented as 3D points [13], pixel-level segmentation

masks [42], or bounding boxes [43]. Despite the different representation forms,

the concepts of occlusion, erratic motion, and visual similarity apply to all of

them and add to the complexity of the sequences.

Occlusion.

Occlusion describes situations where the visual information of an object within

the camera view is partially or fully hidden. There are three types of occlusion:

self-occlusion, scene-occlusion, and inter-object-occlusion [14]. Self-occlusion can

reduce the visibility of parts of an object, e.g., if a hand is placed in front of

a face, but defining the level of self-occlusion is non-trivial and depends on

the type of object. Scene-occlusion occurs when a static object is located in the

line of sight between the camera and the target object, thereby decreasing the

visual information of the target. A scene-occlusion is marked by the red box

in Figure C.2a, where flowers partially occlude a sitting person.

Erratic Motion.

We use motion as a term for an object’s spatial displacement between frames.

This is typically caused by the locomotive behavior of the object itself, camera

motion, or a combination. As the number of factors that influence the observed

motion increases, the motion becomes harder to predict. An example of two

objects exhibiting different types of motion is presented in Figure C.2b. The

blue object moves with approximately the same direction and speed between

the time steps. Predicting the next state of the object seems trivial and the

search space is correspondingly small. On the other hand, the red object

behaves erratically and unpredictably while the motion model is less confident

as illustrated by the larger search space.

Visual Similarity.

The visual appearance of objects can vary widely depending on the type of

object and type of scene. Appearance is especially important when tracking

is lost, for example, due to occlusion, and re-identification is a common tool

for associating broken tracklets. The complexity of this process depends on

the visual similarity between objects, but intra-object similarity also plays a

role. As an object moves through a scene, its appearance can change from the

perspective of the viewer. The object may turn around, increase its distance to
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(a) (b)

Fig. C.2: a) Sample from MOT17-04 [6]. The yellow boxes illustrate objects partly occluded by

scene-occlusion (red) and inter-object-occlusion (blue). b) The blue object displays nearly linear

motion, whereas the red object is behaving erratically. The ellipsoids symbolize the confidence of

an artificial underlying motion model.

the camera, or the illumination conditions may change. Aside from the visual

cues, the object’s position is also critical. Intuitively, it becomes less likely to

confuse objects as the spatial distance between them increases.

Inter-object-occlusion is typically the most difficult to handle, especially if

the objects are of the same type, as the trajectories of multiple objects cross.

An example can be seen in Figure C.2a, where the blue box marks a person

that partially occludes another person.

4 The MOTCOM Metrics

We propose individual metrics to describe the level of occlusion, erratic mo-

tion, and visual similarity for MOT sequences. Subsequently, we combine

these three sub-metrics into a higher-level metric that describes the overall

complexity of the sequences.

Preliminaries

We define a MOT sequence as a set of frames 𝐹 = {1, 2, . . . } containing a set

of objects 𝐾 = {𝑘1 , 𝑘2 , . . . }. The objects do not have to be present in every

frame, therefore, we define the set of frames where a given object is present

by 𝐹𝑘 = {𝑡1 , 𝑡2 , . . . }. The objects present in a given frame 𝑡 are defined as

the set 𝐾𝑡 = {𝑘 |𝑘 ∈ 𝐾 ∧ 𝑡 ∈ 𝐹𝑘}. At each frame 𝑡 an object 𝑘 is represented

by its center-position in image coordinates and the height and width of the

surrounding bounding box 𝑘𝑡 = (𝑥, 𝑦, ℎ, 𝑤).
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4.1 Occlusion Metric
As mentioned in Section 3, occlusion can be divided into three types: self-,

scene- and inter-object occlusion. In order to quantify the occlusion rate in a

sequence, one should ideally account for all three types. However, it is most

often non-trivial to determine the level of self-occlusion and it is commonly not

taken into account in MOT. Pedersen et al. [13] used the ratio of intersecting

object bounding boxes to determine the inter-object occlusion rate. Similarly,

the MOT16, MOT17, and MOT20 datasets include a visibility score based on

the intersection over area (IoA) of both inter- and scene-objects [7], where IoA

is formulated as the area of intersection over the area of the target.

Following this trend, we omit self-occlusion and base the occlusion metric,

OCOM, on the IoA and compute it as

OCOM =
1

|𝐾 |

𝐾∑
𝑘

𝜈̄𝑘 , (C.1)

where 𝜈̄𝑘 is the mean level of occlusion of object 𝑘. 𝜈𝑘𝑡 is in the interval [0, 1]
where 0 is fully visible and 1 is fully occluded. It is assumed that terrestrial

objects move on a ground plane which allows us to interpret their y-values as

pseudo-depth and decide on the ordering. Annotations are needed to calculate

the occlusion level for objects moving in 3D. OCOM is defined in the interval

[0, 1] where a higher value means more occlusion and a harder problem to

solve.

4.2 Motion Metric
The proposed motion metric, MCOM, is based on the assumption that ob-

jects move linearly when observed at small time steps. If this assumption is

not upheld, it is a sign of erratic motion and thereby a more complex MOT

sequence.

Initially, the displacement vector, 𝑃𝑘𝑡 , between the object’s position in the

current and past time step is calculated as

𝑃𝑘𝑡 = 𝑝𝑘𝑡 − 𝑝𝑘𝑡−𝛽 , (C.2)

where 𝑝𝑡 is the position of object 𝑘 at time 𝑡, defined by its 𝑥- and 𝑦-coordinates,

and 𝛽 describes the temporal step size. When calculating the displacement

between two consecutive frames 𝛽 = 1. The displacement vector in the first

frame of a trajectory is set to zero and 𝛽 is capped by the first and last frame of

a trajectory when the object is not present at time 𝑡 ± 𝛽.

The position in the next time step is predicted using a linear motion model

with constant velocity based on the current position and the calculated dis-

placement vector. The position is predicted by
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Fig. C.3: a) Illustrative example of how the positional errorΔ𝑡 is calculated as the distance between

the true position 𝑝𝑡+𝛽 and estimated position 𝜆𝑡+𝛽 . b) The three objects have traveled an equal

distance. Relative to their size, the two smaller objects are displaced by a larger amount and the

bounding box overlap disappears. c) If the size of an object increases between two time steps the

displacement is relatively less important, compared to when the size of the object decreases.

𝜆𝑘𝑡+𝛽 = 𝑃𝑘𝑡 + 𝑝𝑘𝑡 . (C.3)

The error between the predicted and true position of the object is calculated

by

Δ𝑘𝑡 = ℓ2(𝑝𝑘𝑡+𝛽 ,𝜆𝑘𝑡+𝛽) (C.4)

where ℓ2 is the Euclidean distance function and a larger Δ𝑘𝑡 indicates a more

complex motion. See Figure C.3a for an illustration of how the displacement

error is calculated. This approach may seem overly simplified, but it encap-

sulates changes in both direction and velocity. Furthermore, it is deliberately

sensitive to low frame rates and camera motion, as both factors add to the

complexity of tracking sequences.
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Fig. C.4: 𝛼 controls the growth of the function

𝑔(𝑥, 𝛼) and decides when an output value of 0.5

is reached. The dashed line illustrates 𝑔(𝑥, 𝛼)
when using the average of a set of 𝛼 values.

Inspired by the analysis of de-

creasing tracking performance with

respect to smaller object sizes by

Bergmann et al. [12], the size is also

taken into consideration. The combi-

nation of size and movement affects

the difficulty of predicting the next

state of the object. In Figure C.3b,

the rectangles are equally displaced

but do not experience the same dis-

placement relative to their size. Intu-

itively, if a set of objects are moving

at similar speeds, it is harder to track

the smaller objects due to their lower

spatio-temporal overlap.

Accordingly, the motion-based

complexity measure is based on the
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displacement relative to the size of the object. As illustrated in Figure C.3c,

the size of the object may change between two time steps. The direction of

the change is critical as the displacement is less distinct if the size of the object

is increasing, compared to the opposite situation. Therefore, we multiply the

current size of the object with the change in object size to get the transformed

object size

𝜌𝑘𝑡 = 𝑠𝑘𝑡 ·
𝑠𝑘
𝑡+𝛽

𝑠𝑘𝑡
= 𝑠𝑘𝑡+𝛽 , (C.5)

where 𝑠𝑘𝑡 =

√
𝑤𝑘
𝑡 · ℎ𝑘𝑡 and ℎ𝑘𝑡 and 𝑤𝑘

𝑡 are the height and width of object 𝑘 at

time step 𝑡, respectively. The motion complexity measure is then calculated as

the mean size-compensated displacement across all frames, 𝐹, and all objects

at each frame, 𝐾𝑡 , and weighted by the log-sigmoid function 𝑔(𝑥, 𝛼)

MCOM =
1

|𝐴|

𝐴∑
𝛼

𝑔
©­« 1∑𝐾

𝑘 |𝐹𝑘 |

𝐾∑
𝑘

𝐹𝑘∑
𝑡

Δ𝑘𝑡

𝜌𝑘𝑡
, 𝛼

ª®¬ , (C.6)

where the average of𝐴 = {0.01, 0.02, ..., 1.0} is used to avoid manually deciding

on a specific value for 𝛼. The use of the function 𝑔(𝑥, 𝛼) is motivated by the

aim of having an output in the range [0, 1], where a higher number describes

a more complex motion. The function 𝑔(𝑥, 𝛼) is given by

𝑔(𝑥, 𝛼) = 1

1 + 𝑒− log(𝑥)𝛼
=

1

1 + 𝛼
𝑥

=
𝑥

𝑥 + 𝛼
, (C.7)

where 𝛼 affects the gradient of the monotonically increasing function and

indicates the point where the output of the function will reach 0.5 as illustrated

in Figure C.4. The function is designed such that displacements in the lower

ranges are weighted higher. The argument for this choice is based on the

assumption that minor increments to an extraordinarily erratic locomotive

behavior have less impact on the complexity.

4.3 Visual Similarity Metric
In order to define a metric that links an object’s visual appearance with tracking

complexity, we investigate how similar an object in one frame is compared to

itself and other objects in the next frame. Two objects may look similar, but

they cannot occupy the same spatial position. Therefore, we propose a spatial-

aware visual similarity metric called VCOM.

VCOM consists of a preprocessing, feature extraction, and distance evalua-

tion step. For every object 𝑘 ∈ 𝐾 in every frame 𝑡 ∈ 𝐹 an image 𝐼 𝑘𝑡 is produced

with the object’s bounding box in focus and a heavy blurred background. We
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blur the image using a discrete Gaussian function, except in the region of the

object’s bounding box as visualized in Figure C.5a.

A feature embedding is then extracted from each of the preprocessed im-

ages. As opposed to looking at the bounding box alone, using the entire image

allows us to retain and embed spatial information in the feature vector. The

object’s location is especially valuable in scenes with similarly looking objects

and the blurred background contributes with low frequency information of

the surroundings.

We blur the image with a Gaussian kernel with a fixed size of 201 and a

sigma of 38 and extract the image features using an ImageNet [44] pre-trained

ResNet-18 [45] model. We measure the similarity between the feature vector

of the target object in frame 𝑡 and the feature vectors of all the objects in frame

𝑡 + 1 by computing the Euclidean distance. The uncertainty increases if more

objects are located within the proximity of the target. Therefore, we do not

only look for the nearest neighbor, but rather the number of objects within a

given distance, 𝑑(𝑟), from the target feature vector

𝑑(𝑟) = 𝑑NN + 𝑑NN · 𝑟 (C.8)

where 𝑑NN is the distance to the nearest neighbor and 𝑟 is a distance ratio. The

ratio is multiplied by the distance to the nearest neighbor in order to account

for the variance in scale, e.g., as induced by object resolution or distinctiveness.

An object within the distance boundary that shares the same identity as

the target object is considered a true positive (TP) and all other objects are

considered false positives (FP). By measuring the complexity based on the

false discovery rate, FDR = FP

FP+TP
, we get an output in the range [0, 1] where

(a)

r = 0.00

FDR
1.00

r = 0.25

FDR
1.00

r = 0.50

FDR
0.75

r = 0.75

FDR
0.83

r = 1.00

FDR
0.92

(b)

Fig. C.5: a) Example showing three images with the object in focus and a blurred background

produced from a frame from the MOT17-05 sequence. b) The distance ratio, 𝑟, affects the FDR

when other objects are in the proximity of the target. The red dot is the nearest neighbor, the green

dot is the true positive match, and the remaining dots are other objects.
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a higher number indicates a more complex task. An illustrative example

of how the FDR is determined based on the distance ratio 𝑟 can be seen in

Figure C.5b. It is ambiguous to choose a single optimal distance ratio 𝑟.

Therefore, we calculate VCOM based on the average of distance ratios from

the set 𝑅 = {0.01, 0.02, ..., 1.0}

VCOM =
1

|𝑅 |

𝑅∑
𝑟

1

|𝐹 |

𝐹∑
𝑡

1

|𝐾𝑡 |

𝐾𝑡∑
𝑘

𝐹𝐷𝑅𝑑(𝑟)(𝑘) (C.9)

4.4 MOTCOM
Occlusion alone does not necessarily indicate an overwhelming problem if

the object follows a known motion model or if it is visually distinct. The

same is true for erratic motion and visual similarity when viewed in isolation.

However, the combination of occlusion, erratic motion, and visual similarity

becomes increasingly difficult to handle.

Therefore, we combine the occlusion, erratic motion, and visual similarity

metrics into a single MOTCOM metric that describes the overall complexity of

a sequence. MOTCOM is computed as the weighted arithmetic mean of the

three sub-metrics and is given by

MOTCOM =
𝑤OCOM · OCOM + 𝑤MCOM · MCOM + 𝑤VCOM · VCOM

𝑤OCOM + 𝑤MCOM + 𝑤VCOM

(C.10)

where 𝑤OCOM, 𝑤MCOM, and 𝑤VCOM are the weights for the three sub-metrics.

Equal weighting can be obtained by setting 𝑤OCOM = 𝑤MCOM = 𝑤VCOM, while

custom weights may be suitable for specific applications. During evaluation we

weight the sub-metrics equally as we deem each of the sub-problems equally

difficult to handle.

5 Evaluation

In the following experimental section, we demonstrate that MOTCOM is able

to describe the complexity of MOT sequences and is superior to density and

number of tracks. In order to do this, we compare the estimated complexity

levels with ground truth representations. Such ground truths are not readily

available, but a strong proxy can be obtained by ranking the sequences based

on the performance of state-of-the-art trackers [46]. There exist many perfor-

mance metrics with two of the most popular being MOTA [47] and IDF1 [48].

However, we apply the recent HOTA metric [10], which was proposed in

response to the imbalance between detection, association, and localization

within traditional metrics. Additionally, HOTA is the tracker performance

metric that correlates the strongest with MOT complexity based on human
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assessment [10]. In the remainder of this section, we present the datasets

and evaluation metrics we use to experimentally verify the applicability of

MOTCOM.

5.1 Ground Truth
In order to create a strong foundation for the evaluation, we are in need of

benchmark datasets with consistent annotation standards and leader boards

with a wide range of state-of-the-art trackers. Therefore, we evaluate MOT-

COM on the popular MOT17 [6] and MOT20 [7] datasets1. There are seven

sequences in the test split of MOT17 and four sequences in the test split of

MOT20, some of which are presented in Figure C.6. Furthermore, leader

boards are provided for both benchmarks with results from 212 trackers for

MOT17 and 80 trackers for MOT20. We use the results from the top-30 ranked

trackers2 based on the average HOTA score, so as to limit unstable and fluctu-

ating performances.

In order to strengthen and support the evaluation, we include the training

split of the fully synthetic MOTSynth dataset [11] which contains 764 varied

sequences of pedestrians. A few samples from the dataset can be seen in

Figure C.7. In order to obtain ground truth tracker performance for MOTSynth,

we train and test a CenterTrack model [20] on the data. We have chosen

CenterTrack as it has been shown to perform well when trained on synthetic

data [11].

1With permission from the MOTChallenge benchmark authors.

2Leader board results obtained on March 4, 2022.

(a) (b)

Fig. C.6: Sample images from a) MOT17 [6] and b) MOT20 [7]. MOT17 contains varied urban

scenes with and without camera motion. MOT20 contains crowded scenes captured from an

elevated point of view and without camera motion.

Fig. C.7: Sample images from the MOTSynth dataset [11]. The sequences vary in camera motion

and perspective, environment, and lighting.
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5.2 Evaluation Metrics
We evaluate and compare the dataset complexity metrics by their ability to

rank the MOT sequences according to the HOTA score of the trackers. We

rank the sequences from simple to complex by their density, number of tracks
(abbr. tracks), MOTCOM score, and HOTA score. Depending on the met-

ric, the ranking is in decreasing (HOTA) or increasing order (density, tracks,
MOTCOM). The absolute difference between the ranks, known as Spearman’s

Footrule Distance (FD) [49], gives the distance between the ground truth and

estimated ranks

FD =

𝑛∑
𝑖=1

|rank(𝑥𝑖) − rank(HOTA𝑖)|, (C.11)

where 𝑛 is the number of sequences and 𝑥 is density, tracks, or MOTCOM. In

order to directly compare results of sets of different lengths, we normalize the

FD by the maximal possible distance FDmax which is computed as

FDmax =

{∑𝑛
𝑖=1

𝑖 − 𝑛
2

{𝑛 | 2𝑚 , 𝑚 ∈ Z+}∑𝑛
𝑖=1

𝑖 − 𝑛+1

2
{𝑛 | 2𝑚 − 1 , 𝑚 ∈ Z+}

. (C.12)

Finally, we compute the normalized FD, NFD = FD

FDmax

.

6 Results

In Table C.1, we present the mean FD of the ranks of density, tracks, and MOT-

COM against the ground truth ranks dictated by the average top-30 HOTA

performance on the MOT17 and MOT20 test splits (individually and in com-

bination). The numbers in parentheses are the normalized FD. Generally,

MOTCOM has a considerably lower FD compared to density and tracks. TIn

Table C.1, we present the mean FD of the ranks of density, tracks, and MOT-

COM against the ground truth ranks dictated by the average top-30 HOTA

performance on the MOT17 and MOT20 test splits (individually and in com-

bination). The numbers in parentheses are the normalized FD. Generally,

Table C.1: Ground truth ranks are based on the average top-30 HOTA performance. The results

are presented as the mean FD and the NFD in parentheses. A lower score is better and the results

in bold are the lowest

Top-30 MOT17test MOT20test Combined

Density 1.71 (0.50) 1.00 (0.50) 3.82 (0.70)

Tracks 2.57 (0.75) 1.50 (0.75) 3.82 (0.70)

MOTCOM 0.86 (0.25) 0.00 (0.00) 1.45 (0.27)
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Table C.2: Ground truth ranks are based on the CenterTrack HOTA performance. The results are

presented as the mean FD and the NFD in parentheses. A lower score is better and the results in

bold are the lowest

CenterTrack MOTChltest MOTChltrain MOTChlboth MOTSynth

Density 3.27 (0.60) 4.18 (0.77) 7.36 (0.67) 238.71 (0.63)

Tracks 2.73 (0.50) 3.64 (0.67) 6.64 (0.60) 193.50 (0.51)

MOTCOM 2.36 (0.43) 2.18 (0.40) 4.82 (0.44) 100.17 (0.26)

MOTCOM has a considerably lower FD compared to density and tracks. This

suggests that MOTCOM is better at ranking the sequences according to the

HOTA performance.

A similar tendency can be seen for the CenterTrack-based results presented

in Table C.2. In order to increase the number of samples, we have evaluated

CenterTrack on both the train and test splits of the MOT17 and MOT20 datasets.

MOTChltest and MOTChltrain are the test and train sequences, respectively, of

MOT17 and MOT20. MOTChlboth includes all the sequences from MOT17 and

MOT20. These results support our claim that MOTCOM is better at estimating

the complexity of MOT sequences compared to density and tracks.
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Spearman's correlation matrix

Fig. C.8: Spearman’s correlation matrix based on the

performance of the top-30 trackers on MOT17 and

MOT20.

We present a Spearman’s cor-

relation matrix in Figure C.8

based on the top-30 trackers eval-

uated for the combined MOT17

and MOT20 test splits. It indi-

cates that the density and tracks
do not correlate with HOTA,

MOTA, or IDF1, whereas MOT-

COM has a strong negative cor-

relation with all the performance

metrics. Trackers evaluated on

sequences with high MOTCOM

scores tend to have lower perfor-

mance while sequences with low

MOTCOM scores gives higher

performance. This underlines that MOTCOM can indeed be used to under-

stand the complexity of MOT sequences.

7 Discussion

Our complexity metric MOTCOM provides tracker researchers and dataset

developers a comprehensive score to investigate and describe the complexity

of MOT sequences without the need for multiple baseline evaluations of dif-

146



7. Discussion
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Fig. C.9: The CenterTrack-based HOTA scores of the MOTSynth sequences plotted against the

sub-metrics OCOM, MCOM, and VCOM, respectively.

ferent tracking methods. This allows for an objective comparison of different

datasets without introducing potential training bias. Currently, the assess-

ment of tracker performance is roughly speaking reduced to a placement on a

benchmark leader board. This underrates novel solutions developed for less

popular datasets or methods designed explicitly to solve sub-tasks such as

occlusion or erratic motion.

Supplemented by the sub-metrics, MOTCOM provides a deeper under-

standing and more informed discussions on dataset composition and tracker

performance, which will increase the explanability of MOT. In order to illus-

trate this, we discuss the performance of CenterTrack on the MOTSynth dataset

with respect to MOTCOM. Here we see that the occlusion level (OCOM) in

Figure C.9 has a strong negative correlation with the HOTA score and the

visual similarity metric (VCOM) has a relatively weak correlation with HOTA.

Both cases expose the design of CenterTrack, which does not contain a module

to handle lost tracks and is not dependent on visual cues for tracking. For the

motion metric (MCOM) we see two distributions; one in the lower end and

one in the upper end of the MCOM range. The objects are expected to behave

similarly, so this indicates that parts of the MOTSynth sequences include heavy

camera motion which is difficult for CenterTrack to handle. In Figure C.10, we

show that MOTCOM is far better at estimating the complexity level compared

to tracks and density.
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Fig. C.10: The CenterTrack-based HOTA scores of the MOTSynth sequences plotted against

MOTCOM, tracks, and density.
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8 Conclusion

We propose MOTCOM, the first meaningful and descriptive MOT dataset com-

plexity metric, and show that it is preferable for describing the complexity of

MOT sequences compared to the conventional methods of number of tracks and

density. MOTCOM is a combination of three individual sub-metrics that de-

scribe the complexity of MOT sequences with respect to key obstacles in MOT:

occlusion, erratic motion, and visual similarity. The information provided by

MOTCOM can assist tracking researchers and dataset developers in acquiring

a deeper understanding of MOT sequences and trackers. We strongly suggest

that the community uses MOTCOM as the prevalent complexity measure for

increasing the explainability of MOT trackers and datasets.
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C Supplementary Material

Computing MOTCOM.

We have evaluated four averaging methods for combining the sub-metrics into

MOTCOM. The four methods are the arithmetic, quadratic, geometric, and

harmonic means and they are presented in Equation (13), Equation (14),Equa-

tion (15), and Equation (16), respectively.

arithmetic =
1

𝑛

𝑛∑
𝑖=1

𝑚𝑖 (13)

quadratic =

√√
1

𝑛

𝑛∑
𝑖=1

𝑚2

𝑖
(14)

geometric = 𝑛

√√
𝑛∏
𝑖=1

𝑚𝑖 (15)
harmonic =

𝑛∑𝑛
𝑖=1

1

𝑚𝑖
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Fig. 11: Spearman’s correlation matrix. The entries represent the MOTCOM values when the

sub-metrics are combined using the four different averaging methods. The HOTA performance

is the average of the top-30 ranked trackers. The scores are based on the combined MOT17 and

MOT20 test splits.

We present the four variations of MOTCOM in Figure 11 computed on

the combined MOT17 and MOT20 test splits. We see that they all corre-

late negatively with the HOTA score. However, the arithmetic mean has the

strongest negative correlation and it correlates positively with all the sub-

metrics. Therefore, we suggest to compute MOTCOM as the arithmetic mean

of the sub-metrics.

149



Paper C.

Complexity Score Plots for MOT17 and MOT20

In the main paper we evaluate MOTCOM, density, and tracks on the MOT17 and

MOT20 test splits. We focus mainly on the ranking capabilities of the metrics as

we expect tracker performance to have a monotonic, but not necessarily linear,

relationship with complexity. The ranks of MOTCOM, density, and tracks
presented in the main paper are based on the scores displayed in Figure 12.
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Fig. 12: Average HOTA performance of the top-30 trackers on MOT17 and MOT20 test split against

a) MOTCOM, b) density, and c) tracks. Square markers represent MOT20 sequences and crosses

are MOT17 sequences.

The position of the marker indicates the average score and the error bar is

the standard deviation. The marker of the MOT17 sequences is a cross and

the MOT20 sequences are represented by a square. We see that the MOT20

sequences have significantly higher densities and more tracks compared to the

MOT17 sequences, but the HOTA performance is not correspondingly low.

This illustrates that density and tracks do not suffice to describe the complexity

of MOT sequences.
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Complete Spearman’s Correlation Matrix for MOT17 and MOT20.

In Figure 9 in the main paper we presented a partial Spearman’s correlation

matrix based on the MOT17 and MOT20 sequences. We used the matrix

to evaluate the monotonic relationship between the three complexity metrics

(MOTCOM, density, and tracks) and HOTA, MOTA, and IDF1. In Figure 13 we

present the complete Spearman’s correlation matrix, which shows additional

details on the relationship between the entries.
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Spearman's correlation matrix

Fig. 13: Spearman’s correlation matrix. Based on the average performance of the top-30 trackers

on MOT17 and MOT20 test split.
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Complete Spearman’s Correlation Matrix for MOTSynth.

In the main paper we presented the Spearman’s Footrule Distance and the

complexity scores for the MOTSynth sequences. To expand upon this, we

include the complete Spearman’s correlation matrix for the MOTSynth train

split in Figure 14. The matrix gives a detailed overview of the monotonic

relationship between the entries.
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1.0 0.79 0.96 -0.83 -0.6 -0.82 -0.41 -0.09 -0.38

0.79 1.0 0.75 -0.86 -0.48 -0.66 -0.66 0.1 -0.43

0.96 0.75 1.0 -0.78 -0.57 -0.74 -0.42 -0.07 -0.34

-0.83 -0.86 -0.78 1.0 0.74 0.76 0.64 0.04 0.53

-0.6 -0.48 -0.57 0.74 1.0 0.48 0.3 0.41 0.6

-0.82 -0.66 -0.74 0.76 0.48 1.0 0.24 0.03 0.27

-0.41 -0.66 -0.42 0.64 0.3 0.24 1.0 -0.18 0.45

-0.09 0.1 -0.07 0.04 0.41 0.03 -0.18 1.0 0.58

-0.38 -0.43 -0.34 0.53 0.6 0.27 0.45 0.58 1.0

Spearman's correlation matrix

Fig. 14: Spearman’s correlation matrix. Based on the CenterTrack performance on the MOTSynth

train split.
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1. Introduction

Abstract

The increasing demand for marine monitoring calls for robust automated systems to
support researchers in gathering information from marine ecosystems. This includes
computer vision based marine organism detection and species classification systems.
Current state-of-the-art marine vision systems are based on CNNs, which in nature
require a relatively large amount of varied training data. In this paper we present
a new publicly available underwater dataset with annotated image sequences of fish,
crabs, and starfish captured in brackish water with varying visibility. The dataset is
called the Brackish Dataset and it is the first part of a planned long term monitoring
of the marine species visiting the strait where the cameras are permanently mounted.
To the best of our knowledge, this is the first annotated underwater image dataset
captured in temperate brackish waters. In order to obtain a baseline performance for
future reference, the YOLOv2 and YOLOv3 CNNs were fine-tuned and tested on the
Brackish Dataset.

1 Introduction

More than 70% of the Earth is covered by water and our oceans plays a vital role

for humans all around the globe. In order to reduce declination of biodiversity

and uphold sustainable fisheries, it is important to keep our oceans healthy. A

necessary step towards a better understanding of marine life and ecosystems

is to monitor and analyze the impact human activities have on our waters both

on a local, regional, and international scale [1].

As underwater cameras and technology in general become more accessible,

automatic computer vision based methods are being developed for efficient

detection and classification of marine animals and plants, which can be of great

aid for marine researchers in analyzing and monitoring our oceans. While

underwater images captured in pure water can be handled much like regular

images captured above water, other factors must be taken into account when

processing images from natural waters. The optical properties of natural water

depend on the absorption and scattering of light. While the light scattering

in pure water only depends on the temperature and pressure, natural waters

show much larger temporal and spatial variations due to the varying content

of dissolved and particulate matter. These particles affect both scattering and

absorption of light and are often visible as noise in the images [2, 3].

Within scientific communities, it is common practice to evaluate the per-

formance of methods on the same dataset to allow for fair comparison and

benchmarking. However, to be able to develop robust algorithms for, e.g.,

analysis of marine life and ecosystems, the datasets need to represent the

natural variations in optical properties seen in natural waters across the world.

To the best of our knowledge, there exists no large scale labeled dataset of
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(a) Frame from a sequence with a school of small fish. (b) Same frame as above, but with annotations drawn

on the image.

Fig. D.1: A frame example from the proposed dataset. The same frame is shown with and without

annotations.

temperate coastal or estuarine environments that allows for the development

of methods for detecting and classifying marine species in such waters. In

particular, none of the publicly available datasets are captured in European

marine environments. This is needed to develop robust methods for all water

types and marine species, and furthermore, it is needed in order to reach the

goal of Good Environmental Status (GES), stipulated by the European Union’s

Marine Strategy Framework Directive (MSFD) [4, 5].

With this paper, we strive to accommodate this need by releasing a publicly

available dataset that has been captured over several weeks in temperate brack-

ish water. Hence, it includes natural variation derived from, e.g., time of day,

weather conditions, and activities in the water. The dataset is the first stage

of a long-term marine monitoring project where three cameras continuously

capture video of the marine life near the bottom of Limfjorden in Denmark,

nine meters below the water surface. The aim of this paper is to present this

new annotated dataset which, due to its uniqueness, is an important addition

to existing annotated marine image datasets. Furthermore, we evaluate two

existing state-of-the-art detection methods on the new dataset and present the

results as a baseline for future reference.

1.1 Contributions
• A publicly available underwater dataset1 containing bounding box anno-

tated sequences of images containing big fish, small fish, starfish, shrimps,
jellyfish, and crabs captured in a brackish strait with varying visibility.

• An overview of annotated underwater image datasets.

• A baseline evaluation of state-of-the-art detection methods on the pre-

sented dataset.

1https://www.kaggle.com/aalborguniversity/brackish-dataset
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An example from the proposed dataset can be seen in Figure D.1, where a

frame from a sequence with a school of small fish is presented with and without

annotations.

2 Related Work

As the oceans cover everything from the dark abyssal zone to the sunny coral

reefs, the variation between underwater datasets and their associated detection

methods can be significant. This section presents an overview of some of the

areas where computer vision algorithms have been developed to assist in the

huge task of monitoring our oceans and an overview of annotated marine

image datasets.

The term marine vision will be used in the remainder of this paper as an

umbrella term covering the methods and algorithms developed for the purpose

of assisting in monitoring marine environments.

2.1 Marine Vision Methods
Detection and classification of fish has been addressed by Villon et al. [6] who

investigates the performance of a traditional Support Vector Machines (SVM)

classifier trained on Histogram of Oriented Gradients (HOG) features for clas-

sifying coral reef fish and compares it with the performance of a fine-tuned

Convolutional Neural Network (CNN). Their tests show that the CNN outper-

forms the traditional classification methods. The same conclusion is reached

by Salman et al. [7] who compares traditional classification methods such

as SVM, k-Nearest Neighbours (k-NN), and Sparse Representation Classifier

(SRC) with CNN. They achieve an average classification rate of more than 90%

on the LifeCLEF14 [8] and LifeCLEF15 [9] fish datasets using CNN and gener-

ally a significantly lower rate using the traditional methods. Siddiqui et al. [10]

reaches state-of-the-art performance on fish species classification using a very

deep CNN with a cross-layer pooling approach for enhanced discriminative

ability in order to handle the problem of limited labelled training data.

Another interesting marine vision area is scallop detection which has been

investigated by Dawkins and Gallager [11]. Using multiple features and a

series of cascaded Adaboost classifiers, they developed one of the most promi-

nent scallop detection algorithms. A more recent attempt was presented by

Rasmussen et al. [12] who tested variations of the YOLOv2 CNN trained for

scallop detection. They achieved high accuracy while being able to run in real-

time for keeping up with live recordings from an Autonomous Underwater

Vehicle (AUV).

Coral reefs are of great interest to marine biologists worldwide but they

are difficult and tedious to monitor. In order to assist biologists, Mahmood et
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al. [13] fine-tuned a VGGNet using a subset of the Benthoz-15 dataset [14] and

used it for automatically analyzing the coral coverage of three sites in Western

Australia. Another approach was investigated by Beĳbom et al. [15] who

achieved state-of-the-art performance by fusing standard reflectance images

with fluorescence images of corals in a 5 channel CNN.

2.2 Annotated Marine Image Datasets
A thing that is common for state-of-the-art detection methods, and deep learn-

ing methods in particular, is that they are in need of relatively large amounts

of training data. One of the most popular underwater datasets for fish detec-

tion and species classification is the F4K dataset [16]. It was recorded from 10

cameras between 2010 and 2013 in Taiwan and it has been used for multiple

detection and classification algorithms [6, 7, 17–20]. The F4K dataset is large

and consists of videos and images with complex scenes, various marine species

and lots of annotations making it an obvious benchmark dataset. It was also

used as part of the LifeCLEF tasks [8, 9, 21].

Another large dataset is the Jamstec E-Library of Deep-sea Images (J-EDI)

[22], which consists of videos and images of deep sea organisms captured

by Remotely Operated underwater Vehicles (ROV). The images of the J-EDI

dataset are annotated on an image level and have been used to train CNNs

for detection of deep sea organisms [23, 24]. Two other datasets with focus

on fish are the Croatian Fish Dataset [25] which consists of cropped images of

12 different fish species and the QUT Fish Dataset [26] which consists of fish

images both in and out of water.

However, as already mentioned, it is not only fish that are of interest within

marine vision. Another critical field is monitoring of benthic organisms, such

as scallops and corals. The HabCam dataset [27, 28] consists of 2.5 millions

annotated images of mainly scallops, but also fish and starfish. The images

have been captured along the continental shelf off the east coast of the USA

and was used in the work presented by Dawkins and Gallager [11].

The BENTHOZ-2015 dataset [14] is a benthic dataset recorded along the

coasts of Australia and used for classifying corals [13]. The Tasmania Coral

Point Count [29] was recorded in 2008 during 22 dive missions using an AUV

off the South-East coast of Tasmania and has been used for kelp detection [30].

Other annotated coral reef datasets include the Moorea Labeled Corals

[31] which is an annotated subset of the Moorea Labeled Corals Long Term

Ecological Research project in French Polynesia and the Eilat Fluorescence

dataset [15], which experiments with a combination of standard reflectance and

fluorescence images in order to improve the coral classification rate of CNNs.

Both datasets have been recorded using a custom variation of a photoquadrat

[32].

A collection of datasets has been published for the data challenge of the
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workshop "Automated Analysis of Marine Video for Environmental Moni-

toring" in 2018 and 2019 [33]. These datasets include a part of the HabCam

dataset [28], as well as four other datasets, MOUSS, AFSC, MBARI, and NWFSC

and the images are annotated with either keypoints or bounding boxes.

A table summarizing the underwater datasets can be found in Table D.1

along with the proposed dataset, named the Brackish Dataset, which will be

described in further details in Section 4.

Environment Recording type Visibility Sensor Images Labeling

F4K - Complex [34] Reef Stationary Varying RGB 14 videos Bounding box

F4K - Species [35] Reef Stationary Varying RGB 27,370 Masks

F4K - Trajectories [36] Reef Stationary Varying RGB 93 videos Bounding box

J-EDI [22] Deep sea ROV Clear RGB 1,500,000 Image level

Croatian Fish Dataset [25] - Various Varying RGB 794 Bounding box

QUT Fish Dataset [26] - Various Clear RGB 3,960 Bounding box

HabCam [28] Shelf sea Towing Clear Stereo 2,500,000 Bounding box

Benthoz-15 [14] Reef AUV Clear Stereo 9,874 Points

Tasmania Coral Point Count [29] Reef AUV Clear Stereo 1,258 Points

The Moorea Labeled Corals [31] Reef Photoquadrat Clear RGB 2,055 Points

Eilat Fluorescence [15] Reef Photoquadrat Clear RGB 212 Points

MOUSS [33] Ocean floor Stationary Clear Gray 159 Bounding box

AFSC [33] Ocean ROV Clear RGB 571 Points

MBARI [33] Ocean floor - Clear RGB 666 Bounding box

NWFSC [33] Ocean floor ROV Clear RGB 123 Points

The Brackish Dataset (Proposed) Brackish strait Stationary Varying RGB 14,518 Bounding box

Table D.1: An overview of annotated underwater image datasets.

3 Camera Setup

The setup used to capture the proposed dataset consists of three cameras and

three lights. The devices are placed in a grid-wise manner on a stainless steel

frame as illustrated in Figure D.2. However, the position and orientation of

the devices in the figure are not representative for the arrangement used to

capture the dataset.

Fig. D.2: The setup consists of a stainless steel frame

with three cameras and three lights.

Fig. D.3: Adjustable mount for cameras

and lights.
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The cameras use a 1/3" Sony ExView Super HAD Color CCD imaging sen-

sor and a 2.8 mm lens with a resolution up to 1080×1920 pixels and a framerate

up to 30 fps with H.264 compression. The lamps are LEDs emitting light with

1900 lumens. Each camera and light is fitted in a cylindrical waterproof casing,

which can resist a water pressure of approximately 10 bar. The diameter of the

casing is 30 mm and the length is 128 mm.

As both the cameras and lights are placed in the same type of waterproof

casing the setup is easily configurable, since all six positions in the steel frame

can hold either lights or cameras. The design of the steel frame allows divers

to adjust the orientation of lights and cameras under water. This is illustrated

in Figure D.3, where knob1 can be pulled in order to adjust the device vertically

and knob2, hidden beneath the mount, can be pulled to adjust it horizontally.

The two bolts on top of the mount can be loosened in order to change or replace

a device.

The setup is permanently mounted on a pillar of the Limfjords-bridge

connecting Aalborg and Nørresundby in Denmark, at a depth of around nine

meters. A barrier of boulders are placed around the pillar for protection, but

it also functions as a habitat for various marine species. The setup is therefore

placed above this barrier as illustrated in Figure D.4, which is not to scale. The

barrier is 6 meters high and slopes down towards the fairway between the

pillars.

All cameras and lights are connected with cables which provides power

and connects the devices to a Digital Video Recorder (DVR) system placed on

the bridge. The DVR system is connected to the Internet, allowing for remote

real time control and streaming from the cameras.

water surface

bridge pillar

9m 15m

pipes

ice barrier

camera setup

boulder barrier

Fig. D.4: Drawing of the bridge pillar, boulder barrier, and the placement of the camera setup.

The drawing is not to scale.
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4 Dataset

Video data from the three cameras have been recorded since February 2019,

currently resulting in more than 4,000 hours of video data. As the turbidity

of the water and the activity from marine animals vary to a large degree, it is

only a fraction of the recordings that is of interest seen from a computer vision

perspective. A varied subset of 89 video clips captured between February

20 and March 25 has therefore been handpicked to be the foundation of the

proposed dataset. All the chosen clips were captured from a single camera

placed in the center position in the bottom of the frame, pointing towards the

seafloor. One light, located directly to the left of the camera, seen from the

camera’s point of view, has been turned on at all times. The light is oriented

towards the seafloor, but away from the camera’s field of view in order to

reduce backscatter.

The videos were categorized based on the main activity of the respective

video and subsequently manually annotated with a bounding box annotation

tool [37] resulting in a total of 14,518 frames with 25,613 annotations. The

distribution of the annotations can be seen in Table D.2 where the number of

annotations and amount of videos, where each class occur, are presented. It

should be noted that multiple classes can occur in the same video.

Class Annotations Video Occurrences

Big fish 3,241 30

Crab 6,538 29

Jellyfish 637 12

Shrimp 548 8

Small fish 9,556 26

Starfish 5,093 30

Table D.2: Overview of the share of annotations and amount of video occurrences for the six

respective classes.

Professor Niels Madsen, who is a marine biologist with expert knowledge

on the local marine environment, has inspected the videos in order to help

identify the various types of marine animals. However, due to the turbid

recordings, and the relatively similar visual appearance of multiple fish species,

it is extremely difficult to determine the exact species. The fish have therefore

been coarsely classified as being either big fish or small fish.

The objects tagged as big fish are in most cases lumpsuckers (Cyclopterus
lumpus) and can be seen in a gray/green or reddish variant depending on

whether it is a male or female. However, the sculpin (Myoxocephalus scorpius)
also visits the site and it can be difficult to tell the difference between the two

when the water is turbid.
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The small fish are in most cases sticklebacks (Gasterosteus aculeatus) when

schools of fish appear in front of the camera. Other fish that have been observed

include gobies (Pomatoschistus), European sprat (Sprattus sprattus), herrings

(Clupea harengus), and eelpouts (Zoarces viviparus).
Most images contain various sizes of particles in the water, from dissolved

matter to floating leaves and seaweed. These objects are not of immediate

interest and are considered as noise in the images.

An object has been placed in the scene in front of the camera for other

research purposes. For the first couple of weeks a floating device is visible

(seen in Figure D.5a), while the videos from the last weeks contain a concrete

block with a visible test pattern of size 40x40cm (seen in Figure D.5c).

Example frames with all object classes of the Brackish Dataset can be seen

in Figure D.5. The images also show the variation of turbidity between the

videos, e.g., Figure D.5h shows high turbidity, while Figure D.5c has low

turbidity.

Limfjorden, where the videos have been recorded, is a 180 km long strait

located between The North Sea and Kattegat. At the recording location the

strait is approximately 500 m wide, up to 15 m deep, and at a distance of

approximately 20 km to Kattegat. The water in the strait is brackish, which is a

mixture between saltwater from the seas and freshwater from streams which

ends up in the strait. The strength of the currents and winds in the strait can

become relatively high and stir up sediments, which increases the turbidity.

On other occasions, especially during summer, the water can be calm, resulting

in a layered split between the heavy saline sea water and the lighter fresh water

on top. The mean water temperature per month measured 1 meter below the

surface can vary from 0.5
◦
C to 18

◦
C.
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(a) Big fish (b) Big fish

(c) Crab (d) Crab

(e) Jellyfish (f) Jellyfish

(g) Shrimp (h) Shrimp

(i) Small fish (j) Small fish

(k) Starfish (l) Starfish

Fig. D.5: Example-frames from the dataset, which illustrate the large in-class variation as well as

the variation in turbidity.
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5 Evaluation

Two state-of-the-art CNN based object detectors (YOLOv2 and YOLOv3 [38,

39]) are tested on the new dataset in order to obtain baseline results for future

reference. Both networks have been fine-tuned in the Darknet framework [40].

YOLO is a convolutional neural network based single-shot object detector,

which divides each image into regions and predicts bounding boxes and cor-

responding probabilities for each region. The probability, as a measure of

confidence for a detection of a certain class, is used for weighting of each

bounding box. As a single-shot object detector, YOLO processes the entire

image and predicts all relevant bounding boxes in a single pass through the

network, allowing for a high image per second processing rate.

5.1 Training
A brief explanation of the differences between the two pre-trained object de-

tectors are:

• The YOLOv2 detector is obtained from the VIAME toolkit [41] and is

pre-trained on ImageNet and fine-tuned on fish datasets from NOAA

Fisheries Strategic Initiative on Automated Image Analysis.

• The YOLOv3 detector is used in its original version pre-trained on the

Open Images dataset [39].

The YOLOv2 detector is already fine-tuned on underwater images, but

contains only the two classes: Vertebrates and Invertebrates. Therefore, further

fine-tuning is needed in order to be able to evaluate this model on the proposed

dataset.

The YOLOv3 detector is trained on the Open Images dataset, which contains

601 classes where five of those are relevant: fish, starfish, jellyfish, shrimp, and

crab.

Both models have subsequently been fine-tuned on the proposed dataset,

described in Section 4, and tested with both Open Images and Brackish dataset

categories on the proposed dataset. It should be noted that the only difference

between the two categories is that the fish class in Open Images contains both

the big fish and small fish from the Brackish categories.

The dataset is split randomly into 80 % training, 10 % validation and 10

% test data. Each network is trained for 30,000 iterations using their original

training regime, only adjusting the batch size and setting the input size to

416 × 416, and with the earliest layer weights frozen.
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5.2 Results
Object detectors are commonly evaluated based on the mean Average Pre-

cision (mAP) metric, which is the average precision calculated per category,

averaged over all categories. The prediction bounding boxes are filtered by

their Intersection over Union (IoU) with the ground truth bounding boxes. The

MS COCO dataset [42] is the front running dataset used for object detection,

segmentation, and more, which evaluates the mAP under different conditions.

The primary metric is the AP@[IoU = 0.5:0.95], which is referred to as AP.

AP is calculated as the averaged mAP, where the mAP values are calculated

with an IoU threshold of [0.5, 0.55, 0.6, ..., 0.90, 0.95]. A metric with the IoU

threshold set to 0.5 is also calculated, denoted AP50, which is the primary

metric of another large object detection dataset, PASCAL VOC [43]. For all the

metrics, only the top 100 most confident predictions per image are included.

0.0 0.2 0.4 0.6 0.8 1.0
Confidence Threshold

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

AP

Brackish Dataset Categories
YOLOv3-FT
YOLOv2-FT

Fig. D.6: The AP metric as a function of the thresholded detection confidence, when using the

Brackish dataset categories, for the fine-tuned models.

The AP is plotted against a prediction confidence threshold for the proposed

dataset in Figure D.6. It can be seen that as the threshold is increased, the AP
decreases. As the decrease is monotonic, it indicates that a large part of the

correct predictions are with a low confidence. Therefore, a low confidence

threshold of 0.01 is chosen when evaluating the trained networks.
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The AP and the AP50, which are the primary metrics of MS COCO and

PASCAL VOC, are used as performance indicators. The networks have been

evaluated on the new Brackish dataset with the Open Images categories, see

Table D.3, and the Brackish categories, see Table D.4.

Categories AP AP50

YOLOv3 Open Images 0.0022 0.0035

YOLOv2 fine-tuned Open Images 0.0748 0.2577

YOLOv3 fine-tuned Open Images 0.3947 0.8458

Table D.3: Results of the models evaluated on the Open Images categories and compared by the

AP and AP50 metrics.

Categories AP AP50

YOLOv2 fine-tuned Brackish 0.0984 0.3110

YOLOv3 fine-tuned Brackish 0.3893 0.8372

Table D.4: Results of the models evaluated on the Brackish categories and compared by the AP
and AP50 metrics.

The results show that fine-tuning on the proposed dataset increases per-

formance dramatically, but also that the achieved performance can still be

improved.

Furthermore, a look into the per-class performance of the fine-tuned YOLOv3

network shows that the starfish category has a significantly higher score than

the others. This is assumed to be due to both the distinctive shape and be-

cause the starfish rarely moves in the videos, leading to multiple annotations

of starfish which are near identical.

The low score of shrimp and small fish is assumed to be due to their relatively

small size and fast movement, which causes motion blur and loss of features.

Class AP AP50

Big fish 0.4621 0.8999

Crab 0.4205 0.9271

Jellyfish 0.3746 0.8205

Shrimp 0.3238 0.7662

Small fish 0.2449 0.6229

Starfish 0.5102 0.9867

Table D.5: Per category results for the fine-tuned YOLOv3 model with the proposed Brackish

dataset categories.
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6 Future Work

The camera setup used to capture the proposed dataset has been developed in

a way that allows for easy maintenance, adjustments, and replacement. It is

a permanent setup that will be used to monitor the various species that visit

the area during the seasons. At the moment the three cameras are pointing

diagonally downwards toward the riverbed, but there will be made ongoing

modifications in order to capture different types of dataset, including stereo

sequences.

The proposed dataset is part of an ongoing research project where data

is logged 24 hours a day from all three cameras. However, the recordings

are stored in a compressed format in order to reduce the amount of data.

In the future, the plan is to expand the current dataset with uncompressed

recordings.

The largest species that has been observed on the recordings is the harbor

seal (Phoca vitulina), which is a protected animal in national waters and of

great interest for marine researchers. The seal is not a part of the proposed

dataset due to the few encounters so far, but hopefully will be in the future

as more data is gathered and specific species are added to the dataset in close

collaboration with local marine biologists.

7 Conclusion

A new bounding box annotated image dataset of marine animals, recorded

in brackish waters, is presented in this paper. The dataset consists of 14,518

frames with 25,613 annotations of the six classes: big fish, small fish, crab, jellyfish,
shrimp, and starfish. To the best of knowledge, the proposed dataset is unique,

as it is the only annotated image dataset captured in temperate brackish waters.

Two state-of-the-art CNNs (YOLOv2 and YOLOv3) has been fine-tuned on

the proposed Brackish Dataset and evaluated in order to create a baseline for

future reference. The YOLOv2 object was pre-trained on Imagenet and fine-

tuned to fish datasets and it was obtained from the VIAME toolkit [41]. The

YOLOv3 detector was the original version pre-trained on the Open Images

dataset [39]. The evaluation is based on the primary metrics of the MS COCO

and PASCAL VOC, which are both based on the mean Average Precision

(mAP). The fine-tuned YOLOv3 network achieved the best performance with

AP ≈ 39% and AP50 ≈ 84%, allowing for improvements to be made.

The proposed Brackish Dataset has been made publicly available at https:

//www.kaggle.com/aalborguniversity/brackish-dataset
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1. Introduction

Abstract

There exist no publicly available annotated underwater multi-object tracking (MOT)
datasets captured in turbid environments. To remedy this we propose the BrackishMOT
dataset with focus on tracking schools of small fish, which is a notoriously difficult
MOT task. BrackishMOT consists of 98 sequences captured in the wild. Alongside
the novel dataset, we present baseline results by training a state-of-the-art tracker.
Additionally, we propose a framework for creating synthetic sequences in order to
expand the dataset. The framework consists of animated fish models and realistic
underwater environments. We analyse the effects of including synthetic data during
training and show that a combination of real and synthetic underwater training data
can enhance tracking performance. Links to code and data can be found at https:
//www.vap.aau.dk/brackishmot.

1 Introduction

Humans have relied on the oceans as a steady food-source for millennia, but

the marine ecosystems are now rapidly deteriorating due to human impact.

This is especially a problem for coastal societies across the globe that rely on

fish as their main food-source and for biodiversity in general. The severity is

underlined by the fact that the United Nations included Life Below Water as the

fourteenth Sustainable Development Goal (UN SDG #14) [1]. The increase in

attention to monitoring the condition of the ocean has entailed pressure on

marine researchers to gather data at an unprecedented pace. However, tra-

ditional marine data-gathering methods are often time-consuming, intrusive,

and difficult to scale as they require organisms to be caught and measured

manually. Therefore, it is critical that assistive solutions for optimizing and

scaling data-gathering in marine environments are developed.

During the past decade, computer vision solutions have increased dra-

matically in performance due to the utilization of strong graphics processing

units (GPU) combined with the popularisation of deep learning algorithms.

Simultaneously, underwater cameras have become significantly better and

cheaper [2]. This calls for marine researchers to utilize both cameras and

computer vision to scale data-gathering right away, however, this is currently

not feasible as there is a critical lack of marine datasets for training and evalu-

ating marine computer vision models.

To remedy this gap we propose a novel multi-object tracking (MOT) dataset

of marine organisms in the wild named BrackishMOT. In short, MOT describes

the task of obtaining the trajectories of all objects in the scene. The trajectories

are obtained by having a model detect objects spatially and associating the

detections temporally. Tracking is a core component in marine research and

can be used for multiple purposes such as counting or conducting behavioral
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Fig. E.1: We present and publish a bounding box annotated underwater multi-object tracking

dataset captured in the wild named BrackishMOT, together with a synthetic framework for gen-

erating more data for which we publish both data and source code.

analysis.

Manually annotated datasets are critical and necessary for evaluating the

performance of trackers on data from the wild. However, they are not scalable

and do not necessarily generalize well to environments that are not included in

the dataset. Therefore, we investigate how synthetic underwater sequences can

be used for training multi-object trackers. We develop a framework for creating

synthetic sequences that resemble the BrackishMOT environment and analyse

how key factors, namely turbidity, floating particles, and the background,

affect tracker performance. This is a critical step toward the development

of new high-quality underwater synthetic datasets. Our contributions are

summarized below:

Contributions

• We present and publish BrackishMOT, a novel MOT dataset captured in

brackish waters with a total of 98 sequences and six different classes.

• We propose a framework for creating synthetic underwater sequences

based on phenomena observed in the wild and analyse their effect on

tracker performance.

• We analyse different training strategies for a state-of-the-art tracker using

both real and synthetic data and present baseline results for Brackish-

MOT.
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1. Introduction

The current state-of-the-art MOT algorithms like Tracktor [3], CenterTrack [4],

FairMOT [5], and ByteTrack [6] have all been developed for tracking terres-

trial objects like pedestrians and vehicles. Common denominators for these

types of objects are relatively predictable motion and typically strong visual

cues. However, in the underwater domain, most objects like fish are prey

animals which means that they may behave erratically to avoid being tracked

by predators. Furthermore, objects of the same species often look very similar

and provide weak visual features for re-identification. In other words, the

trackers need to be re-trained or fine-tuned to cope with the challenges of the

underwater domain. Modern trackers are generally based on deep learning

and require large amounts of training data. While there exist multiple terres-

trial tracking datasets like KITTI [7], MOTChallenge [8–10], and UAVDT [11],

there are only few publicly available datasets with underwater objects. In this

section, we dive into the sparse literature on underwater datasets and trackers.

1.1 Underwater MOT Datasets
Compared to its terrestrial counterpart, the underwater MOT domain has not

witnessed a noteworthy increase in novel algorithms during the past decade.

One of the reasons for this lack of algorithms dedicated to the underwater

domain is the low number of publicly available annotated underwater datasets

suitable for training and evaluating modern algorithms.

Underwater MOT datasets can generally be split into two categories: con-

trolled environments such as aquariums [12, 13], and the more challenging

uncontrolled natural underwater environments which we will focus on in this

paper. One of the earliest datasets used for tracking of fish captured in the wild

was the Fish4Knowledge (F4K) dataset [14, 15]. The F4K dataset was captured

more than a decade ago in mostly clear tropical waters off the coast of Taiwan

in very low resolution and low frame rate. More recently, the two underwater

object tracking datasets UOT32 [16] and UOT100 [17] were published with an-

notated underwater sequences sourced from YouTube videos. The UOT32 and

UOT100 datasets provide sequences from diverse underwater environments

but are focused on single object tracking. Lastly, a high-resolution underwater

MOT dataset captured off the coast of Hawai’i island named FISHTRAC [18]

was recently proposed. However, at the time of writing only three training

videos (671 frames in total) with few objects and little occlusion have been

published.

The datasets captured in tropical waters only cover a tiny fraction of the

diverse underwater ecosystems. The conditions in many other areas are far

less favorable with less colorful fish and more turbid water. To advance the

research in underwater MOT, it is critical to developing new datasets captured

in other and more challenging environments and we see the BrackishMOT

dataset as an important contribution to this field.
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1.2 Underwater Trackers
Relatively few multi-object trackers dedicated to the underwater domain ex-

ist with most of them developed for tracking fish in controlled environ-

ments [12, 13, 19, 20]. A common trait for trackers developed for controlled

environments is the assumption of good detections and strong visual cues for

re-identification. This is generally not the case in uncontrolled environments,

where the light may change, the water is turbid, the background varies, and

algae may bloom on the lens [14, 21].

To tackle these problems the team behind the F4K dataset proposed a

method for detecting fish using mixture models for background subtraction

and handcrafted features based on motion and color for classifying fish from

other objects [14]. Lastly, they modeled every track by feature-based covari-

ance matrices based on representations from previous frames and associated

new detections by minimizing the distance between the covariance matrices.

Another group that also worked on the F4K tracking data experimented with

AlexNet [22] and VGG-19 [23] as feature extractors for appearance-based as-

sociation and used a directed acyclic graph in a two-step approach by first

constructing strong local tracklets followed by a tracklet-association step for

finalizing the tracks [24].

Recently, a few groups have proposed trackers evaluated on new anno-

tated underwater datasets. Liu et al. proposed a multi-class tracker named

RMFC [25] utilizing YOLOv4 [26] as the backbone for a detection and tracking

branch running in parallel, which showed promising results. In the work by

Martĳa et al. [27] they investigated the use of synthetic data to enhance tracker

performance. They propose to use Faster R-CNN [28] for object detection and a

deep hungarian network [29] for associating detections temporally using visual

cues. Unfortunately, both groups evaluate their method on private datasets,

and they have not shared their code.

The most recent work on fish tracking in the wild is the work done by

Mandel et al. [18]. They propose an offline tracker utilizing a greedy approach

that initializes a track from the strongest detection across all frames based on a

confidence score. Detections in previous and future frames are associated with

the track based on appearance and motion. When a track has been finalized,

the next track is built in the same manner, and so forth. They evaluated their

tracker with detections from YOLOv4 and RetinaNet [30].

Common for the aforementioned methods is a reliance on strong visual

cues or predictable motion for associating detections. This works well for

scenes with few objects, in clear tropical waters, or if the objects are visually

distinct. This is a natural consequence caused by the limited datasets used in

the development of the methods and it exposes the need for diverse datasets

to represent the variety of underwater ecosystems.
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1.3 Synthetic Underwater Data
A way to remedy the scarce amount of publicly available underwater datasets

is to use synthetic data. A typical approach to produce synthetic underwater

data (in 2D) is by pasting cutouts of the organisms onto some background.

Mahmood et al. [31] used this method to place manually segmented parts

of lobsters, like the body or the antennas, onto a diverse set of backgrounds

sampled from the Benthoz15 [32] dataset to generate synthetic data suitable

for lobster detection in heavily occluded scenes. Martĳa et al. [27] used weakly

generated bounding boxes and masks to simulate the movement of fish across

a background to create rough synthetic MOT data. And for developing an

underwater litter detector Music et al. [33] pasted various 3D shapes into real-

life underwater images to create training data.

An alternative to the 2D approach is data generation from animated 3D

scenes. In 1987, Reynolds proposed the boid model for accurately simulating

the behaviour of fish schools [34]. The boid behaviour model has since been

extended multiple times [35–37], with [38] combining their variation of boids

with a synthetic data generator to produce realistic annotated underwater

data from animated sequences of fish schools. However, to the best of our

knowledge, there has been no attempt to produce synthetic underwater MOT

data based on boid behavior. In the next section, we will introduce and describe

our new underwater MOT dataset followed by a description of our framework

for creating synthetic underwater sequences.

2 The BrackishMOT Dataset

In 2019 the Brackish Dataset [39] was published. Its purpose was to advance

object detection in brackish waters. It has been popular in the community

since it was the first underwater detection dataset captured in non-tropical

waters. The recordings of the dataset were captured nine meters below the

surface in brackish waters and consist of 89 sequences in total. The sequences

contain manually annotated bounding boxes of six coarse classes: fish, crab,

(a) Fish (b) Small fish (c) Crab

Fig. E.2: Image samples from the Brackish Dataset [39]. In a majority of the sequences containing

the small fish class, there are multiple specimens forming a school of fish.
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frames measured in pixels.
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(b) Class distribution of the brackishMOT

dataset based on the number of bounding

boxes.

Fig. E.3: Plots describing the composition of the brackishMOT dataset with respect to motion and

class distribution. For both plots, the data is from all the sequences.

shrimp, starfish, small fish, and jellyfish. Examples from the original dataset can

be seen in Figure E.2.

2.1 Dataset Overview
In this work, we propose to expand the Brackish Dataset to include a MOT

task. Therefore, we provide a new set of ground truth annotations for every

sequence, based on the MOTChallenge annotation style [10]. Additionally, we

present 9 new sequences focused on the small fish class, which gives a total

of 98 sequences for the MOT task of the Brackish Dataset which we name

BrackishMOT. The small fish class is especially relevant for the MOT task as

it contains species that exhibit social and schooling behavior as illustrated

in Figure E.2b. The ground truth files are comma-separated and include

annotations per object in the following structure:

<frame > , <id > , < l e f t > , <top > , <width > , <height > ,

<confidence > , <c la s s > , < v i s i b i l i t y >

where left and top are the x and y coordinates of the object’s top-left corner

of the bounding box. Together with the width and height they describe the

object’s bounding box in pixels. confidence and visibility are both set to 1

and an object keeps its id as long as it is within field of view. There are rare

cases where objects gets fully occluded in-frame and it is ambiguous to decide

the ID of the object as it re-appears; in these cases, the object acquires a new

ID. The class is in the range 1-6 where: (1) fish, (2) crab, (3) shrimp, (4) starfish,

(5) small fish, and (6) jellyfish.
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In Figure E.3 we present two charts illustrating the motion and class dis-

tribution for the dataset. We see that the crab and starfish classes barely move

compared to the rest. In addition to that, they are well-camouflaged and most

often move along the seabed. This constitutes a specific task as they are both

hard to detect visually and from motion cues. The class distribution presented

in Figure E.3b shows that the dataset is imbalanced with few occurrences of

the shrimp, fish, and jellyfish classes. Furthermore, as the number of bound-

ing boxes and frame occurrences are equal we can decipher that these three

classes occur in the sequences as single objects. As the small fish class is the

only class that exhibits erratic motion and appears in groups it is deemed the

most interesting class with respect to MOT.

2.2 BrackishMOT Splits
Creating balanced training and testing splits is important to ensure a fair

evaluation of the tracker performance and to give an accurate depiction of

the task. To a large degree, this is a problem that has been overlooked in

the creation of most MOT datasets due to the lack of a suitable metric. This

has changed with the recent introduction of the MOTCOM framework [40].

MOTCOM is a metric that can estimate the complexity of MOT sequences

based on the ground truth annotations and lay the foundation for creating

more balanced data splits. The metric is a combination of three sub-metrics

that describe the level of occlusion (OCOM), non-linear motion (MCOM), and

visual similarity (VCOM) for every sequence. MOTCOM and the sub-metrics

are all in the interval from 0 to 1 where a higher MOTCOM score means a

more complex problem. We aim to create splits that are approximately evenly

complex.

Sequence

0.1

0.2

0.3

0.4

Co
m

pl
ex

ity

MOTCOM-based split
MCOM
VCOM
OCOM
MOTCOM
test seq.

(a) Sorting the sequences based on MOTCOM and

taking every fifth to be included in the test split. This

is the approach we follow.

Sequence

0.1

0.2

0.3

0.4

Co
m

pl
ex

ity

Time-based split
MCOM
VCOM
OCOM
MOTCOM
test seq.

(b) A typical test split consisting of the 20 first

recorded sequences. This approach clearly skews the

splits with respect to complexity.

Fig. E.4: These plots illustrate MOTCOM and the sub-metrics for all the BrackishMOT sequences.

In both plots, the sequences are sorted based on their MOTCOM score. The circles mark the test

sequences with respect to the split-scheme.
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In Figure E.4a we present MOTCOM and the sub-metrics for each sequence

of the BrackishMOT dataset. The metrics are calculated on basis of all six

classes combined. We see that the motion varies a lot between the individual

sequences. However, even though the motion is quite non-linear and complex

for several sequences then both occlusion and visual similarity are very low.

This is due to the generally low number of objects in the scenes. A single

jellyfish or shrimp may move fast and non-linearly, but if they are alone or in

a scene with just a few objects they are less likely to be occluded or confused

with other individuals.

The sequences containing the small fish class are generally exceptions to the

above as they tend to score higher values in all three sub-metrics compared to

the other sequences. These sequences often include fish schools which means

that they have a higher number of objects that moves more around and are

more social compared to e.g., starfish and crabs on the seabed. Therefore, the

objects are more likely to be occluded and they are easier to confuse with each

other as they look visually similar.

We create the splits based on the following scheme: we sort the sequences

according to their MOTCOM score, then we pick the sequence with the highest

MOTCOM score to be in the train split, the second highest goes into the test

split, and from then on every fifth sequence goes into the test split while the

rest goes into the train split. This gives a total of 20 test sequences illustrated

by the circles in Figure E.4a and 78 train sequences. If we, on the other hand,

had chosen a typical scheme like picking the first 20 recorded sequences to be

included in the test split and the rest in the train split, we would have had a

significantly different dataset structure as illustrated in Figure E.4b. With such

a composition it is likely that trackers would generally perform better when

evaluated on the test split, but it would be on false terms as the train split is

significantly more challenging compared to the test split. The opposite can of

course also happen, but that is equally problematic. For this reason, we make

an informed split based on the MOTCOM scores.

To extend the proposed BrackishMOT dataset, we have developed a frame-

work for creating synthetic underwater sequences based on phenomena ob-

served in the BrackishMOT data as we believe that synthetic data is critical as

a means to scale the availability of underwater training data. The framework

is described in the next section.

3 Synthetic Data Framework

The proposed synthetic framework is built within the Unity game engine [41],

using the built-in rendering pipeline and it is based on three main compo-

nents: providing realistic fish meshes, modeling fish behavior, and building

a realistically looking underwater environment. We provide options for each
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(a) High-resolution mesh. (b) Low-resolution mesh with rig.

Fig. E.5: Illustration of the stickleback fish model used in our framework. (a) Initial high-resolution

model and (b) decimated and rigged model for Unity.

of the components in order to create a synthetic environment that resembles

the BrackishMOT data, however, the proposed framework is easily extendable

with other species, behavior models, and surroundings. We will describe each

of the components in the following sections.

Fish Model

An illustration of the fish model used in our framework can be seen in Fig-

ure E.5. The model was taken from the fish database of images and pho-

togrammetry 3D reconstructions [42] and was selected as it visually resembles

a stickleback, which is the family of the small fish class that most often occurs in

schools in the Brackish dataset sequences according to the authors [39]. The

3D input model, shown in Figure E.5a, was decimated to 11,000 vertices. In

order to preserve finer details of the mesh, a normal map was created from the

high-resolution texture. The down-sampled mesh can be seen in Figure E.5b.

Lastly, the model was rigged using the bones system in Blender [43] to allow

for smooth animations of the body and tail.

The number of spawned fish in each sequence is randomly selected within

a range between 4 and 50 to resemble the diversity of the BrackishMOT se-

quences. The initial pose, scale, and appearance (texture albedo and glossiness)

for each fish varies between the sequences. A table with all the randomized

parameters and their respective ranges can be found in the supplementary

material.

Behavior Model

To approximate realistic fish schooling behavior, we use a boid-based behav-

ioral model inspired by the work of C.W. Reynolds [34] and C. Hartman and

B. Benes [36]. Each fish considers the position and heading of all other fish

in its neighborhood. For each fish the velocity and heading is dependent on

four factors: separation ®𝑠, cohesion
®𝑘, alignment ®𝑚, and leader

®𝑙. Separation
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ensures avoidance of collisions with other members of the school. Cohesion is

a force that drives the fish to seek the center of the neighborhood. Alignment is

the drive of individual fish to match the others’ velocity. Leader is a direction

towards where a given leader is heading and for each fish, the leader is the

neighbor with a heading vector closest to the fish’s own heading vector. The

steering vector is given by

®𝑠𝑡𝑒𝑒𝑟 = 𝑆®𝑠 + 𝐾®𝑘 +𝑀 ®𝑚 + 𝐿®𝑙 , (E.1)

where 𝑆, 𝐾, 𝑀, and 𝐿 are weights for the separation, cohesion, alignment, and

leader forces, respectively. A more detailed description of the behavior model

can be found in the supplementary material.

The Surrounding Environment

To investigate how changes in the environment impact tracker performance,

we design the synthetic environment based on three variables: turbidity, back-

ground, and distractors.

Turbidity represents tiny floating particles in the water that engulfs the

scene like a fog that intensifies as the distance between the object and the

camera increases. The visibility varies to a large degree in the BrackishMOT

sequences due to this phenomenon. We implement the turbidity effect us-

ing a custom-made Unity material with adjustable transparency and post-

processing effects of depth of field and color grading. The color of the material

spans between grey and green to resemble the turbidity observed in the Brack-

ishMOT sequences. Both the color and intensity vary between the generated

sequences.

We use videos from the Brackish dataset without fish as the background to

make the scene more realistic. We include a range of background sequences

and augment them by saturation, color, and blur to increase variation. When

no background is present, we use a monotone color that matches the color of

the turbidity.

Lastly, we introduce distractors [44, 45], which represent floating particles.

The BrackishMOT sequences have been captured in shallow water where the

current is often strong. The combination of strong current and shallow water

induces floating plant material and resuspended sediments often occur in front

of the camera as unclear circular bodies. To simulate this phenomenon we im-

plement distractors as spheres with varying scales, levels of transparency, and

color. The color range spans between grey and green as with the turbidity and

monotone background. The number of distractors vary between the sequences

and each distractor is spawned in a random position and is randomly moved

to a new position between each frame.

Each of the environmental variables adds a layer of complexity to the

synthetic scene based on phenomena observed in the real sequences. Com-
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(a) Synth (b) SynthB

(c) SynthT (d) SynthD

(e) SynthTD (f) SynthBT

(g) SynthBD (h) SynthBTD

Fig. E.6: Visualisation of different conditions of our synthetic environment. (a) Plain background,

no turbidity, no distractors (Synth). (b) Video background, no turbidity, no distractors (SynthB).
(c) Plain background, turbidity, no distractors (SynthT). (d) Plain background, no turbidity,

with distractors (SynthD). (e) Plain background, with turbidityand distractors (SynthDT). (f)
Video background with turbidity, but without distractors (SynthBT). (g) Video background with

distractor, but no turbidity (SynthBD). (h) Video background with turbidity and distractors

(SynthBTD).
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binatorial variations of the variables give us eight synthetic environments,

which can be seen in Figure E.6. Each generated video sequence is 10 sec-

onds long and contains 150 frames animated with a frame rate of 15 FPS,

which resembles the sequences of the BrackishMOT dataset. We include 50

sequences for each environment variation. The synthetic framework is general

as all parameters can be adjusted to fit other underwater environments, e.g.,

using another video background would significantly alter the visuals of the

sequences, or one could change the current or add new models to the scene.

Source code and guides to using the framework can be found on the project

page https://vap.aau.dk/brackishmot/.

4 Experiments

It is notoriously difficult for humans to visually track fish of the same species

in video sequences captured in the wild. This is especially true when the water

is turbid, the camera resolution is low, and the objects swim close to each other

as is the case in some of the BrackishMOT sequences. This indicates that visual

cues for re-identifying the objects are not pronounced and likely not reliable

for solving this specific problem. Therefore, we conduct experiments based on

the state-of-the-art tracker CenterTrack [4], which tracks objects as points and

focuses on associating objects locally between consecutive frames with little

emphasis on visual features.

As a basis for our experiments, we use two pre-trained models provided

by the authors of CenterTrack and fine-tune on top of them to reduce training

time and minimize the potential of overfitting. We name the base models CT-

COCO and CT-ImNet, where CT-COCO has been pre-trained on the MS COCO

dataset [46] and CT-ImNet has been pre-trained on the ImageNet dataset [47].

Both models have a similar architecture with a DLA-34 [48] backbone. We train

all our models with a batch size of 12 and a learning rate of 1.25e-4 and we

resize and pad the BrackishMOT images from 1920x1080 to 960x544 following

the strategy proposed by the CenterTrack authors.

First, we evaluate how pre-training on the two large-scale datasets MS

COCO and ImageNet affects CenterTrack’s ability to learn from the Brackish-

MOT sequences. We then extend these results by introducing training strate-

gies for including synthetic sequences, to investigate the potential benefits

of using synthetic tracking data in underwater environments. We evaluate all

our models based on conventional MOT performance metrics like the Multiple

Object Tracking Accuracy metric (MOTA) from the CLEAR MOT metrics [49],

the ID F1 score (IDF1) [50], and the recent Higher Order Tracking Accuracy

metric (HOTA) [51].
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Table E.1: Performance of the CenterTrack models fine-tuned on the BrackishMOT train sequences

and evaluated on the BrackishMOT test split.

Model HOTA↑ MOTA↑ IDF1↑ Dets GT dets IDs GT IDs IDSW

CT-COCO-Brack 0.36 0.37 0.39 10270 14670 887 182 493

CT-ImNet-Brack 0.38 0.43 0.44 10056 14670 755 182 464

Training on Real Data

We fine-tune the base models on the BrackishMOT train split, which consists

of 78 sequences, for 30 epochs and name the new models CT-COCO-Brack

and CT-ImNet-Brack. Evaluating these models on the 20 sequences of the

BrackishMOT test split gives us an indication of the performance to be expected

from fine-tuning a state-of-the-art tracker on manually annotated real data.

The HOTA, MOTA, and IDF1 results are presented in Table E.1 along with

detections (Dets), ground truth detections (GT dets), IDs, ground truth IDs (GT
IDs), and ID switches (IDSW).

We see that both models deliver promising results although the model

pre-trained on ImageNet outperforms the model pre-trained on MS COCO.

This indicates that ImageNet is better suited as a foundation for detecting and

tracking objects in this type of underwater environment. We will investigate

whether this is also the case when including synthetic data in the following

sections.

Training on Synthetic Data

Next, we investigate whether the base models can be taught to track fish in

real sequences if they are fine-tuned strictly on synthetic data. We do this

by studying how the combinations of the environment with turbidity (T),

background (B), and distractors (D) affect the tracking performance. We fine-

tune the base models for 10 epochs on the eight different sets of synthetic

sequences. The synthetic sequences only contain the small fish class, therefore,

we evaluate the fine-tuned models on a sub-set of the BrackishMOT test split

consisting of the sequences with the small fish class. We name this sub-set

the ’small fish split’ and it contains eight sequences (the list of sequences is

presented in Table E.4 as part of another evaluation).

The results of the synthetically trained models evaluated on the small fish

split are presented in Table E.2 along with the results of the CT-COCO-Brack

and CT-ImNet-Brack models for comparison. Although the synthetic models

only perform up to half as well as the models trained on real data, we see that

it is in fact possible to train CenterTrack to be able to detect and track the small
fish class without ever seeing real images of the class. The feature that seems

to increase the tracking performance the most is by adding background videos
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Table E.2: Performance of CenterTrack models trained strictly on variations of the synthetic

dataset. The models have been evaluated on the small fish split.

CT-COCO HOTA↑ MOTA↑ IDF1↑ CT-ImNet HOTA↑ MOTA↑ IDF1↑
Synth 0.08 -0.17 0.07 Synth 0.08 -0.90 0.06

Synth𝐵 0.12 -0.21 0.12 Synth𝐵 0.14 0.05 0.17

Synth𝑇 0.08 -2.02 0.06 Synth𝑇 0.06 -0.93 0.04

Synth𝐷 0.09 -0.12 0.09 Synth𝐷 0.08 0.03 0.08

Synth𝑇𝐷 0.12 -0.14 0.12 Synth𝑇𝐷 0.06 0.02 0.05

Synth𝐵𝑇 0.19 0.16 0.21 Synth𝐵𝑇 0.19 -0.24 0.21
Synth𝐵𝐷 0.15 0.08 0.16 Synth𝐵𝐷 0.17 0.13 0.19

Synth𝐵𝑇𝐷 0.21 0.18 0.24 Synth𝐵𝑇𝐷 0.13 0.00 0.14

CT-COCO-Brack 0.37 0.47 0.43 CT-ImNet-Brack 0.39 0.50 0.46

whereas the turbidity and distractors give mixed results. We see that the CT-

COCO model performs the best when fine-tuned on the Synth𝐵𝑇𝐷 sequences

while it is more unclear what benefits the CT-ImNet model the most, however,

a good compromise seems to be the Synth𝐵𝐷 sequences.

Two Strategies for Training on both Synthetic and Real Data

Previously, we found the synthetic sequences best suited for teaching the base

models to track the small fish class. Now, we examine whether the CT-COCO

model fine-tuned on Synth𝐵𝑇𝐷 and the CT-ImNet model fine-tuned on Synth𝐵𝐷

provide better foundations compared to the base models. We fine-tune on

top of these models for 30 epochs on the BrackishMOT train sequences and

name these two-step fine-tuned models CT-COCO-Synth𝐵𝑇𝐷 and CT-ImNet-

Synth𝐵𝐷 . Additionally, we examine the potential benefits of combining real

and synthetic data in a single training step by fine-tuning the base models for 30

epochs on a combination of the BrackishMOT train and Synth𝐵𝑇𝐷 sequences.

We name these the CT-COCO-Mix and CT-ImNet-Mix models.

Baseline results for the models are presented in Table E.3 for both the

regular test split and the small fish split. We use the small fish split to examine

whether the models trained on the synthetic data overfits to the small fish class.

Generally, we see a tendency that the ImageNet pre-trained models perform

Table E.3: Baseline tracking results for the BrackishMOT test split and the small fish split.

Model HOTA↑ MOTA↑ IDF1↑ HOTA↑ MOTA↑ IDF1↑
CT-COCO-Brack

Te
st

sp
lit

0.36 0.37 0.39

Sm
al

lfi
sh

sp
lit 0.37 0.47 0.43

CT-COCO-Synth𝐵𝑇𝐷 0.36 0.38 0.39 0.39 0.47 0.44

CT-COCO-Mix 0.36 0.37 0.39 0.37 0.46 0.43

CT-ImNet-Brack 0.38 0.43 0.44 0.39 0.50 0.46

CT-ImNet-Synth𝐵𝑇 0.38 0.42 0.41 0.41 0.52 0.48

CT-ImNet-Mix 0.40 0.44 0.45 0.41 0.52 0.49
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better than the models pre-trained on the MS COCO dataset, which indicates

that the ImageNet dataset lays a stronger foundation for detecting the objects

of the BrackishMOT dataset. Furthermore, the CT-COCO models do not seem

to benefit from the synthetic data, which is in contrast to the results presented

in Table E.2 that showed that fine-tuning the CT-COCO model on the Synth𝐵𝑇𝐷

sequences gave the best performing purely synthetically trained tracker.

For the CT-ImNet-Synth𝐵𝑇 model we see a slight decrease in MOTA and

IDF1 when evaluating on the test split, but an increase in the small fish se-

quences, this indicates that the model learns from the synthetic data to better

track the small fish objects but at the expense of some of the other classes. The

CT-ImNet-Mix model exhibits similar performance as the CT-ImNet-Synth𝐵𝑇

model on the small fish sequences. However, the performance is also increased

when looking at all the test sequences, which indicates that the ability to track

the other classes is maintained using this training strategy.

4.1 Qualitative Evaluation
In the previous evaluation, we found the overall best-performing model to be

CT-ImNet-Mix. In this section, we analyse how the model performs on each

of the eight sequences from the small fish split. The qualitative results of the

CT-ImNet-Mix model when evaluated on the small fish split are presented

in Table E.4. When we inspect the brackishMOT-93 and brackishMOT-95

sequences we see that they have 45 and 1 GT IDs, respectively. However,

both sequences score a HOTA performance of 0.44 indicating that a higher

number of objects does not seem to have a significantly negative impact on

the tracking performance. If we look at BrackishMOT-67 it has four GT IDs

but the tracker only manages to get a HOTA score of 0.18. Inspecting the

BrackishMOT-67 sequence visually shows that it contains a single medium-

sized object of the small fish class, which the model tracks well throughout the

sequence, however, there are also three tiny objects of the small fish class near

the seabed that the model largely fails to detect and this penalizes the tracking

performance greatly.
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Table E.4: Performance of CT-ImNet-Mix model on the sequences of the small fish split.

Sequence HOTA↑ MOTA↑ IDF1↑ Dets GT dets IDs GT IDs IDSW

brackishMOT-50 0.40 0.46 0.47 1785 2129 105 17 50

brackishMOT-55 0.35 0.46 0.43 2318 3192 187 37 112

brackishMOT-56 0.53 0.41 0.75 80 87 7 1 4

brackishMOT-67 0.18 0.11 0.10 173 636 31 4 7

brackishMOT-90 0.61 0.53 0.74 401 426 18 3 7

brackishMOT-93 0.44 0.51 0.51 1450 1567 160 45 82

brackishMOT-95 0.44 0.38 0.39 619 148 28 1 0

brackishMOT-98 0.49 0.58 0.60 1728 1930 137 36 80

5 Conclusion

We propose a new underwater multi-object tracking dataset named Brackish-

MOT, which is an extension of the Brackish dataset captured in turbid waters

in Denmark. This is the first and only dataset of its kind and it is a neces-

sary step towards increasing the capability of underwater trackers as there

currently only exist very few underwater tracking datasets and they have all

been captured in clear tropical waters. Furthermore, we propose a framework

for generating synthetic underwater MOT sequences and present baseline re-

sults based on fine-tuning CenterTrack using three different training strategies.

We show that tracking performance can be increased by including sequences

generated by the proposed synthetic framework in the training procedure.
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1. Introduction

A. Attenuation
 of light

E. Data 
handling

D. Refraction

F. The local
environment

C. Artificial light

    B. Backscatter

Fig. F.1: Illustration of six important factors to take into account when collecting video data from

underwater environments.

1 Introduction

An increased political focus on the condition of our marine ecosystems has put

researchers under pressure to gather and analyze data at an unprecedented

pace. Assessing the impact of global climate change, pollution, and overfish-

ing on the biodiversity and fish stocks are major challenges for fisheries and

governments across the world. An increasingly popular tool for gathering

biological data in a non-intrusive manner is automated analysis of image and

video data using computer vision and machine learning. However, large-scale

image based data collection and automated analysis has not traditionally been

common practice among marine researchers.

While images of a given object captured in air looks more or less the same

independent of where on the planet you take the photo, this is not the case in

marine environments. Images are formed in a camera by capturing the light

reflected from objects within the camera’s field of view, but marine waters are

filled with organic and inorganic matter that absorbs and scatters light. This

causes the visibility and coloring to vary widely depending on the location,

time, depth, and weather which can make it a challenge to capture high quality

video recordings of underwater objects; and without sufficient high quality

data, any machine learning algorithm will fail.

Machine learning and computer vision is increasingly used within several

fields of biology, but there seem to be a hesitancy when it comes to under-
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water research areas such as fisheries and marine science. The main reason

being that, traditionally, it has been extremely demanding and expensive to

capture high quality underwater video footage suitable for automated anal-

ysis. However, during the past decade the price on conventional action and

underwater cameras has dropped substantially while the image quality has

increased. Moreover, the performance of state-of-the-art computer vision and

machine learning algorithms has sky-rocketed during the same period, with

the introduction of deep neural networks.

Neural networks are machine learning algorithms that learn in a way some-

what similar to the way children learn. They need to see things many times

in different settings and be told what they are looking at to be able to distin-

guish between them. By presenting a deep neural network to large numbers

of images of fish, it is possible for the network to learn how to detect and

distinguish between species, e.g., mackerels, sardines, cod, and tuna. Another

network may be designed to track fish through video sequences which can be

used for behavioral analysis or for controlling a by-catch release-mechanism

inside a trawl. There are many possibilities of using deep neural networks for

automating processes in marine settings, but independent on the task at hand

or the choice of network, there is a demand for annotated data.

In this essay we present and discuss the main factors that influence the

data capturing process. We hope this will pave the way for other marine

researchers to capture high quality data and thereby set the stage for using

machine learning algorithms in marine monitoring.

2 The Six Factors

It is not feasible to create a single protocol for underwater video monitoring due

to the extreme variations in marine environments across the globe. However,

the six factors illustrated in Figure F.1 (attenuation of light, backscatter, artificial

light, refraction, data handling, and the local environment) should always be

taken into account when capturing data for a machine learning based marine

video monitoring system. In the following, each of the factors will be discussed

in greater details.

2.1 Attenuation of Light
Probably the most significant difference between capturing images in air and

water is caused by the attenuation of light. While it is most often not necessary

to take attenuation of light in air into account, it is another matter in water.

As light enters water, it takes only a few meters before the long wavelength

colors in the red spectrum are absorbed by the water. This is followed by the

absorption of the yellow, green, and lastly blue wavelength colors.
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Fig. F.2: Coastal areas can be especially nutrient rich with a high concentrations of phytoplankton

that makes the water appear green or brownish. Furthermore, sediments can be resuspended in

shallow waters due to the currents and wind. As the depth increases the water gets more clear,

but the light intensity is reduced.

The exact depths at which the wavelengths of natural light are absorbed

in our oceans, estuaries, and rivers vary greatly dependent on the intensity of

the light, particles in the water, and other factors. However, objects that are

observed through natural light will always appear more dim and colorless as

the depth increases, as illustrated in Figure F.2.

It is particularly difficult to capture high quality recordings in coastal waters

and estuaries as the visibility can vary to a large degree. An example of

varying degrees of visibility in a shallow strait is presented in Figure F.3. Low

visibility is often due to resuspension of sediments and eutrophication caused

by shallow water, wind, and excessive amounts of nutrients. Ecosystems

with high concentrations of phytoplankton appear green or brownish due to

the chlorophyll and carotenoid pigments that reflect green and orange-red

wavelengths, respectively.

Fig. F.3: Three photos captured from a stationary camera a few minutes apart in a brackish strait at

9m depth with artificial light. The images appear brownish due to high numbers of phytoplankton

and resuspended sediments. The visibility goes from semi-clear to unclear from left to right. In

shallow straits, estuaries, and coastal areas the water can turn unclear rapidly and is rarely clear

at any point.

203



Paper F.

2.2 Backscatter
Artificial light can be used to counteract low visibility caused by the attenu-

ation of light. However, there are several things to be aware of when using

artificial light in water. The placement and direction of the light can introduce

backscatter, which is light absorbed and scattered by small particles in the wa-

ter between the lens and the object. Backscatter can be the cause of significant

noise and it can occur even in seemingly clear water.

The water is semi-clear in Figure F.4, but it is difficult to see the sea bed due

to strong backscatter caused by a single artificial light placed close beneath

the camera and pointing into the water column in front of the camera’s field

of view. The backscatter appears almost like a thick fog with sprinkles due to

the varying size of scattering particles in the water. A less severe case can be

seen in Figure F.5 where the water is also semi-clear and backscatter occurs as

sprinkles in the left side of the image. The single light source is placed to the

left of the camera and is illuminating the scene in an indirect manner allowing

for a more clear view of the sea bed.

In environments where the water is mostly unclear it may not be suitable to

use a conventional camera due to the short visual range. Specialized sensors,

such as range-gated time-of-flight (ToF) cameras or sonars, can be used to min-

imize the effect of backscatter and obtain information of objects not seemingly

visible. A ToF camera can measure the distance between the camera and the

objects in a scene using active illumination and measuring the time it takes

from the light is emitted and until it is received by the image sensor. Range-

gating allows the ToF camera to only open the shutter and receive light that

has traveled a given distance, which is an effective way to see past backscatter.

The visual distance of range-gated ToF cameras is, however, still dependent on

that a certain amount of artificial light penetrates the turbid water and reaches

the object. Moreover, the resolution of ToF cameras is most often lower than

for conventional cameras. In scenes with very unclear water even range-gated

cameras fall short and an alternative can be to use sonar. Sonars are sound-

Fig. F.4: Strong backscatter caused by artificial

light positioned close to the camera in semi-clear

water.

Fig. F.5: Sprinkled backscatter in the left side of

the view in semi-clear water caused by indirect

artificial light.
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based sensors capable of gathering depth information across long distances

independent of the water clarity. However, sonars generally have a very low

resolution which makes it nearly impossible to recognize species, count the

number of objects, and similar.

2.3 Artificial Light
Recording high resolution underwater color videos is currently only possible

using conventional cameras, but as depth increases so does the attenuation

of light. The reduction in light causes objects to appear dim and featureless

and artificial light can be a necessity. However, it is a non-trivial task to

place the light source in an optimal position and it is highly dependent on the

environment.

In clear and non-scattering water it may be possible to illuminate an entire

scene satisfactory using a single source of light placed close to the camera,

see Figure F.6a. However, this setup can be the cause of strong backscatter

even in slightly turbid water, see Figure F.6b. Backscatter can be minimized by

placing the light further away from the camera and in an angle, but this may

cause uneven illumination and shadows, see Figure F.6c. Multi-directional

illumination is a way to combat the problems of uneven lighting and shadows

but it requires a larger and more complex setup, see Figure F.6d.

(a) (b) (c) (d)

Fig. F.6: Four light setups for capturing underwater images. (a) No artificial light; the object

appears dim and colorless. (b) A single light; even illumination, but significant backscatter. (c)

The light is placed at an angle; backscatter is minimized, but shadows and uneven illumination

occur. (d) Two light sources; backscatter is minimized and even illumination is achieved.

It is also possible to reduce backscatter even further by placing the light

source very close to the object, but here it is extremely important to take into

consideration whether non-uniform lighting, over exposure, and shadows can

be a problem as seen in Figure F.7. Generally, the exercise is to find the best

trade-off between an even illumination and a minimum amount of backscatter.
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Fig. F.7: A single light source is placed to the left of the camera at an angle. Some sprinkled

backscatter is seen in the left part of the image. The fish is swimming close to the light source

causing overexposure and strong shadows on the sea bed.

2.4 Refraction
The speed of light varies depending on the medium it travels through. When

light moves from air to water the speed is slowed down and this causes an effect

known as refraction, where the direction of the light changes with respect to

the incident angle and velocity. Refraction of light can be described by Snell’s

Law given by

𝑠𝑖𝑛𝜃 𝑓
𝑠𝑖𝑛𝜃𝑡

=
𝑣 𝑓

𝑣𝑡
=
𝑛𝑡

𝑛 𝑓
, (F.1)

where 𝜃 is the angle between the surface normal and the light ray, 𝑣 is the

velocity, 𝑛 is the refraction index, and the subscripted 𝑓 and 𝑡 indicate the two

media the light travels from and to, respectively. An example of how refraction

affects an image can be seen in Figure F.8. The black lines illustrate the rays with

no refraction, whereas the dotted lines show the directional change caused by

refraction.

Depending on the type of camera, lens, and underwater-casing refraction

can significantly decrease the accuracy of measurements as it alters the intrinsic

parameters of the camera and distorts the image. A commonly used method

to minimize the effect of refraction is to take basis in the perspective camera

model and calibrate the camera using a checkerboard or calibration frame.

This can provide relatively accurate results if the scene of interest is restricted

to a limited space, however, it has been shown that refraction causes single

view point models to be invalid and the error grows concurrent with distance
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Water Glass Air Image
sensor

Lens

Fig. F.8: The dotted lines illustrate the refracted light rays, whereas the black lines illustrate the

paths the rays would travel through air alone. Notice how the positional displacement on the

image sensor increases with the incident angle of the ray.

and angle to the image sensor. A more robust method is to model the physical

attributes of refraction and use ray tracing to adjust for the errors introduced

by the perspective model.

Choosing the right calibration method can be difficult and it is dependent

on the application. Calibration and refraction handling is most often not a

necessity for handling relatively simple image processing problems like object

detection. However, more complicated machine learning tasks like classifi-

cation or re-identification may benefit from it. If precise object tracking or

3D reconstruction is the goal, then calibration and refraction handling can be

critical.

2.5 Data Handling
Recording videos under water can be extremely demanding and therefore the

aim is to get as much out of the recordings as possible. Data storage can be a

problem and whether it is long or short term monitoring a goal is often to keep

the storage at a minimum. Therefore, it is important to know what type of

image analysis is to be conducted on the data. If the task is to count the number

of fish using object detection, the image resolution and frame rate can be kept

relatively low and the videos may even be compressed without significantly

influencing the detection rate. Expanding the task to include classification
requires a higher resolution and for reliable object tracking a high frame rate

is important as marine organisms can move both fast and erratic. Temporal

compression should generally be avoided as it introduces motion blur and

amplifies noise, e.g., caused by particles flowing in the water as illustrated in

Figure F.9.

For long term monitoring projects it is important to ensure a steady power
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Fig. F.9: Video compression can reduce the storage size significantly but it also removes informa-

tion and introduces noise. In this example, small particles draws semi-transparent lines across the

image, due to temporal compression, while flowing from left to right.

supply and a way to retrieve data regularly. Regular data retrieval puts less

demands on the storage capability of the internal hardware, allows for rou-

tinely inspection of the data, and serves as a vital backup. Floating stations

are common for off-shore operations, while cabled land-based stations can be

used in some coastal areas.

2.6 The Local Environment
The local environment can play a pivotal role in unforeseeable ways. Here

we mention common problems that can hinder an otherwise well-structured

underwater monitoring setup.

Algae can bloom on the lens within a few days depending on the environment.

Algae growth will cloud the view and make the quality of the recordings poor

or even useless. In Figure F.10 the fish and the surroundings appear green due

to algae on the lens and phytoplankton in the water.

Permissions from the local municipality or national maritime authorities may

be needed to conduct research in wildlife sanctuaries or close to ship traffic,

such as harbors or channels.

Ship traffic can easily destroy a floating surface station, therefore, it is crucial

to mark observation spots properly. In cold regions it is also vital to consider

potential floating ice.

Flickering from the sun light when it hits the waves is especially apparent in

shallow waters. Additionally, clouds and boats can cause shadows that will

darken the entire scene.

The behavior of marine organisms will in most cases be affected by the pres-

ence of cameras, humans, or vehicles unless well hidden. An example can be

seen in Figure F.11 where a school of sticklebacks is lingering in front of the

camera attracted by a light source. The use of artificial light can both attract
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and repel animals and alter the local environment around the setup of long

term monitoring projects. Therefore, it is extremely important to take into

consideration whether artificial light is necessary for a given setup.

Fig. F.10: Algae on the lens can make everything

appear green and will in the worst case block

the view entirely. Algae growth varies greatly

depending on the local environment.

Fig. F.11: The behavior of marine organisms

is strongly affected by the presence of artificial

light, such as this school of sticklebacks linger-

ing in front of a light source.

3 Final Remarks

An obstacle of most state-of-the-art machine learning based computer vision

solutions is the need for large annotated image datasets. There are very few

available underwater datasets compared to the terrestrial counterparts, and

this is a hindrance for the development of dedicated marine vision algorithms.

The variance between underwater environments can be extreme and it is there-

fore crucial to have training data from as many regions, environments, and

ecosystems as possible to build a strong foundation for the coming generation

of marine vision algorithms.

We urge marine researchers to be open-minded about using cameras, ma-

rine vision, and machine learning in their research, and sharing their datasets

and annotations with the public. Hopefully, the presentation of the six factors

can serve as a stepping stone for many future marine image and video data

collection tasks to the benefit of the marine research community.
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1. Introduction

Abstract

We present the first work where re-identification of the Giant Sunfish (Mola alexan-
drini) is automated using computer vision and deep learning. We propose a pipeline
that scores an mAP of 60.34% on a full rank of the novel TinyMola dataset which in-
cludes 41 IDs and 91 images. The method requires no domain-adaptation or training
which makes it especially suited for low-budget or volunteer-based projects, like Match
My Mola, as part of a human-in-the-loop model.

The pipeline includes segmentation, keypoint detection and description, keypoint
matching, and ranking. The choice of feature descriptor has the largest impact on
the performance and we show that the deep learning based SuperPoint descriptor
greatly outperforms handcrafted descriptors like SIFT and RootSIFT independent of
the segmentation level and matching method. Combining SuperPoint and the graph
neural network based SuperGlue matching method produces the best results.

1 Introduction

The world’s heaviest bony fish, the elusive ’Giant Sunfish’ (Mola alexandrini),
can reach an impressive weight of 2.3 ton [1]. Globally, they are rarely seen by

SCUBA divers, but are frequent seasonal visitors to the Bali area, Indonesia [2].

Here, they seek cleaner fish interaction for removal of skin parasites, and are a

highly popular target of the local SCUBA tourism industry [3]. Little is known

of this seasonal sunfish phenomenon, including if the tourism is reliant on

a small, local sunfish population with high site fidelity, or transient sunfish

with low re-visitation rates. Understanding this is critical for assessing the

potential impacts (and any need for regulation) of diver crowding, which

causes disruptions to sunfish-cleaner fish interactions [2].

To investigate this, the citizen science and volunteer based project, Match

My Mola [4], collects and curates sunfish images from the Bali area, taken

by tourist divers, for photo identification purposes. Images are manually

compared pair-wise to assess re-sightings of individuals over time, however,

with increasing image numbers match time becomes a significant challenge to

this volunteer-based project, and an automated system is critically needed.

Re-identification has been an active research problem within computer

vision for decades. However, like in other fields the research has mainly been

focused on humans [5] and only few have taken a glance into the aquatic world

[6–9]. In this work we present the first scientific attempt to re-identify sunfish

and show that it is possible based on the number of keypoint correspondences

as illustrated in Figure G.1.
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Different IDs

Same IDs

Features: SuperPoint
Matcher: SuperGlue

Fig. G.1: Re-identification based on the number of keypoint matches. The images in the top

and bottom rows are of the same and different individuals, respectively. The yellow lines connect

matched keypoints.

Our contributions include:

1. a re-identification pipeline that requires no domain-adaptation or train-

ing.

2. an evaluation of how the segmentation level affects the performance of

the system.

3. a comparison between the handcrafted feature descriptors SIFT and Root-

SIFT and the deep learning based SuperPoint feature descriptor.

2 Related Work

Photographic identification has been used for studying wild marine animals

in a non-intrusive manner for decades [10, 11]. It allows researchers to identify

the same individual across different years, but requires manual labour to

obtain the photographs and match the individuals from the captured footage.

Citizen science projects have proven to be an effective and irreplaceable method

to gather large amounts of data. But as the databases grow, so does the need
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for manual labor. Therefore, computer vision has become an essential tool to

scale such research.

Image processing and pattern matching techniques have been used to

automatically identify individuals of whale-sharks [6], spotted raggedtooth

sharks [12], and patterned terrestrial animals [7, 13]. However, recently

Siamese networks and the use of triplet loss have become a popular means

for handling re-identification problems within marine vision. Wang et al. pro-

posed to use a Siamese network and adversarial training to identify whales

by their flukes [14] and Nepovinnykh et al. trained a Siamese network for

Ringed Seal re-identification [15]. Deep learning has generally gained a lot of

attention during the last decade, which is also seen in the work done by Bouma

et al. where they train a ResNet50 model using a triplet loss for identifying

dolphins by their fin tail [16]. A ResNet50 was also used by Moskvyak et al. in

their work on re-identification of manta rays [8, 17], where they proposed to

embed the feature vectors by body landmark information and use a weighted

combination of three losses. On a higher level, Schneider et al. investigated

how the performance of CNNs was affected by using either Siamese networks

or triplet loss for animal re-identification and found that triplet loss generally

outperforms Siamese networks [18].

A common issue with the aforementioned methods is the requirement

for training data and domain adaptation. However, it is demanding to cap-

ture images in wild underwater environments and marine image datasets are,

therefore, often sparse. This leaves little to no room for the creation of high

quality data splits.

3 TinyMola Image Dataset

The dataset used in this work is named ’TinyMola’ and it is a subset of the much

larger Match My Mola image database, which consists of more than a thousand

photo events (PhE). PhEs are 1-3 images of the same individual captured by

the same diver during the same dive and the images can be of one or both sides

of the fish as illustrated in Figure G.2. Manually identifying sunfish between

PhEs is both hard and time-consuming and only 29 individuals have been

matched and verified by the marine scientists at this point. These individuals

form the basis of the TinyMola dataset as no ground truth is available for the

remainder of the dataset.

The sunfish have unique markings which are used to identify the individ-

uals. However, the markings on the fish are not identical on the two sides and

they cannot be directly compared. Therefore, we frame the re-identification

task to be side-specific and provide each side of the fish a unique ID. For each

ID there are images from at least two PhEs. However, there are cases where

two PhEs of the same individual include images from both sides in one of
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(a) Left side of the fish. (b) Right side of the fish.

Fig. G.2: Two images from the same photo event. The images are captured at different distances

and angles, and shows both sides of the fish.

(a) Low contrast. (b) Extreme angle.

Fig. G.3: Image variations. Sometimes the objects are only partly visible, the contrast may be low,

or the object is captured from an extreme angle.

the PhEs but not in the other. These ’unpaired’ images are named singles if

they do not match with images from any other PhE. We have a total of 41 IDs

shared among 14 left-side, 17 right-side, and 10 single IDs as summarized in

Table G.1.

The quality of the images vary extensively depending on the turbidity of the

water, attenuation of light, occlusion, and camera settings [19]. Two examples

illustrating some of the variations can be seen in Figure G.3. The resolution of

the images varies from 0.1 to 16 megapixels (MP) with a mean around 4 MP

and an object resolution around 1 MP on average. To standardize the images

we resize them to a resolution of 640x480 and convert them to gray-scale.

Table G.1: TinyMola Dataset composition.

Left Right Singles Total

IDs 14 17 10 41

Images 37 44 10 91
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ROI
Find 

Keypoints
Match

Keypoints
Clean

Matches
Rank
IDs

Image 1

Image 2

Rank   ID   Matches

1
2
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19
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11
28
2

157
66
46
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18

Fig. G.4: The proposed pipeline. In the first module the ROI is either the full image, bounding

box, or instance segmentation. Next, keypoints are located (illustrated as yellow circles). During

matching some keypoints are not paired (represented by red circles). Ambiguous or weak key-

points are dismissed during cleaning and lastly the images are ranked based on the number of

keypoint matches.

4 Method

As previously mentioned, re-identification of sunfish is currently conducted

manually by marine researchers. The researchers crop the image around the

target and look at markings across all overlapping body parts on the two

images. If the markings are barely visible the image may be subject to contrast

enhancement. The images are then compared pair-wise to images of other

sunfish and matches are noted and examined by other matching-experts, to

confirm that the images are of the same individual.

We propose a solution inspired by the manual process for ranking the

images based on the number of matching keypoints. The pipeline is illustrated

in Figure G.4 and the modules are described below.

4.1 Region of Interest
We want to investigate whether cropping the image has an effect on the perfor-

mance of the system. Therefore, we evaluate three levels of segmentation: 1)

full image, 2) bounding box, and 3) instance segmentation. An ImageNet [20]

pre-trained Mask R-CNN 50 FPN model [21] from Detectron2 [22] is used for

segmenting the objects. The model is fine-tuned for 300 epochs with a batch

size of 6 and a train split consisting of 100 random images of sunfish from the

Match My Mola database, which are not part of the TinyMola dataset. The

fine-tuned model achieves an average precision of 87.7% on the segmentation

task and the bounding boxes are simply drawn around the segmentations.
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4.2 Keypoints
The body of a sunfish is highly rigid, except for the dorsal and pelvic fins.

Consequently, the markings on the fish are mainly affected by affine transfor-

mations such as rotation and scale. We test and evaluate the performance of

two handcrafted feature descriptors (SIFT and RootSIFT) and one state of the

art deep learning based feature descriptor (SuperPoint), which are all summa-

rized here.

The Scale Invariant Feature Transform (SIFT) keypoint descriptor was pro-

posed by Lowe [23, 24] and has been among the most popular keypoint de-

scriptors for two decades. Interest points are located in the image by creating

a scale-space using difference-of-Gaussians and finding consistent extrema

points. A histogram of oriented gradients (HoG) with 36 bins is created from

a region around the point and used to assign an orientation to the keypoint.

The SIFT descriptor itself is based on a 4x4 matrix of normalized HoG features

with 8 bins resulting in a feature vector with 128 values.

Originally, Lowe proposed to match SIFT features by Euclidean distance,

however, as noted by Arandjelovic and Zisserman [25] the Hellinger kernel has

often been used to compare histograms as it commonly yields superior results

compared to Euclidean distance. As the SIFT descriptor is based on histograms

they proposed an enhanced method named RootSIFT, which consists of two

additional steps: 1) L1-normalize the SIFT feature vector and 2) square root

each element. Consequently, comparing RootSIFT features using Euclidean

distance, is equivalent to compare SIFT features using the Hellinger kernel,

which often increases performance.

Recently, deep learning has been used to both detect and describe key-

points. SuperPoint [26] is among the state of the art methods that handles both

tasks jointly. SuperPoint is a CNN that has been trained on synthetic data of

angular shapes, such as triangles, lines, and cubes. Subsequently, the model is

finetuned on images from MS-COCO [27] in a self-supervised manner using

homographic adaptation, which is the use of random homographies to learn

image-to-image transformations that may appear in real world scenarios. The

SuperPoint feature vector has a dimensionality of 256.

We evaluate the performance of all three descriptors with default param-

eter values and a maximum of 1024 keypoints per image. All the keypoint

descriptors are calculated on the full image, but is only part of the matching

process if they are located within the ROI.

4.3 Keypoint Matching
Finding corresponding keypoints in two images is a matter of determining

which pair of features that are most similar (nearest neighbor) determined

by a distance function. In the following we will very briefly describe two

218



4. Method

traditional methods (brute-force and kd-trees) and a graph neural network

(SuperGlue) for finding the nearest neighbor.

Depending on the problem, and the dimensionality and nature of the data,

keypoint matching has commonly been done using brute-force methods or kd-

trees [28]. Brute-force methods compare all elements in the two distributions

and are guaranteed to find the best match, but the processing time can be high

for large distributions. On the other hand, kd-trees do not guarantee to find

the best match, but are faster for large distributions. As the TinyMola dataset

is small and the task is an offline problem we use brute-force to match the

keypoints to get optimal results.

Recently, deep learning has made its entry into keypoint matching and

SuperGlue [29], proposed by the team behind SuperPoint, is currently one of

the state of the art methods. For each keypoint SuperGlue takes the position

and feature descriptor as input and encodes it using a multilayer perceptron.

The spatial and visually encoded feature vectors are fed into a graph neural

network that utilizes self- and cross-attention to compute matching descriptors.

A similarity matrix is computed with added "dustbin" columns and rows to

handle non-matched keypoints. Lastly, the Sinkhorn algorithm is used to

compute the optimal partial assignment.

The SuperGlue algorithm is designed to be used with SuperPoint which

has twice as many elements as SIFT and RootSIFT. Therefore, to make a fair

comparison we use brute-force to match the SIFT, RootSIFT, and SuperPoint

descriptors. Additionally, we also match SuperPoint features using two pre-

trained SuperGlue models: SGIndoor, that has been trained on indoor images

from ScanNet [30] and SGOutdoor that has been trained on a subset of outdoor

images from YFCC100M [31].

4.4 Clean Matches
Naively matching the closest keypoints can lead to poor results. For this

reason, David G. Lowe introduced the distance ratio test [24] as a way to

dismiss keypoints that are ambiguous. If the ratio between the distance to

the nearest and second nearest neighbor is above a threshold, the keypoint is

considered too uncertain and is discarded. The optimal threshold depends on

the nature of the data and if it is too low too many correct matches may be

discarded and vice versa.

When using the brute-force method to match the keypoints we clean the

matches using the distance ratio test with a threshold of 0.8 as proposed by

Lowe [24]. We do not clean the matches proposed by SuperGlue as it dismisses

weak and ambiguous candidates through the dustbin and the Sinkhorn assign-

ment scheme.
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5 Evaluation

We evaluate the performance of the proposed methods by their mean average

precision (mAP) per rank. We view every image of the dataset (except the

single images) as probes and compare each probe against all the other images,

which we call the gallery images. The single images are included in the set

of gallery images. There is always at least one gallery image with the same

ID as the probe and we name these the hit images. We calculate the average

precision as

AP =
1

𝐻

𝑘∑
𝑛=1

𝑃𝑛𝑅𝑛 , (G.1)

where 𝐻 is the number of hit images, 𝑘 is the rank, 𝑃 is the precision, and 𝑅 is

a relevance function. The precision is given by

𝑃 =
TP

TP + FP

(G.2)

where TP is the number of true positives and FP is the number of false posi-

tives. The relevance function, 𝑅, takes a value of 1 or 0 depending on whether

the match is a hit or not. The rank decides the number of matches to take

into account and the matches are sorted in a decreasing manner based on the

number of keypoint correspondences between the probe and gallery image.

The number of hit images is bounded by the rank such that we have 𝐻 ≤ 𝑘.

An example of calculating the AP is given below where 𝐻 = 3 and 𝑘 = 5. The

filled and empty circles represent hits and misses, respectively.

Rank 1 2 3 4 5

Match

AP
1

3
( 1

1
+

2

2
+ 0 +

3

4
+ 0 ) = 0.92

Lastly, the mean AP is given by

mAP =
1

𝑁

𝑁∑
𝑖=1

AP𝑖 (G.3)

where 𝑁 is the number of probes.

6 Results

The performance of the system is measured by the mAP which is presented

against the rank in Figure G.5. There are several interesting aspects that can
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Fig. G.5: Evaluation results. The legends specify descriptor-matching-segmentation, e.g., SP-

SGIndoor-BB is a combination of the SuperPoint descriptor, SuperGlue indoor matching, and

bounding box segmentation. The handcrafted feature descriptors (SIFT and RootSIFT) show weak

performance compared to the deep learning based SuperPoint descriptor. The difference between

using brute-force matching and the graph-based SuperGlue is less profound and the segmentation

level seems to affect the performance ambiguously. The mAP presented in the legends are from

the last rank.

be seen from the results. One thing to notice is the significant difference in

performance between the feature descriptors. For both of the handcrafted

descriptors (SIFT and RootSIFT), the mAP at rank 1 is close to zero indicating

that the ranking is more or less based on coincidence. On the other hand, the

deep learning based SuperPoint descriptor shows promising results both when

using brute-force matching and SuperGlue. Decreasing the region of interest

seems to have an ambiguous effect; for RootSIFT, SIFT, and SP-SGOutdoor it

generally worsen the performance, but for SP-BF and SP-SGIndoor it increases

the performance.

Both SIFT and RootSIFT have few hits on the first rank, but the precision

increases up to rank 10 and stabilizes. On the other hand, we see that the

SuperPoint based methods all perform well already on rank 1 and their per-

formance increases slightly before dropping and stabilizing, which indicates

at least a single hit among the first few ranks.

The SP-BF methods generally perform better than the graph-based Su-

perGlue model trained on indoor images and the SP-BF-Seg (56.86%) even

beats the SP-SGOutdoor-Seg method (55.69%). This indicates that the train-

ing data has an effect on the performance of the SuperGlue algorithm. The

performance difference between the SGIndoor and SGOutdoor may be due
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to the outdoor images resembling the underwater domain to a larger degree

than indoor images. However, there is most likely a gap between the terres-

trial and underwater domains and we suspect that better performance can be

achieved by training a SuperGlue model on underwater images. Even so, the

SP-SGOutdoor-BB display the strongest performance with an mAP of 60.34%

at full rank.

The results indicate that our solution can significantly reduce the search

space for the volunteers who are currently manually matching the images in

the Match My Mola project. Instead of comparing with every image in the

database, the volunteers may only need to look at the top ranked suggestions

to find potential strong matches.

7 Conclusion

We propose a pipeline for re-identification of Giant Sunfish (Mola alexandrini)
that requires no domain adaptation or training. The pipeline is based on

publicly available methods for keypoint detection, description, and matching.

The evaluation is based on the novel Tiny Mola Dataset, which consists of

underwater images of the Giant Sunfish captured in diverse environments.

We found that the largest impact on performance was based on the choice

of descriptor, while the level of segmentation had a low and ambiguous effect.

The deep learning based SuperPoint descriptor outperforms the handcrafted

keypoint descriptors SIFT and RootSIFT. Good results were obtained with both

brute-force matching and the graph neural network based SuperGlue match-

ing. The best performance was achieved using a combination of SuperPoint

and SuperGlue with a score of 60.34% mAP on full rank.

None of the methods in the proposed pipeline have been trained or adapted

to underwater environments or fish in general. Therefore, the results indicate

that the pipeline may also be applicable out-of-the-box in other domains (both

terrestrial and underwater). The solution seems especially suited for low-

budget or volunteer-based wildlife conservation projects without sufficient

data for training supervised machine learning algorithms.
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1. Introduction

Abstract

The Giant Sunfish (Mola alexandrini) has unique patterns on its body, which allow
for individual identification. By continuously gathering and matching images, it is
possible to monitor and track individuals across location and time. However, matching
images manually is a tedious and time-consuming task. To automate the process,
we propose a pipeline based on finding and matching keypoints between image pairs.
We evaluate our pipeline with four different keypoint descriptors, namely ORB, SIFT,
RootSIFT, and SuperPoint, and demonstrate that the number of matching keypoints
between a pair of images is a strong indicator for the likelihood that they contain the
same individual. The best results are obtained with RootSIFT, which achieves an mAP
of 75.91% on our test dataset (TinyMola+) without training or fine-tuning any parts
of the pipeline. Furthermore, we show that the pipeline generalizes to other domains,
such as re-identification of seals and cows. Lastly, we discuss the impracticality
of a ranking-based output for real-life tasks and propose an alternative approach by
viewing re-identification as a binary classification. We show that the pipeline can be
easily modified with minimal fine-tuning to provide a binary output with a precision
of 98% and recall of 44% on the TinyMola+ dataset, which basically eliminates the
need for time-consuming manual verification on nearly half the dataset.

1 Introduction

The world’s heaviest bony fish, the elusive ’giant sunfish’ (Mola alexandrini),
can reach an impressive weight of more than two tons [1, 2]. Globally, sunfish

are rarely seen by divers, but are frequent seasonal visitors to the Bali area,

Indonesia [3]. Here, they seek cleaner fish interaction for removal of skin para-

sites, and are a highly popular target of the local SCUBA tourism industry [4].

Little is known of this seasonal sunfish phenomenon, including if the tourism

is reliant on a small, local sunfish population with high site fidelity, or transient

sunfish with low re-visitation rates. Understanding this is critical for assessing

the potential impacts (and any need for regulation) of diver crowding, which

causes disruptions to sunfish–cleaner fish interactions [3].

To investigate this, the citizen science- and volunteer-based project, Match

My Mola [5], collects and curates sunfish images from the Bali area, taken by

tourist divers, for photo re-identification purposes. Currently, images are man-

ually compared pair-wise, as illustrated in Figure H.1, to assess re-sightings of

individuals over time. However, with an increasing number of images, match

time becomes a significant challenge. Therefore, we previously proposed a

pipeline for automated re-identification of giant sunfish based on keypoint

matching, which we published as a workshop paper [6]. We found that our

solution worked well as part of a human-in-the-loop system where marine re-

searchers were provided the top-n ranked matches, however, the system relied
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on manual labor to visually match and sort out wrong matches. In this article,

we expand upon our previous work, providing more insights and proposing

an enhanced pipeline that includes and additional pre-processing step to in-

crease the performance. Additionally, we discuss the impracticality of a ranked

output and propose a modified pipeline, viewing the re-identification prob-

lem as a binary classification, which we argue is more suitable for an efficient

human-in-the-loop system.

Our contributions include:

1. A computer-vision-based re-identification pipeline that requires no train-

ing or fine-tuning;

2. A demonstration of the generalization attributes of the proposed pipeline;

3. A comparison and performance evaluation of the handcrafted and deep-

learning-based keypoint descriptors, i.e., ORB, SIFT, RootSIFT, and Su-

perPoint, with respect to the re-identification task;

4. A discussion on the impracticality of having a ranked output from re-

identification systems and a novel solution to make the proposed system

more practical.

Fig. H.1: Giant sunfish have unique patterns on their bodies, which can be used for photo

identification. Traditionally, marine researchers have matched images by manual visual pattern

recognition focused on the body markings, as illustrated in these two examples.

2 Related Work

Photographic identification has been used for studying wild animals for decades [7–

10]. It allows researchers to identify the same individual across time and lo-

cation, but it requires manual labor to obtain the photographs and match the

individuals from the captured footage. Citizen science projects and camera

traps have proven to be effective and irreplaceable methods to gather large

amounts of data. However, as a database grows, so does the need for manual

labor for identifying the specimens captured in the images or videos. This has

lead to an increase in the use of computer vision systems as an assistive tool

within biology and ecology [11–13].
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Image processing and pattern matching techniques have been used to iden-

tify individuals of many types of animals, including whale-sharks [14, 15],

spotted raggedtooth sharks [16], fish [17, 18], rays [19], seals [20], birds [21],

wild terrestrial animals such as zebras, tigers, polar bears, and giraffes [22–

26], and farm animals [27, 28]. Traditional hand-crafted features, such as

SIFT [29], RootSIFT [30], and SURF [31], have been used extensively in an-

imal re-identification [22, 27, 32–37]. The common pipeline includes a pre-

processing step for finding regions of interest in an image concentrated around

the target animal. This is often followed by an image enhancement step aimed

at distilling unique patterns on the body of the animal. Keypoints are then de-

tected and features (keypoint descriptors) are extracted centered around these

points. This is followed by a matching scheme based on minimizing some

distance function between the keypoint descriptors in sets of images [38, 39].

Lastly, the matches are typically cleaned, e.g., using RANSAC [40], to remove

potential outliers, and a final set of matches is used to decide on the IDs of the

animals based on some similarity score.

Recently, deep-learning-based methods have become a popular means for

handling re-identification problems within marine computer vision. Bergler et al.

proposed a multi-stage deep-learning-based framework for detecting and

identifying individual killer whales [41]. They trained and used a YOLOv3

model [42] for detecting dorsal fins and a multi-class classification ResNet-34

model [43] for determining the identity of the killer whales. Wang et al. pro-

posed to use a Siamese network and adversarial training to identify whales

by their flukes [44] and Nepovinnykh et al. trained a Siamese network for

Saimaa Ringed Seal re-identification [45]. In another work concerning seals,

Chelak et al. [20] proposed a new global pooling technique named EDEN

and illustrated that the deep features of a modified and fine-tuned ResNet-18

model are suitable for re-identifying Saimaa Ringed Seals. In the work done by

Bouma et al., they trained a ResNet-50 model using a triplet loss for identifying

dolphins by their flukes [46]. ResNet-50 was also used by Moskvyak et al. in

their work on re-identification of manta rays [47, 48], where they proposed to

embed the feature vectors by body landmark information and use a weighted

combination of three losses. On a higher level, Schneider et al. investigated

how the performance of CNNs was affected by using either Siamese networks

or triplet loss for animal re-identification and found that triplet loss generally

outperforms Siamese networks [49].

A common property of all the aforementioned methods is the requirement

for training data, parameter fine-tuning, or domain adaptation. However, it is

demanding to capture images in wild underwater environments and marine

image datasets are, therefore, often sparse. This typically leaves little to no

room for high-quality training, testing, and validation splits, as is the case

with the giant sunfish dataset that we are evaluating in this work.
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3 Match My Mola Re-Identification Dataset

Match My Mola is a citizen science- and volunteer-based project that collects

images of sunfish from the Bali area in Indonesia. It is the largest curated

collection of sunfish images, that we are aware of, and is a valuable resource

for ongoing research in the ecology of the giant sunfish in the Bali area. The

images in the database are currently only used for photo identification, but the

project aims to expand the use of the images in the future to other areas, such

as estimating injury rates from local boats and fishing gear. The photo identi-

fication approach allows marine scientists to examine if the same individuals

frequent the local reefs several times within and between years, and thereby,

better understand if the local tourism industry is reliant on residing or transient

individuals. In our previous work on re-identification of sunfish [6], we used a

subset of the Match My Mola image database, which we named the ’TinyMola’

dataset. It consisted of all the (at that time) manually annotated and verified

image pairs of the Match My Mola database which totaled 91 images of 29 indi-

viduals. However, the Match My Mola image database contains thousands of

photos and researchers and volunteers are continuously matching the images

by manual visual inspection. This also means that more individuals have been

identified since our previous work was conducted and the annotated part of

the Match My Mola database currently contains 224 images of 75 individuals.

Therefore, to strengthen our findings, we use an expanded second iteration of

the TinyMola dataset that contains the images of the 75 individuals. We name

this expanded version of the dataset TinyMola+.

Giant sunfish have unique and intricate whitish body patterns which are

well suited to identify individuals [50], as has also been suggested for the

close relative Mola mola [51]. The contrast of the patterns can vary widely

depending both on image quality, environmental factors at the time of photog-

raphy, but also the physiological state of the patterns themselves. Like many

other fish species, giant sunfish are capable of rapid physiological coloration

change, whereby low-contrast patterns can become bold and clearly visible in

seconds [50]. The patterns themselves, however, are stable during the change,

and are also stable over at least 7.2 years [50], and are, therefore, a robust

characteristic for photo identification.

The images of the Match My Mola database are grouped in photo events

(PhE), which contain 1–3 images per side of the same individual captured by

the same diver during the same dive. The markings on the giant sunfish are not

identical on the two sides, which is also the case for Mola mola [51], and they

cannot be directly compared, see Figure H.2. Therefore, we frame the re-

identification task to be side-specific and provide each side of the fish a unique

ID in order to measure the performance of the proposed re-identification

pipeline appropriately. For each ID, there are images from at least two PhEs.
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In Figure H.2, we present images of a giant sunfish named ’Dabra’ from two

photo events. Notice that this individual has been recorded from both sides,

and therefore, has a unique ID for each side.

Fig. H.2: This giant sunfish has been recorded from both sides in two different photo events (PhE).

The patterns on one side cannot be compared to the patterns on the opposite side; therefore, it has

a unique ID for each side.

There are cases where two PhEs of the same individual include images

from both sides in one of the PhEs but not in the other. With the side-specific

composition, TinyMola+ has a total of 224 images containing 83 IDs divided

into 41 left-sided and 42 right-sided IDs, with 116 and 108 images, respectively.

The images have been gathered from a total of 166 photo events. Most of the

images are captured by tourist divers and the quality of the images varies

extensively. This is amplified by the turbidity of the water, attenuation of

light, occlusion, image compression, and more [52]. Examples illustrating

some of the variation of the dataset can be seen in Figure H.3. The resolution

of the original images varies from 0.1 to 16 megapixels (MP) with a mean

around 4 MP and an object resolution around 1 MP on average. However, all

the images from the Match My Mola database have been manually cropped

around the sunfish by the researchers who curate the database to ease their

manual inspections. We use the cropped images in our work to focus on the

re-identification task.

Fig. H.3: Example images from TinyMola+. The quality varies widely between the images and

some have high resolutions, clear objects, and distinct patterns, while others have very low

resolutions, reduced contrast, and vague patterns.
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4 Method

The process of identifying the sunfish on the images is currently conducted

manually by marine researchers or trained volunteers. This includes cropping

the image around the target and comparing markings across all overlapping

body parts on the two images. The images are compared pair-wise and matches

are noted and examined by other matching experts, to confirm that the images

are of the same individual. Our solution, described below and illustrated

in Figure H.4, is inspired by the manual process and is an improvement to

our previous work on the re-identification of the giant sunfish [6], with an

additional pre-processing step.

Fig. H.4: The proposed module-based pipeline with illustrations of an image pair containing

the same individual with ID = K (the subscripted number signifies that the images are not the

same). In the pre-processing module, the image contrast is enhanced for both images and then

the keypoints are detected and matched in the following two modules. Lastly, the gallery images

are ranked based on the number of matching keypoints (MKPs), where a higher number indicates

a stronger similarity.

4.1 Pre-Processing—Contrast Enhancement
The quality of the images in the TinyMola+ dataset varies to a large degree

depending on when and where the images were taken and by whom. This

leads to the patterns on the sunfish being less pronounced in some images,

e.g., due to the low contrast or low quality of the image. For this reason,

we investigated how contrast enhancement may affect the performance of the

pipeline. The aim was not to create realistic out-of-the-water images of the

sunfish, but rather to enhance the clarity of the patterns to potentially allow

for an increased number of distinct keypoints. It should be noted that this

module is an addition to our previously proposed method [6].

For enhancing the contrast, we chose the well-proven contrast limited adap-

tive histogram equalization method [53] (CLAHE). CLAHE enhances the con-

trast in the image adaptively by processing the image as a set of smaller patches

and equalizing the local patch-based histograms (in opposition to a global
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equalization, which often leads to undesirable results). In addition to the

adaptive equalization, CLAHE includes a clipping step to minimize the en-

hancement of noise. We present a range of varied examples from TinyMola+

processed by CLAHE in Figure H.5.

Fig. H.5: The images in the first row have not been processed. The second row contains the same

images after the contrast has been enhanced using the CLAHE algorithm. Notice how the patterns

stand out more clearly as the contrast is increased.

4.2 Keypoint Detection
The body of a sunfish is highly rigid, except for the dorsal and anal fins [54].

Consequently, sunfish captured on images at different times and locations are

mainly affected by affine transformations, such as rotation and scale, and we

can utilize this to determine whether a pair of images contains the same in-

dividual. Detecting and describing points affected by such transformations

have been studied intensively for decades in fields such as image registration

and tracking. Candidate locations are typically known as keypoints or interest

points and they must be characteristic in some manner, e.g., a corner or a high

intensity pixel in a low intensity neighborhood. In this work, we evaluated the

performance of three handcrafted feature descriptors, i.e., SIFT [29, 55], Root-

SIFT [30], and ORB [56], and the state of the art deep-learning-based feature

descriptor SuperPoint [57] with respect to the re-identification of individual

sunfish. Each of the aforementioned methods are summarized in this section.

Probably the most widely used hand-crafted keypoint descriptor is the

Scale Invariant Feature Transform (SIFT) [29, 55], which was proposed two

decades ago. SIFT features are based on extrema points that are consistent

throughout a difference of Gaussians scale space. When an extrema point

has been located, a histogram of oriented gradients (HoG) is created from the

region surrounding the pixel. An orientation is assigned to the keypoint based

on the normalized HoG features. The SIFT keypoint descriptor itself is based

on a 4 × 4 matrix of normalized HoG features with 8 bins, resulting in a feature

vector with 128 values.

Following the publication of SIFT, Arandjelovic and Zissermann noted that

matching the features using Euclidean distance, as proposed in the original pa-
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per, is not always the best solution [30]. SIFT features are based on histograms

and the Hellinger kernel is typically preferred over Euclidean distance when

comparing histograms. Therefore, Arandjelovic and Zissermann proposed to

L1-normalize the SIFT feature vector and take the square root of each element

subsequently, naming this new feature descriptor RootSIFT. Practically, this

means that matching RootSIFT features using the Euclidean distance is equiv-

alent to matching SIFT features using the Hellinger kernel, which typically

improves the results.

A more recent hand-crafted feature descriptor is the Oriented FAST and

Rotated BRIEF [56] (ORB), which, as the name implies, is based on a combi-

nation of the FAST keypoint detector [58] and BRIEF keypoint descriptor [59].

FAST and BRIEF were designed to be both fast and accurate, but have several

downsides. FAST responds greatly along edges, but has no way of measuring

cornerness, which is otherwise typically considered a salient feature. In ORB,

this is handled by sorting the keypoints using a Harris corner measure [60] and

only picking the top candidates. Furthermore, a scale pyramid is employed

and features are produced at each level to handle the lack of scale-invariant

keypoints. Lastly, a keypoint orientation is included based on the assumption

that the intensity of corners are offset from their centers. This also solves

the main problem with the BRIEF descriptor not being able to handle rota-

tions. The orientation of the FAST corner keypoint is used to steer the BRIEF

descriptor, which thereby becomes rotation-invariant.

Learned feature descriptors have gained attention with the popularization

and accessibility of strong GPUs to efficiently train deep learning models. A

seminal work in this field is the self-supervised keypoint detector and descrip-

tor SuperPoint [57], which is a fully convolutional neural network (CNN) with

a shared encoder and two decoder heads for keypoint detection and descrip-

tion, respectively. The authors proposed to train a base model with just the

decoder head for keypoint detection, named MagicPoint, on purely synthetic

data of angular-shaped objects. They then used MagicPoint to create pseudo

ground-truth labels on real images. This was done by warping the input im-

ages using random homographic transformations, detecting keypoints in the

warped images, and aggregating the unwarped set of keypoints into a su-

perset of labels. The homographic adaption of real images allows for jointly

self-supervised training of the SuperPoint keypoint detector and descriptor to

be invariant to scaling and rotation.

Giant sunfish re-identification presents challenges to all four descriptors.

For example, Figure H.6 shows two image pairs of the same individual along

with the matching keypoints (MKPs). The first example contains two im-

ages with relatively low contrast, while the individuals in the second example

are rotated in relation to each other. These examples highlight some of the

obstacles that can complicate keypoint detection and matching for the respec-

tive algorithms.
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Fig. H.6: Two examples of image pairs with certain characteristics that can complicate the process

of detecting and matching keypoints. The image pairs in the first example (left) have relatively low

contrast, while the image pairs in the second example (right) are heavily rotated in relation to each

other. In the first example, ORB finds a multitude of matching keypoints, though a large part of

them are false positives, SIFT and RootSIFT find few and relatively imprecise keypoints, and lastly,

SuperPoint finds a decent amount of mostly precise keypoints. In the second example, ORB finds

both correct and incorrect matching keypoints, SIFT and RootSIFT find many correct matches,

and SuperPoint finds very few matches. Note that the images have not been contrast-enhanced

and the colors of the lines are only for visualization.

4.3 Keypoint Matching
The keypoints are described by feature vectors, and to determine whether

keypoints in two images represent the same point on the object, we measured

the distance between the vectors. Depending on the problem, dimensionality,

and nature of the data, keypoint matching has commonly been performed

using brute-force methods or kd-trees [61]. Brute-force methods compare all

elements in the two distributions and are guaranteed to find the best match,

but the processing time can be high for large distributions. On the other

hand, kd-trees do not guarantee to find the best match, but are faster for large

distributions. As there are, in our case, no time constraints on the task and the

dataset is relatively small, we performed an exhaustive search and matched the
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keypoints using a brute-force method. SIFT, RootSIFT, and SuperPoint features

were matched based on the L
2

distance and the ORB features were matched

based on the Hamming distance due to the binary nature of the features.

Naively matching the closest keypoints can lead to poor results. For this

reason, David G. Lowe introduced the distance ratio test [29] as a way to

dismiss keypoints that are ambiguous. If the ratio between the distance to

the nearest and second nearest neighbor is above a threshold, the keypoint is

considered too uncertain and is discarded. The optimal threshold depends on

the nature of the data, and if it is too low, too many correct matches may be

discarded and vice versa. We used the distance ratio test as the last step of the

keypoint matching module to clean our matches.

4.4 Ranking Images
For every image pair, we viewed the number of matching keypoints as a sim-

ilarity score, where a higher number of MKPs indicates a stronger similarity.

We sorted and ranked all images based on the number of MKPs, as illustrated

in Figure H.4. Note that the example in the figure is hypothetical and only for

visualization purposes.

5 Evaluation Protocol

It is not possible to manually determine whether the left and right side of

a giant sunfish belong to the same individual, except where photos exist of

both sides during the same photo event. Therefore, each side of an individual

was assigned different IDs. In cases where a photo event contains images of

both sides, but only one of the sides has a match from another photo event in

the dataset, the unmatched image was named a single and was considered to

be noise. Every image, except singles, was considered a probe 𝑝 ∈ 𝒫. Each

probe was compared against the gallery images, with 𝑔 ∈ 𝒢 being the set of all

images in the dataset except the probe. Note that the singles were included in

the gallery and there was always at least one gallery image with the same ID

as the probe.

5.1 Performance Metrics
Re-identification systems are typically evaluated based on their ability to rank

the gallery images by their similarity to the probe. Two of the most commonly

used metrics for evaluating ranking-based re-identification systems are the

cumulative matching characteristic (CMC) [62] and the mean average precision

(mAP) [63]. The CMC describes the accuracy of the system at a given rank and

is often presented as rank-k accuracy. The CMC score is inadequate in cases
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where the gallery contains multiple images that ID with the probe, as it only

refers to the highest ranked true positive gallery sample. Therefore, we also

evaluated our system by the mAP, which punishes suboptimal ordering of the

ranked gallery images. The CMC score at rank 𝑥 was computed as follows:

CMC
𝑥 =

1

|𝒫|

𝒫∑
𝑝

{
1, if any of the top-𝑥 ranked gallery images shares ID with 𝑝

0, otherwise

(H.1)

We calculated the average precision for probe 𝑝 at rank 𝑥 as follows:

AP
𝑥
𝑝 =

1

ℋ𝑝

𝑥∑
𝑛=1

pr𝑛𝑅𝑛 (H.2)

where ℋ𝑝 = min{|𝑔𝑝 |, 𝑥}, |𝑔𝑝 | is the total number of gallery images that shares

ID with the probe, and 𝑅 is a relevance function given by:

𝑅 =

{
1, if the gallery image is a true positive

0, otherwise

(H.3)

Moreover, pr is the precision, calculated as follows:

pr =
TP

TP + FP

(H.4)

where TP is the number of true positives and FP is the number of false positives.

Finally, the mAP for rank 𝑥 was found by:

mAP
𝑥 =

1

|𝒫|

𝒫∑
𝑝

AP
𝑥
𝑝 (H.5)

5.2 Pipeline Parameters
An essential aspect of this work was to design a pipeline that is suited for non-

technical staff. Therefore, in order to minimize the need for user involvement,

we chose default parameters for the methods included in the pipeline. In the

pre-processing module, the image contrast was enhanced with CLAHE. We

did not fine-tune the CLAHE parameters, but used a patch-size of 8 × 8 pixels

and a clipping limit of 3, which are commonly used settings. We used the

default settings for the four keypoint descriptors and we cleaned the matches

of SIFT, RootSIFT, and SuperPoint using the distance ratio test with a default

threshold of 0.8, as proposed by Lowe in the original SIFT paper [29]. We

generally used Python as the programming language and the OpenCV library

for implementing the image processing algorithms, such as CLAHE, SIFT,

RootSIFT, and ORB. We used the pre-trained SuperPoint model from Magic

Leap [57] implemented in PyTorch.
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5.3 Testing Data
Beside evaluating our pipeline on the TinyMola+ dataset, we included two

additional re-identification datasets with patterned animals for a more thor-

ough assessment of the system, namely, the SealID
patches

[20] and Open-

Cows2020 [28] datasets. As can be seen from the examples in Figure H.7,

the three datasets vary widely with respect to object appearance, image qual-

ity, and contrast, as well as the number of images per individual.

• The TinyMola+ dataset contains 83 individuals and 224 images of varying

sizes.

• The SealID
patches

test split contains 26 individuals and 836 images of size

256 × 256.

• The OpenCows2020 test split contains 46 individuals and 496 images of

varying sizes.
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Fig. H.7: Examples from the TinyMola+, SealID
patches

[20], and OpenCows2020 [28] datasets.

During evaluation, all images of the TinyMola+ and OpenCows2020 datasets

were resized to a maximum dimension of 640 pixels while keeping the aspect

ratio to ensure that the size of the objects were approximately similar between

the images. We did not resize the images of the SealID
patches

dataset, as they

had already been resized to 256 × 256 by the authors of the dataset in order

to ensure that the patterns are of approximately the same scale. Note that we

exclusively evaluated on the testing splits; we did not use the training splits,

as we did not train nor fine-tune our pipeline.
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6 Results

Recall that the aim of this work was to develop an automated re-identification

pipeline that requires no training data, as it can be extremely difficult and

time consuming to capture sufficient data to train robust supervised models

for marine tasks due to the harsh underwater environment. Furthermore,

underwater environments can vary widely visually, which means that the

pipeline should be able to generalize well. Hence, we conducted an evaluation

of the efficiency and adaptability of the suggested pipeline equipped with each

of the keypoint descriptors, in order to determine the optimal choice among

the four candidates.

First, we demonstrate the superiority of the new proposed pipeline com-

pared to the former pipeline [6] on the TinyMola+ dataset. Hereafter, we show

that the pipeline generalizes to other re-identification subjects with distinct pat-

terns by evaluating the system on two very different datasets: SealID
patches

[20]

and OpenCows2020 [28]. In Table H.1, we present results from our former and

new pipeline on the TinyMola+ dataset. We see a tendency indicating that the

number of matching keypoints can serve as a strong predictor for determining

whether two images contain the same individual. Our new pipeline outper-

forms the former solution with the SIFT, RootSIFT, and SuperPoint descriptors;

however, it performs significantly worse with ORB. The descriptor that obtains

the best performance on the TinyMola+ dataset is RootSIFT, which reaches an

mAP of 75.91%.

Table H.1: Results from the former [6] and current pipeline on the TinyMola+ dataset. We present

the CMC score for three ranks (1, 3, and 5). The best results are highlighted in bold. The difference

between the former and current solution is highlighted in green if the current solution is better

and red otherwise.

TinyMola+

Model CMC
1

CMC
3

CMC
5

mAP

Former𝑆𝑢𝑝𝑒𝑟𝑃𝑜𝑖𝑛𝑡 69.20 72.32 75.00 60.74

Ours𝑂𝑅𝐵 29.02 (−40.18) 36.16 (−36.16) 39.73 (−35.27) 23.97 (−36.77)

Ours𝑆𝐼𝐹𝑇 76.79 (+7.59) 82.14 (+9.82) 83.04 (+8.04) 70.20 (+9.46)

Ours𝑅𝑜𝑜𝑡𝑆𝐼𝐹𝑇 80.36 (+11.16) 84.38 (+12.06) 86.16 (+11.16) 75.91 (+15.17)

Ours𝑆𝑢𝑝𝑒𝑟𝑃𝑜𝑖𝑛𝑡 72.32 (+ 3.12) 77.23 (+ 4.91) 77.68 (+ 2.68) 63.88 (+ 3.14)

We present an overview of the results from the SealID
patches

and Open-

Cows2020 datasets in Table H.2. On SealID
patches

, our pipeline outperforms

the deep-learning-based and supervised solution proposed by the authors of

the dataset [20] with respect to the rank-1 accuracy. This is not the case for the

OpenCows2020 dataset, where the authors present a pre-trained ResNet-50

model fine-tuned with a combination of a softmax and reciprocal triplet loss
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(RTL) [28] that we are not able to match, although we obtained reasonable

results. It should be noted that it is unclear exactly how the authors of both

datasets calculate their accuracy, but to the best of our knowledge, it is the

CMC rank-1 accuracy. Additionally, we evaluated our method on the entire

testing split for both datasets and did not consider portions of known/un-

known ID’s between the testing and training splits as we did not need to train

nor fine-tune our pipeline as opposed to the other two solutions that needed

annotated training data.

We see that RootSIFT has a marginally higher mAP compared to SuperPoint

on the SealID
patches

dataset, while the opposite is true for the CMC rank-1 score.

This indicates that the two descriptors basically perform equally well on the

dataset and they are closely followed by SIFT. It is another story when looking

at the results for the OpenCows2020 dataset. SIFT and RootSIFT get extremely

low CMC rank-1 scores and the mAPs are also substantially lower compared

to SuperPoint. This is possibly due to CLAHE not having the desired effect on

the OpenCows2020 dataset, which contains a multitude of very small images.

A suboptimal configuration of CLAHE may induce an enhancement of noisy

elements instead of the actual patterns on the cow (which already have a high

contrast due to their naturally black and white colorization).

Table H.2: Results from the SealID
patches

[20] and OpenCows2020 [28] datasets. We present the

CMC score for three ranks (1, 3, and 5). The best results are highlighted in bold. Note that our

pipeline runs off-the-shelf, while the other solutions are trained specifically for the task at hand.

SealIDpatches OpenCows2020

Model CMC
1

CMC
3

CMC
5

mAP CMC
1

CMC
3

CMC
5

mAP

EDEN [20] 86.54 - - - - - - -

ResNet50
Softmax-RTL

[28] - - - - 87.55 - - -

Ours𝑂𝑅𝐵 77.87 83.49 86.24 31.70 35.08 43.55 50.60 22.59

Ours𝑆𝐼𝐹𝑇 92.82 95.93 96.29 49.95 0.81 77.02 83.67 28.75

Ours𝑅𝑜𝑜𝑡𝑆𝐼𝐹𝑇 93.18 97.01 97.49 57.34 0.81 82.46 86.69 31.51

Ours𝑆𝑢𝑝𝑒𝑟𝑃𝑜𝑖𝑛𝑡 94.86 96.89 97.13 56.97 73.79 83.27 85.69 39.52

We present three examples from the OpenCows2020 and SealID
patches

datasets in Figures H.8 and H.9 for each of the descriptors, respectively. All the

images in the examples have been processed by CLAHE. We see a tendency

that ORB generally finds many, but unreliable, matching keypoints. SIFT and

RootSIFT find many true MKPs, but also a portion of false MKPs between im-

ages of the same individual. SuperPoint generally finds fewer MKPs compared

to the other descriptors, but they seem to be more robust and very few false

positives are found.
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Fig. H.8: Matching examples from the OpenCows2020 dataset. The images have been processed

by CLAHE. The colors of the lines are only for visualization.

Fig. H.9: Matching examples from the SealID
patches

dataset. The images have been processed

by CLAHE. The colors of the lines are only for visualization.
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7 Discussion

We have seen that our proposed pipeline performs well on the TinyMola+

dataset and also seems to generalize well to other similar tasks. However,

conducting meaningful research on wild and elusive animals such as the giant

sunfish based on re-identification is challenging due to the time-consuming

task of obtaining and analyzing sufficient amounts of data. Therefore, it is

not uncommon that volunteers assist in data collection and data curation in

environmental and conservation projects. However, this also entails that the

personnel on these projects typically have diverse backgrounds and it cannot

be expected that they have technical skills to configure or train complicated

computer vision systems. Beside proposing a system that works in practice out-

of-the-box, an important part of this work is to design a system that requires

absolute minimal intervention from the user. A common approach to solve

re-identification tasks is by providing the top-n ranked images based on some

similarity score, as we did above. However, a ranked output has some negative

application-specific attributes:

1. It is not obvious how to decide the optimal rank;

2. It is time consuming to manually verify matches (both positive and neg-

ative);

3. It is difficult to evaluate the practicality of the system by standard metrics,

such as mAP and CMC.

In real-life applications, there is typically a human in the loop that needs

to verify the output of the re-identification system. Often, the user needs to

decide on the number of gallery images to look through (the rank). If the rank

is too low, the user will miss positive samples, and if the rank is too high,

the user will have to look through a multitude of false positives.

In short, a ranking-based output is not very practical in real-life applica-

tions. Alternatively, we suggest that the re-identification task can be viewed as

a binary classification problem, where a pair of images can either contain the

same individual or not. This allows for an arbitrary number of gallery images

that share an ID with the probe while liberating the user from deciding on the

number of proposals per probe to look through. In the following section, we

present a novel binary classification module as an alternative to the ranking

module and discuss its strengths and weaknesses.

244



7. Discussion

7.1 Re-Identification as a Binary Classification Problem
Only minor adjustments are required for the pipeline to deliver a binary output.

One method is to accept every image pair that has at least a single pair of

matching keypoints as a positive sample. However, as we know that all the

keypoint descriptors are likely to find noisy MKPs, this will lead to a huge

number of disordered false positive identifications, which is even less practical

than the ranked output. The key to a robust binary classification module is a

very high precision, meaning that very few false positives are accepted.

Thresholding the Minimum Number of Matching Keypoints

A way to minimize the number of false positives is to find a threshold for

the minimum number of MKPs needed for an image pair to be considered

a positive match. However, such a threshold includes finding a compromise

between reducing the number of false positives and increasing the number of

false negatives. This compromise can be visualized through a precision–recall

curve, where the precision and recall are calculated as:

pr =
TP

TP + FP

, rc =
TP

TP + FN

(H.6)

where TP are true positives, FP are false positives, and FN are false negatives.

A fabricated example with a probe and five gallery images can be seen in

Figure H.10. In the given example, one image has been correctly matched (a

TP) and three others have been wrongly matched (three FPs), illustrated by the

green check mark and red crosses, respectively. The right-most image has the

same ID as the probe, but has not been matched (an FN). In the given example,

pr = 0.25 and rc = 0.5.

Fig. H.10: An example with a probe and a gallery containing five images. The ID of each fish is

presented in the bottom left corner of the image by a letter. Four of the gallery images have been

matched with the probe; however, only the gallery image with the green check mark is correctly

matched. The gallery image that has not been matched with the probe shares the ID of the probe.

In total, this gives three false positives, one true positive, and one false negative.

The optimal compromise between precision and recall depends on the

task at hand. In our case, precision is critical and we want the highest possible

precision in order to remove the need for manual labor of verifying the samples.
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We present two precision–recall plots for the TinyMola+ dataset in Figure H.11

based on varying the minimum number of MKPs. Both plots contain curves

for each of the four keypoint descriptors.

The left plot contains a traditional precision–recall curve that shows that

SuperPoint reaches the best compromise between precision and recall, which

is highlighted by the area under the curve (AUC) presented in the legends.

The circles refer to the tipping point of the precision recall-curve’s ’shoulder’,

where the precision starts to decrease. The plot on the right is an elaboration of

the precision and recall values with respect to the MKPs threshold. Precision

and recall are both visualized on the vertical axis, while the horizontal axis

indicates the minimum number of MKPs. Note that the circles in the two plots

mark the same precision and recall values.
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Fig. H.11: The left plot shows a precision–recall curve based on varying the minimum number

of MKPs needed for an image pair to be classified as a positive match. The right plot expands

upon the precision–recall curve by showing both precision and recall plotted on the vertical axis

and the minimum number of matching keypoints on the horizontal axis. The circles in both plots

highlight the precision and recall values at the ’shoulder’ of the precision–recall curve.

ORB and SIFT give the worst performance with high precision at the ex-

pense of very low recall. RootSIFT outperforms the two other handcrafted

descriptors by reaching a recall of 0.34 and a precision of 0.99 at 𝑡 = 120.

Lastly, we observe that SuperPoint is able to reach a recall of 0.44 and preci-

sion of 0.98 at 𝑡 = 25. This means that 0.44% of the matches of the TinyMola+

dataset are found with a very high precision among the image pairs that shares

at least 25 MKPs, and it basically removes the need for user involvement in

almost half of the dataset. However, the number of MKPs alone is not the

only parameter that we can tune to remove false positives. By analyzing the

composition of the matching keypoints, we may be able to allow fewer MKPs,

and thereby, a higher recall, while preserving a high precision.
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Thresholding the Maximum Condition Number

The body of a sunfish is nearly flat and completely rigid, meaning that it ap-

proximates a plane well. We can exploit this by assuming that the matching

keypoints between an image pair point have the same spatial positions on two

identical planes, which allows us to compute the homography and estimate

the change in rotation and distance between the images. In our case, the ho-

mography describes the projective transformation between the planes spanned

by the bodies of the sunfish, which is naturally constrained. In the odd cases

where we have matching keypoints between images of different individuals, the

projective transformation between the planes will be unconstrained and am-

biguous. We can utilize this to minimize the number of false positive matches

by discarding image pairs with unlikely projective transformations.

A way to determine the unlikeliness of a projective transformation is by

looking at the condition number of the homography matrix. The condition

number, 𝜅, indicates to what degree a change in the input affects the output.

In the case of a homography matrix, this means that if the matrix is based

on a range of correct MKPs, a limited projective transformation is produced,

after which a small change to the input will only cause a small change to

the output. However, if the matches between the image pairs are wrong,

they will point to random spatial positions on the planes and not agree on a

common transformation. This leads to a system where even small changes to

the input will significantly alter the output. We calculate the condition number

as follows:

𝜅(𝐻) = 𝜎max(𝐻)
𝜎min(𝐻) (H.7)

where 𝜎max and 𝜎min are the maximum and minimum singular values, re-

spectively, and 𝐻 is the homography matrix computed from the matching

keypoints. A minimum of four matching keypoints are needed in order to

estimate the homography [64], but more MKPs are preferred to minimize the

impact of noisy matches. The condition number lies in the interval [1,+∞],
where a lower number implies a stronger candidate for a correct match and a

higher number indicates a more complex and unlikely transformation.

The examples presented in Figure H.12 are visual illustrations of the cor-

relation between the condition number of the homography matrix and the

soundness of the output image. Note that SIFT are used in all the examples;

however, similar patterns are observed for the other descriptors. The first ex-

ample contains an image pair of the same individual captured from different

angles. The MKPs are largely correct, and this is illustrated by a relatively sim-

ple projective transformation that causes the first image to align nicely with

the second image. The following four examples contain different individuals,

meaning that all MKPs are wrong. This is illustrated by complicated projective

transformations that lead to absurd and unrecognizable projected images.
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Projected image
Sift
Matches: 306
(H): 54,356

Projected imageSift
Matches: 19
(H): 5,959,175

Projected image

Sift
Matches: 40
(H): 112,600,808

Projected imageSift
Matches: 31
(H): 1,690,159

Projected image
Sift
Matches: 43
(H): 78,048,194,808

Fig. H.12: The example in the first row shows an image pair of the same individual and the

projected image in the third column is well aligned with the second image, as expected. The

following four rows show image pairs that contain different individuals, which means that the

matching keypoints are wrong per definition. The consequence is odd homography matrices

that lead to absurd projective transformations, as illustrated by the projected images in the third

column.
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7.2 Evaluating the Binary Classification
In Figure H.13, we present plots with precision–recall curves for each of the

keypoint descriptors when thresholding both the minimum number of MKPs

and the maximum condition number. Each curve in the plot is based on

varying the threshold, 𝑡, for the minimum number of MKPs, while the color

of the curve indicates the value of the condition number threshold parameter

ℒ. The four highlighted curves resemble the curves presented in Figure H.11,

with no threshold on the condition number. We see that the performance of

SIFT, RootSIFT, and ORB can be significantly improved by thresholding both

parameters, whereas the gain is negligible for SuperPoint. This is highlighted

by the AUC presented in the legends, which is sorted based on the threshold

value ℒ.

The best performance, according to the AUC, is obtained when ℒ ≈ 1×10
5
,

while lower AUC scores are seen for both higher and lower threshold values.

However, SuperPoint is an exception to the latter as it reaches an optimal

and stable performance for ℒ ≥ 1 × 10
6
. This indicates that the SuperPoint

features are more robust compared to the other descriptors and there is no

substantial gain in looking at the condition number, as every image pair that

has at least 25 MKPs is practically certain to be a correct match. It is possible

to obtain comparable results with SIFT and RootSIFT with respect to the AUC,

but it requires the user to fine-tune the minimum number of keypoints as well

as the maximum condition number, making them less applicable compared

to SuperPoint.

7.3 Summary
We demonstrate a practical alternative to the typical supervised ranking-based

re-identification model with the proposed pipeline equipped with SuperPoint

and the novel binary classification module. The main drawback of this ap-

proach is the need for a (minimal) fine-tuning of the MKPs threshold parame-

ter. However, the binary output has a range of benefits:

• It allows for an arbitrary number of gallery images that share an ID with

the probe (without forcing the user to be concerned about choosing an

optimal rank for the proposals);

• It effectively reduces the need for human verification;

• It allows for training supervised models on the automatically labeled

data (essentially making them unsupervised);

• The binary and ranked output can be combined by removing the bi-

nary classified positive samples and only manually inspecting the top-n

proposals of the remainder of the dataset.

249



Paper H.

Although thresholding the condition number did not result in increased

performance for SuperPoint, the use of homography to transform images al-

lows for a practical method of evaluating ranked proposals. Our examples

shown in Figure H.12 indicate that image pairs depicting different individu-

als display obscure projective transformations, making it easy to distinguish

projected images of matching vs. non-matching individuals. Adding trans-

formed images as an additional source to the original images may enhance the

practicality of our pipeline for manual verification of the top-n ranked images,

even though its effect cannot be quantified by traditional metrics, such as mAP,

CMC, precision, or recall. Future research on the re-identification of giant sun-

fish, and re-identification in general, should involve real-life assessments that

consider the entire human-in-the-loop setup to evaluate the efficacy of differ-

ent strategies in terms of accuracy, practicality, and efficiency. In particular,

the benefits of ranking vs. binary classification should be evaluated.
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Fig. H.13: Precision–recall curves for each of the four keypoint descriptors. The curves are based

on varying the minimum number of matching keypoints from 1 to 250, while the colors indicate the

threshold of the condition number. The legends present the AUC values sorted by the condition

number threshold parameter ℒ. Note that thresholding the condition number is nonessential for

SuperPoint, as the performance is stable when ℒ ≥ 1 × 10
6
.
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8 Conclusions

We propose a computer-vision-based pipeline for identifying individual giant

sunfish using keypoint matching. We evaluate the pipeline equipped with

each of the four keypoint descriptors: ORB, SIFT, RootSIFT, and SuperPoint.

The pipeline achieved a mean average precision of 75.91% on the TinyMola+

dataset without any training or fine-tuning. Furthermore, we demonstrate

that the pipeline generalizes well to other patterned species, such as seals

and cattle, where its performance is comparable to state-of-the-art supervised

methods concerning the CMC rank-1 score.

Lastly, we argue that a ranking-based output is not practical for real-life

scenarios, as it is challenging for users to determine an optimal rank. Instead,

we consider the re-identification task as a binary classification and introduce

an alternative output module that identifies image pairs with at least a single

pair of matching keypoints as positives. Initially, this approach resulted in

a high number of false positives, making it impractical. However, by only

accepting image pairs with at least 25 matching keypoints, we demonstrate

that giant sunfish can be robustly identified with a precision of 98%, a recall

of 44%, and an area under the precision–recall curve of 55%. This approach

eliminates the need for human verification of almost half of the TinyMola+

dataset.

Further research is required to thoroughly investigate how automated

computer-vision-based re-identification systems can be integrated into practi-

cal human-in-the-loop systems. A carefully considered balance between auto-

mated and human decision making is required to ensure that such systems are

effective and efficient in real-life scenarios and not just on the drawing board.
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