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Abstract

Visual surveillance is critical for ensuring safety and security, but challenges related
to data privacy and annotation biases persist. This thesis proposes solutions to reduce
reliance on labeled data in supervised learning for visual surveillance. Initially, it
focuses on multi-object tracking and highlights the need for annotated datasets. Sub-
sequently, alternative approaches including synthetic datasets, self-supervised repre-
sentation learning, and unsupervised learning are explored.

One proposed solution involves synthetic data generation, enabling accurate and
automated label generation. The thesis specifically addresses the detection of indi-
viduals falling into water by simulating a synthetic thermal dataset. Thermal datasets,
with their inherent privacy-preserving nature, are particularly suitable for visual surveil-
lance tasks while complying with data protection regulations.

Furthermore, the thesis addresses generic representation learning through self-
supervised tasks on large-scale image datasets unrelated to surveillance. A curricu-
lum learning approach is proposed to acquire robust and transferable representations
for limited labeled data in surveillance tasks. Initial results demonstrate improved
learned representations for image classification, with potential applications in various
visual tasks.

In addition, the thesis presents a solution for unsupervised anomaly detection,
eliminating the need for annotated datasets. It introduces self-supervised blocks that
incorporate spatial and spatio-temporal contexts through core convolutional layers.
These versatile blocks can be integrated into different architectures, resulting in sig-
nificant performance improvements in anomaly detection. Another solution in the
thesis focuses on separate consideration of temporal and spatial cues for anomaly
detection. Long-range temporal cues are generated by analyzing social interactions
among trajectories, while spatial cues are derived from frame embeddings extracted
from video sequences. This integration of cues enhances the system’s capability to
detect anomalies in complex video data.

Overall, this thesis provides alternative solutions to address bias and noise in
labeled datasets for visual surveillance. It emphasizes increasing dataset diversity
through synthetic data generation and adopting learning approaches that reduce re-
liance on labeled data.
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Resumé

Video overvågning er afgørende i sikkerhedsøjemed, men der er fortsat udfordringer
relateret til datasikkerhed og annoteringsbias. Denne afhandling foreslår løsninger til
at reducere afhængigheden af annoterede data til superviseret læring inden for vi-
suel overvågning. Indledningsvis fokuserer afhandlingen på multi-objekt tracking
og fremhæver behovet for annoterede datasæt. Efterfølgende udforskes alternative
tilgange, herunder syntetiske datasæt, selvsuperviseret repræsentationsindlæring og
usuperviseret læring.

En foreslået løsning involverer generering af syntetiske data, hvilket muliggør
præcis og automatiseret generering af annoteringer. Afhandlingen behandler specifikt
detektering af personer, der falder i vandet ved at simulere et syntetisk termisk datasæt.
Termiske datasæt er særligt velegnede til opgaver inden for videoovervågning på
grund af deres indbyggede datasikkerhedsegenskaber og overholdelse af databeskyt-
telsesregler.

Desuden adresserer afhandlingen generisk repræsentationsindlæring gennem
selvsuperviserede opgaver på storskala billededatasæt, der ikke er relateret til overvågn-
ing. En tilgang til kurriculumindlæring foreslås for at opnå robuste og overførbare
repræsentationer med begrænsede mængder annoterede data til overvågningsopgaver.
Indledende resultater viser forbedrede lærte repræsentationer til billedklassificering
med potentiale for forskellige visuelle opgaver.

Derudover præsenterer afhandlingen en løsning til usuperviseret anomalidetek-
tion, hvilket eliminerer behovet for annoterede datasæt. Den introducerer selvsuper-
viserede blokke, der inkorporerer rumlig og rumlig-temporal kontekstinformation via
kernekonvolutionelle lag. Disse alsidige blokke kan integreres i forskellige arkitek-
turer og resulterer i betydelige forbedringer i anomalidetektion. En anden løsning i
afhandlingen fokuserer på separat overvejelse af tidsmæssige og rumlige indikationer
til anomalidetektion. Langsigtede tidsmæssige indikationer genereres ved at analy-
sere sociale interaktioner mellem trajectorier, mens rumlige indikationer opnås gen-
nem billedindlejringer udvundet fra videosekvenser. Denne integration af indikationer
forbedrer systemets evne til at opdage anomalier i komplekse videodata.

Samlet set præsenterer denne afhandling alternative løsninger til at håndtere bias
og støj i annoterede datasæt til video overvågning. Den lægger vægt på at øge datasæt-
tets mangfoldighed gennem generering af syntetiske data, og ved at anvende læringstil-
gange der reducerer afhængigheden af annoterede data.
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Chapter 1

Introduction

Computer vision is a field that aims to replicate visual perception using artificial intel-
ligence models. While supervised learning has been successful in this field for many
years, it heavily relies on large datasets with labeled information specifically tailored
to solve particular problems. However, visual perception also involves learning from
background knowledge, acquired through simple observation [1]. This type of learn-
ing is not dependent on any specific task and cannot be expressed solely in terms of
labeled data. Although labeled data is valuable, it introduces biases to the system.
These biases can arise from various sources, such as noise in the human annotation
process or assumptions made by learning algorithms. One such naive assumption is
that training and test data come from the same distribution. However, the real world is
inherently complex, and the data encountered at test time may not be part of the train-
ing data. Utilizing fewer labeled examples is computationally efficient and mitigates
biases. In the context of visual surveillance, this thesis contributes to alternative solu-
tions to supervised learning, which traditionally relies on human-labeled data. These
solutions encompass synthetic data, representation learning, and unsupervised learn-
ing.

Visual surveillance is one of the most promising computer vision applications,
alongside industrial inspection and autonomous driving. Visual surveillance involves
collection, processing, and interpretation of video data incoming from various imag-
ing devices, including surveillance cameras and drones. These surveillance systems
can be deployed in different environments such as public spaces, hospitals, banks, and
government premises. Their primary objective is to detect suspicious activities, track
movement, and identify individuals to prevent crime. However, despite the signifi-
cant social benefits they offer, visual surveillance systems are also among the most
controversial AI applications. While they can greatly improve public safety and se-
curity, they raise significant ethical and legal concerns regarding individual privacy,
bias, and accountability. Therefore, it is crucial to develop AI-based surveillance sys-
tems that prioritize individual rights and freedoms while simultaneously enhancing

3



Chapter 1. Introduction

Fig. 1.1: Figure demonstrates a typical surveillance pipeline starting from the data acquisition from video
camera to raising an alarm when a suspicious event is detected

public safety. In addressing these issues, this thesis focuses on tackling the prob-
lem of fall detection specifically in the thermal domain. The thermal domain is in-
herently privacy-preserving, aligning with the General Data Protection Regulation
(GDPR) [2, 3] guidelines. Additionally, the thesis proposes a representation learning
solution that leverages pretraining on ImageNet [4], decoupling the learning process
from human-centric factors.

This thesis is part of the Milestone Research Program at Aalborg University (MRPA),
which aims to advance research in automatic visual surveillance. Milestone Systems,
a company that provides video management systems (VMSs), financed this PhD pro-
gram. VMSs record and manage video footage of CCTV cameras. The main building
blocks of automatic visual surveillance systems are illustrated in Figure 1.1, begin-
ning with the acquisition of video data, followed by data pre-processing. Computer
vision techniques, such as object detection, tracking, and recognition, are employed
to analyze pre-processed video. Behavioral patterns are then detected, and if potential
threats are identified, an automatic alarm is triggered. It is worthwhile to note that
visual surveillance systems receive a vast amount of video feed, and not all data is
equally valuable.

There are several challenges associated with data acquisition and annotation in au-
tomatic visual surveillance. Firstly, the data acquisition process is very tedious as it
is affected by lighting and weather conditions in outdoor surveillance. As the systems
run around the clock, there is a sheer amount of data produced as a result. Secondly,
even if we obtain large-scale good-quality data, annotating such a huge amount of data
is a very expensive process, and is further limited by human mistakes. High-quality
labels on the other hand are one of the most critical requirements for an automatic
surveillance system as corrupted labels might add noise to the system and thus de-
creases its robustness. Third, the most significant aspect of the surveillance system
is privacy concerns. Monitoring of public spaces by surveillance systems can be per-
ceived as an invasion of privacy, as individuals may feel monitored without their ex-
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Fig. 1.2: Figure demonstrates different approaches discussed in this thesis, based on their reliance on the
labeled dataset. Approaches based on synthetic data come with automatic labels, whereas self-supervised
and unsupervised require less and no labeled data respectively.

plicit consent. Additionally, surveillance systems can easily be biased towards certain
groups and result in discrimination and inequalities in society. These challenges make
surveillance dataset distribution even more difficult. This further limits incorporating
state-of-the-art methods for automatic visual surveillance. To overcome some of these
challenges, this thesis explores alternative solutions to mitigate the reliance on labeled
data and introduce a classification problem in the privacy-preserving thermal domain.

This PhD thesis addresses challenges related to data acquisition and labeling in
a wide range of visual tasks. Initially, supervised learning is employed to tackle the
tracking task, leveraging a lot of human-annotated data. However, dependence on ex-
tensive human annotations can add dataset biases in form of noisy labels. Therefore,
alternative approaches are explored in this thesis, as also shown in Figures 1.2. One
of the alternative solutions involves using synthetic datasets. Although this approach
shows promise, its applicability to all computer vision tasks is not universal. To over-
come this limitation, the research shifts focus towards more generic solutions, such
as self-supervised representation learning and unsupervised learning, which aim to
alleviate the data requirement issue. Self-supervised representation learning enables
the acquisition of generic representations through self-supervised tasks. This acquired
representation can then be fine-tuned to tackle multiple visual tasks, including track-
ing, object detection, segmentation, and classification, even in scenarios where labeled
data is limited. In addition, a substantial part of this thesis addresses the task of un-
supervised anomaly detection, which does not depend on the availability of labeled
data. Through the exploration and proposition of these alternative solutions, this the-
sis contributes to the advancement of automatic visual surveillance systems. A short
description of each approach in relation to this thesis is described below:
Synthetic datasets (No Human Annotations). Synthetic datasets [5, 6] generated
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through simulation, offer a valuable resource for training models without the need
for human annotations. These datasets provide annotated samples in a cost-effective
manner, offering a wide range of diverse data that can contribute to the development
of more generalized models. Additionally, synthetic datasets offer privacy-preserving
benefits, making them particularly exciting for surveillance applications. However,
it’s critical to note that they may not generalize well for every visual task as they fail
to capture the complexity of the real world.
Self-supervised Representation Learning (Less Labeled Data). Self-supervised
representation learning [7–9] is a promising solution for visual surveillance using lim-
ited labeled data. By learning a representation from a self-supervised task on a large-
scale dataset, model can capture relevant visual features useful for downstream tasks
such as tracking and object detection. Once model has learned a reliable represen-
tation of data, it can be fine-tuned with limited labels. Furthermore, self-supervised
learning can help address the problem of domain shift, where the distribution of the
training data is different from that of the test data, by learning more generalizable
representations of data.
Unsupervised learning (No Labeled Data). Unsupervised learning [10] is an ap-
proach that requires almost no labeled data. In the context of visual surveillance,
unsupervised learning can be used for anomaly detection methods [10–13]. Anomaly
detection methods can help identify events or activities that do not conform to nor-
mal behavior patterns in a given environment. This problem can be approached as a
one-class classification problem, where model is trained on normal data and identifies
instances that deviate from this normal behavior.

1 Thesis Structure
This PhD thesis primarily contributes to the Fundamental Tasks and behavior analysis
components of the automatic visual surveillance pipeline, as depicted in Figure 1.1.
In Fundamental Tasks, detection (for tracking) and classification approaches are con-
sidered, and in behavior analysis, anomaly detection is undertaken. Various computer
vision tasks within the context of visual surveillance discussed in this thesis are orga-
nized based on their reliance on annotated datasets. Consequently, the thesis is struc-
tured into four main research areas: (a) Supervised learning for multi-object tracking,
(b) Supervised learning with synthetic datasets for classification, (c) Self-supervised
representation learning for generic visual tasks, and (d) Unsupervised learning for
anomaly detection.

Figure 1.3 displays publications associated with each research direction. Chapter 2
introduces a supervised approach for learning task-specific representations, targeting
multi-object tracking (MOT). This chapter provides the problem statement for this
thesis, where large-scale human-annotated datasets are used that account for small
improvements in accuracy. Chapter 3 focuses on the generation of a synthetic dataset
in the thermal domain. This chapter simultaneously tackles automatic data labeling
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Fig. 1.3: Figure shows the collection of papers presented in this PhD thesis. Different alternative techniques
are arranged in order from requiring full-scale annotated data to no requirement of annotation.

and privacy preservation in surveillance videos.
Chapter 4 delves into generic representation learning by employing a self-supervised

task. These representations are usually fine-tuned with limited labeled data to effec-
tively address a wide range of visual tasks. Chapter 5 focuses on providing solutions
for anomaly detection in both still images and videos. It introduces a self-supervised
task (reconstruction) tailored specifically to anomaly detection, eliminating depen-
dence on labeled data. Finally, chapter 6 concludes this thesis and provides future
research directions associated with this project. The key findings in this thesis are
listed below:

• The synthetic dataset demonstrates remarkable generalization capabilities, par-
ticularly in the context of detecting humans falling into water as proposed in
this thesis. Nevertheless, it is important to acknowledge that synthetic datasets
may not consistently replicate real-world scenarios. Furthermore, personal bias
within synthetic datasets, originating from their creators, adds another layer of
complexity to model generalization. In such cases, exploration of solutions in-
dependent of labeled data proves valuable.

• Masked image modeling is a powerful pretext task for representation learning.
Employing this task enhances representation quality. Preliminary results show
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an improvement in representation through use of MIM in our proposed curricu-
lum learning framework. The pretraining step requires significant GPU memory
and large datasets. However, the acquired representation is applicable to multi-
ple visual tasks.

• Anomaly detection is a crucial problem in visual surveillance. The proposed ap-
proaches in this thesis learn specialized representations using reconstruction as
a self-supervised task while completely eliminating labeled data requirements.
The results highlight the effectiveness of the reconstruction task in providing a
strong representation for anomaly detection.

In summary, this thesis proposes potential solutions to address label bias in human-
annotated datasets. Two approaches are suggested: the utilization of synthetic datasets
and the adoption of self-supervised tasks. Synthetic datasets offer the advantage of
generating automatically labeled, diverse and accurate data. On the other hand, the
self-supervised approach tackles label bias by extracting labels directly from the data
itself and mitigates the reliance of pre-defined labels.
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Chapter 2

Supervised Learning for
Multi-object Tracking

Supervised learning has long been a dominant approach to solving various visual tasks
by leveraging annotated datasets to train deep neural networks (DNNs). With access
to labeled data, neural networks perform exceptionally. They have set new bench-
marks for tasks ranging from multi-object tracking, object detection, segmentation,
and image classification. This chapter discusses a noteworthy use case for supervised
learning, focusing on multi-object tracking designed for surveillance scenarios.

1 Introduction
Multi-object tracking (MOT) is an extensively researched field in computer vision
that holds substantial importance for various applications. MOT plays a pivotal role
in visual surveillance. It enables the monitoring and tracking of objects, such as in-
dividuals or vehicles, within a scene. By employing MOT techniques, a system can
accurately track multiple objects of interest and generate corresponding trajectories.
These trajectories serve as a valuable resource for analyzing object behavior, motion
patterns and planning future actions. This information is instrumental in enhancing
visual surveillance systems’ effectiveness.

MOT is a challenging task for several reasons. Firstly, presence of multiple objects
in the scene can lead to confusion during their associations, resulting in inaccurate pre-
dictions. Secondly, poorly captured surveillance videos pose additional challenges,
such as poor lighting conditions and varying weather conditions. These factors can
make object detection and tracking difficult, as objects may be poorly visible or par-
tially occluded. Thirdly, presence of incoming and outgoing objects in videos can
result in discontinuous tracks, making it challenging to maintain consistent object as-
sociations over time. Additionally, associating objects from different frames can be
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a complex problem. This chapter aims to address challenges associated with object
detection and improves the tracker’s performance.

Supervised learning for MOT has shown promising results in recent years, with
availability of large-scale annotated datasets such as MOTChallenge [1–3], KITTI [4],
and UA-DETRAC [5]. These datasets provide diverse and challenging scenarios for
training and evaluating tracking algorithms, facilitating advancements in the field. In
MOT, a labeled dataset typically consists of video sequences where each object in-
stance is manually annotated with its corresponding bounding box and trajectory.
These annotations serve as ground truth references for training the tracking model.
Supervised learning typically involves two stages: training and testing. During the
training stage, the model is trained using labeled data. Model captures object ap-
pearances, motion patterns, and temporal dependencies. The training process aims
to learn the discriminative characteristics of tracked objects and their dynamics us-
ing learned representations. Once the tracking model is trained, it is evaluated and
tested on previously unseen video sequences during the testing stage. The model
attempts to accurately track objects based on learned representations and temporal co-
herence of object trajectories. Evaluation metrics such as Multi-object tracking accu-
racy (MOTA) [6], Multi-object tracking precision (MOTP) [6], Higher-order tracking
accuracy (HOTA) [7], and tracking speed [6] are used to assess the tracking algo-
rithm’s performance.

State-of-the-art (SOTA) approaches in multi-object tracking heavily rely on ob-
ject detectors, which have achieved remarkable success thanks to large-scale anno-
tated datasets like COCO (Common Objects in Context) [8]. The availability of these
datasets has significantly influenced research in multi-object tracking, particularly to-
wards tracking-by-detection approaches [9–13]. These approaches involve first detect-
ing and following multiple objects across consecutive frames of a video to generate
their trajectories. The tracking-by-detection approaches are further classified as one-
stage tracker [14–16] and two-stage tracker [17–21]. Two-stage trackers use different
models for detection and tracking whereas a one-stage tracker uses multi-task learning
to perform detection and tracking in a single network. These approaches are discussed
in detail, later in this chapter.

The detection step in the tracking-by-detection algorithm is a critical component
that directly impacts the accuracy and robustness of the tracking system. Missing de-
tection might result in discontinuous tracking and association problems later on. This
chapter, therefore, proposes a solution to improve object detection by incorporating
attention modules into one-stage tracking-by-detection algorithms and thus providing
a better representation of the objects to be tracked. Attention mechanisms [22, 23],
such as spatial [22, 23] and channel attention [22, 23], are applied to the feature maps
generated by the detection network to emphasize the most informative regions and
channels, thereby enhancing detection performance.
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2 State-of-the-Art
Multi-object Tracking. The development of novel algorithms and methods has led
to significant advancements in multi-object tracking over the years. A remarkable
improvement in performance has been achieved in the field, owing to deep learning
methods like convolutional neural networks (CNNs) [24] and transformer models [25].
Trackers combine several cues, including motion cues, appearance cues, and location
cues, to ensure robust tracking. The initial MOT approaches use probabilistic models
such as the Kalman filter [26, 27], Bayesian filtering [28], and particle filter [29] to
capture motion cues; and handcrafted features such as color histograms [30], edge
detectors [31], and corner detectors [31] to obtain appearance cues. Finally, Hungarian
matching [32] is performed to associate the objects represented by these joint cues
(motion and appearance). Later on, deep learning-based approaches such as recurrent
neural networks (RNNs) [33] for motion cues, and Re-Identification (Re-IDs) based
on CNNs for appearance cues replaced traditional approaches. The association task
in these networks is also accomplished by deep models such as DeepSORT [20]. The
most recent trackers however utilize transformer models [34–36], which learn all the
necessary cues via self- and cross-attention among the video frames in a single model.

SOTA tracking approaches can be classified into multiple categories based on dif-
ferent criteria. One such taxonomy is based on the initialization method, where track-
ing algorithms can be classified as detection-based or detection-free. Detection-based
methods [9–12] rely on pre-trained object detectors and link detected objects in each
frame to generate trajectories. In contrast, detection-free methods [37–40] require
manual initialization of objects in the first frame, followed by localizing those objects
in the subsequent frames. Another taxonomy is based on processing mode, where
tracking methods can be classified as online or offline. Online tracking [37–43] only
depends on past frames to decide the association of objects in the current frames, while
offline tracking [44–49] depends on both past and future frames to decide the associa-
tions in the current frame. These approaches differ in their strengths and weaknesses.
They may be most appropriate for specific applications depending on computing effi-
ciency, accuracy, and complexity of the scene. When it comes to visual surveillance,
online detection-based trackers are suitable since they can only make decisions based
on past frames. Moreover, detection-based tracking being independent of initializa-
tion protocols provides flexibility for objects incoming and leaving the frames and
thus proves to be a suitable choice for surveillance scenarios.

The most successful methods for MOT follow the tracking-by-detection approach
[9, 10, 16, 50], detecting objects in each frame and then associating them over time.
The existing approaches in this research area are classified into two major groups
namely: one-stage trackers [14–16], and two-stage trackers [17–21]. The one-stage
trackers use a single model for detection and association whereas the two-stage tracker
employs two separate models for detection and association tasks. The speed of two-
stage trackers however remains a problem, as they are computationally expensive and
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Fig. 2.1: Implicit attention, where attention gates are used to pass the features across the consecutive stages
without using any additional loss function, the backbone architecture, in this case, is based on HRNet [53]
[This figure is taken from [13]].

often slow in inference, making them unsuitable for real-time applications like visual
surveillance. To address this, one-stage trackers have emerged, benefiting from multi-
task learning [51, 52] that enables them to train a joint network for both detection and
association. This reduces the computational complexity of the network, allowing for
real-time inference, and making one-stage trackers increasingly popular for real-time
object-tracking applications.

This chapter introduces the one-stage tracker approach, which is a requirement for
visual surveillance due to its fast inference time. The proposed idea incorporates atten-
tion into these trackers. This attention-based detection technique can be used to detect
objects in challenging scenarios such as low-light and highly cluttered environments.

3 Scientific Contributions
This section discusses the approach used in Paper A to track multiple objects using
large human-annotated datasets.

The approach presented in Paper A is inspired by tracking-by-detection, particu-
larly one-stage trackers with low computational complexity. These trackers typically
utilize object detection backbones and employ multi-task learning to perform both
detection and association within the same framework. The proposed approach incor-
porates HRNet [53] as a backbone to facilitate multi-task learning. HRNet [53] is a
well-known architecture for object detection that employs parallel convolutions, with
each branch representing a different resolution (refer to Figures 2.1 and 2.2). The
method incorporates attention into the one-stage tracking framework using attention
gates. The paper explores two approaches to incorporate attention: implicit and ex-
plicit attention.

The proposed implicit attention method incorporates skip connections, inspired by
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Fig. 2.2: Explicit attention, where attention gates are passing the feature at the highest resolution between
the last two consecutive stages, where the attention gates are guided via auxiliary heat-map loss. The
backbone architecture, in this case, is based on HRNet [53]. [This figure is taken from [13]].

the ResNet architecture [54], to improve feature propagation among different stages.
The paper empirically shows that incorporating skip connections between consecutive
stages and adding attention gates for each connection improves the results. The net-
work architecture of the proposed one-stage tracker based on HRNet [53] with implicit
attention is illustrated in Figure 2.1.

Explicit attention introduces gates between the last two stages at the highest res-
olution of HRNet [53]. Furthermore, in the case of explicit attention, Paper A intro-
duces an auxiliary loss function that minimizes heatmap loss. The results indicate that
explicit attention further improves multi-object tracking performance. The network
architecture of the proposed one-stage tracker based on HRNet [53] with explicit at-
tention is shown in Figure 2.2.

The quantitative results of incorporating both implicit and explicit attention mech-
anisms are presented in Table 2.1. The results show that both approaches outperform
the state-of-the-art (SOTA) methods on MOT16 [1] and MOT17 [1] benchmarks in
terms of MOTP and IDF1 metrics. Moreover, the explicit attention-based approach
surpasses the implicit attention-based approach, indicating that the introduction of
an auxiliary loss function enhances feature propagation across stages. Paper A also
includes a comprehensive ablation study that investigates the rationale behind incor-
porating skip connections between consecutive stages in implicit attention. The paper
also includes a study demonstrating empirically that introducing the guiding function
at stage 4, corresponding to the highest resolution, leads to improved performance.
Overall, the results show that improved object detection can lead to enhanced object
tracking. We infer the reason for the improvement is that missing object detections in
some frames result in incorrect associations.
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Tracker Publication Year MOT16 MOT17
MOTA↑ MOTP↑ IDF1↑ IDs↓ MOTA↑ MOTP↑ IDF1↑ IDs↓

DeepSORT [20] ICIP 2017 61.4 79.1 62.2 781 60.3 79.1 61.2 2442
Tracktor+CTdet [11] ICCV 2019 - - - - 54.4 78.1 56.1 2574

JDE [14] ICCV 2019 64.4 55.8 1881 - - -
CenterNet [50] ECCV 2020 - - - - 67.8 - 64.7 3039

Chained-Tracker [10] ECCV 2020 67.6 78.4 57.2 1897 66.6 78.2 57.4 5529
Ours(Implicit) IntelliSys 2021 64.6 78.8 65.9 1234 63.2 78.7 64.8 3357
Ours(Explicit) IntelliSys 2021 64.9 79.7 66.4 1489 63.7 79.1 66.0 3696

Table 2.1: Comparing the proposed systems against SoTA two-stage and one-stage trackers that have
reported their results on MOT16 and MOT17 [This table and caption is taken from [13]].

4 Summary
The chapter discusses an approach to multi-object tracking following tracking-by-
detection approaches. As surveillance applications need to be real-time, one-stage
trackers in this category that perform the joint learning of object detection and as-
sociation are used in this chapter. The main contribution made through this work is
highlighted below:

• The proposed implicit attention propagates features across consecutive stages of
an HRNet [53] via attention gates. Incorporating implicit attention into HRNet
[53] leads to improvements over the SOTA on MOTP [6] and IDF1 [6] metrics.

• The proposed explicit attention utilizes skip connections with attention gates at
the highest resolution and incorporates an auxiliary heat-map loss in the HRNet
[53]. Incorporating explicit attention into HRNet [53] results in improvements
over the proposed implicit attention and subsequently the SOTA on MOTP [6]
and IDF1 [6] metrics

This research work benefited from the conventional supervised learning approach
discussed earlier in this chapter. The labeled datasets used for training the proposed
system are: CityPersons (CP) dataset [55], CalTech (CT) dataset [56], MOT16 [1],
MOT17 [1], CUHK-SYSU (CS) dataset [9], and PRW dataset [57]. These datasets
include scenes with varying crowd densities. Generating such datasets through manual
annotation would be an intensive and laborious task. Furthermore, manual annotations
are prone to error, which introduces noise during training and consequently introduce
bias. This thesis discusses some solutions to reduce the requirement of manually
annotated datasets. The next chapter in this thesis proposes a solution using a synthetic
dataset, where annotations are generated automatically.
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Chapter 3

Supervised Learning with
Synthetic Datasets for
Classification

Synthetic datasets have demonstrated success in various visual tasks [1–5], highlight-
ing their potential advantages. This thesis primarily focuses on surveillance applica-
tions, wherein one prominent benefit of synthetic datasets is their ease of distribution
compared to real datasets. Synthetic datasets mitigate privacy concerns and eliminate
personal identity exposure. However, to ensure the efficacy of synthetic datasets, it
is imperative to develop robust domain adaptation methodologies. Thoroughly un-
derstanding the problem definition is essential, as it allows identifying specific areas
where synthetic datasets can offer significant advantages over real datasets. This chap-
ter explores the fall classification problem as a specific case, emphasizing the effective
utilization of synthetic datasets to address it.

1 Introduction
In recent years, researchers have been using synthetic datasets [2–7] with freely avail-
able annotations as a potential solution to the data-annotation problem in supervised
learning. Synthetic datasets offer several benefits for computer vision tasks. Firstly,
they provide a cost-effective alternative to manual annotation, enabling the rapid gen-
eration of large volumes of labeled data at a lower cost. Secondly, synthetic datasets
allow control over various factors, including lighting conditions, camera perspec-
tives, and object variations. This facilitates the creation of diverse and well-controlled
datasets that train models to be robust in different real-world scenarios. Thirdly, syn-
thetic datasets inherently possess ground truth annotations since the virtual environ-
ment allows for precise labeling of objects and their attributes. These readily avail-
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able annotations eliminate manual annotation efforts. Lastly, synthetic datasets can
be easily shared, replicated, and distributed among researchers, thereby promoting
reproducibility and facilitating collaboration within the computer vision community.

Despite their advantages, synthetic datasets have certain limitations that should
be considered during generation. Firstly, simulated examples may not fully cap-
ture real world complexities and nuances. Secondly, existing simulators may strug-
gle to accurately replicate domain-specific features, making the simulation of certain
datasets, such as medical datasets, challenging compared to natural images. Thirdly,
these datasets are often generated based on assumptions, which can introduce per-
sonal biases that propagate through the model training process. Additionally, synthetic
datasets do not always ensure seamless domain adaptation from the synthetic environ-
ment to the complex real world. As a result, a combination of real and synthetic
datasets is sometimes used to train neural networks to capture finer details.

Nonetheless, synthetic datasets have trained deep neural networks in recent years.
Multiple use cases have demonstrated that training neural networks with synthetic
datasets results in generalized and robust models. For example, Fabbri et al. [6]
demonstrated the superior performance of networks trained on synthetic datasets for
object detection and multi-object tracking, while Ros et al. [5] showcased the effec-
tiveness of generating large-scale segmentation datasets for training robust models.
This chapter focuses on a special approach where synthetic datasets are created by
combining real-world backgrounds with simulated foregrounds. The generated dataset
is then used to solve a classification problem of identifying people falling into water.
The results indicate that training networks on synthetic datasets exhibit exceptional
domain transfer capabilities in the real world for this specific application.

Object classification is a well-researched area in computer vision, assigning prede-
fined labels or categories to objects observed in images or videos. This task is crucial
for image understanding, object recognition, and scene comprehension. Large-scale
annotated datasets like ImageNet [8] have played a pivotal role in advancing research
in this domain. However, this chapter focuses on a more specific and simplified two-
way classification problem: identifying instances of individuals falling into bodies of
water. Identifying such instances poses unique challenges due to data scarcity and
risks. Individuals falling into water bodies are relatively rare, making it challenging
to gather a sufficiently large and diverse dataset for training deep neural networks. To
overcome this limitation, this chapter proposes a methodology that utilizes synthetic
datasets generated in the privacy-preserving thermal domain.

The proposed synthetic dataset shows promising results in terms of its ability to
generalize to real-world scenarios of individuals falling into water. The evaluation
involves real-fall scenarios where individuals voluntarily jump into the water, ensuring
authentic and representative data samples.
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2 State-of-the-Art

Towards Synthetic Datasets. Generating synthetic datasets refers to a process of
creating artificial data that mimics real-world data. Synthetic data can supplement
or replace real data in machine learning tasks. This is particularly important when
real data is limited or when labeling real data costs high. Moreover, the introduction
of data protection regulations like the European general data protection regulation
(GDPR) [9, 10], enforces strict regulations to retain the identities of the test subjects
without information which further limits the scope to collect real data in some cases.
The deep neural networks however are data-hungry and the challenges associated with
data acquisition limit the models’ ability to perform well on visual tasks. As a result,
synthetic datasets [6, 7, 11–15] provide a suitable alternative, especially for appli-
cations such as surveillance, which involves critical information like humans as test
subjects. Synthetic data can be created using various techniques such as data augmen-
tation [11–13], generative models [15], and simulation [6, 7].

During the learning process of computer vision tasks such as image classification,
object detection, and segmentation, a variety of data-augmentation techniques such
as random flipping [16], cropping [16], and scaling [16] are commonly employed.
These augmentations incorporate diversity in the data and prevent network overfit-
ting. However, there are some approaches that have started using these augmenta-
tion techniques to manipulate training datasets specific to problem domains. One
such problem domain is unsupervised image/video anomaly detection, where only
normal samples are available at training time. Some approaches [13, 17, 18], there-
fore, generate fake anomalies using data-augmentation techniques like cut-paste [18],
random-cutouts [17], and skipping frames in videos [13]. This results in performance
improvement for anomaly detection by introducing these fake anomalies, generated
by data-augmentation techniques.

Unlike data-augmentation methods, where we apply different manipulations to
training samples to increase the sample size. The generative models such as generative
adversarial networks (GANs) [19], and diffusion models [20] learn to synthesize fake
samples to increase the training sample size. Kniaz et al. [15] uses a style-GAN [14]
approach to synthesize the RGB images to the thermal domain due to the scarcity of
labeled datasets in the thermal domain. Some recent approaches [21–24] are learning
image manipulation and generating fake images based on the text prompts.

Generating a synthetic dataset [6, 7, 25, 26] based on simulation first requires
setting up a simulation environment that resembles real-world characteristics such as
lightning variation, possible motion characteristics, and object appearance. These sim-
ulations are designed on 3D environment simulators such as Unity [27], Blender [28],
VIVID [29], Habitat 2.0 [30], and Unreal [31]. After setting up simulation parame-
ters in a simulator, a synthetic dataset is created by running these simulations. The
generated synthetic dataset can now be used for solving different visual tasks. One
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of the major benefits of generating synthetic datasets in this way is that accurate an-
notations can be generated automatically. This mitigates the problem of manual an-
notations of large datasets. A few successful attempts are being made in the RGB
domain [2, 3, 5, 6, 32] to generate photo-realistic synthetic data. These datasets il-
lustrate exceptional transferability characteristics to the real-world dataset for visual
tasks like multi-object tracking and segmentation.

However, the generation of thermal datasets synthetically using 3D virtual envi-
ronments is a relatively limited practice, as evidenced by only a few instances [6, 7, 25,
26]. For example, Pramerdorfer et al. [7] employ Blender [33] to generate synthetic
depth and thermal images depicting human behavior in indoor environments. Simi-
larly, Blythman et al. [25] utilize Zephyr [34] to generate synthetic thermal representa-
tions of human heads placed in cars. Another approach by Bongini et al. [26] involves
using Unity [35] to generate synthetic thermal videos by combining 3D foreground
objects with real background images in autonomous driving scenarios. This chapter
discusses an approach to generate synthetic humans in unity [35] and combines it with
the real background from the long-term drift (LTD) dataset [36] to produce a diverse
dataset of humans falling into water.

Fall Classification. The detection of people falling in various scenarios carries sig-
nificant implications, particularly for vulnerable populations such as the elderly or
individuals with specific medical conditions. Falling incidents can result in serious
consequences, and the severity may vary depending on the surrounding context, es-
pecially in outdoor environments. Hence, addressing the fall classification problem is
essential for societal success. Visual surveillance systems offer potential solutions for
monitoring such occurrences. However, the development of a highly accurate machine
learning model is imperative to ensure minimal undetected cases. This will enable the
automatic detection and reporting of life-threatening and critical issues. This subsec-
tion discusses some of the previous methods that aim to automate the process for both
indoor and outdoor fall cases.

A considerable amount of research [37–44] has been dedicated to addressing the
issue of falls among the elderly and individuals with health conditions in indoor en-
vironments. Various modalities have been explored in this research area, including
wearable sensors [45], acoustics [46], pressure-based systems [45], and artificial vi-
sion techniques [42]. Some early approaches based on computer vision for fall detec-
tion [42–44] relied on manually engineered features, such as aspect ratios of bounding
boxes, combined with classifiers like support vector machines (SVMs) [47]. How-
ever, these methods have gradually been superseded by convolutional neural networks
(CNNs) [37–41].

Limited attention is currently given to fall incidents occurring in outdoor settings,
such as individuals falling into water [48–50] or on streets [51, 52]. Despite the ex-
istence of qualitative studies [51, 52] that focus on falls in outdoor settings such as
sidewalks, streets, and garages, effectively capturing such events through surveillance
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cameras remains a challenging task. This difficulty stems partly from the scarcity of
available samples, particularly for instances of people falling into the water. Among
the first attempts to tackle this issue, Bonderup et al. [48] proposes a thermal-based
pipeline encompassing person detection, person tracking, fall prediction, and fall de-
tection. To augment their approach, Bonderup et al. [48] generates a thermal fall
dataset by prompting individuals to intentionally jump into the water. Subsequently,
Nikolov et al. [50] presents a dataset for human falls, which involves simulating sce-
narios where a dummy is thrown into the water. The authors employ optical flow maps
within a designated region of interest to detect falls. This chapter presents a method-
ology for generating a synthetic dataset in the thermal domain. It focuses on scenarios
involving individuals falling into a harbor.

3 Scientific Contributions
This section provides a comprehensive overview of an approach that generates a syn-
thetic dataset specifically tailored to people falling into water. The problem at hand
is of great significance, as it involves rare and life-threatening events where individ-
uals encounter water hazards. Collecting real-world datasets for such events poses
significant challenges, making synthetic datasets a valuable solution in this case. This
section presents an approach documented in Paper B of this thesis.

Paper B proposes a method for generating a synthetic dataset through simulation in
the thermal domain. The annotations for this dataset are generated automatically with
a single click using the Unity perception package [27]. The GDPR rules [9], which
prioritize data privacy, have highlighted the value of thermal domain images, as they
preserve privacy. Paper B proposes a novel approach by combining synthetic thermal
foreground objects with real backgrounds. The synthetic foreground objects in the
thermal domain are generated using the Stefan-Boltzmann law [53], which calculates
the black body radiation (j∗) of an object as shown in Equation 3.1. In the equation,
T represents the absolute temperature of the object in Kelvins, ϵm denotes the ther-
mal emissivity of the material, and σ is the Stefan-Boltzmann constant [54], equal
to 5.6704 × 10−8 W

m2K4 . To simplify the data generation process, a constant value of
T = 300.4 is used. The emissivity values for human skin and cotton are taken from
Table 3.1. The synthetic foreground objects in this dataset are currently limited to
humans, so only human skin and cotton clothing materials are considered in this case.

j∗ = ϵm σ T4 (3.1)

The final pixel value (p) for thermal objects is computed using Eq. 3.2, where L
and G represent level and gain respectively. Paper empirically verifies that choosing
the value of L = 20 and G = 0.05 provides excellent results in terms of photo-
realistic thermal object appearance.

p = (j∗ · G) + L (3.2)
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Furthermore, material emissivity ϵm is combined with the color emissivity ϵc with
a blending factor of 0.31 and used in Eq. 3.1. ϵc is computed via Eq. 3.3, where
L stand for Luminance and calculated by combining R,G, and B channels as L =
0.2126 · R + 0.7152 · G + 0.0722 · B. Luminance represents the albedo texture of
each pixel.

ϵc = (1 − L) · 0.15 + 0.84 (3.3)

The proposed approach in this paper mostly generates synthetic humans as fore-
ground objects in the thermal domain. These humans are combined with the real
background obtained from the LTD dataset [36]. This combination allows the gener-
ated dataset to capture all the seasonal variations present in the LTD dataset [36]. The
paper proposes simulating diverse fall scenarios to generate the fall dataset.

We generate 310,788 synthetic thermal image frames, comprising an equal number
of fall and non-fall frames. To incorporate temporal information, we combine three
consecutive frames as a 3-channel image. This results in a synthetic dataset of 103,596
images with equal numbers of fall and non-fall sequences. The dataset includes au-
tomatically generated foreground object segmentations, which are not utilized for the
classification problem addressed in this paper. However, these annotations label the
samples into fall and non-fall categories. Synthetic data is generated using a static
camera. This makes it easier to mask out the harbor region and annotate the dataset
based on the location of foreground objects.

The proposed synthetic dataset in the thermal domain aims to address the life-
threatening issue of detecting people falling into the harbor. To achieve this, we trained
popular classification models such as AlexNet [56] and ResNet [57] on the synthetic
dataset. For testing the system, we have two similar thermal datasets. The first dataset
consists of instances where people voluntarily jump into the water (referred to as the
real dataset), while the second dataset involves people throwing human-shaped dolls
into the water to mimic human-falling situations.

We evaluate the models on both datasets and present the classification results as
confusion matrices in Figure 3.1. The results demonstrate that the models trained
on the synthetic dataset (AlexNet and ResNet) generalize well to the real dataset.
However, in this case, the simpler AlexNet model performs better than the ResNet
model, accurately detecting almost every fall incident in the real dataset. On the other
hand, the synthetic dataset fails to generalize effectively to the dummy dataset due to
a significant difference in fall behavior. The dummy humans in this dataset exhibit

Emissivity Values
Human Skin Cotton Asphalt Water Snow

0.95 0.95 0.95 0.93 0.90

Table 3.1: Emissivity coefficients of different materials, which can be plugged into Stefan-Bolzmann law
to compute the black-body radiation of the object. The data-generation approach in this chapter considered
this computation for human skin and Cotton (for cloth material), taken from [53] [Source: Table is taken
from [55]]
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Fig. 3.1: Confusion Matrices for classification on real (top) and dummy (bottom) datasets containing sam-
ples of people falling into the water, computed based on two classical classification approaches namely
AlexNet(left) and ResNet (right) [Figure is taken from [55]]

a distinct falling tendency by sticking to the pier, which deviates from the typical
behavior of human falls.

4 Summary
This chapter introduces a novel approach to tackle data annotation challenges by uti-
lizing a synthetic dataset. The synthetic dataset provides automatically generated la-
bels, which offer high accuracy. The proposed approach focuses on generating the
dataset specifically for the privacy-preserving thermal domain, making it well-suited
to surveillance applications. The key scientific contributions to this work are as fol-
lows:

• The development of a novel solution for generating a synthetic dataset in the
thermal domain. This is done by combining real background with synthetic
foreground objects. This approach enhances diversity in the generated dataset
by including the real backgrounds varying in appearance due to seasonal changes,
as discussed by Nikolov et al. [36].

• The proposal of a privacy-preserving thermal synthetic dataset for the critical
problem of detecting people falling into the water.
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• Experimental demonstration of the excellent transferability of the generated
thermal synthetic dataset to real-world falling scenarios. This dataset can con-
tribute significantly to societal benefit by enabling the timely detection and re-
porting of life-threatening incidents.

Despite the advantages synthetic datasets offer, their generalization capabilities
may vary across different tasks and real-world problem domains. Consequently, the
subsequent chapters of this thesis shift their focus to solutions that mitigate this limita-
tion by reducing labeled data for training. Specifically, the next chapters explore self-
supervised representation learning, where a generic representation is initially learned
from data and fine-tuned using limited-labeled data, as well as unsupervised learning,
which eliminates the need for labeled data entirely. The goal is to develop techniques
that generalize across diverse real-world scenarios.
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Chapter 4

Self-Supervised
Representations Learning for
Generic Visual Tasks

Self-supervised representation learning has gained popularity as a training approach
for machine learning models. It offers the potential to learn useful representations
[1, 2] that can be transferred to a wide range of downstream tasks. This has led to
many exciting developments in the field, particularly in computer vision and natural
language processing. In this chapter, we will explore the key concepts behind self-
supervised learning and discuss a novel approach to train self-supervised models to
improve the accuracy of downstream tasks.

1 Introduction
Self-supervised representation learning is a powerful approach that learns transferable
representations [1, 2] through the use of unlabeled data. The main idea behind self-
supervised representation learning is based on defining a pretext task on unlabeled
data to learn representations [3, 4] that capture rich semantic features from the images.
These representations can then be utilized for various downstream tasks such as image
segmentation, and object classification.

In the field of natural language processing (NLP), self-supervised learning has
gained significant popularity in recent years. The most common pretext objective in
natural language processing (NLP) is to mask a word and predict the masked word
based on the surrounding context [5], which is also the basis of large models like
BERT [6]. This helps to capture the relationship across text without label data. The
model learned with this objective generates a powerful representation that can be gen-
eralized for various linguistic tasks such as text translation [7, 8] and summariza-
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tion [9].
In computer vision, the counterpart of masked language modeling (MLM) in NLP

is masked image modeling (MIM). Models like BeiT [10] and PeCo [11] first leverage
MIM to learn robust visual representations. BeiT is also considered as the BERT
[6] equivalent in computer vision, while BERT itself introduced MLM in NLP. MIM
[10–14] is an effective self-supervised learning (SSL) technique that involves masking
out portions of an image and teaching a model to learn the missing context. MIM
reconstructs masked patches of input images from visible ones. MIM generates highly
semantic representations that can be effectively transferred to various downstream
vision tasks. Recent research directions using MIM as a pretext task are inclined
towards simplified algorithms such as MAE [12] and SimMIM [13] employing. MAE
[12] shows that randomly masking 75% of the input tokens provides a strong pretext
task in the image domain and leads to a strong representation. This thesis adopts MAE
as the backbone due to its simplicity and generalizability.

The proposed approach in this chapter introduces a novel masking module that
utilizes the knowledge of easy and hard tokens to adjust the complexity of the self-
supervised pretext task. A representation is learned by introducing curriculum learn-
ing [15], where the backbone first learns to solve the easier task and then gradually
raises the complexity. Curriculum learning [15] is a well-established training strat-
egy in machine learning, where data is organized to support learning processing in
such a way that networks produce optimal results. Curriculum learning [15] includes
sorting training samples based on complexity and incorporating them into the train-
ing schedule in increasing order of complexity. The proposed approach in this chapter
learns the generic representation by solving the masking task in increasing complex-
ity. The results show that using curriculum masking as a pretext task results in a robust
representation that outperforms the baseline by a significant margin. This chapter only
contains preliminary results of our proposed approach. We plan to extend the experi-
ments to different architectures and multiple visual tasks.

2 State-of-the-Art
Self-supervised Representation Learning. Some of the earlier works in the field
of self-supervised learning (SSL) include layerwise pretraining [16, 17]. Bengio et
al. [17] proposes a greedy layer-wise pretraining, where each layer of the neural net-
work is trained one by one using an auto-encoder loss. An almost similar approach
based on restricted Boltzman machines (RBMs) is proposed by Hinton et al. [16],
which also incorporates layer-wise pretraining in the RBMs, and these RBMs are then
stacked to generate a deep belief network. These methods, however, are replaced by
simple strategies like denoising autoencoders [18] and deep canonically correlated
autoencoders [19].

State-of-the-art (SOTA) literature in the field of self-supervised representational
learning can broadly be categorized as deep metric-learning approaches, self-distillation
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architecture, canonical correlation analysis, and MIM. The objective of representa-
tional learning is to group similar samples together in the learned representation. The
metric-learning-based approaches cluster similar images together by using objectives
like contrastive loss [20] or triplet loss [21]. Early approaches in this category adopt
the K-mean clustering method from classical machine learning to the feature space.
Qian et al. [22] and Huang et al. [23] provide a deep clustering alternative and thus
improve the representation.

Self-distillation architectures [24–26] usually contain two networks, both provided
with a different transformation/view of the same sample and both networks are con-
nected to a predictor which predicts one view from the other. These networks are lim-
ited by collapse issues, where the model learns to predict a constant value. BYOL [24]
proposes a solution by applying a student-teacher [27] method, where one of the net-
works is updated with the moving average of the other network’s weight.

SSL approaches based on canonical correlation analysis (CCA) [28] infer relation-
ships by analyzing cross-covariance matrices between variables and samples. Some
approaches from this category are SWAV [29] and VICReg [30]. SWAV [29] uses
multiple views of the same data and clusters the representations of the views to en-
courage the model to learn semantic representations that capture different aspects of
the data. VICReg [30] aims to optimize three objectives based on co-variance ma-
trices of representations from two views: variance, invariance, and co-variance. The
variance objective regularizes the variance along each dimension of the representa-
tion to prevent the model from collapsing. The invariance objective ensures that the
two views are encoded similarly, meaning they have the same representation. The
covariance objective encourages different dimensions of the representation to capture
different features, making it more informative.

Image restoration [31–33] tasks play a significant role in SSL, where the learn-
ing goal is to restore missing or removed information in an image. Various meth-
ods [31–34] have been proposed to tackle this task, each with its own approach and
pretext task. For example, the colorization-based method [35], first decolorizes an
image and then trains the network to predict RGB values. Pathak et al. [33] adds
the perturbation by masking out a large portion of an image and then the network
learns to reconstruct the images by modeling the contextual information. Some ap-
proaches [32, 33] introduce "Jigsaw" as a pretext task by dividing an image into
patches and shuffling their arrangement. The network will learn to restore the orig-
inal arrangement and encode the contextual features. Doersch et al. [31] propose a
pretext task by randomly sampling two patches from an image and learning to predict
their relative positions. Out of all, the image restoration tasks [33, 34] shows superior
representational transferability. This makes image inpainting and mask image model-
ing (MIM) the favourite tasks in SSL. However, with the development of the vision
transformer, MIM with token masking [10, 12, 13] become more effective.

The idea of MIM (originally masking image patches) is now evolved into masked
auto-encoding methods [6, 11–14, 36], in which the masked region is a union of mask
tokens predicted using visual tokens in transformer-based backbones. This approach
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has proven to be highly effective in producing semantically meaningful representa-
tions for downstream tasks. As already discussed, MIM is directly related to MLM
in BERT. Bao et al. [10] first proposed a language equivalent for BERT [6] for the
image domain and found that applying this strategy directly to images is difficult as
image patches can assume a large set of possible values, which is not suitable for a
classification task. Therefore, Bao et al. [10] consider this problem in the image do-
main as a regression problem, by first using an auto-encoder to encode image patches
as discrete tokens. This approach provides improvements over supervised learning on
various downstream tasks. Dong et al. [11] further optimizes the codebook generation
process by adding a perceptual loss. However, these approaches are rather complex
as they involves a powerful auto-encoder network to create the discrete codebook.
To mitigate the requirement of a codebook, Wei et al. [36] proposes a reconstruction
target as HOG features [37] instead of discrete image tokens. However, these meth-
ods are replaced with simpler approaches like MAE [12] and SimMIM [13], which
directly reconstruct the RGB values in the masked tokens rather than discrete token
values generated by the auto-encoder in BeiT [10].

Inspired by the simplicity of MAE [12], some approaches [14, 38–40] modify the
masking strategies. In MAE [12], random masking learns a generic and robust repre-
sentation. ADIOS [38] proposes an adversarial masking strategy by training an image
encoder with a masking network, resulting in an improved representation. Mixed
MAE [39] increases the complexity of the pretext task by mixing two images using
various approaches and enforces the network to undo the augmentation and learn the
reconstruction simultaneously. SemMAE [40] introduces semantically-guided mask-
ing, where a separate part generator guides the MAE [12] to learn a robust repre-
sentation. Kakogeorgiou et al. [14] proposes a student-teacher framework where the
teacher network learns masking tokens to enhance the representation learned by the
student model. Additionally, this chapter presents a method based on MAE [12] that
generates multiple masks with different complexities and employs curriculum learn-
ing [15] to progressively tackle tasks with increasing mask complexity, improving the
learned representation.

Curriculum Learning. Curriculum learning [15] is a machine learning technique
where training data is arranged in a specific order to improve learning efficiency. The
key elements of any curriculum strategy are the curriculum criteria and the scheduling
function. The curriculum criteria determine the ordering of the data like easy-to-hard
while the scheduling function determines when to update the training process.

The curriculum criteria determines the ordering of the data based on easy-to-
hard [15, 41, 42] or hard-to-easy. In easy-to-hard scheduling, examples or tasks are
presented in order of increasing difficulty, while in hard-to-easy scheduling, examples
or tasks are presented in order of decreasing difficulty. The natural way of designing
the curriculum is to arrange the training samples in increasing order of complexity.
Several approaches [15, 41, 43–45] have adopted this strategy. This approach closely

36



2. State-of-the-Art

aligns with how humans learn, where they first tackle easier samples and gradually
increase the complexity of the examples.

The curriculum can be generated manually or automatically. Some approaches
[15, 46, 47] manually construct the curriculum based on measures like noise level [46],
the degree of occlusion and shape complexity in images [15, 47], or other domain-
specific properties. However, manually designing such a curriculum can be time-
consuming and requires domain expertise.

To overcome this, automatic methods like self-paced learning (SPL) [42, 48], and
teacher transfer method [49] are proposed. In self-paced learning [42], the difficulty
of examples is measured based on example-wise training loss. The curriculum is then
designed by gradually increasing the subset of data used for training. This is done
starting with easy examples with low training loss and expanding to the entire dataset
as the model improves.

Teacher transfer methods [49–51] involve a teacher model that estimates the dif-
ficulty of samples based on their performance across the samples. The teacher model
transfers its knowledge about difficulty levels of examples to a student model. These
methods can be classified based on the model capacity of the teacher model compared
to the student model. For example, strong teacher [50] or same-level teacher [51].

In addition to the traditional curriculum design, some approaches [52, 53] pro-
pose hard-to-easy scheduling or anti-curriculum learning. For example, Shrivastava et
al. [52] propose hard example mining (HEM) to improve object detection by empha-
sizing difficult examples. Braun et al. [53] employ anti-curriculum learning for order-
ing hard-to-easy examples based on the signal-to-noise ratio in an automatic speech
recognition system.

The scheduling function plays a crucial role in determining when to update the
training process based on the sorted samples in terms of their difficulty. Two main
scheduling types can be distinguished: discrete and continuous. In discrete scheduling
[15, 54], the data is initially sorted based on the curriculum criteria, arranging the
samples from easy to hard. The training process begins with the easiest samples.
After a certain number of epochs or convergence, the next set of samples is merged
into the training subset. This process is repeated until all the sets have been processed,
at which point the training process may stop or continue for a few additional epochs.

On the other hand, continuous scheduling [51, 55] uses a function to determine the
proportion of easy training examples available at each epoch. This function maps the
number of easy examples to a scalar value ranging from zero to one. One indicates
that all easy training examples are available. The function should be non-decreasing,
starting with a value greater than zero and ending at one. In literature, this function is
also called pacing [51] or competence function [55].

In some domains, measuring examples’ complexity can pose challenges, whether
manual or automatic means. In such cases, curricula based on model complexity [56–
58] or task complexity [59–62] can be particularly suitable. Curricula based on model
complexity gradually increase the depth or capacity (size of hidden representations) of
neural networks. On the other hand, curricula focused on task complexity increase the
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Fig. 4.1: The overall architecture to enable curriculum learning while using MAE as the backbone for
self-supervised representation learning. The masking module generated the masking output based on the
complexity of the task and provide the visible tokens to MAE based on this output.[Image and Caption are
Taken from Paper F in this thesis]

complexity of the learning task by incorporating more complex objectives. This can
involve initially training on simpler objectives and then gradually introducing more
complex ones.

In this chapter, we present an approach to discrete curriculum scheduling. This is
where the training process begins by processing all the easy samples before moving
on to the more difficult examples.

3 Scientific Contribution
Chapters 1 and 2 of this thesis present two distinct approaches to learning specialized
representations using labeled datasets. The first approach relies on human-annotated
labels, while the second approach involves generating synthetic data with automati-
cally generated annotations. Although manual annotations in the first approach are
costly, the synthetic dataset in the latter approach does not consistently translate well
across all visual tasks.

This chapter introduces a generic solution using self-supervised representation
learning. It involves learning robust representations on large-scale datasets by defining
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a pretext task. This process, called model pretraining, enables the learned represen-
tation to be applicable to various visual tasks. However, for effective transfer of the
learned representation to a specific visual task, the model needs to be fine-tuned with
a minimal amount of labeled data. Paper F in this thesis proposes an approach based
on curriculum learning to achieve a robust and transferable representation. This pa-
per serves as a technical report within the thesis, presenting preliminary results that
demonstrate improvements.

The network architecture of the proposed approach in paper F is shown in Figure
4.1. This architecture includes a learnable masking module and employs MAE [12] as
the backbone for representational learning. Our approach adopts MIM as the pretext
task, similar to MAE. However, unlike MAE, we employ a curriculum-based masking
strategy instead of random masking [12]. The core concept of our framework revolves
around curriculum learning, where the model initially addresses easier tasks and grad-
ually advances towards more complex ones. To implement curriculum learning within
our framework, the proposed masking module dynamically generates masks based on
task complexity.

To design the curriculum, we propose a progressive loss function (Lprog) (in Equa-
tion 4.1) as one of the objectives of our novel masking module. The network undergoes
two stages of training based on Lprog: positive or negative. In the first stage, when
Lprog is positive, the masking module aligns its training direction with MAE to reduce
the complexity of the pretext task. In the second stage, the masking module introduces
adversarial training to increase the complexity of the pretext task. The progressive loss
function is chosen to be identical to the pretext task’s loss in MAE [12], which is cal-
culated as the mean-squared error (MSE) between the normalized per-patch pixels of
the reconstructed target ( Î) and the input image (I), where η represents the number
of epochs. The curriculum is updated after every η epoch to introduce increasingly
complex tasks for representation learning.

Lprog( Î, I)=
{
( Î−I)2, if Epochs<η

−( Î−I)2, otherwise
(4.1)

LTotal = λprogLprog + λGaussLGauss + λKLLKL + λdivLdiv (4.2)

The proposed masking module has a total objective defined by Equation 4.2, where
λGL, λprog, λKL, and λdiv are hyperparameters that determine the contributions of
each loss term. The loss terms included in the objective are (Lprog) for progressive
learning, (LGauss) for Gaussian loss, (LKL) for KL-divergence loss, and (Ldiv) for
diversity loss. Each loss term serves a specific purpose.

The Gaussian loss ensures that the masking module output is binary, with values of
0 for masked tokens and 1 for visible tokens. The KL-divergence loss makes sure that
the ratio of masked pixels matches the pre-defined mask ratio. Diversity loss ensures
each sample is assigned different masks, promoting diversity in training.
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Method
Zero-shot

Acc@1 Acc@5

MAE (Baseline) [12] 39.2 61.5
Ours (MAE w/ Curriculum Masking) 42.1 65.1

Table 4.1: Illustrating the preliminary results obtained by including curriculum learning for representational
learning using MIM as a pretext task. The preliminary results show a significant improvement and hence
verify the idea.[Table is taken from paper F(technical report)]

Preliminary results, which verify that the idea of curriculum learning has the po-
tential to improve the representation are shown in Table 4.1. The results obtained in
the zero-shot setting, where we are not using any labeled data, surpass the baseline
model, i.e., MAE [12] on both the metrics Acc@1 and Acc@5.

4 Summary
This chapter introduces an approach to curriculum learning to enhance generic repre-
sentations learned by architectures like MAE on large-scale ImageNet datasets. Pre-
liminary results of the image classification task are presented, demonstrating the po-
tential transferability of the learned representations to other visual tasks with minimal
labeled data. This chapter contributes as follows:

• Integration of curriculum learning into the MAE framework, where the curricu-
lum is designed based on task complexity, gradually increasing from easy to
hard.

• Introduction of a novel masking module that generates adaptive masks based on
task complexity.

• Initial results indicate that incorporating curriculum learning during pre-training
leads to more generic representations.

The proposed approach requires a lot of unlabeled data. This makes it suitable for
scenarios like surveillance where extensive data exists but labelling it is impractical.
It becomes feasible to learn the underlying semantics of the data by defining a suitable
self-supervised task tailored to the surveillance domain.

The obtained representation has applicability across multiple visual tasks, but tra-
ditional pre-training is time-consuming and resource-intensive. In the following chap-
ter, the thesis addresses this limitation by proposing self-supervised tasks for anomaly
detection, eliminating the need for pre-training. However, the learned representation
remains task-specific and lacks versatility for generic visual tasks.
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Chapter 5

Unsupervised Learning for
Anomaly Detection

Unsupervised learning has emerged as a prominent area of research in computer vi-
sion. It offers promising possibilities for tackling diverse tasks and challenges by
allowing models to learn patterns and structures directly from input data without the
need for explicit supervision. In this chapter, we explore the application of unsuper-
vised learning specifically for anomaly detection.

1 Introduction
Anomaly detection is stated as the identification of rare or abnormal instances within
a dataset. By leveraging the power of deep neural networks trained unsupervised, the
model can learn the intrinsic patterns of normal data and effectively detect deviations
or anomalies. This approach eliminates manual annotation of anomalies. This makes
it relevant and applicable across various domains, including intrusion detection, fraud
detection, defect detection, and medical diagnostics.

The anomaly detection task in computer vision is challenging due to the subjective
nature of defining anomalies, which can vary depending on the context. Normal be-
havior in one scenario may be considered abnormal in another. For example, workers
wearing safety helmets at a construction site are normal, but abnormal in other con-
texts. This task requires a high level semantic understanding of images and videos to
accurately capture and interpret behavior patterns.

In the domain of image anomaly detection, the literature primarily focuses on
solving the task in unsupervised settings [1–8]. On the other hand, video anomaly
detection is addressed in both weakly supervised [9–13] and unsupervised settings [4,
5, 14–24]. This PhD thesis focuses on solving anomaly detection using unsupervised
learning approaches for both image and video data. Unsupervised anomaly detection
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tasks adopt the framework of one-class classification. In one-class classification, the
training process centres around a singular class called the "normal" class. The primary
goal is to cultivate a model’s capability to effectively discern instances belonging to
the normal class. In addition, it is to identify and categorise observations that deviate
beyond the predefined threshold of normality as anomalies.

To achieve normal class classification, models typically utilize a self-supervised
task, and the loss incurred from this task serves as a classification metric. Commonly
used self-supervised tasks for anomaly detection include reconstruction [4, 5, 7, 14–
20, 25–28] and mask prediction [4, 16, 22, 29–32]. The mask information in these
tasks can take various forms, such as predicting future frames [16] and completing
missing video frames [32] for video data, and restoring attributes [4] and inpainting
missing regions [33]. This chapter presents approaches that incorporate masked pixels
prediction at the core architectural level. Two different neural blocks that focus on
reconstructing masked pixels based on the surrounding context are discussed later in
this chapter. The proposed blocks can be integrated with different neural network
architectures at different levels to improve context modeling for anomaly detection
task. These blocks are designed in both 2D and 3D (as shown in Figure 5.1) to encode
both spatial and spatio-temporal contexts respectively.

In addition, this chapter introduces an approach that utilizes trajectories as long-
range temporal cues for anomaly detection. Trajectories capture objects’ motion char-
acteristics, providing valuable information for behavior analysis and object interac-
tions. These trajectories are obtained by running a tracker on the video sequence in
the anomaly detection datasets. By analyzing motion patterns and interactions among
multiple object trajectories, it becomes possible to distinguish between normal and
abnormal trajectories based on their characteristics.

While this chapter focuses on using centre coordinates of the trajectories for sim-
plicity, the approach can be extended to include additional characteristics such as fea-
ture embeddings and bounding box information of the objects. By leveraging centre
coordinates, the system achieves faster response times in detecting anomalies and im-
proves efficiency. However, relying solely on trajectory information may be insuffi-
cient for complex video data. To overcome this limitation, we enhance the approach
by incorporating spatial cues based on feature embeddings extracted from individual
frames. This integration of spatial cues complements trajectory-based anomaly detec-
tion, enhancing the system’s overall performance in analyzing complex video data.

2 State-of-the-Art
Anomaly Detection. State-of-the-art (SOTA) approaches for unsupervised anomaly
detection can be classified into various categories, i.e., Dictionary learning methods
[2, 34–38], Distance-based approaches [3, 21, 39–50], Probabilistic models, Change
detection frameworks [51–54], and Reconstruction-based methods [4, 5, 7, 14–20, 25–
28]. Each category offers specific techniques to address anomaly detection challenges.
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Dictionary learning methods [2, 34–38] construct a dictionary or set of basis vec-
tors using normal instances. Instances that cannot adequately be represented by the
learned dictionary are classified as abnormal. Distance-based approaches [3, 21, 39–
50] learn a distance function that distinguishes between normal and abnormal samples.
Change detection frameworks [51–54] directly analyze test videos by quantifying the
level of variation between the current frame and the preceding frames to detect ab-
normal frames. Probabilistic models [6, 55–63] learn probability density function of
normal data and identify instances that deviate from the learned distribution as abnor-
mal. Reconstruction-based methods [4, 5, 7, 14–20, 25–28] emphasize on learning
the reconstruction of normal examples. Anomalies are identified by assessing the
magnitude of the reconstruction error, as they often exhibit larger errors than normal
instances. These categories encompass diverse strategies used in anomaly detection,
each offering distinct advantages and drawbacks. A comprehensive understanding of
these approaches plays a key role in advancing the development of robust anomaly
detection methods within computer vision. Inspired by its dominance, this chapter
presents approaches based on reconstruction methods.

Reconstruction-based methods have gained prominence in anomaly detection, par-
ticularly in image and video scenarios. These approaches, including auto-encoders
and generative adversarial networks (GANs) to learn a latent manifold that accurately
represents the distribution of normal data [19, 22, 27, 64]. In unsupervised video
anomaly detection, some methods incorporate motion cues by reconstructing opti-
cal flow [16, 64, 65] or gradients [21], enabling motion-based anomalies. However,
reconstruction-based frameworks show a tendency to generalize, by reconstructing
even abnormal frames with low errors.

To address the generalization issue, researchers introduce memory modules into
auto-encoders [14, 19, 64] and incorporate pseudo anomalies during training [14, 19,
64, 66]. The inclusion of memory modules in auto-encoders increases computational
complexity as it requires an additional module to store prototypes of normal sam-
ples during training. Additionally, these approaches are constrained by memory size.
Pseudo anomalies are generated through augmentation [66, 67] or considering out-of-
distribution samples (e.g., flowers, anime, texture) as fake anomalies [65]. The meth-
ods usually employ data augmentation techniques to generate pseudo anomalies such
as skipping frames in a video [67], combining poor reconstructions of a frame from
earlier checkpoints [66], synthesizing natural anomalies using Poisson editing [68].
The approaches based on pseudo anomalies train networks using gradient descent on
normal data and gradient ascent on pseudo-abnormal data. However, this adversar-
ial training can increase convergence time and may lead to instability issues when
balancing between gradient ascent and gradient descent.

In this chapter, we propose three approaches to unsupervised anomaly detection
in images and videos. The first approach involves modelling only spatial contexts us-
ing our proposed masked convolutional block in 2D. The second approach includes
masking both spatial and spatio-temporal contexts by extending the block to 3D as
well. The third approach presents modelling of spatial and temporal contexts individ-
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Fig. 5.1: (a): 2D masked convolution proposed in Paper C to capture spatial context, (b): 3D masked
convolution proposed in paper D to capture spatio-temporal context [Figures are tasked from [24, 69]]

ually and finally combines scores for video anomaly detection. The next parts of this
section provide more details about the individual concept.

Learning Spatial Context. Learning spatial context in deep neural networks refers
to the ability of the network to capture and understand relationships between spatially
adjacent features in an image. Convolutional neural networks (CNNs) have long been
dominant networks for context modeling in computer vision, but the landscape shifted
when Vaswani et al. [70] introduced the self-attention mechanism. This breakthrough
sparked a wave of research exploring neural architectures that heavily rely on attention
as the primary mechanism for modeling context.

CNNs are designed to exploit local connectivity and shared weights across the in-
put space, allowing them to effectively learn spatial hierarchies of features. However,
to fully leverage the spatial context, additional techniques such as using larger recep-
tive fields [71], dilated/atrous convolution [71] (induce gap between the convolutional
kernel) and spatial pyramid pooling [72], are proposed. Each of these approaches has
its own pros and cons and therefore is applicable to a specific situation. CNNs use fea-
tures from individual or combined multiple scales to adaptively capture local to global
context in an image. For example, spatial pyramid pooling [72] helps CNNs capture
multi-scale spatial context. It involves dividing input feature maps into sub-regions of
different sizes and pooling features separately within each sub-region. This allows the
network to capture contextual information at multiple scales, which allows it to han-
dle objects of various sizes within an image. Furthermore, attention mechanisms such
as BAM [73] and CBAM [74] can be employed to explicitly model the importance
of various spatial locations. The attention mechanism enables the network to dynam-
ically weigh the contribution of different spatial locations based on their relevance
to the task at hand. These approaches enable the network to effectively capture and
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utilize the spatial relationships between features, leading to improved performance in
various computer vision tasks such as object recognition [75, 76], semantic segmen-
tation [77, 78], and anomaly detection [21, 23, 24, 79, 80].

Later on, these methods are replaced by architectures such as vision transform-
ers [81–92]. These models are based on the self-attention idea proposed by Vaswani
et al. [70]. These models are used widely now in the field of computer vision, mostly
because of their remarkable performance on a wide range of tasks including object
recognition [83, 87, 88], object detection [81, 91, 92], image generation [86, 89, 90],
and anomaly detection [30, 31, 93, 94]. Transformer models in these cases capture
long-range dependencies. The self-attention mechanisms enable them to attend dif-
ferent parts of the input and capture contextual relationships between them.

Learning Spatio-Temporal Context. Modeling spatial context is essential for image-
based tasks, as it enables effective understanding and analysis of visual information.
However, when dealing with video data, a more comprehensive approach is required
to capture the spatio-temporal context accurately. Therefore, it is crucial to employ
suitable modeling techniques that account for both spatial and spatio-temporal con-
texts, depending on the characteristics of anomalies present in the dataset. Some ap-
proaches [16, 21, 23, 64, 65, 67] in the domain of unsupervised video anomaly detec-
tion are modeling both spatial and spatio-temporal contexts to capture both motion-
related and spatial anomalies. However, a large set of approaches in this domain
include optical flow [16, 64, 65] as temporal cues and image features as spatial cues.
Some other examples of approaches to model spatio-temporal aspects apart from op-
tical flow are Ionescu et al. [21] included gradients, Yu et al. [32] learning to com-
plete videos and includes spatio-temporal context for video anomaly detection. Wan
et al. [95] designed a spatio-temporal jigsaw puzzle solving based on four consec-
utive frames. Some approaches [22, 96] also use 3D convolution, which is a com-
putationally expensive operation. However, these methods address this challenge by
selectively processing foreground objects (based on detection bounding boxes) within
video frames, while excluding the background.

Other techniques to encode spatio-temporal cues include encoding the temporal
context by using RNNs [97] and its variants GRU [98] and LSTM [97], which is
often combined with CNNs to model spatio-temporal context. Some of the more so-
phisticated approaches include I3D [99] and C3D [100], which better model intricate
spatio-temporal interactions. It is worth noting that the inclusion of a more intense
spatio-temporal context is also computationally expensive and therefore sometimes
avoided to save computation time. However, I3D and C3D features are often used
in weakly supervised anomaly detection domains. This is where video datasets like
UCF Crime [9], XDViolance [101] are more complex. Anomalies in datasets like
explosions and shoplifting are not only motion-based but also involve intricate spatio-
temporal interactions. Detecting such anomalies necessitates intense spatio-temporal
context modeling to capture dynamic relationships over time. On the other hand, ex-
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isting datasets in the domain of unsupervised anomaly detection, e.g., Avenue [37]
and Shanghai-Tech [16], are biased towards motion-based anomalies such as running,
jumping, or similar behaviors, which could simply be solved by including optical flow.
Therefore, these datasets are limited in terms of being representative, since they might
include more complex spatio-temporal interactions in abnormal instances.

Masking for Anomaly Detection. Some existing studies [4, 16, 22, 29–32] incorpo-
rates masked input prediction as an auxiliary task for anomaly detection, forming a
distinct subset of reconstruction-based methods. For instance, Liu et al. [16] presents
a GAN [102] framework that predicts future frames based on a limited number of past
frames, classifying anomalies based on the prediction error. Another GAN-based ap-
proach [33] simultaneously detects and localizes anomalies through inpainting. In this
method, the generator network is trained to fill in masked patches in the input image
(also known as inpainting). Simultaneously, the discriminator network is trained to
distinguish between normal and abnormal patches inpainted by the generator. Inter-
estingly, the inpainting task has also been explored in combination with vision trans-
formers as shown in [31]. Haselmann et al. [29] proposes to erase a rectangular sub-
section from the center of the image and classify anomalies based on the interpolation
error. Fei et al. [4] proposes an Attribute Restoration Network (ARNet), where they
mask attributes (like color and orientation) of an image and the model learns to restore
those attributes. Building upon the success of masked auto-encoders [103], Jiang et
al. [30] introduces a masked Swin Transformer [104] designed specifically for in-
painting masked regions. To overcome transformer data requirements, this method
simulates artificial anomalies. These approaches propose masking tasks for images to
improve context modeling.

Video masking can be integrated at a spatiotemporal level, where, rather than
masking pixels from a single frame, entire frames are masked. Based on this ap-
proach, Georgescu et al. [22] first generates spatio-temporal cubes using a detection
bbox for each object in a video and then proposes middle box masking as one of the
auxiliary tasks in their multi-task learning framework. Liu et al. [16], Yu et al. [32]
employs the Cloze task [105], where specific frames from videos are masked and the
model learns to complete videos using available frames.

Inspired by the success of masking tasks, this chapter presents approaches for
unsupervised anomaly detection, by introducing the concept of masking at the core
architectural level in form of blocks (referred to as SSPCAB and SSMCTB in this
chapter). These blocks improve discrimination between normal and abnormal pixels
by predicting masked pixels.

Trajectories for Anomaly Detection. In the domain of surveillance, anomaly de-
tection based on trajectories is relatively limited. Some notable instances include the
detection of anomalous trajectories in the context of traffic surveillance [106, 107].
These approaches are mostly based on clustering of trajectories using hand-crafted
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features and distance measures between trajectories. The cluster with small support,
in this case, is considered anomalous.

Unsupervised anomaly detection on human trajectories is still an under-explored
area, mostly because of the biasing towards optical flow as discussed earlier in this
section. The trajectories however are considered as a special case of time-series, and
there exist some approaches for anomaly detection on time-series data [108, 109].
The earlier approaches in this area are based on statistical methods: k-mean cluster-
ing [108], distance-measures [110]. These approaches are later replaced by deep neu-
ral networks [111–113] using auto-encoders based on RNNs [114] and LSTM [113]
to encode these time-series. However, anomaly detection on human trajectories is a
difficult task as there are multiple external factors that impact human motion such as
context, density, social interaction, and many others.

Bouritsas et al. [115] constructs trajectories by selecting key points from human-
skeleton trajectories and detect anomalies based on these trajectories. However, this
framework requires precise key-point detection, which is considered a difficult task.
To simplify the task, this chapter presents a method of constructing those trajectories
based on a single point, i.e., the center-of-mass. The trajectory constructed using
this approach are computationally efficient. The existing literature considers some
approaches for trajectory prediction, which can be employed as a surrogate task for
unsupervised anomaly detection. Approaches like Social LSTM [116] and Social
GAN [117] focus on predicting trajectories by including multiple cues such as social
interaction, past motion, and environment dynamics. Social LSTM [116] introduces
a social pooling layer, which considers the interaction among different trajectories.
The Social GAN [117], later extends the concept with GAN-based architecture and
introduces variety loss to predict a diverse set of trajectories. This chapter proposes an
anomaly detection framework using trajectories, where anomalies are classified based
on prediction error. Our approach also considers social interaction and variety loss,
similar to the Social GAN [117] to detect anomalous trajectories.

Overall, two classes of methods for anomaly detection are discussed in this chap-
ter: a) First category illustrates improvement by modeling the spatial and spatio-
temporal context using novel neural blocks. The proposed block encapsulates the
capability to reconstruct the missing information based on the surrounding context
and can be integrated easily with other SOTA methods. b) Second category utilizes
social interaction among trajectories as a crucial temporal cue and integrates it with
approaches using mostly using spatial cues for anomaly detection.

3 Scientific Contributions
Preceding chapters of this thesis focus on two distinct learning methodologies. Ini-
tial approaches entailed supervised learning, where the development of robust models
for specific tasks heavily relied on annotated datasets. The second approach aimed
at acquiring representative features, typically necessitating fine-tuning using a limited
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LSSPCAB

global 
pooling

FC+ReLU

FC+sigmoid

multiply

✕

masked 
convolution

attention module

FC+ReLU

ground-truth

Fig. 5.2: Our self-supervised predictive convolutional attentive block (SSPCAB). For each location where
the dilated convolutional filter is applied, the block learns to reconstruct the masked area using contextual
information. A channel attention module performs feature recalibration by using global information to
selectively emphasize or suppress reconstruction maps. Best viewed in color.[Image and caption are taken
from [24]]

Method
AUROC

Localization AP
Detection Localization

DRAEM [27] 41.06 42.40 45.41
DRAEM + SSPCAB [24] 44.19 46.66 46.89
DRAEM + SSMCTB (Ours) 50.27 53.98 50.75
NSA [68] 53.66 74.90 61.09
NSA + SSPCAB [24] 54.91 75.30 62.37
NSA + SSMCTB (Ours) 60.09 77.09 64.55
3D DRAEM [27] 43.74 44.12 45.97
3D DRAEM + 3D SSMCTB (Ours) 53.70 58.47 52.79

Table 5.1: Detection AUROC and localization AUROC/AP (in %) of two state-of-the-art methods [27, 68]
on BRATS, before and after alternatively adding SSPCAB and SSMCTB. Additional results obtained by
converting DRAEM to use 3D convolutions and integrating the 3D SSMCTB are also reported. The best
result for each model and each performance measure is highlighted in bold. [Table and caption is taken
from [69]]

labeled dataset to address visual tasks. In contrast, the current chapter tackles the
challenge of unsupervised anomaly detection, eliminating the need for labeled data.
Instead, we adopt a one-class classification framework, training the model only on
normal samples and evaluating it on both normal and abnormal samples during test-
ing. This unsupervised approach allows for additional flexibility and applicability in
real-world scenarios where annotations are impractical or infeasible. The research
presented in Papers C, D, and E of this thesis addresses the unsupervised anomaly
detection task.

Papers C and D are closely interconnected as they both introduce masked convo-
lution as a neural block and explore its potential for enhancing contextual modeling.
This neural block consists of three key components: masked convolution, an atten-
tion module, and self-supervised loss. In this chapter, we propose methodologies that
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Fig. 5.3: An overview of our self-supervised masked convolutional transformer block (SSMCTB). At every
location where the masked filters are applied, the proposed block has to rely on the visible regions (sub-
kernels) to reconstruct the masked region (center area). A transformer module performs channel-wise self-
attention to selectively promote or suppress reconstruction maps via a set of weights returned by a sigmoid
(σ) layer. The block is self-supervised via the Huber loss (LSSMCTB) [118] between masked and returned
activation maps. Best viewed in color.[Image and caption are taken from [69]]

Method
AUC

Micro Macro

Park et al. [19] 53.2 66.5
Park et al. [19] + SSPCAB 53.6 66.6
Park et al. [19] + SSMCTB (Ours) 58.9 66.6

Table 5.2: Micro and macro AUC scores (in %) on Thermal Rare Event, obtained while alternatively
including SSPCAB [24] and SSMCTB into the method of Park et al. [19]. [Table and caption are taken
from [69]]

leverage spatial and spatio-temporal contexts for anomaly detection tasks. Initially,
Paper C uses 2D masked convolution (Figure 5.1 (a)) to capture spatial context exclu-
sively. Later, in Paper D, we extend this concept to 3D masked convolution (Figure
5.1 (b)) to incorporate spatio-temporal context, enabling the model to consider depen-
dencies on adjacent frames in videos. Additionally, Paper E suggests incorporating
object trajectories as an additional cue within anomaly detection frameworks to cap-
ture long-range dependencies.

In Paper C, we utilize aforementioned components, employing a 2D masked con-
volution followed by a channel attention module using Squeeze-and-Excitation (SE)
module [119]. The self-supervised loss is measured using mean square error (MSE)
(Figure 5.2). We refer to this block as the self-supervised predictive convolution at-
tentive block (SSPCAB). By integrating SSPCAB with six different baselines, con-
sisting of four for video anomaly detection and two for image anomaly detection, we
achieve promising results. Table 5.4 presents the performance of SSPCAB in video
anomaly detection on widely used public datasets such as Avenue [37] and Shanghai-
tech [16]. The evaluation metrics include area under the curve (AUC), RBDC [41],
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and TBDC [42]. The results consistently outperform baselines, establishing SSPCAB
as the new state-of-the-art (SOTA) for certain metrics on these datasets.

Moreover, we demonstrate the integration of SSPCAB with two baselines for
image anomaly detection on MvTec dataset [1] in Table 5.3. The results measures
anomaly detection and location accuracy using the area under the ROC curve (AU-
ROC) and average precision (AP) metrics. The results consistently outperform the
baseline, further emphasizing SSPCAB’s effectiveness in image anomaly detection
scenarios.

In Paper D, we incorporate either 2D or 3D masked convolution, followed by
a self-attention mechanism based on a transformer block. Huber loss replaces the
self-supervised loss in this case, offering increased robustness against outliers (Figure
5.3). We refer to this block as the self-supervised masked convolutional transformer
block (SSMCTB). SSMCTB is integrated with eight baselines for image and video
anomaly detection, consisting of six for video anomaly detection and two for image
anomaly detection. We further expand the application domain to include thermal,
and medical data. The integration of SSMCTB with six different baselines for video
anomaly detection in the RGB domain is presented in Table 5.4. Similar to Paper C,
the results in Table 5.4 showcase the performance on Avenue [37] and ShanghaiTech
[16] datasets. Additionally, results of integrating SSMCTB with a single baseline for
video anomaly detection in the thermal domain are shown in Table 5.2. In Paper D, we
proposed a novel dataset for detecting anomalies in the thermal domain. This dataset
is generated by annotating one week video from the season-in-drift dataset [120].

Furthermore, we demonstrate the integration of SSMCTB with two baselines from
image anomaly detection on the MvTec dataset in the RGB domain in Table 5.3. Fi-
nally, the results of integrating SSMCTB with two baselines from image anomaly
detection on a medical dataset called BraTs [121] are presented in Table 5.1. While
the BraTs dataset is initially proposed for brain tumor segmentation, we consider tu-
mors as anomalies in this case. The evaluation metrics used in this paper are same
as those in Paper C for both video and image anomaly detection datasets. The re-
sults consistently show that SSMCTB provides further improvement over SSMCTB
in most cases, showcasing its effectiveness in various domains.

Paper E incorporates long-range dependencies as temporal cues into learning algo-
rithms for unsupervised video anomaly detection. This paper introduces these long-
range temporal relations through trajectories. These trajectories are constructed by
applying a pre-trained tracker to the publicly available Avenue [37] and Shanghai-
Tech [16] datasets, which are widely used in the field of unsupervised video anomaly
detection. Each track is generated by combining the center points of the detected
bounding boxes across the temporal dimension.

To detect anomalies in trajectories, paper E generalizes a well-known trajectory
prediction approach called SocialGAN [117]. Inspired by Liu et al’s future-frame pre-
diction method [16], the underlying idea is that the prediction error of abnormal tra-
jectories, which were not encountered during training, is greater than that of normal
trajectories. The prediction of each trajectory takes into account a few past samples
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Fig. 5.4: The network architecture of the proposed method in paper E combines long-range temporal cues
from trajectories and spatial cues from SOTA methods. Anomaly scores are generated by weighting the
outputs of the spatial and temporal branches. [Figure is taken from [23]]

and social interaction among sub-trajectories to predict future samples. Abnormalities
are inferred to occur in situations involving unusual social interactions, resulting in
higher prediction errors in such cases. However, it is observed that simply encoding
temporal information is not sufficient for effective video anomaly detection. There-
fore, the trajectory-based anomaly detection approach is integrated with state-of-the-
art methods that rely on spatial cues. The network diagram illustrating the proposed
approach is depicted in Figure 5.4. The effectiveness of integrating the trajectory-
based anomaly detection approach with the state-of-the-art method is demonstrated
through the results presented in Table 5.5. The table illustrates that the proposed sys-
tem surpasses the baseline method’s performance by incorporating temporal cues from
trajectories.

4 Summary
This chapter focuses on the development of self-supervised tasks tailored to address
anomaly detection problem. Three distinct approaches are proposed, each targeting
the anomaly detection problem from a different perspective. The first two methods
leverage the context provided by predicting masked pixels, which is essential for ef-
fective anomaly detection. In contrast, the third approach incorporates lightweight
trajectory features to enhance unsupervised anomaly detection by incorporating long-
range motion information. The contributions considered in this chapter are as follows:

• Proposes a novel self-supervised predictive convolutional block (SSPCAB). SSP-
CAB’s components are 2D masked convolution, channel attention using Squeeze-
and-Excitation (SE) module [119], and MSE as a self-supervised loss. This
block possesses inherent anomaly detection capabilities.

• SSPCAB is integrated with four video anomaly detection baselines and two
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Method
Avenue ShanghaiTech

AUC
RBDC TBDC

AUC
RBDC TBDC

Micro Macro Micro Macro

Liu et al. [16] 85.1 81.7 19.59 56.01 72.8 80.6 17.03 54.23
Liu et al. [16] + SSPCAB [24] 87.3 84.5 20.13 62.30 74.5 82.9 18.51 60.22
Liu et al. [16] + SSMCTB [69] 89.5 84.6 23.79 66.03 74.6 83.9 19.13 61.65
He et al. [103] 84.0 85.6 - - 74.3 81.1 - -
He et al. [103] + SSPCAB [24] 85.1 85.8 - - 74.5 81.9 - -
He et al. [103] + SSMCTB [69] 86.4 86.5 - - 76.1 81.6 - -
Park et al. [19] 82.8 86.8 - - 68.3 79.7 - -
Park et al. [19] + SSPCAB [24] 84.8 88.6 - - 69.8 80.2 - -
Park et al. [19] + SSMCTB [69] 87.0 87.7 - - 70.6 80.3 - -
Liu et al. [64] 89.9 93.5 41.05 86.18 74.2 83.2 44.41 83.86
Liu et al. [64] + SSPCAB [24] 90.9 92.2 62.27 89.28 75.5 83.7 45.45 84.50
Liu et al. [64] + SSMCTB [69] 89.6 93.9 46.49 86.43 75.2 83.8 45.86 84.69
Georgescu et al. [65] 92.3 90.4 65.05 66.85 82.7 89.3 41.34 78.79
Georgescu et al. [65] + SSPCAB [24] 92.9 91.9 65.99 64.91 83.6 89.5 40.55 83.46
Georgescu et al. [65] + SSMCTB [69] 93.2 91.8 66.04 65.12 83.3 89.5 40.52 81.93
Bărbălău et al. [79] 91.6 92.5 47.83 85.26 83.8 90.5 47.14 85.61
Bărbălău et al. [79] + 3D SSMCTB [69] 91.6 92.4 49.01 85.94 83.7 90.6 47.73 85.68

Table 5.4: Micro-averaged frame-level AUC, macro-averaged frame-level AUC, RBDC, and TBDC scores
(in %) of various state-of-the-art methods on Avenue and ShanghaiTech. Among the existing models, we
select six models [16, 19, 64, 65, 79, 103] to show results before and after including SSPCAB and SSMCTB,
respectively. The best result for each underlying model is highlighted in bold. The top score for each metric
is shown in red. [Table and caption are taken from [69]]

Method
AUC(↑) AUC(↑)
Avenue SH-Tech

Ours (Temporal Only: SGAN) 65.0 69.7
Spatial Only: Liu et. al. [16] 85.1 72.8

Ours (Spatial: Liu et. al., Temporal: SGAN) 86.8 74.6
Spatial Only: Park et. al. - Pred [19] 88.5 70.5

Ours (Spatial: Park et. al. - Pred., Temporal: SGAN) 88.6 73.8
Spatial Only: Park et. al. - Reconst [19] 82.8 69.8

Ours (Spatial: Park et. al. - Reconst., Temporal: SGAN) 86.9 73.2

Table 5.5: Comparing the frame-level AUC score (in %) of the proposed system with the SoTA approaches
and their corresponding spatial anomaly detection branch. Higher frame-level AUC indicates better perfor-
mance. [Table and caption are taken from [23]]

image anomaly detection baselines. This results in SOTA performance on un-
supervised video anomaly detection tasks.

• Proposes a self-supervised masked convolutional transformer block (SSMCTB).
The components of SSMCTB are 2D/3D masked convolution, channel attention
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using transformers, and Huber as a self-supervised loss. This block further im-
proves over SSPCAB.

• A dataset for anomaly detection in the thermal domain is proposed, generated
by annotating videos from one week of data from the Season-in-drift benchmark
[120].

• SSMCTB is applied to datasets from various domains, including RGB, thermal,
and medical for image and video anomaly detection tasks. This demonstrates
its effectiveness across different data modalities.

• A method proposes to incorporate long-range temporal cues from trajectories.
The approach considers motion and interaction characteristics of trajectories as
an underlying feature for anomaly detection.

• The temporal cues obtained from trajectories are integrated with spatial cues
derived from frame embeddings (in SOTA approaches), resulting in improved
performance over baseline methods.

While this thesis focuses on the specific application of unsupervised learning for
anomaly detection, the concept of self-supervised tasks has broader applicability to
various computer vision tasks.
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Chapter 6

Conclusions and Future Work

This chapter presents the concluding remarks on different learning methodologies
providing an alternative solution to mitigate the requirement of large-scale human-
annotated datasets. The approaches include using synthetic datasets, representation
learning, and unsupervised learning, which are presented in the order of labeled data
requirements in this thesis. Additionally, the chapter contains possible future exten-
sions of the research works discussed in this thesis.

1 Conclusions
The first chapter of this thesis addresses the problem of multi-object tracking by lever-
aging large-scale human-annotated datasets. While these datasets are readily available
for well-researched problems like multi-object tracking, manually annotating exten-
sive data becomes impractical for new visual tasks. Therefore, the subsequent chap-
ters in this thesis provide alternative solutions for dealing with this issue. This section
primarily contains concluding remarks on each proposed solution.

Synthetic Datasets. This thesis explores the specific problem of detecting people
falling into water, which occurs infrequently, and hence the collection of datasets is
a challenging task to solve the problem. To overcome this limitation, the thesis pro-
poses synthetic datasets. Synthetic datasets offer the advantage of annotations readily
available for free. The key consideration is ensuring that models trained on synthetic
datasets exhibit transferability to real-world datasets.

In the proposed task of detecting people falling into the water, the synthetic dataset
demonstrates exemplary transferability characteristics when applied to real-world data.
Notably, synthetic datasets have shown promise in addressing various computer vision
problems, as evidenced by prior research [1–6] including fundamental tasks such as
object detection and segmentation. Nevertheless, synthetic datasets may not consis-
tently exhibit effective transfer characteristics across all visual tasks. To enhance the
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transferability of synthetic datasets, some approaches [7, 8] combine synthetic and
real datasets and are often employed to tackle complex tasks. These approaches re-
sults in diverse datasets, leading to improved generalization. In this thesis, the pro-
posed dataset is also generated by combining components from real and synthetic
world data, aiming to enhance transferability.

Representation Learning. This thesis presents an approach to representation learning
using masked image modeling (MIM) as pretext task. Inspired by the success and
simplicity of MAE [9], the proposed approach employ MAE [9] as the representation
learning backbone. While current SOTA [9–12] approaches randomly mask tokens
to solve the MIM. This thesis presents an end-to-end adaptively learnable masking
strategy, which provides different making tokens as outputs based on task complexity.
A curriculum [13] is finally designed based on task complexity to improve learned
representation.

We present preliminary results in this thesis verifying that curriculum learning
improves downstream task representation and hence performance under zero-shot set-
tings. In our zero-short results, we do not use any labeled data, just the representation.
Future work will extend the idea by generalizing it for multiple visual tasks.

Self-supervised representation learning provides a promising path, especially in
surveillance data, where unlabelled data is substantial. However, the only constraint
is that this large-scale dataset is not publicly available for annotation. One possible
solution, in this case, might include using pre-trained models on large-scale out-of-
domain image datasets and fine-tuning them under limited label settings. Another
solution is to train in-house models on the large-scale surveillance dataset and use
the learned representation to solve multiple visual tasks. The only constraint while
pretraining these models is their high GPU memory requirement.

Unsupervised Learning. In conclusion, chapter 5 of this thesis introduces three ap-
proaches for addressing the anomaly detection problem using unsupervised learning.
The first two approaches employ reconstruction as a mask modelling problem to en-
hance anomaly detection. The approaches propose two neural blocks namely SSP-
CAB and SSMCTB that can be integrated with any architecture. These blocks dy-
namically encode contextual information by configuring the mask convolution layer’s
receptive field and target pixels. Integration of these self-supervised blocks (SSP-
CAB and SSMCTB) with various baselines demonstrates significant performance im-
provements, surpassing state-of-the-art methods on multiple evaluation metrics. The
results consistently indicate that the SSMCTB enhances anomaly detection perfor-
mance across different domains (RGB, medical, thermal), highlighting the efficacy of
modelling spatial and spatio-temporal context through configurable mask convolution.

The third approach combines long-range trajectories as additional temporal cues
with state-of-the-art anomaly detection methods. This approach utilizes the Social-
GAN framework [14] for detecting anomalous trajectories by capturing social interac-
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tions and past motion behavior. The results suggest the effectiveness of this approach,
particularly for detecting group anomalies where abnormal social interactions, such as
snatching or fighting, differ from normal patterns.

Overall, unsupervised learning eliminates the reliance on labeled data and of-
fers significant advantages. However, the challenge lies in carefully designing self-
supervised tasks to capture the high-level semantics of images and videos. In the
case of anomaly detection, reconstruction proves to be a fitting self-supervised task,
although its specific implementation varies depending on the visual task being ad-
dressed. As a result, task-specific representations are acquired, necessitating separate
model training for each visual task.

2 Future Work
This subsection presents the possible extension of research based on the experience
gained during this PhD.

Anomaly Detection. The problem of unsupervised anomaly detection has large sim-
ilarities with other problem statements in computer vision such as novelty detection,
out-of-distribution detection, and open-set recognition. Out of which, the problem
of novelty detection matches exactly with anomaly detection. However, instead of
novel classes we consider abnormal classes in anomaly detection. Similarly, out-of-
distribution detection and open-set recognition have similarities in the regard that the
training dataset is classified into K-classes instead of a single normal class and every-
thing outside K-classes is treated as anomalies. A possible future extension of this
thesis is the unification of all these different areas of research. A possible extension
idea is to apply K-classes to anomaly detection. The concept will then extend to cat-
egorizing a single normal class into multiple categories. This categorization can be
performed based on actions in videos for instance. The idea can also be further ex-
tended to anomalies categorization. To achieve this categorization, we can transform
the problem of generic category discovery [15], where we cluster the novel action cat-
egories found in the abnormal test samples seen at test time. Obtaining these catego-
rizations for anomalies is especially interesting because each anomaly has a different
implication, some of which are more critical than others.

Solving Dataset Biases. The ultimate objective of the learning process is to develop
models that demonstrate strong generalization capabilities in real-world scenarios.
However, achieving this goal is a complex task due to biases in publicly available
datasets. These biases, whether acknowledged or unidentified, present significant
challenges for models to generalize to real-world datasets. We discuss some solu-
tions for solving bias that comes as noise, during the manual data-annotation process
in this thesis.

However, we observed another bias during our investigation of the publicly avail-
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able video anomaly detection dataset. The bias, in this case, is related to motion-based
anomalies, which limit the inclusion of complex spatio-temporal features. As a result,
these datasets heavily rely on optical flow as the primary source of temporal informa-
tion. This restricts their ability to generalize when applied to real-world surveillance
cameras that encompass more complex interaction-related anomalies beyond mere
motion-based ones like running or jumping.

In addition to the acknowledged biases, various undetected biases exist across
different computer vision tasks, including object detection, semantic segmentation,
multi-object tracking, and anomaly detection. To mitigate the impact of biases, sev-
eral proposed solutions [16–20] involve training models on large-scale and diverse
datasets. By incorporating a wide range of data from various sources, models have
a better chance of learning robust and generalized representations that are not biased
toward specific characteristics present in limited datasets.

Following a similar trend, an idea for addressing this issue could involve expand-
ing existing datasets in the anomaly detection domain. This could be done by in-
corporating more diverse scenarios. One approach to add diversity is by augmenting
datasets with synthetic anomalies. The rationale behind adding synthetic anomalies
is that the rarity of anomalies makes it challenging to capture every instance in the
dataset. Augmenting the dataset with synthetically generated anomalies provides flex-
ibility in including more complex spatio-temporal anomalies encountered in the real
world. Furthermore, augmenting datasets with synthetic objects or humans will meet
the privacy-preserving requirements of the GPPR [21] rules.

In conclusion, the learning process aims to develop models that can effectively
generalize across various real-world scenarios. Biases, whether introduced during the
learning process or present in the dataset, hinder the model’s generalization capabil-
ities. The research in this thesis addresses human biases originating from labeled
datasets. The proposed solutions involve augmenting datasets with synthetic compo-
nents, and rectifying identified biases. Additionally, leveraging a smaller amount of
labeled data or just the unlabeled data proves beneficial in mitigating human biases
inherent in the labeling process.
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1. Introduction

Abstract
State-of-the-art (SoTA) detection-based tracking methods mostly accomplish the de-
tection and the identification feature learning tasks separately. Only a few efforts
include the joint learning of detection and identification features. This work pro-
poses two novel one-stage trackers by introducing implicit and explicit attention to
the tracking research topic. For our tracking system based on implicit attention, we
further introduce a novel fusion of feature maps combining information from differ-
ent abstraction levels. For our tracking system based on explicit attention, we in-
troduce utilization of an additional auxiliary function. These systems outperform the
SoTA tracking systems in terms of MOTP (Multi-Object Tracking Precision) and IDF1
score when evaluated on public benchmark datasets including MOT15, MOT16, and
MOT17. High MOTP score indicates precise detection of bounding boxes of objects,
while high IDF1 score indicates accurate ID detections, which is very crucial for
surveillance and security systems. Therefore, proposed systems are good choice for
event-detections in surveillance feeds as we are capable of detecting correct ID and
precise location.

1 Introduction
Multi Object Tracking (MOT) is one of the most widely used and yet challenging
applications of computer vision. The aim is to predict the object trajectories across
the video frames. The predicted trajectories could further be used for the analysis of
the sports videos [1], anomaly detection in crowded scenes [2], Automatic Driving
Assistance Systems [3], to name a few.

The challenges related to visual object tracking such as occlusion, motion blur,
social interaction, and low-resolution images make it a complicated task. Myriads of
approaches are proposed overtime to resolve the multiple challenges. Some of the
earliest efforts in this field used correlation-filter [4], and mean-shift algorithm [5].
Later on, deep learning-based tracking approaches become popular due to an increase
in GPU computation power. Some of the widely used deep learning based tracking
approaches include Siamese Neural Network (SNN) [6] which learns similarity func-
tion between target and search region, Recurrent Neural Networks (RNN) [7] which
incorporate temporal features in addition to appearance based features, and Genera-
tive Adversarial Network (GAN) [8] based tracker which works well even if training
dataset is small.

The success of deep neural networks in object detection paved the way for devel-
oping trackers using detectors in their backbone also know as tracking-by-detection.
Some research in this area includes two-stage and one-stage trackers. In a two-stage
trackers, target objects are detected as Bounding Boxes (BBoxes) by an object detector
in the first stage. In the second stage, a unique identification (ID) is assigned to each
BBox using a different network. Then, usually an affinity/cost matrix is constructed
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Fig. A.1: Illustrating the proposed tracking system.

by combining Intersection over Union (IoU) of detection BBox and the assigned ID.
Once the affinity matrix is created, an algorithm like Hungarian [9] is used to associate
the target object by minimizing the total cost function. Reliable tracking accuracy can
be achieved by using the best detection and identification networks in a two-stage
tracker. However, this also increases the training complexity of the network and its
inference time. To reduce the training effort, one-stage trackers [10] performing both
the detection and the identification task in a single network using multi-task learning
are proposed. In multi-task learning [11], a shared network is used to learn multiple
tasks, here detection and re-identification (re-id). However, this joint learning reduces
the network’s generalization capabilities by sharing the same low-level and high-level
features for both tasks. Therefore, the accuracy of the one-stage trackers is lower as
compared to their two-stage counterparts. On further analysis, the unstable detection
at small scale seems to be one of the major causes of decreased accuracy of one-stage
trackers. This paper improves the detection accuracy of one-stage trackers adding
different attention modules to the backbone architecture. Additionally, the proposed
work also improved the identity detection by enhancing the feature propagation.

The accuracy of detection-based one-stage trackers can be improved by either im-
proving the detection task or association-task. State-of-The-Art (SoTA) approaches
such as Chained-Tracker [12] improves the data-association by incorporating task-
specific attentions. In this paper, we focused on improving the detection task and mod-
ified existing backbone architectures of a known network that has been used mostly
for object detection, HRNet [13], by introducing different attention modules to pro-
pose a novel one-stage tracker as shown in Figure A.1. The concept of attention
networks [14] is motivated by the human visual system, which learns to focus on a
relevant region of the image while discarding the irrelevant part. In the past few years,
attention-based networks have proved to be very successful in improving the perfor-
mance of multiple computer vision tasks [15] and [16].

Attention mechanisms can be broadly classified into two categories, i.e., implicit
[17] and explicit attention [18]. Implicit attention doesn’t enforce any additional con-
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straints on the attention unit. On the contrary, learning attention units explicitly with
additional supervision from ground-truth (GT) enforces the network to improve on
certain tasks. In this paper, we have introduced attention (in both forms of implicit [19]
and explicit [20] attention) to one-stage trackers and shown that this improves the ac-
curacy of the trackers.

The contributions of this paper are as follows:

1. We, for the first time, introduce attention, in its two forms of implicit and ex-
plicit attentions, to one-stage trackers based on multi-task learning, resulting in
two one-stage trackers (one based on implicit attention and one based on explicit
attention) which outperform SoTA trackers in terms of MOTP and IDF1 score
on public benchmark datasets, while achieving competitive results on MOTA
score. The proposed attention-gates improves the feature propagation across
the later stages of the network and hence the ID detection.

2. For our tracker based on implicit attention, we propose a novel fusion of fea-
ture maps combining information coming from different abstraction levels, that
improves the accuracy of the tracker even further (Section 5, Table A.4).

3. For our tracker based on explicit attention, we propose a novel modification to
our employed backbone architecture via an auxiliary loss function, that further
improves the tracking accuracy (Section 5, Table A.5).

The rest of this paper is organized as follows: The related work in the literature is
reviewed in the next section. Then, Section 3 explains the details of the proposed idea.
Section 4, gives the details of the experimental results comparing the performance of
the system with the SoTA systems. Section 5 presents the ablation study, and finally
the paper is concluded in Section 6.

Stage1

A Attention Gate Skip connections

Stage2 A Stage3 A Stage4

Stage2a Stage3a A Stage4a

Stage3b Stage4b

Stage4c
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A
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Heat
Map

Embedding
Vector
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Fig. A.2: Introducing implicit attention to a one-stage tracker based on HRNet [13] backbone.

79



Paper A.

2 Related Work
This section is divided into two parts. First, we review SoTA MOT approaches fo-
cusing on detection-based trackers. Then, we review the reported incorporation of
implicit and explicit attention for improving the performance of deep learning-based
computer vision methods.

2.1 Deep Learning-based Tracking

Most of the recent research works in MOT are using deep-learning-based architec-
tures. The recent major contributions include Graph Convolutional Network (GCN)
[21], multi-task learning [22], articulated tracking [23], and tracking-by-detection
[24]. SoTA GCN-based trackers consist of two different GCNs, i.e., spatial-temporal
GCN represents the structure and contextual GCN models the context. Multi-task
learning-based architectures jointly optimizing on different related tasks such as: Multi-
Object Tracking and Segmentation (MOTS) [22] optimize detection, tracking and seg-
mentation tasks, JDE [10] optimizing detection and re-id tasks, and FAMNet [25]
which is based on joint optimization of feature extraction, affinity estimation, and
multi-dimension assignment. Articulated trackers track the key points across the video
frames, e.g., architecture proposed in [23] contains two networks SpatialNet and Tem-
poralNet. SpatialNet detects the body parts and groups them in a single frame and
TemporalNet converts those key points into trajectories. Tracking-by-detection uses
detected BBox to compute the affinity matrix, e.g., POI [26] incorporated an accurate
object detector based on Faster-RCNN for pedestrian tracking. CenterNet [27] and
Chained Tracker [12] proposed an integrated system performing simultaneous detec-
tion and association using consecutive frames as input.

Large-scale image recognition challenges such as ImageNet [28] are bringing
up accurate and efficient object detectors, which oriented the research direction to-
wards detector-based trackers [24]. There are multiple tracking approaches based on
different object detection architecture such as YOLO [29], Faster-RCNN [30], and
SSD [31]. Different association techniques discussed further are used to establish the
temporal relationship and predict the trajectories of target objects. Deep association is
proposed in [32], where a separate deep neural network is used to accomplish the as-
sociation task. A tubelet proposal network [33] incorporated temporal features using
Long Short-Term Memory (LSTM) networks. Detection-based tracking approaches
mentioned above are computationally expensive and suffer from increased inference
time. To meet the real-time constraint, Tracktor++ [34] transformed object detector to
a tracker by simply using regression and classification differently. This simple con-
version improved the inference time but failed to improve accuracy due to the missing
temporal relationships. To further improve the idea, one-stage trackers [10] which
jointly learn detection for spatial and feature embedding for the temporal association
are proposed.
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2.2 Attention Gates

Attention gates have been initially used in natural language processing (NLP), e.g.,
hand-writing synthesis [35], and machine translation [36] to improve the contextual
information in a text. More recently attention networks became a popular means to
improve various computer-vision tasks such as image classification [16], and segmen-
tation [37]. Not every feature generated by a deep neural network is equally important.
Therefore, channel attention providing weights to different output channels has been
applied in such cases. For example, squeeze-and-excitation networks proposed in [38]
learn the channel weights by squeezing the spatial dimension. Additionally, few loca-
tions in the feature maps are more relevant than the others. Therefore, spatial atten-
tion [39] generates the attention map by utilizing the inter-spatial relationship of fea-
tures. Some networks such as Convolutional Block Attention Module (CBAM) [40]
have incorporated both channel and spatial attention in a single network.

Attention maps can be learned implicitly using self-guidance from the network
itself or explicitly using external supervision. Guided inference network [20] learns
attention explicitly by adding an auxiliary loss function. In general, it has been ob-
served that the attention generated by additional supervision usually performs better
as also mentioned in [20]. To the best of our knowledge, attention mechanisms either
implicit or explicit have not previously been used for the accuracy improvement of
one-stage tracker.
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A Attention Gate

Stage2 Stage3 Stage4

Stage2a Stage3a Stage4a

Stage3b Stage4b

Stage4c
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Object
Detection

Re-ID

BBox

Heat
Map
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Auxiliary
Heatmap

Loss

Backbone

Fig. A.3: Introducing explicit attention to a one-stage tracker based on HRNet [13] backbone.

3 The Proposed Idea
This section discusses the details of the proposed idea of introducing attention to one-
stage trackers, resulting in two systems, one using implicit and the other one explicit
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attention. This section also includes the details about similarities and differences
between proposed explicit and implicit attention-based networks. We have intro-
duced our attention idea to the HRNet [13] architecture as it maintains high-resolution
throughout the network unlike Feature Pyramid Net (FPN) [29] based architecture,
which consists of an encoder branch to reduce the resolution of feature-maps from
high to low and a decoder branch to recover the high-resolution information. This
property of HRNet [13] provided us with the scope for improving the detection accu-
racy for small objects by adding different attention modules. The following subsec-
tions present the proposed building blocks, network architectures, objective functions,
and inference details of the two systems based on the different mentioned attentions.

3.1 Components

The basic building blocks for both implicit and explicit attention networks are the
same. This section contains the details for the common blocks of the two networks as
shown in Figure A.2 (implicit-based) and Figure A.3 (explicit-based).

Attention-gate

A basic function of any gate is to allow some information to pass through it while
blocking the rest. The attention gates used in this paper are similar to the one proposed
in [41]. The idea of the proposed attention gates is to filter the irrelevant features
and prevent them from propagating across the network, which in turn improves the
gradient flow of the network.

Backbone

HRNet [13] typically contains four stages, where a lower resolution is added to the
network at the end of each stage. The basic structure of each stage remains unchanged
as in original HRNet [13], i.e., each stage contains parallel multi-resolution convo-
lution followed by multi-resolution fusion. For example, Stage 2 of HRNet [13] is
shown in Figure A.4, and other stages are designed in a similar way. This repeated
addition of new resolution and multi-resolution fusion increases the amount of global
information after each stage [13]. The multi-resolution feature maps are concatenated
and provided to the predictions heads, i.e., object detection and BBox estimation, as
shown in Figure A.2 and A.3. These figures are based on generic block diagram of
one-stage trackers [10, 42].

Object Detection

The object detection branch predicts two different outputs, i.e., heatmap and BBoxes’
size and center offset. These are explained here:
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Fig. A.4: Stage 2 in the backbone of proposed architecture contains parallel convolution for two different
resolution(yellow and blue) followed by the addition of new resolution (pink) and multi-resolution fusion
represented by cross-connections.

Heatmap Estimation Heatmaps are mostly used in the context of key-point estima-
tion [43]. We employ them to get the estimated position of the object’s center and
the most probable detection areas. The size of the predicted heatmap is the same as
the input image but it contains only one channel. The output response of the pre-
dicted heatmap is expected to be one at the object center and decays exponentially
with increase in distance from the center.

BBox Estimation BBox estimation predicts the size and offset for the target objects.
The size of a BBox corresponds to its height and width around the probable regions
proposed by the predicted heatmaps and offset to the object’s center. The precise
localization of the object has a significant role in a tracking system. The reason is,
re-id features are extracted on the basis of the object’s center. Therefore, accuracy in
locating object’s center needs to be high in order to improve the tracking system.

Re-Identification

The re-id branch generates the embedding vector, which distinguishes among different
target objects and helps in predicting their corresponding tracks. The re-id branch
learns a metric such that instances of the same identity are close to each other, and
instances of different identities are far apart. To achieve the same, a convolutional
layer predicting a 1-dimensional embedding vector of size 128 is introduced, which
shares the same features as used for object detection. The embedding feature vector,
corresponding to an object with center at (x,y) and is extracted from the feature map,
which is finally used for association across the subsequent frames.

3.2 Network Architectures

Until now, we have discussed the structure of all the basic components, which are the
same in both explicit and implicit attention networks. However, there are still some
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basic differences between their architectures which are described in this sub-section.

Implicit Attention The architecture of the proposed implicit attention-based net-
work is shown in Figure A.2. Higher resolution in the HRNet [13] goes through a
series of convolutional layers and keeps on adding more global information after each
stage. Due to this long series of convolutions, the feature-map towards the end of the
network tends to lose the information about the local context. To recover this infor-
mation, attention-gated skip connections between the consecutive stages are proposed
in the current research work. The reason for fusing the different feature-maps be-
tween the consecutive stages is discussed along with some experiments in Section 5.
This attention-gated fusion of features weighs the lower-level features from the previ-
ous stage to complement the global features at the current stage and finally combines
the information. Such connections are repeated for each resolution in the proposed
architecture. This type of attention is called implicit because the attention-gate auto-
matically learns to weigh the local context based on the existing global context.

Explicit Attention The network architecture of the proposed explicit attention-based
network is shown in Figure A.3. We have introduced an auxiliary heatmap loss to
our proposed explicit attention type which provides additional supervision. In this
attention-type, a heatmap is predicted from the attention-gated feature at an intermedi-
ate stage. The attention gates here filter the feature maps at an intermediate stage based
on the global information. An auxiliary loss between the predicted and ground-truth
(GT) heatmap is calculated using the attention-gated feature-maps and later added to
the objective function which is used during the network’s training. The choice of the
intermediate stage to add an auxiliary loss is decided experimentally and discussed in
Section 5.

3.3 Loss Functions

This section contains the details of the overall objective which is obtained by com-
bining multiple loss functions. The implicit and explicit attentions combine three and
four types of different losses, respectively. The first three losses in explicit architec-
ture are the same as that for implicit and acquired from [42]. Further details of the
objective function are mentioned below.

Heatmap Loss Object center (ck
x, ck

y) is computed as ck
x = xk

1+xk
2

2 , and ck
y = yk

1+yk
2

2 for
each GT BBox bk = (xk

1, yk
1, xk

2, yk
2). The location of center on the feature map is ob-

tained by dividing the stride, i.e., (c̃k
x, c̃k

y) =
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x
4

⌋
,
⌊
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y
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. Heatmap response at lo-

cation (x,y) is computed by using Gaussian distribution ,i.e. , Hxy = ∑N
k=1 exp

(x−c̃k
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2
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which shows that response is decreasing with increase in distance from the center. The
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loss function used for the regression of heatmap is pixel-wise logistic regression with
focal loss. It is represented via Equation A.1 [42]:

Lhm = − 1
N ∑

xy

{
(1 − Ĥxy)α log(Ĥxy), if Hxy = 1;
(1 − Hxy)β(Ĥxy)α log(1 − Ĥxy) otherwise,

(A.1)

Offset and Size Loss The predictions from the offset and size head is denoted as
Cp ∈ RW×H×2 and Sp ∈ RW×H×2 respectively, the size of single GT BBox with
coordinates as (xk

1, yk
1, xk

2, yk
2) is computed as S = (xk

2 − xk
1, yk

2 − yk
1) and center offset

is calculated as C = C/4. The detection loss of a single BBox is the sum of deviations
in size and center offset. Total loss is obtained by the summation of K detected boxes
as represented by equation A.2 [42]:

Lbbox =
K

∑
k=1

|Ck − Ck
p|+ |Sk − Sk

P| (A.2)

Re-ID Loss The ID prediction is considered a classification task where the number
of classes corresponds to the number of IDs in the dataset, i.e., objects with the same
ID are treated as one class. To calculate the Re-ID loss for each BBox (Bk), the soft-
max function is applied to the predicted embedding vector to get the class distribution
P(N ). GT can be represented as one-hot vector GTk(N ). The loss function used
for this case is a cross-entropy loss for multi-class classification as shown in Equation
A.3 [42].

Lid = −
K

∑
k=1

N
∑
n=1

GTk(N )log(P(N )) (A.3)

where N and K are total number of classes and detected BBoxes respectively.

Auxiliary Loss In case of explicit attention, a heatmap is predicted from interme-
diate feature-maps. An auxiliary loss is added to optimize the heatmap prediction
from an intermediate layer. The calculation of this auxiliary loss is similar to that of
Equation A.1.

Loss Balancing based on Uncertainty of Tasks The overall objective of the net-
works is a weighted sum of the above-mentioned losses. However, the manual tuning
of those weights is computationally expensive and difficult. Therefore, we used au-
tomatic loss balancing as proposed in [11] which uses task uncertainty to weigh the
different losses. The total loss therefore can be represented via Equation A.4 [42].
Weights Whm,Wbbox,Wid are learned automatically as part of neural network learn-
ing process, as follows:
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LImplicit
total =

1
2

(
1

eWhm
Lhm +

1
eWbbox

Lbbox +
1

eWid
Lid

+shm + sbbox + sid

) (A.4)

where Lhm, Lbbox, and Lid are heatmap, BBox, ID loss respectively and shm,
sbbox, and sid are task dependent uncertainties. In case of explicit attention-based
architecture, total loss will be modified by adding an auxiliary loss (Laux) balanced
via weight (Waux) and having task-dependent uncertainty of saux as in Equation A.5:

LExplicit
total =

1
2

(
1

eWhm
Lhm +

1
eWbbox

Lbbox +
1

eWid
Lid

+
1

eWaux
Laux + shm + sbbox + sid + saux

) (A.5)

3.4 Inference and Online Association

Giving an input image to either of the two systems illustrated in Figure A.2 and A.3,
they generate an output that can be categorized into two parts, i.e., detection and re-id.
The detection part is represented via heatmap, BBox size, and offset for the detection
task. The re-id part is depicted by the embedding vector. A non-maximum suppression
(NMS) is performed based on heatmap scores on top of the predicted heatmap, which
provides the most probable detection locations. The locations with scores greater than
a certain threshold are kept and the rest are discarded, which is finally followed by
the estimation of BBox’s size and offset. The embedding vectors corresponding to
the detections are also extracted. The next step is to associate the detected BBox and
identity embeddings across the subsequent video frames.

Association is based on a standard online tracking algorithm as also discussed
in [10]. Tracklets are first initialized based on the appearance features extracted from
the first video frames and added to the tracklet pool. In the subsequent frames, pair-
wise motion and appearance similarity is calculated between the observations and
tracklets from the pool. Metrics used for the association of appearance and motion-
based features are Cosine similarity and Mahalanobis distance respectively. Finally,
the assignment problem is resolved by using the Hungarian algorithm [9]. The appear-
ance features are updated using a weighted combination of BBox IoU and embedding
vector. However, motion cues are updated by using Kalman Filter [44]. The observa-
tions which are not assigned to any of the existing tracklets from the pool are marked
new. On the contrary, tracklets are marked as terminated if no observation is found for
a few subsequent frames.
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4 Experimental Results
This section includes information about the evaluation metrics, dataset, and training
methodology. In addition, this section also discusses the qualitative analysis, as well
as compares our results with SoTA methods which have reported their results on the
same benchmark datasets used in our experiments.

4.1 Evaluation Metrics and Dataset

The proposed system developed in this paper are compared using Multi Object Track-
ing Accuracy (MOTA) [45], MOTP [45], IDF1 Score [46], and number of ID Switches
from CLEAR metric [45] as described below:

• Multi-object tracking accuracy (MOTA): Computes the overall tracking accu-
racy from false positives, false negatives and identity switches [45].

• Multi-object tracking precision (MOTP): Depicts overall tracking precision in
terms of BBox overlap between ground-truth and predicted location [45].

• Identification F1 (IDF1): Measures the extent that predicted identities confront
the ground-truth [46].

• Identity switches (ID): Number of times the reported identity of a ground-truth
track changes.

The system is evaluated on MOT15 train, MOT17 test, and MOT16 test data,
where MOT15 train data is used as validation set in our experiments. We are using
the private protocol of MOT 16 and 17 under which we are allowed to use additional
training data. We have therefore collected a set of additional training datasets in-
cluding ETH dataset [47], CityPersons (CP) dataset [48], CalTech (CT) dataset [49],
MOT17 (M17) dataset [50], CUHK-SYSU (CS) dataset [51], and PRW dataset [52].
The same datasets are used in the training of JDE [10], tracker that we have compared
our results against. The joint dataset can be divided into two categories, i.e., ETH and
CP contain annotations for detection only while CT, MOT17, CS, and PRW contain
annotations for both detection and ID. The overlapping videos between the testing and
training dataset are removed from the training data.

Dataset Tracker MOTA↑ IDF1↑ IDs↓
MOT15 Train JDE [10] 67.5 66.7 218

Ours(Implicit) 73.2 73.5 203
Ours(Explicit) 73.8 75.9 232

Table A.1: Comparing the proposed trackers with the existing one-stage tracking approaches on MOT15
train dataset.
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Fig. A.5: Comparison among the tracklets detected and tracked in the proposed systems (Explicit and
Implicit) and existing multi-task learning-based tracker, i.e., JDE [10]

Tracker Publication Year MOT16 MOT17
MOTA↑ MOTP↑ IDF1↑ IDs↓ MOTA↑ MOTP↑ IDF1↑ IDs↓

DeepSORT [53] ICIP 2017 61.4 79.1 62.2 781 60.3 79.1 61.2 2442
Tracktor+CTdet [34] ICCV 2019 - - - - 54.4 78.1 56.1 2574

JDE [10] ICCV 2019 64.4 55.8 1881 - - -
CenterNet [27] ECCV 2020 - - - - 67.8 - 64.7 3039

Chained-Tracker [12] ECCV 2020 67.6 78.4 57.2 1897 66.6 78.2 57.4 5529
Ours(Implicit) IntelliSys 2021 64.6 78.8 65.9 1234 63.2 78.7 64.8 3357
Ours(Explicit) IntelliSys 2021 64.9 79.7 66.4 1489 63.7 79.1 66.0 3696

Table A.2: Comparing the proposed systems against SoTA two-stage and one-stage trackers that have
reported their results on MOT16 and MOT17.

4.2 Implementation Details

The training of the network on a huge dataset is a arduous task and requires a lot of
computational power and time. To improve the convergence speed, weights of the
proposed models are initialized using a network pre-trained on the COCO dataset.
Our network with implicit attention is trained for 60 epochs with a batch size of 16 on
2 × Nvidia 1080 Ti GPUs and took ∼60 hrs to complete. However, our network with
explicit attention is trained for 100 epochs with a batch size of 8 on 2 × Nvidia 1080
Ti GPUs and took ∼120 hrs. The collected training dataset is augmented by applying
rotation, scaling and color jittering randomly to the input images similar to JDE [10].
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Fig. A.6: left: results obtained from implicit attention-based tracker, right: results obtained via our explicit
attention-based tracker. Small objects at the back are detected accurately using explicit attention (right),
which are missing in left image.

4.3 Experiments

Only a few published approaches, i.e., JDE [10], and Track-RCNN [22] are built on
multi-task learning-based one-stage tracking. JDE [10] optimizes two tasks simulta-
neously, i.e., detection and re-id. However, Track-RCNN [22] jointly optimises de-
tection, re-id, and segmentation task. The inclusion of extra task requires different
training datasets containing annotations of segmentation in addition to detection, and
re-id, which makes it incomparable with our tracker. We are comparing our method
with trackers using private detections, e.g., JDE [10].

Table A.1 compares the existing one-stage tracker’s accuracy with our systems
using both explicit and implicit attention on MOT15 training dataset as also done in
JDE [10]. It can be seen from the table, that our attention-based tracker outperforms
the existing one-stage tracker, JDE [10] by a large margin both in terms of MOTA
(6.3%) and IDF1 (9.2%).

Table A.2 shows a comparison between the proposed approaches and other SoTA
tracking methods reported on MOT challenge [50]. It can be observed from results that
our tracker with explicit attention is performing the best in terms of MOTP and IDF1
scores on both MOT16 and MOT17 testing datasets. A high value of MOTP indicates
precise localization of target object, while improvement in IDF1 score indicates better
prediction of identities compared to Ground Truth (GT). Both ID preservation and pre-
cise localization are critical factors for designing a surveillance system as also stated
by [46], which enables the proposed attention-gated tracker for security applications.
On the other hand, the improvement in overall object detection in this framework in-
creases the size of the affinity matrix, which in turn increases the ID switches (IDs)
especially for the crowded sequences.

It can be observed from the quantitative results in Tables A.1 and A.2 that the
tracking accuracy is improved by a large margin for the MOT15 validation dataset
in comparison to MOT16 and MOT17 test data. The reason is that MOT15 valida-
tion sequences are less crowded in comparison to MOT16 and MOT17 test sequences.
As discussed before, the proposed system improves the detection of small and partly
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occluded objects, which increases both the number of objects and the computational
complexity of the association matrix. An increase in the size of the affinity matrix
leads to multiple ambiguities and hence makes it difficult to optimize for the mini-
mum cost. As a result, the MOTA of our proposed systems is comparatively lower on
MOT16 and MOT17 test datasets than the MOT15 validation data containing fewer
tracking objects.

4.4 Qualitative Results

Figure A.5 and A.6 show the results of the proposed system using both explicit and
implicit attentions. It can be clearly seen from the results in Figure A.6 that the at-
tention modules improve the detection even for small or partially visible objects. Fur-
thermore, results in Figure A.5 illustrate that the proposed attention-gated trackers
are performing better in comparison to the existing one-stage tracker JDE [10] (also
based on multi-task learning) for the objects approaching towards the boundaries of
the frame. In the existing one-stage trackers like JDE [10], inconsistent detections
for objects decreases the system’s IDF1 score. The proposed systems improve ob-
ject detection via incorporating attention-gates in the backbone network. However, it
also increases the size of the affinity matrix, which further increases identity switches
(IDs). One of the main benefits of using attention in the proposed system is that it also
improves the embedding vector responsible for assigning an ID to a tracking object,
which consequently improves the overall IDF1 of the proposed tracker.

5 Ablation Studies
This section contains the extended experiments required for adapting the base HR-
Net [13] to the proposed attention-gated architecture. The main experiments require
a massive amount of computational time. In order to save computation time, all ex-
periments in this section are trained on a small dataset, i.e., MOT17. The training
on a small dataset provides a quick overview of different configurations setting re-
quired for explicit and implicit attention-based trackers. This section discusses the
details about adding the attention-gates, feature fusion from different abstract levels,
and novel modification of network architecture using explicit attention.

5.1 Attention-gates

The feature-maps at the highest resolution in HRNet [13] goes through a series of
convolutional operations. As motivated by DenseNets [54], features from every stage
are fused with each subsequent stage’s features. This fusion can be a simple addition
or attention-gated where low-level features are weighted based on high-level features.
This helps in extracting only relevant information from the earlier stages. Experi-
mental results in Table A.3 compare the system’s accuracy using HRNet [13], dense
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feature fusion without attention-gates, and attention-gated dense feature fusion. It can
be observed from the results that dense feature fusion decreases the accuracy rather
than showing any improvement. The main reason for this decrease in accuracy is that
the combination of lowest and highest level features decreases the quality of features
and hence the overall accuracy. The accuracy is improved by adding attention-gates
to the dense-feature fusion but it is still lower than the HRNet [13]. The next section
contains experiments to overcome this problem.

Backbone MOTA↑ IDF1↑
HRNet 79.2 72.9

Ours(Implicit) + dense-connections + without attention-gates 76.5 72.8
Ours(Implicit) + dense-connections + with attention-gates 79.2 72.2

Table A.3: The effect of adding attention-gates during the fusion of features.

5.2 Implicit Attention

The experiments in Table A.3 depict that attention-gated fusion of features improves
the accuracy, but dense connections decrease it. Therefore, further experiments are
performed by reducing the dense skip connections to consecutive stages as also shown
in Figure A.2. In attention-gated dense fusion, features from the current stage are
provided to all the subsequent stages at a single resolution. For example, feature maps
from stage-1 are provided to stage-2, stage-3, and stage-4 at the highest resolution.
However, the attention-gated fusion of features across the consecutive stages only
combines the feature from current to the next subsequent stage, e.g., the connection
between stage-1 and stage-2. It can be observed from the results obtained in Table
A.4 that attention-gated fusion of features across the consecutive stages improves the
overall tracking accuracy.

Backbone MOTA↑ IDF1↑
HRNet 79.2 72.9

Ours(Implicit) + dense-connections 79.2 72.2
Ours(Implicit) + consecutive-stages 80.7 73.9

Table A.4: Comparing the tracking accuracy by adding attention-gated dense connections and consecutive-
connection across the different stages.

5.3 Explicit Attention

The proposed explicit attention is guided by additional supervision by minimizing the
auxiliary loss at an intermediate stage as shown in Figure A.3. This auxiliary loss
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minimizes the deviation between predicted and GT heatmaps. The heatmap is pre-
dicted using attention-gated features at different stages of the network. The results in
Table A.5 which shows adding an auxiliary loss after stage-1 has a negligible effect on
overall tracking accuracy. As we shift the auxiliary loss towards the later stages of the
network, the overall tracking accuracy starts increasing. This implies that the initial
features of HRNet [13] does not contain any information about the global context and
hence are incapable of making any predictions. The feature-maps get more relevant
when the global context increases by an additional level after every stage. Addition-
ally, this auxiliary loss is calculated only for the feature-maps generated from the high
resolution because the lower resolutions are added at the later stages of the network.
Furthermore, we would like to deal with inconsistencies in the detection of smaller
objects which are detected at higher resolutions.

Backbone MOTA↑ IDF1↑
HRNet 79.2 72.9

Ours(Explicit) + Stage 1 79.2 73.5
Ours(Explicit) + Stage 2 79.6 73.7
Ours(Explicit) + Stage 3 81.8 74.8

Table A.5: Adding supervised attention and auxiliary losses after stage 1, 2 and 3 at highest resolution in
HRNet [13].

6 Conclusion
In this paper, we proposed two one-stage trackers based on implicit and explicit atten-
tion mechanisms for multi-object tracking. The one based on implicit attention utilizes
a novel fusion of feature maps for combining information extracted from different ab-
stract levels, while the other based on explicit attention utilizes an auxiliary heatmap
function that provides additional supervision for the attention mechanism. The lat-
ter tracker outperforms the former one, and both outperform state-of-the-art tracking
systems in terms of MOTP and IDF1 scores when evaluated on public benchmark
datasets. We observed that our proposed attention-based architectures improve the
tracking accuracy for less crowded scenes such as MOT15 sequences. For crowded se-
quences such as MOT16 and MOT17, the proposed attention-gated one-stage tracker
improved the feature propagation and hence the object detection and identity-based
measures such as IDF1 scores. However, to improve MOTA on MOT16 and MOT17,
as a future work, we will work on developing an association block to reduce the iden-
tity switches.
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1. Introduction

Abstract
In this paper, we propose ThermalSynth, a novel approach for creating synthetic ther-
mal images by mixing 3D characters generated using the Unity game engine with
real thermal backgrounds. We use a shader based on the Stefan-Boltzmann law [1]
to approximate the appearance in the thermal domain of the synthetic characters.
Additionally, we provide a post-processing pipeline to better blend the high-fidelity
synthetic data with the lower-resolution real thermal surveillance one. The proposed
approach is used to create a dataset for people falling into water near a harbor front.
Diverse scenarios of such falls are generated with an ample amount of data to enable
the use of deep learning algorithms. To demonstrate the effectiveness of the generated
data, we train two standard deep neural networks (AlexNet and ResNet-18) on our
synthetic thermal dataset using a supervised learning approach. We test our system
on small datasets containing real video footage of actual falls. We observe that train-
ing these simple classification networks yields an accuracy of 98.70% at a sensitivity
of 100% on the real-world voluntary fall dataset. The code for ThermalSynth and the
dataset is publically available at https://github.com/NeeluMadan/Thermal-Synth.

1 Introduction
Video surveillance systems mostly employ stationary RGB cameras as they are cost-
effective whilst yielding good discrimination among objects. They are, however,
not immune to various quality-decreasing conditions such as occlusions, changing
weather, and low illumination. Thermal cameras, on the other hand, measure the dif-
ference in heat signatures returning high-contrast images. Consequently, they are a
reliable choice under diverse weather conditions while preserving privacy [2] at the
same time, which also helps comply with the General Data Protection Regulation
(GDPR) [3, 4]. As a result, intelligent video surveillance systems have started using a
combination of RGB and thermal cameras, recently.

In the RGB domain, there exist multiple instances of synthetic datasets [5–9]
which were generated using a virtual environment. However, only a very limited
amount of research focuses on generating synthetic datasets in the thermal domain. In
this paper, we propose a pipeline to generate synthetic thermal datasets. Generating
such data gives the possibility to address different scenarios with very few instances in
real life that are hard to replicate through physical testing setups. One such scenario
is the depiction of humans falling into bodies of water in an outdoor environment.
As these instances occur rarely and often under life-threatening conditions, it is very
difficult to obtain data of such scenarios. Only a few datasets for this problem cur-
rently exist containing voluntary falls [10] and the use of dummies [11]. The foremost
drawback of generating such data via intentional jumps [10] is that it might get in-
termittently dangerous due to unpredictable circumstances. The use of a dummy [11]
on the other hand, requires a time-consuming preparation process and also has only a
limited degree of freedom to add variations. As a consequence, it is difficult to obtain
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(a) Background (b) Unity Scene (c) Mixamo Characters (d) Fall Scene

Fig. B.1: ThermalSynth - Synthetic data generation proposal B.1a) An example background image from
the Long-term Thermal Drift (LTD) dataset [12], B.1b) the same scene synthesized in Unity, B.1c) example
fall animations of Mixamo characters, and B.1d) a synthetically generated falling person merged with B.1a,
with a yellow enclosure highlighting the Region of Interest (RoI).

a large and varied dataset using either method, rendering deep neural networks and/or
machine learning models inapplicable to this problem domain. We therefore propose
an approach to generate a synthetic thermal datasets, and apply it to the concrete use-
case of human fall detection at harbor fronts. It is important to mention, that given the
modular nature of our proposed data generation approach, it could be easily modified
to create synthetic thermal datasets for almost any application domain, with the only
requirement of providing initial real-life images of the environment that can be used
as background.

For demonstration purposes, we trained two classic Convolutional Neural Net-
works, AlexNet [13] and ResNet-18 [14], using supervised learning on our proposed
synthetic fall dataset and tested the model on real [10] and semi-real (dummy) datasets
[11]. The best model results in 98.70% accuracy and a sensitivity rate of 100% on real
data constituting of intentional falls, indicating that our synthetic dataset contains a
good approximation of the distribution of real-world human fall scenarios. The con-
tribution of this work to video surveillance in the thermal domain is two-fold:

1. A synthetic data generation pipeline in which uniquely generated foreground
objects are combined with real background footage

2. The application of our proposed pipeline to generate a synthetic fall dataset for
people falling into water

The rest of the paper is structured as follows: The next section provides an overview
of existing research in synthetic datasets and the fall detection domain. Section 3 de-
scribes the data generation process and the standard classification models used in this
research. Our experimental setup is mentioned in Section 4, which is then followed by
results and discussion in Section 5. We finally conclude our research with its possible
future directions in Section 6.

2 Related Work
Synthetic Datasets in Thermal Domain. The enforcement of the new GDPR [3, 4]
law by the European Union has turned the acquisition of large-scale personal visual
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Fig. B.2: Synthetic Data Generation and Fall Detection Pipeline: Our synthetic data is limited to three
frames at t, t + 1, t + 2. After merging each of them individually with the extracted background frames,
they are stacked together in order to encode temporal information.

data into a challenging task. Under these circumstances, and given the fact that deep
learning networks are very data-hungry, we have experienced a paradigm shift towards
the generation of synthetic datasets for sensitive data. In the thermal spectrum domain,
there exist two methods for generating synthetic data: (1) Mapping straight from the
RGB domain, and (2) using virtual environment engines.

In the domain of deep learning, the use of approach (1) is commonly achieved
by means of Generative Adversarial Networks (GANs). This takes either place in a
supervised (paired data) or an unsupervised (unpaired data) setting [15–19]. Research
[15, 17] shows, however, that the usage of supervised GANs [17, 19] delivers better
results than its unsupervised counterpart [18] because of the presence of RGB-thermal
image pairs. Since we only have thermal video footage at our disposal for the purpose
of this project though, the usage of supervised GANs is not applicable.

With respect to approach (2), only a few instances generating thermal datasets
synthetically using virtual environments [9, 20, 21] exist to date, even though there
are numerous such environments for generating synthetic data in the visual spectrum:
CARLA used for Advance Driver Assistance System (ADAS) [22], VIVID [23] for
indoor navigation, Gazebo [24] for simulating multi-robot, and Habitat 2.0 [25] for
home assistants. Apart from that, other research [9, 20, 21] uses game engines such as
Unity [26] and Unreal [27] to generate photo-realistic synthetic data. Pramerdorfer et
al. [20], for instance, generate synthetic depth and thermal images showing human be-
havior captured in indoor environments using Blender [28] while Blythman et al. [9]
generate synthetic thermal human heads placed in cars using Zephyr [29]. Bongini et
al. [21] use Unity [26] to generate synthetic thermal videos by combining 3D fore-
ground objects with the real background images in autonomous driving scenarios.
Following this trend of synthetic data generation in the thermal spectrum domain, we
consequently propose to generate a synthetic thermal dataset for human fall detection
using Unity [26]. Similarly to the work in [21], the proposed approach generates our
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dataset images by blending synthetic foreground objects with real background scenes.
These are obtained from the Long-term Thermal Drift (LTD) dataset [12].

Fall Detection. Fall incidents in outdoor scenarios, like people falling into water
[10, 11, 30] or on the street [31, 32], have only received little attention in recent years.
There exists qualitative research [31, 32] addressing cases of falls in outdoor scenarios
such as sidewalks, streets, and garages, but it still remains difficult to capture such
moments using surveillance cameras. One reason for this is that there is an insufficient
amount of samples available, especially when it comes to people falling into water.
One of the first works to address the problem was done by Bonderup et al. [10].
Here, a pipeline consisting of person detection, person tracking, fall prediction, and
fall detection is proposed in the thermal domain. Additionally, Bonderup et al. [10]
generated a thermal fall dataset asking people to perform intentional jumps into water.
A few years later, Nikolov et al. [11] proposed a semi-real dataset for human fall
detection simulating fall scenarios in the thermal domain using a dummy. The authors
make use of calculated optical flow maps around a specific area of interest in order to
detect falls.

In this research, we address the human fall detection problem using a supervised
classification approach. The related works described so far suffer from significant
limitations as the datasets are captured in controlled conditions and hence contain
only very limited variations. Our intention is to fill this gap and present a synthetic
dataset that can serve as an extensive source of diverse human fall scenarios.

3 ThermalSynth: Proposed Method
The main objective of this research is to present an approach to create a pipeline for
synthetically generating thermal datasets using a 3D environment. We also demon-
strate its application for creating synthetic human falls into water regions at harbor
fronts. This section contains the building blocks of ThermalSynth, our thermal syn-
thetic data generation process followed by its application for human fall detection.
The entire pipeline for our proposed method is shown in Figure B.2.

Images are generated by merging real thermal backgrounds with synthetic people
generated in Unity [26]. The real videos are obtained from the LTD dataset [12],
which is very diverse in terms of different weather conditions as it encapsulates video
data for 8 months (January-August) from a single camera view. Such single-scene
recordings are most common in video surveillance setups. The main elements of
our synthetic data generation pipeline are as follows: (1) Background Extraction, (2)
Foreground Generation, (3) Thermal Shader and (4) Post-Processing. Each of these
steps is explained in detail in the following subsections.
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3.1 Background Extraction

All background scenes are extracted from the LTD dataset [12]. It contains 298 hours
of single-scene videos, with a resolution of 384 × 288, and captures a single camera
view. Each video is 2 minutes long, and all are uniformly spaced out throughout
24 hours of the day. In order to create the backgrounds, a temporal median filter is
applied to the dataset. This is done as a two-step process: At first, the videos are
coarsely sampled at 1 frame per second (FPS) in order to manage the computational
complexity. Secondly, the median value for each matching pixel across all frames
for each 2-minute video is computed. The temporal median filter is solely applied
to the harbor area, in order to retain other movements caused by the water and other
moving objects close to the camera due to wind like wires, ropes, and masts. This
is done by manually creating a mask of the parts of the scene where the filter should
be applied. To limit the complexity of our dataset, we uniformly sample 69 hours
of video from the LTD dataset to extract the backgrounds. The sequence of those
extracted background frames is kept as given in the original video in order to retain
the fluency of non-object motions such as clouds, waves, and wires. We stacked three
consecutive frames together, which are later blended with the synthetic foreground as
also shown in Figure B.2.

3.2 Foreground Generation

For the generation of our synthetic thermal foreground videos the game engine Unity
[26] was chosen. Depicting different scenarios of people walking and falling into
water at the harbor, these synthetic videos are later merged with the created back-
ground instances. Generating synthetic videos is also a two-part process. First, the
3D models of people are selected together with a number of animations for walk-
ing, running, jumping, falling, etc. Mixamo [33] is used to select these 3D models
and animations, as it is a free-to-use library of human-looking characters, together
with motion-captured animations. Examples of some of the character models used
are shown in Figure B.1c. We choose a total set of 79, 998 unique foreground video
sequences depicting jumps and falls, each comprising three consecutive frames.

As the next step, the parameters of the chosen thermal camera for recording the
LTD dataset (see [34] for details) are transferred to the Unity camera. To do so, the
Universal Render Pipeline in Unity is used together with the physical camera settings.
The parameters are given in Table B.1. A synthetic scene is then modeled with primi-
tive objects in Unity in places where real objects can obscure the view of the camera of
people walking on the street. Real-world objects deemed necessary to be modeled are
selected heuristically after observing videos from the LTD dataset. The Unity cam-
era’s position and orientation are then set to best match the position of the real-world
one. The resulting synthetic scene in Unity can be seen in Figure B.1b, where the
modeled obscuring objects are shown in pink, the background from the real images
in green, and the waterfront in gray, together with a synthetic person falling. The real
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Fig. B.3: Post-processing Pipeline: Starting from left the original image generated through applying a
thermal shader on a character taken from Mixamo [33], Gaussian filter with kernel size 3x3, random noise
applied, and finally DCT compression artifacts added based on Kane et. al. [1]. The final result is the sum
of all single instances.

background is visualized on a rendered texture behind the synthetic scene. We then
use the Perception package [35] provided by Unity [26], to generate a large number of
combinations of 3D meshes, animations, and backgrounds. These masks of rendered
people are used in the post-processing step to better blend the synthetic foreground
with the background. The next step is to transform the generated synthetic pedestrian
footage from RGB to thermal domain using a custom shader. An overview of the steps
for creating the shader is given in the next section.

3.3 Thermal Shader

Once the synthetic pedestrians (foreground) are generated, together with their seg-
mentation masks, their RGB representation needs to be transformed into a thermal
one. The thermal shader used in our approach is inspired by Kane et al. [1]. It uses
the Stefan-Boltzmann law to compute the black body radiation (j∗) of an object given
by Equation B.1, where T is the absolute temperature of the object in Kelvins, ϵm rep-
resents the thermal emissivity of the material, and σ is the Stefan-Boltzmann constant
equalling to 5.6704 × 10−8 W

m2K4 .

j∗ = ϵm σ T4 (B.1)

To translate this in the context of a shader we first find the emissivity values of
some of the materials that would be part of the generated pedestrians. In our case, we
simplify this to human skin and clothes. Values for both of these are given in the article

Thermal Camera
Zoom Resolution Frame Rate Lens FOV
Fixed 384 × 288 25/30 FPS 25mm 21.7◦

Emissivity Values
Human Skin Cotton Asphalt Water Snow

0.95 0.95 0.95 0.93 0.90

Table B.1: Parameters of thermal camera used in the LTD dataset [12], Emissivity coefficients of materials
found in our scenes, taken from [1]
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written by Kane et al. [1]. We have listed these together with the emissivity values
of other materials for comparison in Table B.1. Next, for the absolute temperature in
Kelvin, we select an average value of 300.5 for simplifying the generation process.

Once we have these initial values, we follow the approach described by Kane et al..
The albedo texture color of each pixel is transformed to luminance (L) using Equation
B.2, where R, G, and B, are the red, green, and blue color channels, respectively.

L = 0.2126 · R + 0.7152 · G + 0.0722 · B (B.2)

As presented in the article [1], the calculated luminance is then used to approxi-
mate color emissivity (ϵc) using Equation B.3, by using the average color emissivity
of a white color surface of 0.84 and the percent difference between white and black
object emissivity of 0.15.

ϵc = (1 − L) · 0.15 + 0.84 (B.3)

The material and color emissivities are then blended using a blend factor of 0.31.
The final blended value is further used in the Stefan-Boltzmann equation shown in
B.1. Finally, the calculated thermal radiation value for each pixel is mapped to an
intensity range between [0, 1] so it can be displayed by Unity. A gain (G) and level
(L) control are made available for the final pixel value p using Equation B.4, so that
manual adjustment can be possible. For the purpose of this paper, these values were
manually set to G = 0.05 and L = 20 as these provided the blending with the ex-
tracted backgrounds (this effect is visualized in Figure B.5).

p = (j∗ · G) + L (B.4)

Once the foreground pedestrian footage is transformed into thermal, the next step
is to blend it with the extracted real backgrounds. To do this, a number of post-
processing steps are implemented which are discussed in the next section.

3.4 Post-Processing

In practice, thermal camera sensors are susceptible to capturing noise from the en-
vironment [1], which together with compression artifacts from storing videos may

(a) (b) (c) (d)

Fig. B.4: Results of synthetic thermal frame generation pipeline: Successful frames are shown in B.4a
and B.4b where foreground objects, i.e., humans can be distinguished from background, and unsuccessful
ones in B.4c and B.4d where foreground can’t be discriminated from background.
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Fig. B.5: Illustrating the effect of different Gain (G) and Level (L) ranges on the appearance of the fore-
ground. G=0.05 and L=20 generate the most realistic thermal appearance.

degrade the visual quality of captured footage. Bhatia et al. [36] propose a post-
processing stack of image effects for simulating infra-red sensors and their specific
characteristics. We choose three prominent effects based on Kane et. al. [1] from
those - blurring, random noise, and compression artifacts. Together with the already
implemented part of the thermal shader with gain and level processing, these effects
help blending the real and synthetic parts of the image into one coherent picture.

1. Gaussian blur: Rendered objects in Mixamo [33] contain sharp or jagged
edges in comparison to real objects. Blurring artifacts are therefore introduced
to the area around the synthetic humans using a (3 × 3) Gaussian kernel.

2. Random noise: The degree of sensitivity of image sensors used to capture
real-life footage by means of thermal cameras often introduces random noise.
Mitigation of this effect is achieved through the application of random noise to
our rendered figures by generating uniformly distributed random numbers, and
through linear interpolation between this value and the rendered foreground one.

3. Compression artifacts: Mosquito Noise and Block Artifacts appear to be the
most common side-effects caused by flawed compression algorithms that are
implemented in thermal cameras which make use of block-based Discrete Co-
sine Transform (DCT) [37]. In order to account for this imperfection, additional
encoding and decoding of the foreground character become necessary. Hence,
the image is firstly converted into JPEG format, which performs DCT compres-
sion by default, setting the quality value to 5 (on a scale from 0 to 100), and
secondly it is decoded to retrieve its compressed form.

4. Compositing: To blend the post-processed synthetic person into the real back-
ground image, screen compositing mode is used. Being a compositing tech-
nique that preserves the edges of the foreground mask, for images that come in
8-bit integer precision the composited image can be calculated using Equation
B.5:

C = 255 − (255 − F)× (255 − B)
255

, (B.5)
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with C equalling the composited image, B to the real background, and F to the
synthetic foreground. Example final results from the synthetic thermal image gener-
ation including post-processing that is visualized in Figure B.3 can be seen in Figure
B.4. Success and failure are determined based on how well the synthetic foreground
elements blend visually into the real background scenery. In comparison, decisive
attributes encompass the level of visibility of the foreground compared to the back-
ground, and differentiation between different body parts, such as extremities, torso,
and head, for example.

3.5 ThermalSynth for Human Fall Detection

We use the pipeline explained earlier in this section to generate a synthetic thermal
dataset of humans falling into water. This dataset is kept very simplistic by restricting
it to a limited number of human fall animations, as it is primarily serving demonstra-
tion purposes. We further use this dataset to train two classic Convolutional Neural
Networks, AlexNet [13] and ResNet-18 [14], using supervised learning in order to
perform human fall detection. The fall detection problem is modeled here as a binary
classification one with our two classes being defined as fall and no fall, respectively.
As mentioned earlier in this paper, ThermalSynth is not limited to this particular ap-
plication area. Thanks to the generic design, it is applicable to a wide range of surveil-
lance scenarios that take place in the thermal domain.
Besides privacy, another major advantage of using synthetic datasets for training ma-
chine learning models is that annotations can be generated automatically as part of
the data creation process. These automatic labels are highly accurate in comparison
to manually annotated ones. The absence of such noise during the training process of
machine learning models results in more robust prediction performances. Based on
the achieved results described in the upcoming section it can be observed that models
trained on synthetic data perform almost perfectly when tested on real-world data.

4 Experiments

4.1 Datasets

We evaluate the performance of our models on two datasets with real thermal surveil-
lance footage: Intentional Fall Dataset (real) [10] and Dummy Dataset (semi-real)
[11]. Both of these datasets contain only a very limited number of samples and thus
would result in severe overfitting when used to train a neural network. We therefore
use our proposed synthetic dataset for training the models instead, and use the other
two datasets for test purposes only.

Intentional Fall Dataset The Intentional Fall dataset was collected by Bonderup et
al. [10]. It was recorded in the thermal domain and visualizes scenarios of a variety
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of jumps into water performed by volunteers. Out of the manually annotated thermal
video footage (captured during Spring 2016) a subset was chosen that depicts the same
harbor scene as the LTD dataset [12]. On concatenation of three consecutive frames
into a single batch as an RGB image, the test set ends up consisting of 77 samples in
total, out of which 18 are denoted as fall, and 59 as no fall.

Dummy Dataset The Dummy dataset, interchangeably also called mannequin or
rubber doll dataset by its authors [11], was introduced in order to show that an air-filled
rubber doll presents a sufficient representation of humans when generating thermal
video footage that targets the detection of human falls into water. The authors of [11]
generated a thermal video dataset (captured during the months of September - October
2021) that depicts artificially arranged emergencies at a harbor front. For the sake of
this work, the videos are also parsed in a way that allows for the compression of three
consecutive frames into a single batch in form of an RGB image. This leads to a
Dummy test set which consists of 1, 626 frames out of which 580 were categorized as
fall, and 1, 046 as no fall.

4.2 Evaluation Metrics

All our models are evaluated in terms of sensitivity, specificity, and accuracy. Accu-
racy describes correctly classified falls and no falls over all cases. Sensitivity describes
correctly detected falls over all fall cases. Specificity on the other hand concerns cor-
rectly classified no falls over all no fall. For the purpose of solving fall detection tasks,
those systems with high sensitivity are preferable as it is crucial to detect as many fall
cases as possible even at the expense of falsely classifying few no fall cases. Not
achieving this, i.e., missing falls, may possibly result in a person drowning.

4.3 Implementation Details

Since fall detection in water regions can be considered as a special scenario of bi-
nary classification, we employ two standard classification networks, i.e., AlexNet [13]
and ResNet-18 [14], which are trained solely on the proposed synthetic thermal data.
Due to the simplicity of the problem, we refrain from proceeding with more com-
plex architectures at this leads to overfitting, and a significant decrease of the system’s
performance.

Training. Before launching the training of the networks, the generated synthetic
images are pre-processed by cropping only the water area. Since this results in a
trapezoidal image, it is further warped using warpPerspective function from OpenCV
to convert it into a rectangular shape. Afterwards, three consecutive frames are con-
catenated to generate a single tensor of size 185 × 115 × 3. An equal number of fall
and no fall images (69,000) are used for training the baseline models. For the vali-
dation of our classification networks, 34,596 images (with 17,298 fall and 17,298 no
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Accuracy (↑)

Network Synthetic
Dataset

Intentional
Fall Dataset

Dummy
Dataset

AlexNet 99.52 98.70 75.00
ResNet-18 98.75 89.61 75.00

Table B.2: Comparing accuracy in % of the two baseline classification networks. The networks are trained
on our proposed Synthetic dataset and tested on a different subset of the Synthetic dataset, together with the
full Intentional Fall, and Dummy datasets.

Intentional Fall Dummy
Network Sens.(↑) Spec.(↑) Sens.(↑) Spec.(↑)
AlexNet 100.00 98.00 41.00 98.00
ResNet-18 94.00 88.00 57.00 88.00

Table B.3: Comparing Sensitivity (Sens.) and Specificity (Spec.) in % of the two baseline classification
networks trained on our proposed synthetic dataset and tested on Intentional Fall and Dummy dataset,
respectively. Higher values indicate better systems.

fall) are sampled, and the model with the best validation accuracy is saved for further
evaluation. The used architectures converged at epoch 20 using a batch size of 32.
Stochastic Gradient Descent (SGD) [38] with a learning rate of 10−3 is used for op-
timizing the neural network. PyTorch implementations of our baseline models were
chosen and trained using a single NVIDIA RTX 2080 Ti series GPU.

Testing. The performance of our models is evaluated on three test sets coming from
three different sources [10, 11] including ours, described in Subsection 4.1. Both
datasets for people fall detection, i.e., Intentional Fall [10] and Dummy [11], do not
contain any annotations for fall classification. These were created by means of manual
frame-level annotations categorizing them as fall or no fall, respectively.

5 Results and Discussion
The evaluation of our fall detection approach leads to the results recorded in Tables B.2
and B.3. These numbers prove that our synthetically generated data provide a good
approximation of the distribution of fall scenarios in the existing datasets and hence

(a) AlexNet (D) (b) AlexNet (IF) (c) ResNet-18 (D) (d) ResNet-18 (IF)

Fig. B.6: Confusion Matrices for AlexNet and ResNet-18 during tests on the Dummy (D) and the Inten-
tional Fall (IF) Datasets.
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constitute a justified choice for training deep neural networks. Significant growth in
classification accuracy is observed when we use the synthetic thermal dataset for train-
ing and testing. We are, however, unable to reach a similar performance when testing
on the Dummy dataset, where both network models reached a 75% classification ac-
curacy. The assumption is that the dummy constitutes a very limited representation
of a human when falling/thrown into water. This is additionally supported by the re-
sults which are given in Table B.3. It can be seen that both networks achieve high
specificity on both the Intentional Fall and Dummy datasets. This, however, comes
with the caveat that both datasets can be described in a binary way and consist of only
frames of either people and dummies falling or not falling into water. The datasets do
not contain the third category of objects being in the water without being classified
as a person falling into water. In real-world use cases, this category has a very strong
possibility of emerging - for example birds landing in the water, boats passing in front
of the camera, people throwing objects into water, etc. From this perspective, the high
specificity and accuracy of our results should be viewed as ideal cases. Automated
emergency detection systems need to be robust against false positive detections, as a
high number of these can result in diverting resources and drowning out real ones in
noise.

Figure B.6 illustrates the confusion matrices determining correct and incorrect
classifications in case of fall and non-fall events for both Dummy and Intentional Fall
datasets. Looking at these values proves that both our models have great difficulties
when having to correctly classify actual fall images as fall when tested on the Dummy
dataset. In other words, out of 41 falls given in this dataset, AlexNet is capable of
correctly classifying only 17 of them as fall whilst ResNet-18 is performing slightly
better with a total of 23 falls. Comparing qualitative classification performance on the
Intentional Fall dataset, however, indicates that AlexNet would be the ideal candidate
leaving no falls undetected.

Last but not least, we would like to address the choices made with respect to
emissivity values during this research. In contrast to the source of values reported in
Table B.1, i.e., [1], previous works [39, 40] have shown that these values can be taken
from a great range of possibilities: Cotton, wool, and PET, for instance, lay between
0.7 and 0.83, as shown by [39]. In this work, we choose a consistent value of 0.972
to make the proposed synthetic dataset appear visually closest to the thermal domain.
Additionally, we apply this emissivity value uniformly to the entire foreground image
for simplification purposes.

In addition to the implicit judging of the quality of our dataset by training deep
neural networks on it and testing on real-world surveillance footage, we also verify the
quality-level of our data implicitly via visual inspection. Some examples of synthetic
humans and real humans as foreground objects are shown in Figure B.7. The synthetic
humans in Figure B.7 (left) contain the same overall texture from head to toe, whereas
real humans shown in Figure B.7 (right) show variations in appearance based on the
types of clothes and additional accessories, e.g., bags. We plan to extend this work
by applying a part-based thermal shader, where different emissivity values to different
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Real ImagesSynthetic Images

Fig. B.7: Real vs. Synthetic Left: Final synthetic images; Right: Real frames taken from the LTD dataset
[12]

.

parts of the foreground are applied. The example of different parts when we consider
humans as our foreground objects are head, torso, legs etc.

6 Conclusion and Future Work
In this paper, we introduced ThermalSynth, a pipeline for creating synthetic thermal
images showcasing one possible application of people falling into the water. For gen-
erating the foregrounds we use Unity together with rigged, animated 3D models and
a custom thermal shader based on the black body radiation equations along with the
Stefan-Boltzmann law. To mimic CCTV camera footage, we implemented a four-
stage post-processing pipeline which introduces additional image distortion and fi-
nally blends the foreground and background parts. We use this pipeline to create a
synthetic thermal dataset of people falling into the water and further train two stan-
dard classification models, AlexNet and ResNet-18, to detect fall cases. We test the
models on a combination of the synthetic 3D model falls, real-person falls, and simu-
lated falls using a dummy. We show that the standard models achieve very good results
in the given context proving the usability and potential of ThermalSynth for creating
rarely observed emergency scenarios and enriching existing real thermal datasets with
synthetic data.

A possible negative societal impact of this dataset is that it reveals different jump-
ing and falling behavior patterns of humans. At the same time, however, this study
could save many human lives. We plan to extend this research by introducing addi-
tional 3D models to the generation pipeline like vehicles, boats, birds, moving parts of
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the foreground, etc. in order to possibly use the dataset for multi-class classification
tasks and more robust emergency detection in real-life production scenarios.
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1. Introduction

Abstract
Anomaly detection is commonly pursued as a one-class classification problem, where
models can only learn from normal training samples, while being evaluated on both
normal and abnormal test samples. Among the successful approaches for anomaly de-
tection, a distinguished category of methods relies on predicting masked information
(e.g.patches, future frames, etc.) and leveraging the reconstruction error with re-
spect to the masked information as an abnormality score. Different from related meth-
ods, we propose to integrate the reconstruction-based functionality into a novel self-
supervised predictive architectural building block. The proposed self-supervised block
is generic and can easily be incorporated into various state-of-the-art anomaly detec-
tion methods. Our block starts with a convolutional layer with dilated filters, where the
center area of the receptive field is masked. The resulting activation maps are passed
through a channel attention module. Our block is equipped with a loss that mini-
mizes the reconstruction error with respect to the masked area in the receptive field.
We demonstrate the generality of our block by integrating it into several state-of-the-
art frameworks for anomaly detection on image and video, providing empirical evi-
dence that shows considerable performance improvements on MVTec AD, Avenue, and
ShanghaiTech. We release our code as open source at: https://github.com/ristea/sspcab.

1 Introduction
Anomaly detection is an important task with a broad set of applications ranging from
industrial inspection (finding defects of objects or materials on industrial production
lines) [1–8] to public security (detecting abnormal events such as traffic accidents,
fights, explosions, etc.) [9–28]. The task is typically framed as a one-class classifica-
tion (outlier detection) problem, where methods [9, 14, 16, 21, 22, 26, 29–47] learn
a familiarity model from normal training samples, labeling unfamiliar examples (out-
liers) as anomalies, at inference time. Since abnormal samples are available only at test
time, supervised learning methods are not directly applicable to anomaly detection. To
this end, researchers turned their attention to other directions such as reconstruction-
based approaches [4, 5, 7, 13, 19, 21, 31, 35, 37, 42, 44, 48], dictionary learning
methods [2, 30, 36, 49–51], distance-based models [3, 14, 22, 32, 40, 41, 43, 52–57],
change detection frameworks [20, 58–60], and probabilistic models [6, 29, 33, 38, 39,
61–65].

A distinguished subcategory of reconstruction methods relies on predicting masked
information, leveraging the reconstruction error with respect to the masked informa-
tion as an abnormality score. The masked information can come in different forms,
e.g.superpixels [5], future frames [35], middle bounding boxes [11], among others.
Methods in this subcategory mask some part of the input and employ a deep neural
network to predict the missing input information. Different from such methods, we
propose to integrate the capability of reconstructing the masked information into a
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Fig. C.1: Our self-supervised predictive convolutional attentive block (SSPCAB). For each location where
the dilated convolutional filter is applied, the block learns to reconstruct the masked area using contextual
information. A channel attention module performs feature recalibration by using global information to
selectively emphasize or suppress reconstruction maps. Best viewed in color.

neural block. Introducing the reconstruction task at a core architectural level has two
important advantages: (i) it allows us to mask information at any layer in a neural net-
work (not only at the input), and (ii) it can be integrated into a wide range of neural
architectures, thus being very general.

We design our reconstruction block as a self-supervised predictive block formed
of a dilated convolutional layer and a channel attention mechanism. The dilated filters
are based on a custom receptive field, where the center area of the kernel is masked.
The resulting convolutional activation maps are then passed through a channel atten-
tion module [66]. The attention module ensures the block does not simply learn to
reconstruct the masked region based on linearly interpolating contextual information.
Our block is equipped with a loss that minimizes the reconstruction error between the
final activation maps and the masked information. In other words, our block is trained
to predict the masked information in a self-supervised manner. Our self-supervised
predictive convolutional attentive block (SSPCAB) is illustrated in Figure C.1. For
each location where the dilated convolutional filter is applied, the block learns to re-
construct the masked area using contextual information. Meanwhile, the dilation rate
becomes a natural way to control the context level (from local to global), as required
for the specific application.

We integrate SSPCAB into various state-of-the-art anomaly detection frameworks
[12, 17, 21, 35, 67, 68] and conduct comprehensive experiments on the MVTec AD
[1], Avenue [36] and ShanghaiTech [37] data sets. Our empirical results show that
SSPCAB can bring significant performance improvements, e.g.the region-based de-
tection criterion (RBDC) of Liu et al. [17] on Avenue increases from 41% to 62%
by adding SSPCAB. Moreover, with the help of SSPCAB, we are able to report new
state-of-the-art performance levels on Avenue and ShanghaiTech. Additionally, we
show extra results on the Avenue data set, indicating that the masked convolutional
layer can also increase performance levels, all by itself.

In summary, our contribution is twofold:
• We introduce a novel self-supervised predictive convolutional attentive block
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that is inherently capable of performing anomaly detection.
• We integrate the block into several state-of-the-art neural models [12, 17, 21, 35,

67, 68] for anomaly detection, showing significant performance improvements
across multiple models and benchmarks.

2 Related Work
As anomalies are difficult to anticipate, methods are typically trained only on nor-
mal data, while being tested on both normal and abnormal data [21, 31]. There-
fore, outlier detection [14, 22, 32, 40, 41] and self-supervised learning [11–13, 17,
18, 21, 67, 68] approaches are extensively used to address the anomaly detection
task. Anomaly detection methods can be classified into: dictionary learning methods
[2, 30, 36, 49–51], change detection frameworks [20, 58–60], probability-based meth-
ods [6, 29, 33, 38, 39, 61–65], distance-based models [3, 14, 22, 32, 40, 41, 43, 52–57],
and reconstruction-based methods [4, 5, 7, 13, 19, 21, 31, 35, 37, 42, 44, 48, 68].

Dictionary-based methods learn the normal behavior by constructing a dictionary,
where each entry in the dictionary represents a normal pattern. Ren et al. [51] ex-
tended dictionary learning methods by considering the relation among different en-
tries. Change-detection frameworks detect anomalies by quantifying changes across
the video frames, i.e.a significant deviation from the immediately preceding event
marks the beginning of an abnormal event. After quantifying the change, approaches
such as unmasking [59] or ordinal regression [20] can be used to segregate anomalies.
Probability-based methods build upon the assumption that anomalies occur in a low
probability region. These methods estimate the probability density function (PDF) of
the normal data and evaluate the test samples based on the PDF. For example, Ma-
hadevan et al. [38] used a Mixture of Dynamic Textures (MDTs) to model the distri-
bution of the spatio-temporal domain, while Rudolph et al. [6] employed normalizing
flow to represent the normal distribution. Distance-based methods learn a distance
function based on the assumption that normal events occur in the close vicinity of
the learned feature space, while the abnormal events are far apart from the normal
data. For instance, Ramachandra et al. [40] employed a Siamese network to learn
the distance function. Reconstruction-based methods rely on the assumption that the
normal examples can be reconstructed more faithfully from the latent manifold. Our
new block belongs to the category of reconstruction-based anomaly detection meth-
ods, particularly siding with methods that predict or reconstruct missing (or masked)
information [5, 11, 35].
Reconstruction-based methods. In the past few years, reconstruction-based methods
became prevalent in anomaly detection. Such methods typically use auto-encoders
[31] and generative adversarial networks (GANs) [35], as these neural models en-
able the learning of powerful reconstruction manifolds via using normal data only.
However, the generalization capability of neural networks sometimes leads to recon-
structing abnormal frames with low error [9, 12], affecting the discrimination between
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abnormal and normal frames. To address this issue, researchers have tried to im-
prove the latent manifold by diversifying the architecture and training methodologies.
Some works focusing on transforming the architectures include memory-based auto-
encoders [9, 17, 21], which memorize the normal prototypes in the training data, thus
increasing the discrimination between normal and abnormal samples. Other works
remodeled the reconstruction manifold via training the models with pseudo-abnormal
samples [12, 68, 69]. The adversarial training proposed in [11] applies gradient as-
cent for out-of-domain pseudo-abnormal samples and gradient descent for normal
data, thus learning a more powerful discriminative manifold for video anomaly de-
tection. Zavrtanik et al. [68] created pseudo-abnormal samples by adding random
noise patches on normal images for image anomaly detection. Some variants of auto-
encoders, such as Variational Auto-Encoders (VAEs), have been proposed in [17, 70]
for the anomaly detection task. These works are based on the assumption that VAEs
can only reconstruct the normal images. Liu et al. [17] used a conditional VAE, con-
ditioning the image prediction on optical flow reconstruction, thus accumulating the
error from the optical flow reconstruction task with the image prediction. However,
this approach can only be applied to video anomaly detection, due to the presence of
motion information in the form of optical flow.
Reconstruction of masked information. A surrogate task for many anomaly detec-
tion approaches [4, 27, 35, 71, 72] is to erase some information from the input, while
making neural networks predict the erased information. Haselmann et al. [71] framed
anomaly detection as an inpainting problem, where patches from images are masked
randomly, using the pixel-wise reconstruction error of the masked patches for surface
anomaly detection. Fei et al. [4] proposed the Attribute Restoration Network (AR-
Net), which includes an attribute erasing module (AEM) to disorient the model by
erasing certain attributes from an image, such as color and orientation. In turn, AR-
Net learns to restore the original image and detect anomalies based on the assumption
that normal images can be restored properly. The Cloze task [72] is about learning to
complete a video when certain frames are removed, being recently employed by Yu et
al. [27] for anomaly detection. In a similar direction, Georgescu et al. [11] proposed
middle frame masking as one of the auxiliary tasks for video anomaly detection. Both
approaches are based on the assumption that an erased frame can be reconstructed
more accurately for regular motion. Future frame prediction [67] utilizes past frames
to predict the next frame in the video. The anomaly, in this case, is detected through
the prediction error. Another approach based on GANs [73] learns to erase patches
from an image, while the discriminator identifies if patches are normal or irregular.

Unlike existing approaches, we are the first to introduce the reconstruction-based
functionality as a basic building block for neural architectures. More specifically, we
design a novel block based on masked convolution and channel attention to reconstruct
a masked part of the convolutional receptive field. As shown in the experiments, our
block can be integrated into a multitude of existing anomaly detection frameworks [12,
17, 21, 35, 67, 68], almost always bringing significant performance improvements.
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3 Method
Convolutional neural networks (CNNs) [74, 75] are widely used across a broad spec-
trum of computer vision tasks, also being prevalent in anomaly detection [12, 17, 21,
67, 76]. CNNs are formed of convolutional layers equipped with kernels which learn
to activate on discriminative local patterns, in order to solve a desired task. The local
features extracted by a convolutional layer are combined into more complex features
by the subsequent convolutional layers. From this learning process, a hierarchy of
features emerges, ranging from low-level features (corners, edges, etc.) to high-level
features (car wheels, bird heads, etc.) [77]. While this hierarchy of features is ex-
tremely powerful, CNNs lack the ability to comprehend the global arrangement of
such local features, as noted by Sabour et al. [78].

In this paper, we introduce a novel self-supervised predictive convolutional atten-
tive block (SSPCAB) that is purposed at learning to predict (or reconstruct) masked
information using contextual information. To achieve highly accurate reconstruction
results, our block is forced to learn the global structure of the discovered local pat-
terns. Thus, it addresses the issue pointed out in [78], namely the fact that CNNs
do not grasp the global arrangement of local features, as they do not generalize to
novel viewpoints or affine transformations. To implement this behavior, we design
our block as a convolutional layer with dilated masked filters, followed by a channel
attention module. The block is equipped with its own loss function, which is aimed
at minimizing the reconstruction error between the masked input and the predicted
output.

We underline that our design is generic, as SSPCAB can be integrated into just
about any CNN architecture, being able to learn to reconstruct masked information,
while offering useful features for subsequent neural layers. Although the capability of
learning and using global structure might make SSPCAB useful for a wide range of
tasks, we conjecture that our block has a natural and direct applicability in anomaly
detection, as explained next. When integrated into a CNN trained on normal training
data, SSPCAB will learn the global structure of normal examples only. When pre-
sented with an abnormal data sample at inference time, our block will likely provide
a poor reconstruction. We can thus measure the quality of the reconstruction and em-
ploy the result as a way to differentiate between normal and abnormal examples. In
Section 4, we provide empirical evidence to support our claims.

SSPCAB is composed of a masked convolutional layer activated by Rectified Lin-
ear Units (ReLU) [79], followed by a Squeeze-and-Excitation (SE) module [66]. We
next present its components in more details.
Masked convolution. The receptive field of our convolutional filter is depicted in
Figure C.2. The learnable parameters of our masked convolution are located in the
corners of the receptive field, being denoted by the sub-kernels Ki ∈ Rk′×k′×c, ∀i ∈
{1, 2, 3, 4}, where k′ ∈ N+ is a hyperparameter defining the sub-kernel size and c
is the number of input channels. Each kernel Ki is located at a distance (dilation
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Fig. C.2: Our masked convolutional kernel. The visible area of the receptive field is denoted by the regions
Ki , ∀i ∈ {1, 2, 3, 4}, while the masked area is denoted by M. A dilation factor d controls the local or global
nature of the visible information with respect to M. Best viewed in color.

rate) d ∈ N+ from the masked region in the center of our receptive field, which is
denoted by M ∈ R1×1×c. Consequently, the spatial size k of our receptive field can
be computed as follows: k = 2k′ + 2d + 1.

Let X ∈ Rh×w×c be the input tensor of our masked convolutional layer, where c
is the number of channels, and h and w are the height and width, respectively. The
convolutional operation performed with our custom kernel in a certain location of
the input X only considers the input values from the positions where the sub-kernels
Ki are located, the other information being ignored. The results of the convolution
operations between each Ki and the corresponding inputs are summed into a single
number, as if the sub-kernels Ki belong to a single convolutional kernel. The resulting
value denotes a prediction located at the same position as M. Naturally, applying the
convolution with one filter produces a single activation map. Hence, we would only be
able to predict one value from the masked vector M, at the current location. To predict
a value for every channel in M, we introduce a number of c masked convolutional
filters, each predicting the masked information from a distinct channel. As we aim
to learn and predict the reconstruction for every spatial location of the input, we add
zero-padding of k′ + d pixels around the input and set the stride to 1, such that every
pixel in the input is used as masked information. Therefore, the spatial dimension
of the output tensor Z is identical to that of the input tensor X. Finally, the output
tensor is passed through a ReLU activation. We underline that the only configurable
hyperparameters of our custom convolutional layer are k′ and d.
Channel attention module. Next, the output of the masked convolution is processed
by a channel attention module, which computes an attention score for each chan-
nel. Knowing that each activation map in Z is predicted by a separate filter in the
presence of masked information, we infer that the masked convolution might end up
producing activation maps containing disproportionate (uncalibrated) values across
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channels. Therefore, we aim to exploit the relationships between channels, with the
goal of scaling each channel in Z in accordance with the quality of the representations
produced by the masked convolutional layer. To this end, we employ the channel at-
tention module proposed by Hu et al. [66]. The SE module [66] provides a mechanism
that performs adaptive recalibration of channel-wise feature responses. Through this
mechanism, it can learn to use global information to selectively emphasize or suppress
reconstruction maps, as necessary. Another motivation to use attention is to increase
the modeling capacity of SSPCAB and enable a non-linear processing between the
input and output of our block.

Formally, the channel attention block reduces Z to a vector z ∈ Rc through a
global pooling performed on each channel. Subsequently, the vector of scale factors
s ∈ Rc is computed as follows:

s = σ (W2 · δ (W1 · z)) , (C.1)

where σ is the sigmoid activation, δ is the ReLU activation, and W1 ∈ R
c
r ×c and

W2 ∈ Rc× c
r represent the weight matrices of two consecutive fully connected (FC)

layers, respectively. The first FC layer consists of c
r neurons, squeezing the informa-

tion by a reduction ratio of r.
Next, the vector s is replicated in the spatial dimension, generating a tensor S of

the same size as Z. Our last step is the element-wise multiplication between S and Z,
producing the final tensor X̂ ∈ Rh×w×c containing recalibrated features maps.
Reconstruction loss. We add a self-supervised task consisting of reconstructing the
masked region inside our convolutional receptive field, for every location where the
masked filters are applied. To this end, our block should learn to provide the corre-
sponding reconstructions as the output X̂. Let G denote the SSPCAB function. We
define the self-supervised reconstruction loss as the mean squared error (MSE) be-
tween the input and the output, as follows:

LSSPCAB(G, X) = (G(X)− X)2 =
(
X̂ − X

)2 . (C.2)

When integrating SSPCAB into a neural model F having its own loss function LF,
our loss can simply be added to the respective loss, resulting in a new loss function
that comprises both terms:

Ltotal = LF + λ · LSSPCAB, (C.3)

where λ ∈ R+ is a hyperparameter that controls the importance of our loss with
respect to LF. We adopt this procedure when incorporating SSPCAB into various
neural architectures during our experiments.
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4 Experiments and Results

4.1 Data Sets

MVTec AD. The MVTec AD [1] data set is a standard benchmark for evaluating
anomaly detection methods on industrial inspection images. It contains images from
10 object categories and 5 texture categories, having 15 categories in total. There are
3629 defect-free training images and 1725 test images with or without anomalies.
Avenue. The CHUK Avenue [36] data set is a popular benchmark for video anomaly
detection. It contains 16 training and 21 test videos. The anomalies are present only
at inference time and include people throwing papers, running, dancing, loitering, and
walking in the wrong direction.
ShanghaiTech. The ShanghaiTech [37] benchmark is one of the largest data sets
for video anomaly detection. It is formed of 330 training and 107 test videos. As
for Avenue, the training videos contain only normal samples, but the test videos can
contain both normal and abnormal events. Some examples of anomalies are: people
fighting, stealing, chasing, jumping, and riding bike or skating in pedestrian zones.

4.2 Evaluation Metrics

Image anomaly detection. On MVTec AD, we evaluate methods in terms of the
average precision (AP) and the area under the receiver operating characteristic curve
(AUROC). The ROC curve is obtained by plotting the true positive rate (TPR) versus
the false positive rate (FPR). We consider both localization and detection performance
rates. For the detection task, the TPR and FPR values are computed at the image level,
i.e.TPR is the percentage of anomalous images that are correctly classified, while
FPR is the percentage of normal images mistakenly classified as anomalous. For the
localization (segmentation) task, TPR is the percentage of abnormal pixels that are
correctly classified, whereas FPR is the percentage of normal pixels wrongly classified
as anomalous. To determine the segmentation threshold for each method, we follow
the approach described in [1].
Video anomaly detection. We evaluate abnormal event detection methods in terms of
the area under the curve (AUC), which is computed by marking a frame as abnormal
if at least one pixel inside the frame is abnormal. Following [12], we report both the
macro and micro AUC scores. The micro AUC is computed after concatenating all
frames from the entire test set, while the macro AUC is the average of the AUC scores
on individual videos. The frame-level AUC can be an unreliable evaluation measure,
as it may fail to evaluate the localization of anomalies [22]. Therefore, we also eval-
uate models in terms of the region-based detection criterion (RBDC) and track-based
detection criterion (TBDC), as proposed by Ramachandra et al. [22]. RBDC takes
each detected region into consideration, marking a detected region as true positive if
the Intersection-over-Union with the ground-truth region is greater than a threshold α.
TBDC measures whether abnormal regions are accurately tracked across time. It con-
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M
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d Loss

d k′ r
Attention AUC

RBDC TBDC
type type Micro Macro
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- - - - - 80.0 83.4 49.98 51.69

MAE
0 1 - - 83.3 84.1 47.46 52.11
1 1 - - 83.9 84.6 49.05 52.21
2 1 - - 83.2 84.3 48.56 52.03

MSE
0 1 - - 83.6 84.2 47.86 52.21
1 1 - - 84.2 84.9 49.22 52.29
2 1 - - 83.6 84.3 48.44 51.98

MSE
0 2 - - 83.7 84.0 47.41 53.02
1 2 - - 84.0 85.1 48.22 51.84
2 2 - - 82.7 83.1 46.94 50.22

MSE
0 3 - - 82.6 83.7 48.28 51.91
1 3 - - 82.9 84.7 48.13 52.07
2 3 - - 83.1 83.8 47.13 49.96

MSE
1 1 8 CA 85.9 85.6 53.81 56.33
1 1 - SA 84.3 84.4 53.31 53.41
1 1 8 CA+SA 85.7 85.6 53.98 54.11

MSE
1 1 4 CA 85.6 85.3 53.83 55.99
1 1 16 CA 84.4 84.9 53.28 54.37

Table C.1: Micro AUC, macro AUC, RBDC and TBDC scores (in %) obtained on the Avenue data set with
different hyperparameter configurations, i.e.kernel size (k′), dilation rate (d), reduction ratio (r), loss type,
and attention type, for our SSPCAB. Results are obtained by introducing SSPCAB into a plain auto-encoder
that follows the basic architecture designed by Georgescu et al. [12]. Best results are highlighted in bold.

siders a detected track as true positive if the number of detections in a track is greater
than a threshold β. Following [12, 22], we set α = 0.1 and β = 0.1.

4.3 Implementation Choices and Tuning

For the methods [12, 17, 21, 35, 67, 68] chosen to serve as underlying models for
SSPCAB, we use the official code from the repositories provided by the correspond-
ing authors, inheriting the hyperparameters, e.g.the number of epochs and learning
rate, from each method. Unless specified otherwise, we replace the penultimate con-
volutional layer with SSPCAB in all underlying models.

In a set of preliminary trials with a basic auto-encoder on Avenue, we tuned the
hyperparameter λ from Eq. (C.3), representing the weight of the SSPCAB reconstruc-
tion error, considering values between 0.1 and 1, at a step of 0.1. Based on these
preliminary trials, we decided to use λ = 0.1 across all models and data sets. How-
ever, we observed that λ = 0.1 gives a higher than necessary magnitude to our loss
for the framework of Liu et al. [17]. Hence, for Liu et al. [17], we reduced λ to 0.01.
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Fig. C.3: Anomaly localization examples of DRAEM [68] (blue) versus DRAEM+SSPCAB (green) on
MVTec AD. The ground-truth anomalies are marked with a red mask. Best viewed in color.

4.4 Preliminary Results

We performed preliminary experiments on Avenue to decide the hyperparameters of
our masked convolution, i.e.the kernel size k′ and dilation rate d. We consider values
in {1, 2, 3} for k′, and values in {0, 1, 2} for d. In addition, we consider two alter-
native loss functions, namely the Mean Absolute Error (MAE) and Mean Squared
Error (MSE), and several types of attention to be added after the masked convolution,
namely channel attention (CA), spatial attention (SA), and both (CA+SA).

For the preliminary experiments, we take the appearance convolutional auto-encoder
from [12] as our baseline, stripping out the additional components such as optical flow,
skip connections, adversarial training, mask reconstruction and binary classifiers. Our
aim is to test various SSPCAB configurations on top of a basic architecture, without
trying to overfit the configuration to a specific framework, such as that of Georgescu
et al. [12]. To this end, we decided to remove the aforementioned components, thus
using only a plain auto-encoder in our preliminary experiments.

The preliminary results are presented in Table C.1. Upon adding the masked con-
volutional layer based on the MAE loss on top of the basic architecture, we observe
significant performance gains, especially for k′ = 1 and d = 1. The performance
further increases when we replace the MAE loss function with MSE. We performed
extensive experiments with different combinations of k′ and d, obtaining better results
with k′ = 1 and d = 1. We therefore decided to fix the loss to MSE, the sub-kernel
size k′ to 1, and the dilation rate d to 1, for all subsequent experiments. Next, we intro-
duced various attention modules after our masked convolution. Among the considered
attention modules, we observe that channel attention is the one that better compliments
our masked convolutional layer, providing the highest performance gains for three of
the metrics: 5.9% for the micro AUC, 2.2% for the macro AUC, and 4.6% for TBDC.
Accordingly, we selected the channel attention module for the remaining experiments.
Upon choosing to use channel attention, we test additional reduction rates (r = 4 and
r = 16), without observing any improvements. As such, we keep the reduction rate
of the SE module to r = 8, whenever we integrate SSPCAB into a neural model.
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Class

Localization Detection

DRAEM [68] DRAEM [68]
CutPaste [67]

3-way Ensemble
AUROC AP AUROC AUROC AUROC
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C
A

B
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Te
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e

Carpet 95.5 95.0 53.5 59.4 97.0 98.2 93.1 90.7 93.9 96.8
Grid 99.7 99.5 65.7 61.1 99.9 100.0 99.9 99.9 100.0 99.9
Leather 98.6 99.5 75.3 76.0 100.0 100.0 100.0 100.0 100.0 100.0
Tile 99.2 99.3 92.3 95.0 99.6 100.0 93.4 94.0 94.6 95.0
Wood 96.4 96.8 77.7 77.1 99.1 99.5 98.6 99.2 99.1 99.1

O
bj

ec
t

Bottle 99.1 98.8 86.5 87.9 99.2 98.4 98.3 98.6 98.2 99.1
Cable 94.7 96.0 52.4 57.2 91.8 96.9 80.6 82.9 81.2 83.6
Capsule 94.3 93.1 49.4 50.2 98.5 99.3 96.2 98.1 98.2 97.6
Hazelnut 99.7 99.8 92.9 92.6 100.0 100.0 97.3 98.3 98.3 98.4
Metal Nut 99.5 98.9 96.3 98.1 98.7 100.0 99.3 99.6 99.9 99.9
Pill 97.6 97.5 48.5 52.4 98.9 99.8 92.4 95.3 94.9 96.6
Screw 97.6 99.8 58.2 72.0 93.9 97.9 86.3 90.8 88.7 90.8
Toothbrush 98.1 98.1 44.7 51.0 100.0 100.0 98.3 98.8 99.4 99.6
Transistor 90.9 87.0 50.7 48.0 93.1 92.9 95.5 96.5 96.1 97.3
Zipper 98.8 99.0 81.5 77.1 100.0 100.0 99.4 99.1 99.9 99.9
Overall 97.3 97.2 68.4 69.9 98.0 98.9 95.2 96.1 96.1 96.9

Table C.2: Localization AUROC/AP and detection AUROC (in %) of state-of-the-art methods on MVTec
AD, before and after adding SSPCAB. The best result for each before-versus-after pair is highlighted in
bold.

4.5 Anomaly Detection in Images

Baselines. We choose two recent models for image anomaly detection, i.e.CutPaste
[67] and DRAEM [68].

Li et al. [67] proposed CutPaste, a simple data augmentation technique that cuts
a patch from an image and pastes it to a random location. The CutPaste architecture
is built on top of GradCAM [80]. The model is based on a self-supervised 3-way
classification task, learning to classify samples into normal, CutPaste and CutPaste-
Scar, where a scar is a long and thin mark of a random color. Li et al. [67] also used
an ensemble of five 3-way CutPaste models trained with different random seeds to
improve results.

Zavrtanik et al. [68] introduced DRAEM, a method based on a dual auto-encoder
for anomaly detection and localization on MVTec AD. We introduce SSPCAB into
both the localization and detection networks.
Results. We present the results on MVTec AD in Table C.2. Considering the detec-
tion results, we observe that SSPCAB brings consistent performance improvements
on most categories for both CutPaste [67] and DRAEM [68]. Moreover, the overall
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Fig. C.4: Frame-level anomaly scores for Liu et al. [35] before (baseline) and after (ours) integrating
SSPCAB, for test video 18 from Avenue. Anomaly localization results correspond to the model based on
SSPCAB. Best viewed in color.

performance gains in terms of detection AUROC are close to 1%, regardless of the
underlying model. Given that the baselines are already very good, we consider the
improvements brought by SSPCAB as noteworthy.

Considering the localization results, it seems that SSPCAB is not able to improve
the overall AUROC score of DRAEM [68]. However, the more challenging AP metric
tells a different story. Indeed, SSPCAB increases the overall AP of DRAEM [68] by
1.5%, from 68.4% to 69.9%.

In Figure C.3, we illustrate a few anomaly localization examples where SSPCAB
introduces significant changes to the anomaly localization contours of DRAEM [68],
showing a higher overlap with the ground-truth anomalies. We believe that these
improvements are a direct effect induced by the reconstruction errors produced by our
novel block. We provide more anomaly detection examples in the supplementary.

4.6 Abnormal Event Detection in Video

Baselines. We choose four recently introduced methods [12, 17, 21, 35] attaining
state-of-the-art performance levels in video anomaly detection, as candidates for in-
tegrating SSPCAB. We first reproduce the results using the official implementations
provided by the corresponding authors [12, 17, 21, 35]. We refrain from making any
modification to the hyperparameters of the chosen baselines. Despite using the un-
modified code from the official repositories, we were not able to exactly reproduce
the results of Liu et al. [17] and Park et al. [21], but our numbers are very close. As
we add SSPCAB into the reproduced models, we consider the reproduced results as
reference. We underline that, for Georgescu et al. [12], we integrate SSPCAB into the
auto-encoders, not in the binary classifiers. We report RBDC and TBDC results when-
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Method
Avenue ShanghaiTech

AUC RBDC TBDC AUC RBDC TBDC
Micro Macro Micro Macro

Liu et al. [60] 84.4 - - - - - - -
Sultani et al. [81] - - - - - 76.5 - -
Lee et al. [82] 87.2 - - 76.2 - -
Ionescu et al. [14] 88.9 - - - - - - -
Nguyen et al. [19] 86.9 - - - - - - -
Ionescu et al. [32] 87.4 90.4 15.77 27.01 78.7 84.9 20.65 44.54
Wu et al. [26] 86.6 - - - - - -
Lee et al. [16] 90.0 - - - - - -
Yu et al. [27] 89.6 - - - 74.8 - - -
Ramachandra et al. [22] 72.0 35.80 80.90 - - - -
Ramachandra et al. [40] 87.2 41.20 78.60 - - - -
Tang et al. [44] 85.1 - - 73.0 - -
Dong et al. [9] 84.9 - - 73.7 - -
Doshi et al. [10] 86.4 - - 71.6 - -
Sun et al. [24] 89.6 - - 74.7 - -
Wang et al. [25] 87.0 - - 79.3 - -
Astrid et al. [69] 84.7 - - - 73.7 - - -
Astrid et al. [83] 87.1 - - - 75.9 - - -
Georgescu et al. [11] 91.5 92.8 57.00 58.30 82.4 90.2 42.80 83.90
Liu et al. [35] 85.1 81.7 19.59 56.01 72.8 80.6 17.03 54.23
Liu et al. [35] + SSPCAB 87.3 84.5 20.13 62.30 74.5 82.9 18.51 60.22
Park et al. [21] 82.8 86.8 - - 68.3 79.7 - -
Park et al. [21] + SSPCAB 84.8 88.6 - - 69.8 80.2 - -
Liu et al. [17] 89.9 93.5 41.05 86.18 74.2 83.2 44.41 83.86
Liu et al. [17] + SSPCAB 90.9 92.2 62.27 89.28 75.5 83.7 45.45 84.50
Georgescu et al. [12] 92.3 90.4 65.05 66.85 82.7 89.3 41.34 78.79
Georgescu et al. [12] + SSPCAB 92.9 91.9 65.99 64.91 83.6 89.5 40.55 83.46

Table C.3: Micro-averaged frame-level AUC, macro-averaged frame-level AUC, RBDC, and TBDC scores
(in %) of various state-of-the-art methods on Avenue and ShanghaiTech. Among the existing models, we
select four models [12, 17, 21, 35] to show results before and after including SSPCAB. The best result for
each before-versus-after pair is highlighted in bold. The top score for each metric is shown in red.

ever possible, computing the scores using the implementation provided by Georgescu
et al. [12].
Results. We report the results on Avenue and ShanghaiTech in Table C.3. First,
we observe that the inclusion of SSPCAB in the framework of Liu et al. [35] brings
consistent improvements over all metrics on both benchmarks. Similarly, we observe
consistent performance gains when integrating SSPCAB into the model of Park et al.
[21]. We note that the method of Park et al. [21] does not produce anomaly localization
results, preventing us from computing the RBDC and TBDC scores for their method.
SSPCAB also brings consistent improvements for Liu et al. [17], the only exception
being the macro AUC on Avenue. For this baseline [17], we observe a remarkable
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increase of 21.22% in terms of the RBDC score on Avenue. Finally, we notice that
SSPCAB also improves the performance of the approach proposed by Georgescu et
al. [12] for almost all metrics, the exceptions being the TBDC on Avenue and RBDC
on ShanghaiTech. In summary, we conclude that integrating SSPCAB is beneficial,
regardless of the underlying model. Moreover, due to the integration of SSPCAB, we
are able to report new state-of-the-art results on Avenue and ShanghaiTech, for several
metrics.

In Figure C.4, we compare the frame-level anomaly scores on test video 18 from
Avenue, before and after integrating SSPCAB into the method of Liu et al. [35]. On
this video, SSPCAB increases the AUC by more than 5%. We observe that the ap-
proach based on SSPCAB can precisely localize and detect the abnormal event (per-
son walking in the wrong direction). We provide more anomaly detection examples in
the supplementary.

5 Conclusion
In this paper, we introduced SSPCAB, a novel neural block composed of a masked
convolutional layer and a channel attention module, which predicts a masked region
in the convolutional receptive field. Our neural block is trained in a self-supervised
manner, via a reconstruction loss of its own. To show the benefit of using SSPCAB in
anomaly detection, we integrated our block into a series of image and video anomaly
detection methods [12, 17, 21, 35, 67, 68]. Our empirical results indicate that SSP-
CAB brings performance improvements in almost all cases. The preliminary results
show that both the masked convolution and the channel attention contribute to the
performance gains. Furthermore, with the help of SSPCAB, we are able to obtain
new state-of-the-art levels on Avenue and ShanghaiTech. We consider this as a major
achievement.

In future work, we aim to extend SSPCAB by replacing the masked convolution
with a masked 3D convolution. In addition, we aim to consider other application
domains besides anomaly detection.
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C.A Supplementary Material
In the main article, we mention that we generally replace the penultimate convolu-
tional layer with SSPCAB in underlying models [12, 17, 21, 35, 67, 68]. Ideally, for
optimal performance gains, the integration place and the number of SSPCAB modules
should be tuned on a validation set for each framework. However, anomaly detection
data sets do not have a validation set and there is no way to obtain one from the
training set, as the training contains only normal examples. In this context, to fairly
demonstrate the generality and utility of SSPCAB, we only used a single configura-
tion (one block, closer to the output) across all existing frameworks. However, adding
more modules could be beneficial. To test various configurations, we perform an ab-
lation study on the number of SSPCAB modules and the places where these modules
can be integrated in a plain auto-encoder. In Table C.4, we present the corresponding
experiments on the Avenue data set. We observe that SSPCAB improves the results,
regardless of the place of integration or the number of blocks. The improvements
seem larger when SSPCAB is integrated closer to the output. Integrating more blocks
can sometimes help.

Location of SSPCAB AUC RBDC TBDC
Early Middle Late Micro Macro

Pl
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er

80.0 83.4 49.98 51.69
✓ 81.1 83.6 50.86 52.44

✓ 84.2 85.0 52.73 54.02
✓ 85.9 85.6 53.81 56.33

✓ ✓ 82.7 83.8 50.54 52.70
✓ ✓ 83.2 84.1 52.33 53.01

✓ ✓ 86.1 85.7 54.03 56.07
✓ ✓ ✓ 85.3 85.4 53.11 56.64

Table C.4: Micro-averaged frame-level AUC, macro-averaged frame-level AUC, RBDC, and TBDC scores
(in %) on Avenue, while integrating SSPCAB into an auto-encoder, at different locations. SSPCAB im-
proves the results regardless of the integration place or the number of blocks. The option highlighted in red
is used throughout the experiments presented in the main article. Best results are highlighted in bold.

Size of M AUC RBDC TBDC
Micro Macro

80.0 83.4 49.98 51.69
1 × 1 85.9 85.6 53.81 56.33
3 × 3 85.9 85.5 53.93 56.31

Table C.5: Micro-averaged frame-level AUC, macro-averaged frame-level AUC, RBDC, and TBDC scores
(in %) on Avenue, while varying the size of the masked kernel M.

Another hyperparameter that could be tuned is the size of the masked kernel M.
In our experiments, we kept M to a size of 1 × 1 for simplicity and speed. To study
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the effect of increasing the size of M, we have tested the size of 3 × 3 with the plain
auto-encoder on Avenue. We report the corresponding results in Table C.5. When
comparing the results with masked kernels of 1 × 1 or 3 × 3 components, we do not
observe significant differences.

An additional aspect that can suffer multiple reconfigurations, given a validation
set, is the pattern of the proposed kernel. In our experiments, we tried a simple pattern
where the mask is placed in the center and the reception field is connected to the
four corner sub-kernels denoted by Ki, ∀i ∈ {1, 2, 3, 4}. We designed this pattern
while trying to extrapolate the idea from middle frame prediction (which was shown
to provide somewhat better results than future frame prediction) to a 2D kernel. Of

Fig. C.5: Additional anomaly localization examples of DRAEM [68] (blue) versus DRAEM+SSPCAB
(green) on MVTec AD. The ground-truth anomalies are marked with a red mask. Best viewed in color.
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C.B. Qualitative Anomaly Detection Results

Fig. C.6: Frame-level anomaly scores for Liu et al. [35] before (baseline) and after (ours) integrating
SSPCAB, for test video 10 from Avenue. Anomaly localization results correspond to the model based on
SSPCAB. Best viewed in color.

course, other patterns are possible and are likely to work equally well.

C.B Qualitative Anomaly Detection Results
Anomaly detection in images. In Figure C.5, we present additional qualitative results
produced by DRAEM [68] on the MVTec AD benchmark. The displayed examples
illustrate the benefit of integrating SSPCAB, which is much better at segmenting the
anomalies compared to the baseline DRAEM. We show improvements in terms of the
pixel-level annotation for both objects and textures.
Anomaly detection in videos. In Figure C.6, we show a comparison of the frame-
level anomaly scores on test video 10 from the Avenue data set, before and after inte-
grating SSPCAB into the method of Liu et al. [35]. On this video, SSPCAB increases
the AUC by nearly 4%. After introducing SSPCAB, we observe higher frame-level
anomaly scores for the first abnormal event. The anomaly localization results depict a
person throwing a backpack and a person walking in the wrong direction.

In Figures C.7 and C.8, we illustrate similar comparisons for test videos 01_0054
and 01_0130 from the ShanghaiTech data set, before and after adding SSPCAB into
the framework of Georgescu et al. [12]. For test video 01_0054, SSPCAB increases
the AUC by more than 10%. For test video 01_0130, the baseline framework seems
to detect the abnormal event too early, but SSPCAB seems capable of shifting the de-
tection towards the correct moment. As a result, SSPCAB increases the frame-level
AUC score by almost 6%. We observe a similar AUC improvement from SSPCAB in
Figure C.9, where we compare the frame-level anomaly scores on test video 07_0047
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Fig. C.7: Frame-level anomaly scores for Georgescu et al. [12] before (baseline) and after (ours) integrating
SSPCAB, for test video 01_0054 from ShanghaiTech. Anomaly localization results correspond to the model
based on SSPCAB. Best viewed in color.

Fig. C.8: Frame-level anomaly scores for Georgescu et al. [12] before (baseline) and after (ours) integrating
SSPCAB, for test video 01_0130 from ShanghaiTech. Anomaly localization results correspond to the model
based on SSPCAB. Best viewed in color.

from the ShanghaiTech data set. For this video, we underline that the frame-level
scores are visibly more correlated to the ground-truth anomalies. Moreover, in all
three ShanghaiTech videos, we observe that the approach based on SSPCAB can pre-
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C.C. Inference Time

Fig. C.9: Frame-level anomaly scores for Georgescu et al. [12] before (baseline) and after (ours) integrating
SSPCAB, for test video 07_0047 from ShanghaiTech. Anomaly localization results correspond to the model
based on SSPCAB. Best viewed in color.

Method
Time (ms) Relative (%)

Baseline +SSPCAB

Liu et al. [35] 2.1 2.4 14.2
Georgescu et al. [12] 1.5 1.7 13.3

Table C.6: Inference times (in milliseconds) and relative time expansions (in %) for two frameworks
[12, 35], before and after integrating SSPCAB. The running times are measured on an Nvidia GeForce
GTX 3090 GPU with 24 GB of VRAM.

cisely localize and detect the abnormal events (person pulling a lever cart, car inside
pedestrian area, people fighting, people running).

C.C Inference Time
Regardless of the underlying framework [12, 17, 21, 35, 67, 68], we add only one
instance of SSPCAB, usually replacing the penultimate convolutional layer. As such,
we expect the running time to increase. To assess the amount of extra time added by
SSPCAB, we present the running times before and after integrating SSPCAB into two
state-of-the-art frameworks [12, 35] in Table C.6. The reported times show time ex-
pansions lower than 0.3 ms for both frameworks. Hence, we consider that the accuracy
gains brought by SSPCAB outweigh the marginal running time expansions observed
in Table C.6.
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C.D Discussion
Although SSPCAB belongs to an existing family of anomaly detection methods, i.e.
reconstruction-based frameworks [4, 5, 7, 13, 19, 21, 31, 35, 37, 42, 44, 48], we would
like to underline that we are the first to integrate the reconstruction functionality at the
block level. Unlike other reconstruction approaches, our contribution is more flexible,
as it can be integrated in existing and future reconstruction methods. Moreover, SSP-
CAB can also be used to introduce reconstruction-based anomaly detection in other
frameworks, which do not rely on reconstruction. We thus believe that our generic
and effective approach will help ease future research in anomaly detection.

An important aspect that must be noted is that, due to the masked convolution, our
block will not reconstruct the input exactly. Except for the degenerate case where the
input is constant, this scenario should not occur in the real world, which means that the
reconstruction performed by SSPCAB is not trivial. However, our foremost intuition
about the usefulness of SSPCAB is different: our block provides a better reconstruc-
tion for normal convolutional features than for abnormal convolutional features. If the
features representing normal versus abnormal examples are different at any layer of
a neural architecture, it should result in greater differences at the final output of the
architecture. This idea is also supported by the experiments presented in Table C.4.

Further looking at the results shown in Table C.4, we observe that SSPCAB does
not bring significant gains when the block is placed near the input. We aim to further
investigate this limitation in future work. Aside from this small issue, we did not
observe other limitations of SSPCAB during our experiments.
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1. Introduction

Abstract
Anomaly detection has recently gained increasing attention in the field of computer
vision, likely due to its broad set of applications ranging from product fault detection
on industrial production lines and impending event detection in video surveillance
to finding lesions in medical scans. Regardless of the domain, anomaly detection is
typically framed as a one-class classification task, where the learning is conducted
on normal examples only. An entire family of successful anomaly detection meth-
ods is based on learning to reconstruct masked normal inputs (e.g. patches, future
frames, etc.) and exerting the magnitude of the reconstruction error as an indicator
for the abnormality level. Unlike other reconstruction-based methods, we present a
novel self-supervised masked convolutional transformer block (SSMCTB) that com-
prises the reconstruction-based functionality at a core architectural level. The pro-
posed self-supervised block is extremely flexible, enabling information masking at any
layer of a neural network and being compatible with a wide range of neural architec-
tures. In this work, we extend our previous self-supervised predictive convolutional
attentive block (SSPCAB) with a 3D masked convolutional layer, a transformer for
channel-wise attention, as well as a novel self-supervised objective based on Huber
loss. Furthermore, we show that our block is applicable to a wider variety of tasks,
adding anomaly detection in medical images and thermal videos to the previously con-
sidered tasks based on RGB images and surveillance videos. We exhibit the generality
and flexibility of SSMCTB by integrating it into multiple state-of-the-art neural mod-
els for anomaly detection, bringing forth empirical results that confirm considerable
performance improvements on five benchmarks: MVTec AD, BRATS, Avenue, Shang-
haiTech, and Thermal Rare Event. We release our code and data as open source at:
https://github.com/ristea/ssmctb.

1 Introduction
The applications of vision-based anomaly detection are very diverse, ranging from in-
dustrial settings, where the need is to detect faulty objects in the production line [1, 2],
to video surveillance, where the need is to detect abnormal behavior [3] such as people
fighting or shoplifting, and even medical imaging, where the need is to detect abnor-
mal tissue [4] such as malignant lesions. One of the major challenges of the anomaly
detection task is that the definition of what represents an anomaly implies a high de-
pendence on context. For instance, a car driven in a pedestrian area is labeled as
anomalous, whereas the same action can be considered normal in a different context,
e.g. when the car is driven on the road. Due to the reliance on context and the sheer
diversity of possible anomalies, it is often very difficult to gather abnormal examples
for training. As a result, anomaly detection is commonly devised as a one-class classi-
fication task, where the generic approach implicitly or explicitly learns the distribution
of the normal training data. During inference, examples that do not belong to the nor-
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Fig. D.1: An overview of our self-supervised masked convolutional transformer block (SSMCTB). At
every location where the masked filters are applied, the proposed block has to rely on the visible regions
(sub-kernels) to reconstruct the masked region (center area). A transformer module performs channel-wise
self-attention to selectively promote or suppress reconstruction maps via a set of weights returned by a
sigmoid (σ) layer. The block is self-supervised via the Huber loss (LSSMCTB) [49] between masked and
returned activation maps. Best viewed in color.

mal training data distribution are labeled as abnormal. There are several categories of
methods that are guided by this generic approach, such as dictionary-learning meth-
ods [5–10], change-detection frameworks [11–14], distance-based models [15–27],
probabilistic frameworks [28–37], and reconstruction-based models [3, 38–48].

Our approach belongs to the category of reconstruction methods, which have re-
cently become a prominent choice in anomaly detection [38, 39, 41, 43, 44, 46–48].
Reconstruction-based models implicitly learn the normal data distribution by mini-
mizing the reconstruction error of the normal instances at training time. These models
are based on the assumption that the learned latent manifold does not offer the means
to reconstruct the abnormal samples robustly, due to the unavailability of such samples
at training time. Hence, the reconstruction error is directly employed as the anomaly
score. A particular subcategory of reconstruction-based models relies on learning to
predict masked inputs [41, 42, 50, 51] as a self-supervised pretext task. In this case,
the reconstruction error with respect to the masked information is used to assess the
abnormality level of an input instance. Depending on the input type (image or video),
methods in this subcategory mask various parts of the input, e.g. superpixels in im-
ages [41], future frames in video [42], or middle bounding boxes in object-centric
temporal sequences [50, 51], and employ the whole model to reconstruct the masked
input. We, on the other hand, propose to encapsulate the functionality of reconstruct-
ing the masked information into a novel neural block. There are two major benefits
when wrapping the reconstruction task as a low-level architectural component: (i)
it enables introducing the reconstruction of masked information as a self-supervised
task at any layer of a neural network (not only at the input), and (ii) it eases integrat-
ing the self-supervised reconstruction task into a broad variety of neural architectures,
regardless of whether the respective models are reconstruction-based or not. Due to
its advantages, our block is very flexible and generic.

Our self-supervised reconstruction block consists of a dilated masked convolution
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followed by a channel-wise transformer module. The center area of our convolutional
kernel is masked, hence hiding the center of the receptive field at every location where
the filters are applied. In other words, each component of the input tensor is cer-
tainly masked at some point during the convolution operation, which means that the
entire input tensor ends up being masked. Next, the convolutional activation maps
are transformed into tokens using an average pooling layer. Then, the resulting to-
kens are passed through a transformer module [52, 53] that performs channel-wise
self-attention. The proposed block is equipped with a transformer module to avoid
the direct reconstruction of the masked area through linearly interpolating the visible
regions of the convolutional kernels. The final activation maps are multiplied with
the resulting attention tokens. Our block is designed in such a way that the output
tensor has the same dimensions as the input tensor, which allows us to easily intro-
duce a loss within our block to minimize the reconstruction error between the output
tensor and the masked input tensor. By integrating this loss, our block becomes a
self-contained trainable component that learns to predict the masked information via
self-supervision. As such, we coin the term self-supervised masked convolutional
transformer block (SSMCTB) to designate our novel neural component for anomaly
detection. As shown in Figure D.1, SSMCTB learns to reconstruct the masked re-
gion based on the available context (visible regions of the receptive field), for each
location where the dilated kernels are applied. Notably, we can graciously control the
level (from local to global) of the contextual information by choosing the appropriate
dilation rate for the masked kernels.

SSMCTB is an extension of the self-supervised predictive convolutional attentive
block (SSPCAB) introduced in our recent CVPR 2022 paper [54]. In the current
work, we modify SSPCAB in three different ways: (i) we replace the standard chan-
nel attention module in the original SSPCAB [54] with a multi-head self-attention
module [52, 53] to increase the modeling capacity, (ii) we extend the masked con-
volution operation with 3D convolutional filters, enabling the integration of SSMCTB
into networks based on 3D convolutional layers, and (iii) we replace the mean squared
error (MSE) loss with the Huber loss [49], since the latter loss is less sensitive to out-
liers than the former loss. Aside from these architectural changes, we demonstrate the
applicability of our block to more domains, adding anomaly detection in medical im-
ages and thermal videos to the previously considered tasks based on RGB images and
surveillance videos. Moreover, we conduct a more extensive ablation study, thus pro-
viding a more comprehensive set of results. We also show that our module is suitable
for both convolutional and transformer-based architectures.

We introduce SSMCTB into multiple state-of-the-art neural models [42, 44, 55–
60] for anomaly detection and conduct experiments on five benchmarks: MVTec
AD [1], BRATS [61], Avenue [9], ShanghaiTech [3], and Thermal Rare Event. The
Thermal Rare Event data set is a novel benchmark for anomaly detection, which we
constructed by manually labeling abnormal events from the Seasons in Drift data
set [62]. The chosen benchmarks belong to various domains, ranging from indus-
trial and medical images to RGB and thermal videos. This is to show that SSMCTB is
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applicable to multiple domains. When adding SSMCTB to the state-of-the-art mod-
els, our experiments show evidence of consistent improvements across all models and
tasks, indicating that our block is generic and easily adaptable. When compared to
SSPCAB, we observe performance gains in the majority of cases, showing that the
multi-head self-attention and the Huber loss are beneficial in detriment of the standard
channel attention [63] and the MSE loss, respectively.

In summary, with respect to our previous work [54], our current contribution is
sixfold:

• We extend the 2D masked convolution to a 3D masked convolution that consid-
ers a 3D context, and we integrate the new 3D SSMCTB into two 3D networks
for anomaly detection [55, 56].

• We replace the Squeeze-and-Excitation module [63] of SSPCAB with a trans-
former module that performs channel-wise attention.

• We substitute the MSE loss with the Huber loss, improving the sensitivity to
outliers during self-supervised learning.

• We conduct a more comprehensive set of experiments, including a new method
and two new benchmarks from previously missing domains (medical images,
thermal videos).

• We provide an extensive ablation study, including different variations of the
proposed self-supervised block.

• We annotate a subset (one week of video) of the Seasons in Drift [62] data
set with anomaly labels, obtaining a new benchmark for anomaly detection in
thermal videos.

2 Related Work

2.1 Transformers

Vaswani et al. [53] introduced the self-attention mechanism, sparking the research
of neural architectures relying solely on attention, including research on vision trans-
formers [52, 64–74]. These models are now embraced at a fast pace in the field of com-
puter vision, certainly due to the imposing performance levels across a broad variety
of tasks, ranging from object recognition [52, 69, 70] and object detection [64, 73, 74]
to image generation [68, 71, 72] and anomaly detection [75–78]. Unlike approaches
using only transformer-based attention [52, 64–70, 73, 74, 79], we propose a novel
and flexible block that employs transformer-based attention along with masked con-
volution, which can be integrated into multiple architectures that are not necessarily
transformer-based. To endorse this statement, we introduce SSMCTB into a variety
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of models and conduct a series of experiments showing that our block can bring sig-
nificant performance gains. Another difference from vision transformers is that our
block performs channel-wise self-attention, while conventional vision transformers
perform spatial attention [52]. We conduct an ablation study to compare channel and
spatial attention inside SSMCTB, showing that channel attention provides superior
performance and faster processing.

2.2 Self-Supervision via Information Masking

The reconstruction of masked information has recently become an attractive area of
interest [60, 80–83]. Models based on information masking are usually pre-trained
on a self-supervised reconstruction task, being later employed for downstream visual
tasks such as object detection and image segmentation. For instance, He et al. [60]
proposed to reconstruct masked (erased) patches as a self-supervised pretext task for
pre-training auto-encoders, subsequently using them for mainstream tasks, including
object detection and object recognition. They reported optimal results when a ma-
jority (75%) of the patches is masked. Masked auto-encoders are directly applicable
to anomaly detection. However, we show that SSMCTB can boost the performance
of masked auto-encoders, suggesting that it can leverage information masking in a
distinct way. Wei et al. [81] aimed at pre-training video models, proposing to mask
spatio-temporal cubes from a video and predict the features of the masked regions.
Chang et al. [82] introduced a bidirectional decoder that learns to predict masked to-
kens by attending them from all directions. The proposed method provides an efficient
substitute for generative transformers. Yu et al. [83] used a masked point modeling
task for pre-training a point cloud transformer. They showed that the representation
learned by the model transfers well to new (downstream) tasks and domains. Distinct
from such methods, we integrate information masking at a core operational level in-
side neural networks via our masked convolutional layer. We self-supervise our block
(which incorporates masked convolution) through a reconstruction loss and show that
modeling the context towards reconstructing the masked information results in an ef-
fective discriminative manifold for anomaly detection.

We underline that some recent approaches [42, 50, 84] utilize masking as a sur-
rogate task for anomaly detection. We discuss these methods and explain how our
approach is different in a separate subsection below.

2.3 Anomaly Detection

Anomaly detection frameworks are usually trained in a one-class setting, where only
normal data is available at training time, whereas both normal and abnormal exam-
ples are present at test time. The anomaly detection methods operating in this setting
can be classified into different categories, which are briefly presented below. Dic-
tionary learning methods [5–10] construct a dictionary of atoms from normal in-
stances, labeling examples that are not represented in the dictionary as abnormal.
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Change detection frameworks [11–14] are applied directly on test videos, measuring
the degree of change between current and preceding video frames to detect anoma-
lies. Probabilistic models [28–37] learn the probability density function of the nor-
mal data, flagging examples outside the distribution as abnormal. Distance-based ap-
proaches [15–27, 85] learn a distance function between samples, such that the distance
between normal instances is lower than the distance between normal and abnormal in-
stances. Reconstruction-based methods [3, 38–48, 56, 86] learn to reconstruct normal
examples, detecting anomalies based on the magnitude of the reconstruction error, as
anomalies tend to have larger errors than normal instances.
Reconstruction-based methods. Since our block belongs to the category of reconstruction-
based models, we discuss this category in more detail next. Reconstruction-based
models are often chosen for both image and video anomaly detection [44, 50, 56, 59].
These approaches typically employ auto-encoders and generative adversarial networks
(GANs) to learn a powerful latent manifold representing the normal data distribution.
For the video domain, some anomaly detection approaches [17, 42, 59] incorporate
additional cues by reconstructing the optical flow to capture motion information, en-
abling the detection of motion-based anomalies such as running and jumping. Doshi
et al. [87] proposed a continual learning setup, which could be easily extended for
future normal and abnormal patterns.

As the amount of normal training data is generally high, latent manifolds show a
tendency to generalize too well, being capable of reconstructing abnormal instances
with low error. In the context of anomaly detection, generalizing to out-of-distribution
samples, e.g. anomalies, is not desired, although this would be mostly desirable in
other application domains. To mitigate this issue, researchers employed various tech-
niques, such as adding memory modules [39, 44, 59] or pseudo-anomalies during
training [58, 84]. Memory-based auto-encoders [39, 59] generally employ an addi-
tional module to memorize the normal patterns observed in the training data. Conse-
quently, memory modules increase the computational complexity of the model, and
the faithful reconstruction of normal samples highly relies on the size of the memory
module. Georgescu et al. [58] proposed to optimize the model on pseudo-anomalies
with gradient ascent, while still using gradient descent to learn the normal data dis-
tribution. This results in a powerful discriminative subspace for the robust detection
of the abnormal samples. The pseudo-abnormal instances are samples collected from
different contexts, such as flowers, animals, cartoons, and textures, unrelated to the
object distribution (comprising humans, cars, bicycles, etc.) observed in typical ur-
ban surveillance scenes. Similarly, Astrid et al. [84] generated pseudo-anomalies by
skipping a few frames from the video and training an auto-encoder by maximizing
the loss for pseudo-anomalies and minimizing it for normal samples. Introducing
pseudo-anomalies increases the training time and may sometimes cause instability if
the balance between gradient descent on normal data and gradient ascent on pseudo-
abnormal data is not tuned. Different from related reconstruction-based methods, we
increase the difficulty of the reconstruction task by masking information wherever
SSMCTB is introduced into a neural model, thus making it harder for the model to
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generalize to abnormal data. As shown by our experimental results, our block adds a
marginal computational overhead.
Masking for Anomaly Detection. Some approaches [38, 42, 50, 75, 78, 88, 89] are
already using the prediction of masked inputs as a surrogate task for anomaly detec-
tion. These models form a distinctive subcategory of reconstruction-based methods.
Liu et al. [42] proposed a GAN for predicting a future frame based on a few past
frames, where anomalies are classified according to the prediction error. Another
GAN-based approach [90] performs joint detection and localization of anomalies via
inpainting. The generator of this method learns to inpaint a patch from the input
image, while the discriminator learns to identify if the inpainted patch is normal or
abnormal. Interestingly, the inpainting task has also been studied in conjunction with
vision transformers [78].

Generalizing over the method of Liu et al. [42], Yu et al. [89] employed the Cloze
task [91], which is about learning to complete the video when certain frames are re-
moved. Georgescu et al. [50] proposed the masking of the middle box of each tem-
poral cube centered on an object. Anomalies are detected based on the assumption
that motion reconstruction for an abnormal object is more difficult than for the normal
ones. Fei et al. [38] proposed the Attribute Restoration Network (ARNet), where at-
tributes such as color and orientation of the input are removed, and the network learns
to restore those attributes. The idea is based on the assumption that the anomalous data
can be distinguished based on the restoration error. Haselmann et al. [88] introduced
an approach for surface anomaly detection by erasing a rectangular box from the cen-
ter of the image and using the interpolation error for the classification of samples into
normal or abnormal. Inspired by the success of masked auto-encoders [60], Jiang et
al. [75] proposed a masked Swin Transformer [92] that is trained to inpaint masked
regions. To cope with the lack of abnormal samples during training, the authors used
simulated anomalies.

Unlike other models based on information masking, we propose a novel approach
that incorporates the reconstruction-based functionality into a single neural block,
which can be easily integrated into other state-of-the-art anomaly detection models.
Our experimental results confirm that our block is a valuable addition to various mod-
els, including both CNNs and transformers, which are applied to anomaly detection
in a wide range of domains.

3 Method

3.1 Motivation and Overview

A wide set of computer vision tasks, including anomaly detection [44, 58, 59, 93, 94],
are often addressed with convolutional neural networks (CNNs) [95, 96], due to the
impressive performance levels reached by these models, sometimes even surpassing
human-level accuracy. The defining component of a CNN architecture is the con-
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volutional layer, which typically comprises multiple filters (kernels) that activate on
discriminative local patterns captured within the receptive field of the respective fil-
ters. Each filter produces an activation map that is further given as input to the next
convolutional layer. Since each filter in the subsequent layer processes all activation
maps from the previous layer at once, the local features extracted by the previous layer
are combined into more complex features. This sequential processing of features over
multiple convolutional layers gives rise to a hierarchy of features during the learning
process. Earlier convolutional layers activate on low-level features such as corners or
edges, and later layers gradually shift to higher-level features such as car wheels or
human body parts, as shown by Zeiler et al. [97]. Although the learned hierarchy of
features is very useful in solving discriminative tasks, CNNs do not have the direct
means to model the global arrangement of local features [98], since they do not gener-
alize well to novel viewpoints or affine transformations [99]. The inability of grasping
the global arrangement of local features is mainly caused by the fact that convolutional
filters operate on a limited (and typically small) receptive field, not making use of the
context.

We hereby propose a self-supervised masked convolutional transformer block (SSM-
CTB), which is aimed at learning to reconstruct masked information based on con-
textual information. To accurately solve the reconstruction of its masked input, the
proposed block is required to employ the context and learn the global structure of the
local patterns. Hence, it inherently learns to cope with the problem stated by Sabour
et al. [98], specifically the fact that CNNs lack the proper comprehension of the global
arrangement of local features. To embed this learning capability into our block, we
structure SSMCTB as a convolutional layer with dilated masked kernels, followed by
a transformer module that performs channel attention. We attach a self-supervised
loss function to our block in order to minimize the reconstruction error between the
masked input and the predicted output.

We emphasize that SSMCTB is quite flexible, since it can be inserted at any level
of almost any CNN or transformer model, generating powerful features that offer the
capability of reconstructing masked information based on context. While the ability of
learning and harnessing the global arrangement of local patterns is potentially useful in
solving a broader set of computer vision tasks, we conjecture that anomaly detection is
a natural and immediate application domain for SSMCTB, hence focusing our work
in this direction. Indeed, since anomaly detection models are typically trained on
normal data only, integrating SSMCTB into a neural model will lead to the learning of
features that recover only masked normal data. Hence, when an anomalous sample is
given as input during inference, SSMCTB is likely less capable of reconstructing the
masked information. This empowers the model to directly estimate the abnormality
level of a data sample via the reconstruction error given by SSMCTB. Our claims are
supported through the comprehensive set of experiments on image and video anomaly
detection presented in Section 4.
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Fig. D.2: Our 2D masked convolutional kernel. The visible area of the receptive field is denoted by the
regions Ki , ∀i ∈ {1, 2, 3, 4}, while the masked area is denoted by M. A dilation factor d controls the local
or global nature of the visible information with respect to M. Best viewed in color.

3.2 Architecture

Our initial self-supervised block introduced in [54] was formed of a 2D masked convo-
lution and a Squeeze-and-Excitation (SE) module [63]. To broaden the applicability
of our block, we now introduce a 3D masked convolutional layer to replace the 2D
masked convolution, whenever this is needed. Moreover, we replace the SE atten-
tion module with a modern transformer-based attention module [52, 53] to attend to
the channels given as output by the masked convolution. We describe the individual
components of our block below, while providing a graphical overview of SSMCTB in
Figure D.1.
2D Masked Convolution. Figure D.2 shows our 2D masked convolutional kernel,
where the corner regions of this kernel (in green color) are the learnable parameters
(weights) defining the visible regions of the receptive field. The four learnable sub-
kernels are denoted by Ki ∈ Rk′×k′×c, ∀i ∈ {1, 2, 3, 4}, where the spatial size k′ ∈
N+ of each sub-kernel is a hyperparameter of our block, while the number of channels
c ∈ N+ always matches the number of channels of the input tensor. Our masked
region M ∈ R1×1×c (in pink color) is located at the center of the receptive field. Each
sub-kernel Ki is located at a configurable distance d ∈ N+ (also referred to as dilation
rate) from the masked region M. To keep the number of hyperparameters to a bare
minimum, we fix the spatial size of the masked region to 1× 1. As a result, the spatial
size k of the entire receptive field of our 2D masked convolution is k = 2k′ + 2d + 1.

Let X ∈ Rh×w×c be the input tensor of the masked convolutional layer, where
c ∈ N+ denotes the number of channels, and h, w ∈ N+ represent the height
and width of the input tensor, respectively. When we apply our custom kernel at a
given location (a, b) of the input tensor X, only the input values that overlap with
the sub-kernels Ki are taken into consideration during the masked convolution opera-
tion, resulting in a single output value. We underline that our masked convolution is
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Fig. D.3: Our 3D masked convolutional kernel. The visible area of the receptive field is denoted by the
regions Ki , ∀i ∈ {1, 2, ..., 8}, while the masked area is denoted by M. A dilation factor d controls the local
or global nature of the visible information with respect to M. Best viewed in color.

equivalent to convolving the input independently with the sub-kernels Ki, where each
sub-kernel has a different spatial shift with respect to the current location (a, b), and
the resulting values are summed up to produce a single output value. The output value
at position (a, b) represents the reconstruction for only one value of the tensor M lo-
cated at the same position (a, b). To reconstruct the entire tensor M, our layer requires
the application of c masked convolutional filters, each reconstructing the masked value
from a distinct channel at position (a, b). Convolving a single masked filter over the
entire input generates a complete activation map. Since there are c masked convolu-
tional filters, the output tensor Z is formed of c activation maps. Our aim is to apply
the masked convolution such that every element in the input tensor is masked exactly
once, i.e. we want to mask and predict the reconstruction for every spatial location of
the input. As such, we set the stride to 1 and apply a zero-padding of k′ + d in each
direction. With this configuration in place, the output tensor Z has h × w × c com-
ponents, exactly as the input tensor X. To obtain the final values, the output tensor Z
is passed through Rectified Linear Units (ReLU) [100]. Finally, we emphasize that k′

and d are the only tunable hyperparameters of our masked convolutional layer.
3D Masked Convolution. Considering that anomaly detection is often applied on 3D
inputs, e.g. video or medical scans, some researchers naturally resort to employing 3D
CNNs. To this end, we extend our 2D masked convolution to the 3D domain, broaden-
ing the applicability of SSMCTB. We thus reformulate the 2D spatial reconstruction
task into a more difficult one, which implies learning a global 3D structure of the dis-
covered local patterns. Let Ki ∈ Rk′×k′×k′×c, ∀i ∈ {1, 2, ..., 8}, be the learnable 3D
sub-kernels depicted in Figure D.3, where k′ and c are defined above. The masked re-
gion M is located in the center of the 3D kernel, equally distant from the sub-kernels
Ki. The size of the receptive field of our 3D masked convolution is k × k × k, where

160



3. Method

k = 2k′ + 2d + 1.
To compute the feature response using the 3D masked convolutional layer, the

input X ∈ Rh×w×r×c is convolved with our custom masked kernel, where r represents
the depth, and h, w and c are defined as before. The 3D filter is applied analogously
to the 2D one, the only difference being that the input data and the kernel itself are
3D. The number of 3D convolutional filters is equal to the number of channels c, such
that the spatial dimension of the output tensor Z ∈ Rh×w×r×c is identical to that
of the input X. The 3D masked convolution has the same number of configurable
hyperparameters, these being k′ and d.
Channel-wise transformer block. To better exploit the interdependencies between
the different activation maps produced by the masked convolutional layer, we replace
the Squeeze-and-Excitation module in SSPCAB [54] with a self-attention transformer-
based module. The new attention module is able to capture more complex channel-
wise interrelations through its higher modeling capacity, as it learns to assign attention
weights to the reconstructed information corresponding to each masked convolutional
filter in order to reduce the reconstruction error of SSMCTB.

Let Z ∈ Rh×w×c be the output tensor of a 2D masked convolutional layer with
c filters. First, we apply a spatial average pooling, obtaining Ẑ ∈ Rh′×w′×c, where
h′ ≤ h and w′ ≤ w. The average pooling layer is followed by a reshape operation,
obtaining a matrix A ∈ Rc×n, which contains a vector of n = h′ · w′ components on
each row to represent each masked filter. Next, A is fed into a linear projection layer
to obtain the tokens T ∈ Rc×dt , which are further summed up with the positional
embeddings to obtain the final tokens T∗ ∈ Rc×dt .

Let f be a multi-head attention layer with H ∈ N+ heads, g a multi-layer per-
ceptron, norm a normalization layer, and P, R ∈ Rc×dt some auxiliary tensors. The
operations performed inside the transformer are formally described as follows:

P = f (norm(R)) + R, (D.1)

R = g(norm(P)) + P. (D.2)

As illustrated in Figure D.1, the whole process described in Eq. (D.1) and Eq. (D.2) is
repeated L times, where L ∈ N+ represents the number of transformer blocks inside
the transformer module. For the first transformer block, R is initialized with T∗. In
Eq. (D.1), the sequence of c tokens R is normalized, fed into the multi-head attention
layer and added to itself, obtaining P. Further, P is normalized, fed into a multi-layer
perceptron and also added to itself, according to Eq. (D.2).

The transformer is aimed at capturing the interaction among all c tokens by encod-
ing each token in terms of the channel-wise contextual information. This is achieved
via the multi-head attention layer f . Each head j ∈ {1, 2, ..., H} comprises three learn-
able weight matrices denoted as W Qj ∈ Rdt×dq , WKj ∈ Rdt×dk and WVj ∈ Rdt×dv ,
where dq = dk. The weight matrices are multiplied with the input tokens R, pro-
ducing the queries Qj, keys K j and values Vj. In other words, the input sequence R

is projected onto these weight matrices to get Qj = R · W Qj , K j = R · WKj and
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Vj = R · WVj , respectively. The output Yj ∈ Rc×dv of each self-attention head is
given by:

Yj = softmax

(
Qj · K⊤

j√
dq

)
· Vj, (D.3)

where K⊤
j is the transpose of K j. The outputs returned by the self-attention heads are

simply summed into Y , i.e.:

Y =
H

∑
j=1

Yj. (D.4)

We can now rewrite Eq. (D.1) as follows:

P = Y + R. (D.5)

The output sequence R returned by the final transformer block is averaged along the
token dimension, obtaining R̂ ∈ Rc×1, then fed into a sigmoid layer to generate
the final attention weight assigned to each channel. Finally, the resulting attention
weights are applied to the tensor Z, obtaining the reconstructed output denoted by
X̂ ∈ Rh×w×c, as follows:

X̂ = Z ⊗ σ(R̂), (D.6)

where ⊗ denotes the element-wise multiplication, and σ denotes the sigmoid layer.
The entire processing performed by the transformer module is analogously applied
when the preceding layer is a 3D masked convolution.

3.3 Self-Supervised Reconstruction Loss

We devise an integrated reconstruction loss to train the proposed SSMCTB in a self-
supervised manner. To better cope with outlier values and reduce the sensitivity of
the model to outliers, we define the self-supervised objective as the Huber loss be-
tween the reconstructed output X̂ and the input X, replacing the mean squared error
(MSE) used by SSPCAB. The self-supervised objective enables our model to learn
reconstructing the masked information at every location where the masked filters are
applied. Let G denote the SSMCTB function. With this notation, the self-supervised
reconstruction loss of our block can be computed as follows:

LSSMCTB(G, X)=

{
1
2 ·(G(X)−X)2, if |G(X)−X|<δ

δ·
(
|G(X)−X|− δ

2

)
, otherwise

=

{
1
2 ·
(
X̂−X

)2, if |X̂−X|<δ

δ·
(
|X̂−X|− δ

2

)
, otherwise

,

(D.7)

where δ ∈ R+ is a hyperparameter representing the error threshold that determines
when to switch from the squared loss (applied for errors below δ) to the absolute loss
(applied for errors higher than or equal to δ).
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When integrating SSMCTB into some neural network F, we can simply add our
loss LSSMCTB to the loss function LF of the respective neural model, resulting in a
new loss function comprising both terms. Formally, the overall loss can be computed
as follows:

Ltotal = LF + λ · LSSMCTB, (D.8)

where λ ∈ R+ is a hyperparameter deciding the importance of LSSMCTB with respect
to LF. Naturally, the hyperparameter λ can vary across neural models or visual tasks.

4 Experiments and Results

4.1 Data Sets

We carry out experiments on five benchmarks from various domains, considering the
most popular data set choices, e.g. MVTec AD [1], BRATS [61], CUHK Avenue [9],
ShanghaiTech [3], whenever such an option is available for a certain domain. For the
thermal video domain, we build our own data set.
MVTec AD. MVTec AD [1] has become a standard data set for benchmarking anomaly
detection methods applied in inspecting industrial defects. The data set contains over
5,000 images distributed over 15 different categories of textures (10) and objects (5).
It comprises 3,629 defect-free training samples, as well as 1,725 test images with and
without defects.
BRATS. BRATS [61] is a multimodal magnetic resonance imaging (MRI) data set for
brain tumor segmentation. It is an intrinsically heterogeneous data set that contains
brain tumors of different shape, appearance and histology. The data set comprises
manually annotated MRI scans acquired by 19 institutions employing different clinical
protocols. To evaluate anomaly detection models, we introduce a novel split of the data
set, such that all training images are lesion-free, i.e. all images with lesions are kept
for testing. The training set includes 11,280 slices (125 scans), which leaves 27,745
slices (180 scans) for the test set.
Avenue. CUHK Avenue [9] is one of the most widely-used data sets for video anomaly
detection. It contains 16 videos for training and 21 videos for testing. The training
videos comprise only normal events, whereas the test videos contain both normal and
abnormal events. The data set contains videos from a single surveillance camera.
Avenue contains people-related anomalies such as running, walking in the wrong di-
rection, jumping, dancing, loitering and throwing objects.
ShanghaiTech. ShanghaiTech [3] is one of the largest benchmarks for video anomaly
detection, comprising 330 training and 107 test videos. As in CUHK Avenue, abnor-
mal instances appear only at test time. The data set includes videos from multiple
scenes. Examples of anomalies are related to people, e.g. fighting, jumping and steal-
ing, as well as vehicles, e.g. bikes and cars in pedestrian (forbidden) zones.
Thermal Rare Event. To construct the Thermal Rare Event data set, we sampled
one week of videos (330 clips) from the Seasons in Drift (SiD) data set [62]. The
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Table D.1: Rare events in our thermal anomaly detection data set along with the frequency of each event
type.

Rare Event Type Frequency

Activities in restricted zones 6
Jumping 4
Reverse driving 2
Unexpected activities 2
Unexpected interactions 14
Unexpected vehicle 1
Total 29

SiD data set [62] is an unlabeled thermal surveillance data set captured from a single
view over a period of 8 months. The data set captures activities near a harbor front
during day and night. Each clip is about 2 minutes long and contains 120 frames,
being sampled at 1 frame per second (FPS). Out of the 330 clips, there are 29 clips
containing rare (anomalous) events. We manually annotated these rare events at the
frame level. In total, our Thermal Rare Event data set contains 36,120 frames for test-
ing and 3,480 frames for training. The list of rare events in our data set along with
their respective frequencies are summarized in Table D.1. Examples of rare events
from different categories are: activities in restricted zones (people sitting, standing,
and running close to the pier), jumping (person jumping, group jumping), unexpected
activities (doing yoga, smoking), unexpected interactions (running with stroller, em-
barking to a boat, debarking from a boat, chasing, dancing), unexpected vehicles (dif-
ferent types of trucks). We release the Thermal Rare Event data set along with our
code at: https://github.com/ristea/ssmctb/.

4.2 Evaluation Measures

Image Anomaly Detection. Following Bergmann et al. [1], we carry out the eval-
uation on MVTec AD and BRATS considering the area under the receiver operating
characteristics curve (AUROC) and the average precision (AP). To generate the ROC
curve, the true positive rate (TPR) is plotted against the false positive rate (FPR).
We evaluate both detection and localization performance levels of anomaly detection
methods. In anomaly detection, TPR is the proportion of images correctly classified
as abnormal, and FPR is the proportion of normal images wrongly classified as ab-
normal. For the localization task, TPR denotes the proportion of correctly classified
abnormal pixels, while FPR represents the proportion of normal pixels incorrectly
classified as abnormal. For the localization task, we obtain anomaly segments by ap-
plying a threshold to produce a binary decision for each pixel, as described in [1]. The
localization AP is obtained by taking the mean at different threshold levels.
Video Anomaly Detection. As the majority of previous works [101], we evaluate the
detection performance of video anomaly detection methods using the frame-level area
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under the curve (AUC). To compute the AUC measure, a video frame is marked as ab-
normal if at least one pixel is abnormal. Inspired by Georgescu et al. [58], we employ
both micro AUC and macro AUC. The micro AUC is computed by first concatenat-
ing all frames in all videos into a single video, while the macro AUC represents the
average of the AUC scores which are independently computed for each single video
in the test set. To evaluate the localization performance, we report the region-based
detection criterion (RBDC) and the track-based detection criterion (TBDC) proposed
by Ramachandra et al. [19]. RBDC considers each detected region, marking it as a
true positive if the intersection over union (IOU) between the detected and the ground-
truth anomalous region is greater than α. TBDC marks each tracked region as a true
positive if the overlap with the ground-truth anomalous track is greater than β. We set
the same values for α and β as previous works [19, 58], i.e. α = 0.1 and β = 0.1.

4.3 Implementation Details

We choose eight state-of-the-art approaches [42, 44, 55–60] for image and video
anomaly detection to serve as underlying models, on top of which we add SSP-
CAB [54] and SSMCTB (ours). We alternatively integrate SSPCAB and SSMCTB
directly into the official implementations of the chosen baselines, while preserving all
hyperparameter values, e.g. the number of epochs and the learning rate, as specified in
the corresponding papers [42, 44, 55–60]. Even so, we are unable to exactly reproduce
the original results for two baselines methods, i.e. those of Park et al. [44] and Liu et
al. [42]. However, our reproduced quantitative results are still close to the originally
reported results. For a fair comparison, we compare the models based on SSPCAB
and SSMCTB with the reproduced baselines. Additionally, when we repurpose the
approach of Park et al. [44] from the RGB domain to the thermal domain, we modify
some hyperparameters, namely the number of epochs and the mini-batch size.

Following Ristea et al. [54], we replace the penultimate convolutional layer with
SSMCTB in most underlying models. One exception is the architecture of Georgescu
et al. [50], where SSPCAB and SSMCTB are integrated into the penultimate con-
volutional layer of the decoder instead of the final classification network. Another
exception is the masked auto-enconder [60] based on the ViT backbone, where we
place SSPCAB and SSMCTB before the first transformer block.

In our previous work [54], we conducted a set of preliminary experiments to find
an optimal value for the hyperparameter λ representing the contribution of our self-
supervised loss to the total loss defined in Eq. (D.7), taking values from 0.1 to 1 at an
interval of 0.1. Following our previous work [54], we keep λ = 0.1 across all data
sets. However, for two baselines [57, 59], we notice that the magnitude of our loss is
too high with respect to the original losses of the respective models, dominating the
optimization. Following our previous work [54], we decrease λ to 0.001 to reduce the
dominant influence of our loss on these two particular models [57, 59].

For the channel-wise transformer, we fix the activation map size after the average
pooling layer to 1 × 1, the token size dt to 64, the number of heads H to 4, as well
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Table D.2: Micro AUC scores (in %) obtained on the Avenue data set with different hyperparameter con-
figurations, varying the kernel size (k′), the dilation rate (d), the loss type, and the attention type, while
integrating SSMCTB into the method of Park et al. [44]. The top score is highlighted in bold.

Method LSSMCTB d k′ Attention Micro AUC

Park et al. [44] - - - - 82.8

MAE

0 1

-

83.1
+SSMC 1 1 83.5

(no attention) 2 1 84.2
3 1 84.4

+SSMCTB

MAE

0 1

CA

83.7
1 1 84.9
2 1 85.5
3 1 85.9

MSE

0 1

CA

84.9
1 1 85.7
2 1 85.4
3 1 86.4

SSIM

0 1

CA

83.3
1 1 85.5
2 1 84.9
3 1 83.0

Huber

0 1

CA

84.2
1 1 87.0
2 1 86.5
3 1 86.1

Huber

0 2

CA

84.1
1 2 84.9
2 2 84.8
3 2 86.0

Huber

0 3

CA

84.5
1 3 85.0
2 3 86.4
3 3 84.3

Huber

0 1

SA

86.2
1 1 84.7
2 1 85.8
3 1 80.4

Huber 1 1 CA + SA 86.2

as the number of successive transformer blocks L to 2. We discuss results for other
transformer configurations in Section 4.7.
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Fig. D.4: Examples of image-level anomaly localization results from MVTec AD given by DRAEM [56],
before (blue contour) and after (green contour) integrating SSMCTB. The ground-truth anomalies are shown
in red. Best viewed in color.

4.4 Preliminary Results

We conduct a series of preliminary experiments on Avenue to determine the hyper-
parameters of SSMCTB, namely the dilation rate d and the sub-kernel size k′. We
perform experiments with d ∈ {0, 1, 2, 3} and k′ ∈ {1, 2, 3}. We also consider alter-
native attention types, namely channel attention (CA), spatial attention (SA) and both
channel and spatial attention (CA+SA). Additionally, we alternate between multiple
losses to self-supervise our block, such as the mean absolute error (MAE), the mean
squared error (MSE), the Huber loss, and the Structured Similarity Index Measure
(SSIM) loss. For the Huber loss, we set the hyperparameter δ to the default value,
i.e. δ = 1.

We employ the method of Park et al. [44] in our preliminary experiments, since
this is the most lightweight method among the chosen ones [42, 44, 55–60]. The corre-
sponding micro AUC scores are presented in Table D.2. Except for a single SSMCTB
configuration based on spatial attention (SA), all other SSMCTB configurations bring
performance improvements over the approach of Park et al. [44] (first row). Our first
set of preliminary experiments is aimed at evaluating the capacity of the standalone
masked convolution. Even without the attention module, our masked convolution
brings gains higher than 1% for d = 2 and d = 3. While adding the attention module
is definitely useful, we conclude that it is clearly not the only factor responsible for
the reported performance gains. To compare the losses on the one hand, and attention
types on the other, we fix k′ = 1. When alternating between MAE, MSE, SSIM and
Huber as our self-supervised loss, we generally observe higher performance with Hu-
ber loss. We thus continue the experiments with Huber loss. Regarding the attention
type, we note that channel attention (CA) generally leads to better results than spa-
tial attention (SA). Hence, for the remaining experiments, we employ the transformer
module based on channel attention. We continue by increasing the size of the sub-
kernels, without obtaining further performance gains. We obtain the best micro AUC
(86.7%) with d = 1 and k′ = 1, while using channel attention. We make another at-
tempt to further boost the performance by combining the channel and spatial attention
(CA+SA), while fixing d = 1 and k′ = 1. This attempt is also unsuccessful. Our final
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4. Experiments and Results

Table D.4: Detection AUROC and localization AUROC/AP (in %) of two state-of-the-art methods [56, 57]
on BRATS, before and after alternatively adding SSPCAB and SSMCTB. Additional results obtained by
converting DRAEM to use 3D convolutions and integrating the 3D SSMCTB are also reported. The best
result for each model and each performance measure is highlighted in bold.

Method

AUROC

L
oc
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n
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n

DRAEM [56] 41.06 42.40 45.41
DRAEM + SSPCAB [54] 44.19 46.66 46.89
DRAEM + SSMCTB (Ours) 50.27 53.98 50.75
NSA [57] 53.66 74.90 61.09
NSA + SSPCAB [54] 54.91 75.30 62.37
NSA + SSMCTB (Ours) 60.09 77.09 64.55
3D DRAEM [56] 43.74 44.12 45.97
3D DRAEM + 3D SSMCTB (Ours) 53.70 58.47 52.79

SSMCTB configuration, which we employ across all underlying models and data sets,
is based on d = 1, k′ = 1 and channel attention.

We underline that the corresponding hyperparameters for SSPCAB were tuned in
a similar manner, in our previous work [54]. Hence, we simply use the already tuned
hyperparameters for SSPCAB. Importantly, we underline that our observations above
are mostly consistent with those reported in our previous work [54], i.e. both SSPCAB
and SSMCTB use channel attention, a dilation rate of d = 1 and sub-kernels of size
k′ = 1. The only difference is that SSMCTB is based on the Huber loss instead of
the MSE loss. We should also emphasize that it is not common for anomaly detection
data sets to have validation splits. Since the training set contains normal instances
only, keeping a representative training subset (with both normal and abnormal exam-
ples) for validation is not possible. This is the reason behind our decision to avoid
hyperparameter tuning for each model and data set. We believe that this evaluation
procedure is more fair because it avoids overfitting in hyperparameter space.

4.5 Anomaly Detection in Images

Baselines. We introduce SSMCTB into two state-of-the-art baselines for image anomaly
detection on MVTec AD, namely a self-supervised model based on natural synthetic
anomalies (NSA) [57] and a discriminatively trained reconstruction anomaly embed-
ding model (DRAEM) [56]. Both baselines are very recent, attaining strong results on
MVTec AD. The NSA approach of Shülter et al. [57] generates synthetic anomalies
using Poisson image editing, blending scaled patches of different sizes from separate
images. In this way, it generates a wide range of synthetic anomalies that are similar
to natural irregularities. DRAEM [56] comprises a reconstructive network and a dis-
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Fig. D.5: Examples of image-level anomaly localization results from BRATS given by DRAEM [56], before
(blue contour) and after (green contour) integrating SSMCTB. The ground-truth anomalies are shown in red.
Best viewed in color.

criminative network to detect and localize anomalies. The reconstructive network is
based on a simple auto-encoder architecture which learns to reconstruct original im-
ages from artificially corrupted images. The discriminative network is a U-Net that
learns to segment the introduced artifacts (corrupted regions).
Results on MVTec AD. We report the results on MVTec AD in Table D.3. Consid-
ering the detection results, we observe that adding SSPCAB and SSMCTB leads to
superior results for both DRAEM [56] and NSA [57]. Considering the localization
results, the AUROC scores of DRAEM do not show any improvements when adding
SSPCAB and SSMCTB. However, the localization AP of DRAEM exhibits gains of
around 2% by adding SSPCAB and SSMCTB. In addition, the localization AUROC
of NSA grows when SSPCAB and SSMCTB are introduced into the architecture.

In Figure D.4, we present some examples of qualitative results from MVTec AD,
obtained by DRAEM [56], before and after adding SSMCTB. In all shown cases, we
observe that the anomaly localization results are better aligned with the ground-truth
regions when SSMCTB is integrated into DRAEM.
Results on BRATS. In Table D.4, we present the brain lesion detection and localiza-
tion results obtained by the anomaly detection models [56, 57] on BRATS, before and
after adding SSPCAB and SSMCTB, respectively. Remarkably, we notice that the
results of both DRAEM and NSA show significant performance improvements when
integrating SSMCTB. Moreover, the performance gain brought by SSMCTB is always
higher than the gain brought by SSPCAB. When taking advantage of the 3D nature
of the MRI scans by employing the 3D SSMCTB, we attain even higher performance
with DRAEM.

In Figure D.5, we present several examples of qualitative results from BRATS,
given by DRAEM [56], before and after adding SSMCTB. In general, the localization
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4. Experiments and Results

Fig. D.6: Frame-level anomaly scores of the method of Georgescu et al. [58], before (baseline) and after
(ours) integrating SSMCTB, for test video 02 from the Avenue data set. Anomaly localization results
correspond to the model based on SSMCTB. Best viewed in color.

results based on SSMCTB exhibit a higher overlap with the ground-truth regions,
explaining why SSMCTB leads to superior performance levels.

4.6 Anomaly Detection in Videos

Baselines. We select five recent methods [42, 44, 55, 58, 59] yielding state-of-the-art
performance on Avenue and ShanghaiTech. Liu et al. [42] proposed a GAN-based
framework to detect anomalies based on the future frame prediction error. Park et
al. [44] presented a memory-based auto-encoder classifying anomalies based on the
reconstruction error. The model comprises a memory module that memorizes proto-
types of normal samples. Liu et al. [59] employed a hybrid framework based on flow
reconstruction and frame prediction, using the accumulated error to detect anomalies.
Georgescu et al. [58] introduced a training scheme where the latent subspaces of ap-
pearance and motion auto-encoders are improved by performing gradient ascent on
pseudo-anomalies during training. Bărbălău et al. [55] extended the previous work of
Georgescu et al. [50] with two 3D transformer-based self-supervised multi-task archi-
tectures trained on new sets of proxy tasks. Among the two versions proposed in [55],
we opt for SSMTL++v2. We included this 3D model [55] because it serves as a good
baseline for applying our 3D SSMCTB.

We also experiment with the recently proposed masked auto-encoder framework
[60], which is based on the ViT backbone [52]. We add this baseline model to demon-
strate the applicability of SSMCTB to vision transformers.
Results on RGB videos. We present the results on Avenue and ShanghaiTech in Ta-
ble D.5. As for the image anomaly detection experiments, we compare the results of
the underlying models before and after adding SSPCAB [54] and SSMCTB, respec-
tively. For the method of Liu et al. [42], both SSPCAB and SSMCTB lead to perfor-
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Table D.5: Micro-averaged frame-level AUC, macro-averaged frame-level AUC, RBDC, and TBDC scores
(in %) of various state-of-the-art methods on Avenue and ShanghaiTech. Among the existing models, we
select six models [42, 44, 55, 58–60] to show results before and after including SSPCAB and SSMCTB,
respectively. The best result for each underlying model is highlighted in bold. The top score for each metric
is shown in red.

Method
Avenue ShanghaiTech

AUC
RBDC TBDC

AUC
RBDC TBDC

Micro Macro Micro Macro

Liu et al. [13] 84.4 - - - - - - -
Sultani et al. [102] - - - - - 76.5 - -
Ionescu et al. [18] 88.9 - - - - - - -
Nguyen et al. [43] 86.9 - - - - - - -
Ionescu et al. [17] 87.4 90.4 15.77 27.01 78.7 84.9 20.65 44.54
Wu et al. [103] 86.6 - - - - - -
Lee et al. [104] 90.0 - - - - - -
Yu et al. [89] 89.6 - - - 74.8 - - -
Ramachandra et al. [19] 72.0 35.80 80.90 - - - -
Ramachandra et al. [20] 87.2 41.20 78.60 - - - -
Tang et al. [47] 85.1 - - 73.0 - -
Dong et al. [105] 84.9 - - 73.7 - -
Doshi et al. [106] 86.4 - - 71.6 - -
Sun et al. [107] 89.6 - - 74.7 - -
Wang et al. [108] 87.0 - - 79.3 - -
Astrid et al. [84] 84.7 - - - 73.7 - - -
Astrid et al. [109] 87.1 - - - 75.9 - - -
Georgescu et al. [50] 91.5 92.8 57.00 58.30 82.4 90.2 42.80 83.90
Liu et al. [42] 85.1 81.7 19.59 56.01 72.8 80.6 17.03 54.23
Liu et al. [42] + SSPCAB [54] 87.3 84.5 20.13 62.30 74.5 82.9 18.51 60.22
Liu et al. [42] + SSMCTB (Ours) 89.5 84.6 23.79 66.03 74.6 83.9 19.13 61.65
He et al. [60] 84.0 85.6 - - 74.3 81.1 - -
He et al. [60] + SSPCAB [54] 85.1 85.8 - - 74.5 81.9 - -
He et al. [60] + SSMCTB (Ours) 86.4 86.5 - - 76.1 81.6 - -
Park et al. [44] 82.8 86.8 - - 68.3 79.7 - -
Park et al. [44] + SSPCAB [54] 84.8 88.6 - - 69.8 80.2 - -
Park et al. [44] + SSMCTB (Ours) 87.0 87.7 - - 70.6 80.3 - -
Liu et al. [59] 89.9 93.5 41.05 86.18 74.2 83.2 44.41 83.86
Liu et al. [59] + SSPCAB [54] 90.9 92.2 62.27 89.28 75.5 83.7 45.45 84.50
Liu et al. [59] + SSMCTB (Ours) 89.6 93.9 46.49 86.43 75.2 83.8 45.86 84.69
Georgescu et al. [58] 92.3 90.4 65.05 66.85 82.7 89.3 41.34 78.79
Georgescu et al. [58] + SSPCAB [54] 92.9 91.9 65.99 64.91 83.6 89.5 40.55 83.46

Georgescu et al. [58] +
SSMCTB

(Ours)
93.2 91.8 66.04 65.12 83.3 89.5 40.52 81.93

Bărbălău et al. [55] 91.6 92.5 47.83 85.26 83.8 90.5 47.14 85.61

Bărbălău et al. [55] +
3D SSMCTB

(Ours)
91.6 92.4 49.01 85.94 83.7 90.6 47.73 85.68
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Table D.6: Micro and macro AUC scores (in %) on Thermal Rare Event, obtained while alternatively
including SSPCAB [54] and SSMCTB into the method of Park et al. [44].

Method
AUC

Micro Macro

Park et al. [44] 53.2 66.5
Park et al. [44] + SSPCAB 53.6 66.6
Park et al. [44] + SSMCTB (Ours) 58.9 66.6

Fig. D.7: Frame-level anomaly scores of the method of Georgescu et al. [58], before (baseline) and after
(ours) integrating SSMCTB, for test video 10 from the Avenue data set. Anomaly localization results
correspond to the model based on SSMCTB. Best viewed in color.

mance improvements, but the gains brought by SSMCTB are always higher than those
brought by SSPCAB. Since the methods of He et al. [60] and Park et al. [44] are only
capable of detecting anomalies at the frame level, we only report their frame-level
micro and macro AUC scores. The vanilla masked auto-encoder obtains competitive
results on both Avenue and ShanghaiTech. On Avenue, SSMCTB brings higher gains
to the masked auto-encoder than SSPCAB. On ShanghaiTech, SSMCTB is better than
SSPCAB in terms of the micro AUC, but SSPCAB exhibits higher macro AUC gains.
In summary, both SSMCTB and SSPCAB improve the masked auto-encoder, with
SSMCTB having the upper hand. Considering the results of Park et al. [44] on Av-
enue, SSMCTB leads to higher gains in terms of the micro AUC (from 82.8% to
87.0%), while SSPCAB leads to a higher macro AUC (from 86.8% to 88.6%). On
ShanghaiTech, we observe higher gains after adding SSMCTB rather than SSPCAB.
Moving on to the object-centric models of Liu et al. [59] and Georgescu et al. [58],
we observe that the top gains are mainly shared between SSPCAB and SSMCTB.
When integrating our 3D SSMCTB into the 3D architecture presented in [55], we
observe performance improvements according to most metrics. Overall, SSMCTB
leads to the highest performance levels on Avenue for three metrics, namely the micro
AUC (93.2%), the macro AUC (93.9%) and the RBDC (66.04%). At the same time,
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Fig. D.8: Frame-level anomaly scores of the method of Liu et al. [59], before (baseline) and after (ours)
integrating SSMCTB, for test video 02_0164 from the ShanghaiTech data set. Anomaly localization results
correspond to the model based on SSMCTB. Best viewed in color.

SSPCAB attains the highest TBDC score (89.28%) on Avenue. On ShanghaiTech, it
appears that the best scores are obtained by adding the 3D SSMCTB into the under-
lying model of Bărbălău et al. [55], since our 3D SSMCTB brings performance gains
for three metrics.

In Figure D.6 and D.7, we illustrate the anomaly detection performance on two
test videos from Avenue, before and after integrating SSMCTB into the model of
Georgescu et al. [58]. Our approach produces superior frame-level anomaly scores,
being able to detect the person running in the first video (Figure D.6) and the person
throwing an object in the second one (Figure D.7). Moreover, in the second video, we
also notice that SSMCTB increases the anomaly score for the penultimate abnormal
event, resolving the false negative detection of the baseline. Similarly, in Figure D.8,
we show the effect of adding SSMCTB into the architecture of Liu et al. [59] applied
on a test video from ShanghaiTech. Once again, SSMCTB improves the frame-level
detection performance, being able to detect the person riding a bike in a pedestrian
area, which is forbidden. SSMCTB correctly raises the anomaly scores for about 50
video frames, starting at around frame index 150, thus reducing the false negative rate.
Results on thermal videos. Since texture is not present in the thermal domain, there is
no need to apply very deep architectures, as noticed by Nikolov et al. [62]. Moreover,
object detectors pre-trained on natural images do not work equally well in the thermal
domain due to the distribution shift. To this end, the object-centric [55, 58, 59] and
very deep [42] baselines attain very poor results (micro AUC values under 50%).
Hence, we resort to employing the architecture of Park et al. [44] as underlying model
for SSPCAB and SSMCTB. As shown in Table D.6, the chosen baseline attains a
micro AUC of 53.2% and a macro AUC of 66.5%. Both SSPCAB and SSMCTB seem
to have a positive influence on the micro AUC score, but the gains of the latter block
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Fig. D.9: Frame-level anomaly scores of the method of Park et al. [44], before (baseline) and after (ours)
integrating SSMCTB, for test video 39 from the Thermal Rare Event data set. Anomaly localization results
correspond to the model based on SSMCTB. Best viewed in color.

Table D.7: Inference time (in milliseconds) per example for three frameworks [42, 56, 58], before and after
integrating SSPCAB and SSMCTB, respectively. The running times are measured on an Nvidia GeForce
GTX 3090 GPU with 24 GB of VRAM.

Method

Time (ms)
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el
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B

Liu et al. [42] 2.1 2.4 2.5 -
Georgescu et al. [58] 1.5 1.7 1.8 -
Zavrtanik et al. [56] 26.4 - - 26.6

are significantly higher (above 5%). In summary, the results reported on Thermal Rare
Event demonstrate the utility of SSMCTB, further confirming the gains observed on
RGB video data sets.

In Figure D.9, we show the anomaly detection performance on a test video from
Thermal Rare Event, before and after integrating SSMCTB into the model of Park et
al. [44]. SSMCTB leads to important gains in terms of the frame-level scores, being
able to detect the vehicle moving backwards.
Inference time. Regardless of the underlying framework [42, 44, 55–60], similar to
Ristea et al. [54], we add only one instance of SSMCTB, usually replacing the penulti-
mate convolutional layer. Considering that the channel attention from SSPCAB is re-
placed with a channel-wise transformer block in SSMCTB, we might expect a slightly
higher processing time. To assess the amount of extra time added by SSMCTB, we
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Table D.8: Micro AUC (in %) on Avenue by incorporating SSMCTB into different conv blocks of the
decoder proposed by Park et al. [44]. Along with the block placement, we also vary the dilation rate d.

Method Decoder Conv Block d Micro AUC

Park et al. [44] - - 82.8

+SSMCTB

early 0 83.6
early 1 83.2
early 2 84.6
early 3 84.7
early 4 84.9

middle 0 84.3
middle 1 83.2
middle 2 84.5
middle 3 85.9
middle 4 85.7

late 0 86.2
late 1 87.0
late 2 85.9
late 3 84.6
late 4 85.8
all 4,3,1 85.1

present the running times before and after integrating SSPCAB and SSMCTB into
two state-of-the-art frameworks [42, 58] in Table D.7. For both baseline models, the
time added by SSMCTB is at most 0.1 ms higher than the time taken by SSPCAB.
Moreover, the computational time of SSMCTB does not exceed a difference of 0.4
ms with respect to the original baselines. Another important question is how does the
3D version of SSMCTB impact the running time. To answer this question, we take
the DRAEM model [56] and measure the running time before and after adding the
3D SSMCTB. The reported time measurements show that the running time increase
due to the 3D SSMCTB is still marginal, being around 0.2 ms. Hence, the processing
delays caused by the introduction of the 2D or 3D SSMCTB versions are within the
same range. In summary, we consider that the accuracy gains brought by SSMCTB
outweigh the marginal running time expansions reported in Table D.7.

4.7 Ablation Study

Block placement. Across all the experiments presented so far, recall that we introduce
a single SSMCTB, which is usually placed near the end of the architecture (penulti-
mate convolutional layer), as mentioned in Section 4.3. The number of blocks as well
as their placement should be tuned on some validation set, which could lead to higher
performance gains. However, anomaly detection data sets do not commonly contain a
validation set and there is no way to keep a number of training samples for validation,
as the training set comprises only normal examples. To this end, we employed a single
configuration (one block, closer to the output) to fairly demonstrate the universality
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of SSMCTB. Certainly, this choice might not always be optimal. Hence, we perform
ablation experiments by incorporating SSMCTB at different decoder levels of the net-
work proposed by Park et al. [44], considering different dilation rates (d). We vary
the dilation rate along with the block placement, because Duţă et al. [110] observed
that higher dilation rates are suitable for earlier dilated convolutional layers, and lower
dilation rates are suitable for dilated convolutional layers closer to the output.

In Table D.8, we show the corresponding results on the Avenue data set. We
start by adding SSMCTB into the earliest stage of the decoder (first conv block), pro-
gressively moving the block to the layers closer to the output of the decoder, until
we reach the very last one. For each decoder level (early, middle, late), we vary the
dilation rate to find a suitable value. We attain the best micro AUC (87.0%) when in-
tegrating SSMCTB into the last conv block of the decoder, while using a dilation rate
of d = 1. A dilation rate of d = 4 seems suitable when placing SSMCTB at an earlier
stage, while, for the middle stage placement, the optimal dilation rate appears to be
d = 3. Interestingly, these results are consistent with the observation made by Duţă
et al. [110], although their observation applies to dilated convolutions, while ours ap-
plies to masked convolutions. Nevertheless, all the results are consistently better than
the baseline (82.8%), regardless of the block placement or the dilation rate. We do
not observe major improvements when integrating multiple blocks, concluding that
integrating a single SSMCTB is sufficient.

Table D.9: Micro AUC (in %) on Avenue by incorporating SSMCTB into the model of Park et al. [44],
while varying the size of the masked region M.

Method Size of M Micro AUC

Park et al. [44] - 82.8

+SSMCTB
1 × 1 87.0
2 × 2 85.6
3 × 3 84.9

Size of masked region. Increasing the size of the masked region M can lead to a
harder reconstruction task, at each location where our masked convolution is applied.
However, it is unclear if making the task harder leads to better results. To this end,
we vary the spatial size of M, considering three options: 1 × 1, 2 × 2 and 3 × 3.
We present the corresponding results in Table D.9. The empirical results indicate that
increasing the size of M leads to lower anomaly detection scores. Hence, we conclude
that a size of 1 × 1 for the masked region M is optimal.
Transformer architecture. In Table D.10, we present further ablation experiments
for the channel-wise transformer module. We keep the underlying model of Park et
al. [44] and report the results on the Avenue data set. As variations for the transformer
module, we consider the following hyperparameters: the activation map size (h′ ×
w′) after the average pooling layer, the token size (dt) after the projection layer, the
number of heads (H), as well as the number of successive transformer blocks (L).

First, we analyze how activation maps of different dimensions, given as output by
the average pooling layer placed right before the transformer, influence the results.
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Table D.10: Micro AUC (in %) on Avenue by incorporating SSMCTB into the model of Park et al. [44],
while varying the hyperparameters of the channel-wise transformer, namely the activation map size (h′ ×
w′) after the average pooling layer, the token size (dt) after the projection layer, the number of heads (H),
as well as the number of successive transformer blocks (L).

Method h′ × w′ dt H L Micro AUC

Park et al. [44] - - - - 82.8

+SSMCTB

1 × 1 64 4 2 87.0
2 × 2 64 4 2 85.3
3 × 3 64 4 2 85.2
4 × 4 64 4 2 85.6
1 × 1 16 4 2 84.6
1 × 1 32 4 2 85.6
1 × 1 64 4 2 87.0
1 × 1 128 4 2 85.1
1 × 1 64 3 2 85.6
1 × 1 64 4 2 87.0
1 × 1 64 5 2 87.0
1 × 1 64 6 2 84.8
1 × 1 64 4 1 85.1
1 × 1 64 4 2 87.0
1 × 1 64 4 3 84.0

We observe that shrinking the maps to 1 × 1 gives the best micro AUC (87.0%). The
optimal configuration of the average pooling layer (producing activation maps of 1 ×
1) is equivalent to global average pooling. For the projection layer, we consider output
dimensions in the set dt ∈ {16, 32, 64, 128}. The optimal size for the projection layer
is dt = 64. We consider transformer modules having 3 to 6 heads. The empirical
evidence indicates that using H = 4 or H = 5 heads leads to equally good results.
Finally, we experiment with transformer modules having 1 to 3 blocks. The best
performance is achieved with L = 2 successive transformer blocks. We underline that
all transformer configurations surpass the baseline model [44].
Huber loss hyperparameter. Huber loss is the combination of the L1 (MAE) and L2
(MSE) losses (see Eq. (D.7)), where δ is a hyperparameter representing the threshold
that switches between the two loss functions. To study the effect of δ, we consider
different values for the hyperparameter δ ∈ {0.5, 1, 2}, reporting the results in Table
D.11. We find that the maximum improvement corresponds to δ = 1, but the other
values of δ also lead to superior results compared to the baseline.
Comparison with dilated convolution. In Table D.12, we compare the dilated con-
volution against the proposed masked convolution, alternating between the two op-
erations inside SSMCTB. We denote the block based on dilated convolution through
the acronym SSDCTB. When comparing the two convolutional operations, we con-
sider multiple dilation rates between 1 and 3. The experiments show that the proposed
masked convolution outperforms the dilated convolution, regardless of the dilation
rate. This confirms that the two operations are not equivalent, essentially revealing the
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Table D.11: Micro AUC (in %) on Avenue by incorporating SSMCTB into the model of Park et al. [44],
while varying the hyperparameter δ of the Huber loss.

Method δ Micro AUC

Park et al. [44] - 82.8

+SSMCTB
0.5 84.1
1 87.0
2 85.8

Table D.12: Micro AUC (in %) on Avenue by incorporating SSMCTB into the model of Park et al. [44],
while switching between dilated and masked convolution. Different values for the dilation rate d are tested
for the two operations.

Method d Micro AUC

Park et al. [44] - 82.8

+SSDCTB (dilated conv)
1 85.1
2 83.3
3 85.0

+SSMCTB (masked conv)
1 87.0
2 85.5
3 85.9

importance of the self-supervised task based on reconstructing the masked region M
situated in the center of the receptive field.

5 Conclusion
In this paper, we extended our previous work [54] by introducing SSMCTB, a novel
neural block composed of a masked convolutional layer and a channel-wise trans-
former module, which predicts a masked region in the center of the convolutional
receptive field. Our neural block is trained in a self-supervised manner, via a re-
construction loss of its own. To show the benefits of using SSMCTB in anomaly
detection, we integrated our block into a series of image and video anomaly detection
methods [42, 44, 55–60]. In addition, we included two new benchmarks from domains
that were not previously considered by Ristea et al. [54], namely medical images and
thermal videos. Moreover, we extended the 2D masked convolution to a 3D masked
convolution, broadening the applicability of the self-supervised block to 3D neural
architectures. To showcase the utility of the new 3D SSMCTB, we integrated our 3D
block into two 3D networks (3D DRAEM and SSMTL++v2) for anomaly detection in
image and video, respectively. Our empirical results across multiple benchmarks and
underlying models indicate that SSMCTB brings performance improvements in a vast
majority of cases. Furthermore, with the help of SSMCTB, we are able to obtain new
state-of-the-art levels on the widely-used Avenue and ShanghaiTech data sets. We
consider this as a major achievement, which would not have been possible without
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SSMCTB.
In future work, we aim to apply our novel self-supervised block on other tasks,

aside from anomaly detection. For example, due to the self-supervised loss computed
with respect to the masked region, our block could be integrated into various neural
architectures to perform self-supervised pre-training, before applying the respective
models to downstream tasks. Interestingly, the pre-training could be performed at
multiple architectural levels, i.e. wherever the block is added into the model.
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1. Introduction

Abstract
State-of-the-Art (SoTA) deep learning-based approaches to detect anomalies in surveil-
lance videos utilize limited temporal information, including basic information from
motion, e.g., optical flow computed between consecutive frames. In this paper, we
compliment the SoTA methods by including long-range dependencies from trajecto-
ries for anomaly detection. To achieve that, we first created trajectories by running
a tracker on two SoTA datasets, namely Avenue and Shanghai-Tech. We propose a
prediction-based anomaly detection method using trajectories based on Social GANs,
also called in this paper as temporal-based anomaly detection. Then, we hypothesize
that late fusion of the result of this temporal-based anomaly detection system with
spatial-based anomaly detection systems produces SoTA results. We verify this hy-
pothesis on two spatial-based anomaly detection systems. We show that both cases
produce results better than baseline spatial-based systems, indicating the usefulness
of the temporal information coming from the trajectories for anomaly detection. We
observe that the proposed approach depicts the maximum improvement in micro-level
Area-Under-the-Curve (AUC) by 4.1% on CUHK Avenue and 3.4% on Shanghai-Tech
over one of the baseline method. We also show a high performance on cross-data eval-
uation, where we learn the weights to combine spatial and temporal information on
Shanghai-Tech and perform evaluation on CUHK Avenue and vice-versa.

1 Introduction
Video anomaly detection is a sub-domain of behavior understanding, where anoma-
lies for applications such as theft detection, traffic light jumping, and fighting, etc. are
getting increasingly relevant with the accessibility and proliferation of video surveil-
lance. There are multiple challenges associated with anomaly detection including the
vague definition of anomalous behavior, i.e., anomaly changes with the context. An
example to illustrate the context can be that driving a vehicle on a pedestrian street
is considered anomalous while it is normal in the context of a road. Additionally, by
definition anomalies are rare to anticipate, which consequently leads to the failure of
supervised learning methods due to imbalanced datasets.

Therefore, unsupervised and weakly supervised anomaly detection approaches
have recently gained interest. Common examples are reconstruction [1] and predic-
tion [2] based anomaly detection. Reconstruction-based anomaly detection systems
reconstruct the current frame and prediction-based ones predict the future frame. If
the reconstruction/prediction error is low, the current/future frame is normal, other-
wise abnormal. State-of-the-Art deep learning approaches for anomaly detection are
only trained for normal events, with the hypothesis that the reconstruction/prediction
error for anomalous frames is high. However, neural networks sometimes learn to
reconstruct/predict even anomalous frames with low errors. This reduces the discrim-
inative power of the neural network to classify a frame as abnormal or normal. To
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overcome this drawback, memory-augmented auto-encoders [3, 4] are proposed. The
memory-augmented auto-encoders [3, 4] contain an extra memory module along with
a prediction/reconstruction-based network. The memory module learns to cluster the
normal events in the training data and finally uses a one-class classification approach
to identify the anomalies. It basically creates a prototype for each normal event in the
training data and prevents the network from generalizing for abnormal events. Despite
the great achievements of SoTA methods in anomaly detection, still, there is room for
improvements. SoTA approaches are mostly using spatial information for anomaly de-
tection and utilizing temporal information has been limited to gradient or optical flow
computed between consecutive frames. Obtaining the optical flow for large datasets is
a time-consuming and computationally expensive process. This is the reason that most
anomaly detection systems utilizing optical flow extract this from only two frames [5].
The object’s trajectories, which implicitly include the history of motion [6] are better
choices and are also computationally efficient. However, contextual anomalies such
as walking in restricted zones and behavioral anomalies such as dancing or jumping
are not captured by using only trajectories. Therefore, we need an appropriate balance
of spatial and temporal information for robust anomaly detection.

In this paper, we hypothesize that fusing temporal anomaly detection scores (based
on trajectories) with spatial anomaly detection scores (based on SoTA methods) in-
creases the accuracy of these systems, regardless of the network architecture used
for spatial anomaly detection. To encode the long-range dependencies for the video
anomaly detection, we use these trajectories to detect the anomalies using our pro-
posed temporal network based on Social Generative Adversarial Networks (Social
GANs) [7]. We implicitly consider social interaction among different objects in the
scene during anomaly detection using trajectories because of the presence of social
pooling layer in Social GANs [7]. We verify our hypothesis by using different base-
lines, i.e., prediction-based system of Liu et al. [2] and memory-based system of Park
et al. [3] for our spatial network. The prediction-based system of Liu et al. [2] predicts
a future frame from the past four frames by minimizing intensity, gradient, and flow
loss. However, the memory-based system of Park et al. [3] incorporates additional
memory modules for both prediction-based and reconstruction-based anomaly detec-
tion. For the inclusion of temporal information from trajectories, we learn a score level
fusion of anomaly detection scores obtained from the temporal and spatial networks.

We verify that there is improvement in frame-level AUC (a commonly used metric
for video anomaly detection) for each baseline by using the complementary informa-
tion from trajectories. There is an improvement of 1.7% on CUHK Avenue [8] and
1.8% on Shanghai-Tech [2] for Liu et al. [2]. The inclusion of trajectories in Park et
al. [3] shows an improvement of 4.1% on CUHK Avenue [8] and 3.3% on Shanghai-
Tech [2] for reconstruction-based and an improvement of 0.1% on CUHK Avenue [8]
and 3.3% on Shanghai-Tech [2] for prediction-based approaches. We also perform
some additional experiments on cross-database generalization, where we learn param-
eters on Shanghai-Tech [2] and use them to evaluate CUHK Avenue [8] or vice-versa.
We observe an overall increase in performance even in-case of cross-databases exper-

194



2. Related Work

iments, i.e., from CUHK Avenue [8] to Shanghai-Tech [2] have an improvement of
0.7% and from Shanghai-Tech [2] to CUHK Avenue [8] have an improvement of 1.8%
in the AUC over the baseline by Li et al. [2]. The late fusion of spatial and temporal
information makes our approach applicable to any SoTA anomaly detection method.

2 Related Work
Systems to deal with the task of video anomaly detection are getting complex with
the evolution of complex anomalies and new datasets. The methods use for video
anomaly detections are broadly classified into two categories namely spatial-based
and temporal-based anomaly detection.

2.1 Anomaly Detection Using Spatial Cues

Anomaly detection systems utilizing spatial information can be further classified into
four sub-categories: Reconstruction, Prediction, Hybrid and Object-centric approaches.
Reconstruction-based approaches seek to learn normalcy, where the expectation is that
anomalous activity will have a large reconstruction error, comparing the input with its
reconstruction. This approach has shown promise due to the era of deep learning
and specifically the convolutional autoencoder (CAE) and the generative adversarial
network (GAN) [9]. The work of Hasan et al. [1] is the first example of applying
CAE and comparing it to hand-crafted features like Histograms of Oriented Gradi-
ents (HOG) and Histograms of Optical Flows (HOF), showing the potential of learned
representations. Similar approach is seen using GANs [10, 11]. Prediction-based ap-
proaches argue that anomalous actions are naturally harder to predict. This approach
is pioneered by Liu et al. [2], using a sliding time window to predict the future frame.
The future prediction is then compared to the actual input. This is further expanded by
Rodrigues et al. [12] using multiple timescales. Hybrid approaches [13] [14] [15] are
combining both the reconstruction and prediction aspects. To avail the success of deep
learning-based object-detection, few anomaly detection approaches such as [5, 16, 17]
incorporates anomaly score based on object detection rather than on frame-level.

Training unsupervised methods for a complex task such as anomaly detection is
challenging due to limited guidance during learning, compared to supervised learn-
ing. There are some methods that are adding some prior information to the above
approaches for improving accuracy. A common approach to aid in the learning is
to use pre-trained systems to impose what is already known and learned, either in
the form of optical flow [5], object detectors [10, 16, 18], skeletons [14], or memory
augmentation [3, 4]. The downside of many of these methods is the limited use of
contextual information. In recent years, memory-augmentation networks that are us-
ing external memory to extend the capabilities of the neural network are used, e.g.,
Gong. et al. [4] proposed a memory-augmented deep autoencoder, where rather than
reconstructing the frame directly, the representation obtained from the encoder part
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is used for querying the most relevant information out of the memory for reconstruc-
tion. These types of networks mitigated the issue that abnormal frames can also be
reconstructed with a small error.

Fig. E.1: Proposed system for anomaly detection. It contains spatial and temporal branch, respectively.
Weighted combination of spatial and temporal anomaly detection is used to generate the final anomaly
score.

2.2 Anomaly Detection Using Temporal Cues

SoTA anomaly detection approaches are mostly using spatial cues, while taking only
limited temporal information into consideration. For example, Liu et al. [2] use optical
flow between consecutive frames, Ionescu et al. [16] use backward gradient between
the previous and current frame and forward gradient between current and next frame.
Later, Georgescu et al. [5] verified that optical flow is better to capture motion in
the context of anomaly detection, so they replaced forward and backward gradient in
Ionescu et al. [16] by forward and backward optical flow.

There are limited approaches such as Morias et al. [14] and Rodrigue et al. [12]
including trajectory for anomaly detection. Morias et al. [14] uses a skeleton-based
representation of trajectories, which needs additional annotations for gaits in human
body. To further expand this work, Rodrigue et al. [12] also uses pose-based trajecto-
ries but extracted features at multiple scales. The limitation of posed-based trajectories
is that they are only applicable for human anomalies, and non-human anomalies such
as vehicles on the pedestrian street or unattended luggage cannot be detected.

Some examples of anomaly detection using trajectories on traffic and old datasets
include [19, 20], which are based on the clustering of trajectories using hand-crafted
features and distance measures between the trajectories. In this case, the clusters
with small support are anomalous. Some other statistical approaches use for anomaly
detection include probabilistic modeling and learning of normal trajectories, e.g., [21]
applied Hidden Markov Model followed by K-Mean clustering. A rule-based classifier
implemented by [22] applies different rules at multiple granularities to classify each
data-point as normal or abnormal. In [23], a Bayesian network is used to model the
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underlying distribution. Some initial deep learning-based approaches such as [24],
and [25] still rely on designing the input features in the training set. Some years
later, more sophisticated approaches such as using a fully automated LSTM auto-
encoder are proposed [26, 27]. Approach by Bouritsas et al. [26] and Ji et al.are
applicable even for non-human anomalies, but they are not performing well on large
scale anomaly datasets such as Shanghai-Tech [2]. These methods do not include any
social interaction for anomaly detection using trajectories.

There exist some research using social interaction for trajectory prediction. Some
examples are Gupta et al. [7] and Alahi et al. [28]. The basic architecture of both
approaches includes a single LSTM for each trajectory followed by a social pooling
layer to model the interaction. Social GAN [7] however encouraged diverse predic-
tion by including variety loss, which leads to the prediction of near to real trajectories.
In this paper, we propose a novel method for prediction-based anomaly detection us-
ing trajectories. Our architecture is mainly motivated by Social GANs [7], where we
classify the socially possible trajectories to normal or abnormal based on their predic-
tion error. We then show that this prediction-based anomaly detection system utilizing
temporal information in form of trajectories can complement spatial-based anomaly
detection sytems, resulting in SoTA performance on two benchmark datasets. To the
best of our knowledge, none of the previous works for anomaly detection on surveil-
lance datasets explored the inclusion of socially acceptable trajectories generated via
tracker as an additional cue.

3 Proposed System
The block diagram of the proposed system is shown in Figure E.1. The main idea
of our proposed approach is to utilize social interaction embedded in trajectories to
develop a temporal-based anomaly detection system and then use that to complement
SoTA spatial-based anomaly detection systems. To achieve this, our proposed system
contains two branches, i.e., the spatial branch, which detects the anomalies by mostly
using image features, and the temporal branch, which detects the anomalies using tra-
jectories.
In this paper, we use two different SoTA methods for our spatial branch, i.e., Liu et
al. [2] and Park et al. [3], which produce spatial anomaly detection scores. Section 3.2
contains a detailed description of the spatial baseline methods used in our approach.
The input to the temporal branch are trajectories, obtained by running tracker [29] on
CUHK Avenue [8] and Shanghai-Tech [2]. The generated trajectories are provided
as input to the prediction-based anomaly detection network, which also incorporates
the features involved with social interaction among the different trajectories. The
proposed prediction-based anomaly detection is based on Social GANs [7] and is de-
scribed in section 3.1. Once we have anomaly score estimated from both spatial and
temporal branches, a weighted score-level fusion is performed to generate the final
scores.
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3.1 Temporal Branch

We propose a method based on Social GAN [7] to detect anomalous trajectories. The
generator (GSGAN) network is an LSTM based encoder-decoder, where one LSTM
is used for predicting a single trajectory. The prediction of human trajectories in
a crowded scene also depends on social interaction among different human beings.
Therefore, GSGAN contains a social pooling module to encode this interaction. The
discriminator (DSGAN) is a LSTM encoder network that classifies the output trajecto-
ries as real or fake and encourages the generator to predict socially possible trajecto-
ries.

The input to the generator (GSGAN) network is a fixed number of past tracklets
from the generated trajectories, which in turn further generates a fixed number of
future tracklets. Attention-gated tracker [29] is used to generate the trajectories on
CUHK Avenue [8] and Shanghai-Tech [2] datasets. The objective function used for
predicting future trajectory is the combination of average displacement error (ADE),
final displacement error (FDE), and variety loss. ADE is computed as l2 distance
between the predicted and actual points in the future trajectory, FDE is the devia-
tion in the final position with respect to ground-truth (GT), and variety loss is added
to mitigate the redundancy in the predicted trajectories. To transform the trajectory
prediction network for anomaly detection, i.e., detecting socially unacceptable trajec-
tories, we compute the total error (TE) by combining ADE and FDE for each tracklet.
The tracklet is finally classified as normal or anomalous based on the Total Error (TE),
which is also called here as temporal anomaly detection score:

TE(t) = ADE(t) + FDE(t), (E.1)

Ssgan(t) =
TE(Tt, T̂t)− mint TE(Tt, T̂t)

maxt TE(Tt, T̂t)− mint TE(Tt, T̂t)
, (E.2)

where, T and T̂ are actual and predicted trajectory, respectively, and Ssgan(t) is the
normalized score obtained from social GANs for each tracklet t. We later combine the
normalcy scores from temporal and spatial branches. Therefore, we update the total
error (Ssgan(t)) obtained from social GAN (Equation E.2) to obtain the normalcy
score (Stemporal), which is also called the temporal network output in this work:

Stemporal(t) = (1 − Ssgan(t)), (E.3)

3.2 Spatial Branch

To show that the proposed temporal-based anomaly detection system using trajecto-
ries can improve the performance of different spatial-based anomaly detection sys-
tems, we use two different networks in different experiments in the spatial branch of
our proposed system. These are future frame prediction-based by Liu et al. [2] and
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memory-based reconstruction/prediction by Park et al. [3]. The prediction-based by
Liu et al. [2] proposed a GAN based method, where generator network aims to gen-
erate realistic future frames and discriminator module aims to discriminate between
real and generated future frames. Finally, the generated future frame is classified as
abnormal or normal based on its quality. The generated normal frames have better
quality in comparison to the abnormal frames. This network uses minimal temporal
information in the form of optical flow between consecutive frames and optimizes for
intensity, gradient, and flow loss. The memory-augmented anomaly detection by Park
et al. [3] contains an additional memory module which records prototypical pattern
of normal data. The memory module is included with both prediction and recon-
struction based anomaly detection networks. Park et al. [3] uses convolutional auto-
encoders for both reconstruction and prediction networks. It optimizes both predic-
tion/reconstruction auto-encoders by minimizing prediction/reconstruction, compact-
ness, and separateness loss. The compactness loss encourages the query to the nearest
item in the memory and the separateness loss encourages the discriminative power
of the memory items. Peak Signal to Noise Ratio (PSNR) by Mathieu et al. [30],
a commonly used method for image quality assessment, is used for evaluating the
predicted/reconstructed frames in both cases:

PSNR(I, Î) = 10 log10
[max Î ]

2

1
N ∑N

i=0(Ii − Îi)2
, (E.4)

where, I is actual and Î is predicted/reconstructed frame. Higher PSNR of the
predicted frame increases the probability of it being normal. Then the PSNR score
calculated for each frame in a video to generate the spatial anomaly detection score
(E.5) [2]:

Sspatial(t) =
PSNR(It, Ît)− mint PSNR(It, Ît)

maxt PSNR(It, Ît)− mint PSNR(It, Ît)
, (E.5)

where, Sspatial(t) is the normalized score for tth frame, It and Ît are actual and
predicted/reconstructed frame, respectively, for tracklet t. .

3.3 Parameter Learning

We propose a parameter learning approach to fuse the information from spatial branch
and temporal branch at the score level. Thus, we learn two parameters, one for each
score vector. The fusion is defined as follows:

STotal(t) = F (αSspatial(t) + βStemporal(t)), (E.6)

where α and β are the parameters that we learn to weigh the contribution of spatial
network output (Sspatial) and temporal network output (Stemporal), respectively. F is
the activation function which is Sigmoid in our case. To form the learning problem,
we minimize the binary cross-entropy loss function.
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4 Experiments and Results
This section contains details of the evaluation metric, datasets and implementation
used in our experiments. The later part of this section also contains quantitative
and qualitative results documenting the performance of the introduced temporal-based
anomaly detection system using the socially unacceptable trajectories, and its contri-
bution to the proposed system when used with spatial-based anomaly detection sys-
tems.

4.1 Evaluation Metrics

The proposed system is evaluated using Receiver Operation Characteristic (ROC) [31]
obtained by changing the normality threshold, i.e., fused scores obtained from spatial
and temporal network in our case. Area Under the Curve (AUC) is a cumulative
measure of accuracy for all possible normality thresholds and used for the accuracy
evaluation. A higher value of AUC indicates a better system.

4.2 Datasets

We used two publicly available datasets namely CUHK Avenue [8] and Shanghai-Tech
[2] for the training of the baseline models. CUHK Avenue [8] contains 16 training and
21 testing videos with a total of 47 anomalous events. The anomalous events in this
dataset are loitering, running, and throwing objects. Shanghai-Tech [2] contains 330
training and 107 test videos with 130 abnormal events. The anomalous events are
snatching, chasing, running, fighting, cyclist and vehicles on pedestrian street.

To train the temporal anomaly detection network, trajectory datasets are gener-
ated by providing training and testing images from CUHK Avenue [8] and Shanghai-
Tech [2] to the attention-gated tracker of Madan et al. [29]. The tracking results con-
tain the coordinates of the bounding box along with the object (Identification) ID. The
obtained results are converted to a trajectory dataset by converting bounding box co-
ordinates to the center location. Each center position along with the associated ID
represents a single tracklet. Object positions associated with the same ID are joined
together to form a single trajectory.

4.3 Training and Testing the Proposed System

The baseline architectures of [2, 3] are trained for 15 epochs each on Nvidia RTX
2080 Ti GPU on Shanghai-Tech [2] dataset, which took ∼12hrs to complete. We use
pre-trained models for CUHK Avenue [8] dataset. Temporal network is trained for
200 epochs individually for each dataset with a batch size of 64 on Nvidia RTX 2080
Ti GPU, which took ∼2hrs to complete the training.

At the testing time, we obtain the score vectors from each spatial and temporal
branch of our proposed system, which are provided as input to our paramater learning
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scheme. The learned parameters are used to weigh the spatial and temporal anomaly
scores to generate the final scores. We performed micro-level evaluation, as done
in [3, 5], where we concatenate all the sequence and learned the parameters for the
entire dataset.

Fig. E.2: Illustrating the anomalies detected by our strategy on avenue dataset. This includes mostly
individual anomalies such as throwing bag (left), throwing paper (middle) and running (right).

Fig. E.3: Illustrating the anomalies detected by our strategy on Shanghai-Tech [2] dataset, involving social
interaction such as fighting (left), chasing (middle), and snatching (right).

4.4 Qualitative results

Figure E.2 and E.3 illustrate visual results on CUHK Avenue [8] and Shanghai-Tech
[2] datasets. CUHK Avenue [8] mostly contains individual anomalies, which includes
limited social interaction, but our proposed combination still improved the anomaly
detection by considering individual trajectories. On the other hand, anomalies in
Shanghai-Tech [2] involve small groups interaction such as snatching, fighting. Figure
E.3 depicts that the proposed combination detected anomalies like fighting, chasing,
and snatching, all of which involve interaction between two people. Thus, our method
improves anomaly detection not only in the case of social interaction, but also involv-
ing individual trajectories.

As an illustration of a corrected case, Figure E.4 shows an anomaly correspond-
ing to a person moving back and forth to pick-up the bag. This anomaly remains
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undetected by the baseline method, i.e., Liu et al. [2]. However, it is detected by the
proposed system. The reason is that continuous back and forth motion is considered
as an unacceptable social trajectory.

Fig. E.4: An example of an anomaly sequence "walking in wrong direction and throwing bag", from se-
quence 6 in CUHK Avenue [2], is not detected by the baseline method but it is detected when complemented
with trajectory information using the proposed system.

4.5 Quantitative Results

As depicted in Table E.1, the AUC score on CUHK Avenue [8] and Shanghai-Tech [2]
using only temporal branch are 65.0% and 69.7%, respectively. It can be observed
from these results that trajectories alone are unable to generate competitive results
against SoTA methods. The trajectories used in our experiments are constructed using
center point, which do not contain much information about the spatial and appear-
ance features of the different objects. Therefore, anomaly detection by simply us-
ing these trajectories generate lower AUC scores compared to SoTA. However, when
fused with spatial information, as illustrated in Figure E.1, temporal information gen-
erated by socially acceptable trajectories contributes in increasing the performance of
SoTA spatial-based anomaly detection systems by a large margin, as shown in Table
E.1.

It can be observed from the results shown in Table E.1 that the proposed sys-
tem outperforms listed SoTA approaches including our baseline architecture by Liu et
al. [2] on CUHK Avenue [8] by 3.4% and on Shanghai-Tech [2] by 1.8%. It outper-
forms the baseline architecture by Park et al. [3] in both forms of 1) reconstruction-
based: CUHK Avenue [8] by 4.1% and Shanghai-Tech [2] by 3.3% and 2) prediction-
based: CUHK Avenue [8] by 0.1% and Shanghai-Tech [2] by 3.4%. It can be observed
from Table E.1 that the information from trajectories is complimenting the baseline ar-
chitectures irrespective of the underlying network architecture in the spatial branch of
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Method Avenue(%) SH-Tech(%)
Hasan et al. [32] 80.0 60.9

Del et al. [33] 78.3 -
Luo et al. [34] 77.0 -

Hinami et al. [34] 80.9 -
Lu et al. [34] 80.9 -

Ionescu et al. [35] 80.6 -
Luo et al. [35] 81.7 68.0
Liu et al. [36] 84.4 -

Ours (Temporal Only: SGAN) 65.0 69.7
Spatial Only: Liu et. al. [2] 85.1 72.8

Ours (Spatial: Liu et. al., Temporal: SGAN) 86.8 74.6
Spatial Only: Park et. al. - Pred [3] 88.5 70.5

Ours (Spatial: Park et. al. - Pred., Temporal: SGAN) 88.6 73.8
Spatial Only: Park et. al. - Reconst [3] 82.8 69.8

Ours (Spatial: Park et. al. - Reconst., Temporal: SGAN) 86.9 73.2

Table E.1: Comparing the frame-level AUC score (in %) of the proposed system with the SoTA approaches
and their corresponding spatial anomaly detection branch. Higher frame-level AUC indicate the better
performance.

our proposed system. We didn’t compare our results against other SoTA approaches,
like [10, 16, 18] in this table as they use additional prior knowledge in form of object-
detection, which could be included in our system as future work.

Furthermore, the proposed approach does not optimize the feature space with any
additional supervision. Some approaches such as Geogescu et al. [5] and Feng et
al. [37] use additional supervision with pseudo labels to improve the latent features,
enhancing accuracy of anomaly detection. On the other hand, our approach learns
an accurate fusion of temporal and spatial scores without modifying the underlying
feature space through additional supervision. Weakly supervised approach by Ge-
ogescu et al. [5] has an AUC of 92.3% on CUHK Avenue [8] and 82.7% on Shanghai-
Tech [2]. Weakly supervised approach of Feng et al. [37] has an AUC of 94.3% on
Shanghai-Tech [2]. Comparing with weakly supervised approaches, we observed that
our approach has competitive results while having less supervision.

Baseline Proposed
Dataset AUC(%) Train → Test AUC(%)

CUHK Avenue 85.1 Shanghai-Tech → CUHK Avenue 86.9
Shanghai-Tech 72.4 CUHK Avenue → ShanghaiTech 73.1

Table E.2: Cross-data experiments depicting that the learned parameters on one dataset improves the scores
on another.
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4.6 Cross-data Evaluation Results

We also verified that learning parameters on a source dataset and testing them on
a target dataset with similar anomalies also improves the overall score. We used
prediction-based anomaly detection by Liu et al.as the baseline for this experiment.
It can be observed from Table E.2 that the AUC on Shanghai-Tech [2], i.e., 73.1% is
better than the baseline, i.e., 72.4% by 0.7% and CUHK Avenue [8], i.e., 86.9% is
better than baseline, i.e., 85.1% by 1.8%.

5 Conclusion
In this paper we hypothesize that temporal information obtained from socially unac-
ceptable trajectories can be used for developing a temporal-based anomaly detection
system. Then, we further hypothesize that such a temporal-based anomaly detection
system can contribute to improving the performance of SoTA spatial-based anomaly
detection systems. To verify these, we propose a system with two branches (one for
the spatial and one for the temporal domain) that fuses the results of the two domains
at score level. We verify that socially unacceptable trajectories provide discriminative
information to identify anomalies in real world surveillance datasets, for two different
spatial-based systems employed in the spatial branch of our system. We plan as fu-
ture work to evaluate different temporal and spatial anomaly detection models in both
branches of the proposed scheme and analyze for their complementarity. We also
plan to incorporate the prior knowledge from object detection or skeleton for anomaly
detection.
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1. Introduction

Abstract
Masked image modeling has been demonstrated as a powerful pretext task for gener-
ating robust representations that can be effectively generalized across multiple tasks.
Typically, this approach involves randomly masking tokens in the image, with the
masking strategy remaining consistent throughout training. In this paper, we pro-
pose a curriculum masking approach that updates the mask to continually increase
the complexity of the pretext task. The underlying idea is that by gradually increasing
the task complexity, the model can learn more robust and transferable representations.
To facilitate this, we introduce a novel masking module that possesses the capability
to generate masks of different complexities. In our current implementation, we update
the curriculum at fixed intervals, and the zero-shot results achieved with this approach
are comparable with the baseline method (MAE). We trained and evaluated the model
on 10% of the ImageNet data in the proposed setup and observed that our initial re-
sults are comparable to the baseline. In these settings, we proposed to train both the
baseline and masking modules by the same amount. As the gradient of the masking
module unstabilizes during the adversarial training, we propose frequent updates to
our curriculum. We finally propose a configuration where we stop training the mask-
ing module early and extend the interval of curriculum update. This configuration
provided us with the initial results, where our curriculum masking-MAE (CM-MAE)
outperforms the baseline on Acc@1 by 2.9% and Acc@5 by 3.5%. As these are only
initial results, we plan to further extend this work on large-scale training on ImageNet-
1K and transfer the representation to the different visual tasks.

1 Introduction
Self-supervised representation learning aims at learning the representation is become
a prominent research topic as the learned representation can be generalized over mul-
tiple visual tasks ranging such as image recognition [1–3], object detection [4–6]
and segmentation [7–10]. These representations are learned based on defining a self-
supervised task also known as pretext task, where the labels are defined based on the
available data. Masked language modeling [11] techniques in natural language pro-
cessing (NLP), the field of computer vision has embraced masked-image-modeling
[12–16, 16–22] as a self-supervised task. Masked image modeling involves masking a
portion of an image and the model in turn learns to reconstruct the masked information
based on the remaining unmasked region.

The existing literature on using MIM as a self-supervised learning technique can
be categorized into two main groups, based on the reconstruction target: visual to-
kens [12, 13, 15, 15, 16, 16, 18, 18, 23, 24, 24] and features [17, 25]. Among these,
predicting masked tokens has emerged as the most prominent approach, primarily due
to its simplicity and better generalization capabilities. While previous research has
dedicated considerable attention to refining the pretext-task [12, 15, 21, 24, 26–30],
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comparatively less emphasis has been placed on token selection strategies [16, 22,
31, 32]. Some of the existing studies base their token selection on semantic object
parts [16, 22], adversarial masking [21], attention-guided techniques [33], and win-
dowed masking [31]. In contrast to other approaches where the mask portion is always
fixed during the training, we propose a novel masking module, which is trained in an
end-to-end fashion with an MAE backbone, and poses the capabilities to adapt masks,
in order to increase the complexity of the pretext task, during the training process.

Our proposed method introduces curriculum learning as the fundamental concept,
and uses MAE [24] as the underlying backbone for representational learning. Curricu-
lum learning, originally introduced by Bengio et al. [34], operates on the principle that
models learn to solve tasks in a progressive manner, starting from simpler tasks and
gradually advancing to more complex ones. This approach facilitates the acquisition
of robust representations and enhances generalization capabilities. To implement cur-
riculum learning, we propose a novel masking module that generates masks of varying
complexities. The complexity of the generated masks is controlled by the progres-
sive loss factor within our proposed masking module. We train the proposed masking
module in two stages: 1) The masking module facilitates the MAE backbone and gen-
erates masks of relatively lower complexities, and 2) The masking module is trained
in an adversarial manner with the MAE backbone, gradually increasing the complex-
ity of the output masks. The complexity of the output mask in this case is increasing
by varying the adversarial weight to in the training process of our masking module.
The curriculum is thus updated based on the mask generated with different complexity
levels.

In our experiments, we pre-train our model using a subset of the ImageNet-1K
dataset, specifically consisting of 10% of the classes. We evaluate the performance
of our models in zero-shot settings on 100 classes from the ImageNet dataset. In our
preliminary approach, we obtain Acc@1 as 38.0 and Acc@5 as 60.4, which are al-
most comparable to the baseline method, i.e., MAE [24]. This method considers a
frequent curriculum update strategy, aiming to address the issue of unstable gradients
arising from longer adversarial training. Subsequently, we make adjustments to our
settings by increasing the interval at which the curriculum is updated. This modifi-
cation mitigates the problem of unstable gradients during training. Specifically, we
train the proposed masking module for only 10% of the total training time during each
curriculum update. By adopting this revised approach, we alleviate the instability of
gradients and foster more stable and effective training of the masking module.

In our revised experiment settings, we observe a noteworthy improvement in per-
formance. Specifically, we achieve a substantial increase of 2.9% in the top-1 accuracy
(Acc@1) and a notable improvement of 3.6% in the top-5 accuracy (Acc@5). These
promising results encourage us to pursue further investigations in this specific exper-
imental setup. We plan to expand our experiments by incorporating additional visual
tasks. Additionally, we also plan to include curriculum masking (CM) with differ-
ent underlying backbones, such as ViT-B, ViT-L, and ViT-H, under various settings.
Overall, the main contribution of our work can be summarized below:
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Fig. F.1: The overall architecture to enable curriculum learning while using MAE as the backbone for
self-supervised representation learning. The masking module generated the masking output based on the
complexity of the task and provide the visible tokens to MAE based on this output.[Best Viewed in Color]

• We proposed a curriculum learning in a classical setting, i.e., easy-to-hard in
the MAE framework to learn robust representation.

• We proposed a novel learnable masking module, which possesses the capability
to generate adaptive masks based on task complexity.

• We present initial experimental settings and results for our proposed curriculum
masking approach, demonstrating its potential to outperform existing methods
and support our hypothesis.

2 Related Work
Self-supervised Representation Learning. Among the state-of-the-art methods in
self-supervised learning, two prominent categories are using discriminative and gen-
erative tasks [12–20, 22, 23, 35–39]. Discriminative tasks, like contrastive learning
(CL) [35–39], aim to learn robust representations by bringing similar pairs closer and
pushing dissimilar pairs apart. Approaches differ in how they handle negative image
pairs, with SimCLR [36] employing one-to-one comparisons, MOCO [35] utilizing a
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momentum encoder for a dynamic negative sample dictionary, and BYOL [37] rely-
ing solely on positive pairs. In contrast, generative tasks, specifically masked image
modeling (MIM) [12–16, 16–20, 22, 23], focus on reconstructing masked image re-
gions using visible context. MIM simplifies the pretext task by randomly masking a
significant portion of an image, which He et al. [24] demonstrate as a challenging yet
effective approach for learning robust representations without heavy data augmenta-
tion. Due to its simplicity and generalizability, we incorporate MIM as our chosen
pretext task.
Masked Image Modeling(MIM). A large amount of research nowadays in self-supervised
representation learning is based on MIM [12–16, 16–20, 22, 23], which is highly in-
spired from BERT [11] using masked language modeling (MLM). The different ap-
proaches based on the reconstruction target in this domain can be categorized as visual
tokens [12, 13, 15, 16, 18, 23, 24], and features [17, 25]. The initial approaches cen-
tered around predicting visual tokens typically rely on an external tokenizer, which
creates a visual codebook corresponding to the reconstruction targets. BeiT [12] and
PeCo [13] is based on generating an offline visual codebook using variation autoen-
coder following DaLL-E [40], iBOT [23] later proposed an online tokenizer based on
teacher-networks generated via self-distillation process. To mitigate the requirement
of generating a visual codebook, Wei et al. [17] proposed to reconstruct the HOG
features for the masked region. These approaches are now replaced with relatively
simpler methods [14–16, 18, 21, 22, 31] that use pixel values directly as the recon-
struction target. MAE [24] proposes aggressive masking of 75% of the image patches
randomly resulting in an optimal pretext task to learn robust and generic represen-
tation. SimMIM [15] increases the complexity of the pretext task by increasing the
patch size and reducing the decoder network to a single layer and claims that a harder
pretext task leads to a better representation.

Within the subcategory of MIM approaches that focus on reconstructing masked
tokens, various masking strategies have been proposed to obtain robust representa-
tions [16, 21, 22, 31]. Li et al. [31] introduce a token selection strategy specifically
designed for Pyramid-based Vision Transformer (ViT), as random selection does not
yield satisfactory results in this context. Kakogeorgiou et al. [33] propose a student-
teacher training framework, where the teacher model learns to identify suitable mask-
ing tokens to facilitate representation learning for the student model. SemMAE [16]
suggests semantically guided masking, utilizing two modules: a self-supervised part
generator and the MAE [24] for representation learning. Building upon SemMAE,
AutoMAE [22] introduces a unified framework that integrates the part generator and
MAE into a single differentiable architecture. In contrast to these existing approaches,
we propose an adaptive masking strategy throughout the training process. Our ap-
proach takes into consideration the varying complexity of tasks over time, enabling
the generation of masks that align with the specific task complexity at any given stage.
To facilitate this adaptive masking, we introduce a novel masking module with the ca-
pability to adaptively generate masks corresponding to different levels of complexity
Curriculum Learning. Curriculum learning, as introduced by Bengio et al. [34], is
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a strategy aimed at organizing input data or tasks in a meaningful order to enhance
the overall learning outcome. It consists of two main components: curriculum crite-
ria [34] and scheduling function [34]. Approaches in curriculum learning can be cat-
egorized into easy-to-hard and hard-to-easy paradigms. In the easy-to-hard paradigm,
tasks are presented to the model in increasing order of complexity [32, 34, 41–43].
Conversely, the hard-to-easy paradigm reverses the order [44, 45]. Constructing a cur-
riculum involves either a manual approach using visible complexity measures, such
as occlusion degree and shape complexity [34, 46], or employing self-paced learn-
ing techniques [47–50], where a neural network dynamically assesses the difficulty
of training samples based on their loss. The scheduling function determines when to
update the training process and can be categorized as discrete or continuous. In the
discrete scheduler [34, 51], data is sorted and divided into discrete sets according to
the curriculum criteria. In the case of a continuous scheduler [49, 52], the model is
provided with a gradually increasing proportion of difficult training samples, ranging
linearly from 0 to 1, where 0 represents no hard samples and 1 represents all hard
samples. We proposed a method to incorporate easy-to-hard scheduling based on the
complexity of the pretext task in the proposed approach, where the model’s output,
i.e., reconstruction error is used as a measure to construct such curricula.

In this paper, we propose a curriculum learning approach where we progressively
increase the complexity of the pretext task from easy to hard. Our approach utilizes
a novel masking module that generates masks of varying complexity, corresponding
to different difficulty levels. We employ a discrete scheduler to facilitate curriculum
updates, ensuring that samples within each update share the same difficulty level.
This structured approach enables systematic learning and the development of robust
representations.

3 Method
Our proposed approach incorporates curriculum learning to introduce challenging
tasks to the MAE [24] backbone, enabling the model to learn and solve them ef-
fectively. In this section, we provide an overview of our methodology, including the
Curriculum Masking setup, the Masking Module for generating flexible masks, and
the integration of different loss functions to promote curriculum learning.

3.1 Curriculum Masking

We incorporate curriculum learning in our approach to gradually increase the diffi-
culty of the pretext task and the complexity of the generated masks. To accomplish
this, we propose a novel masking module that dynamically masks tokens, providing
challenging tasks for the MAE backbone [24]. The training of the masking module is
conducted in two stages. In the first stage, the module is trained to make the pretext
task easier by aligning its gradients with the MAE backbone. In the second stage,
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we reverse the gradients of the masking module with respect to the MAE, facilitat-
ing adversarial learning between the two frameworks. During adversarial training, the
masking module selects hard tokens that impede reconstruction, thereby increasing the
difficulty of the pretext task. We advocate updating the curriculum at fixed intervals
of epochs (η), gradually enhancing the complexity of the generated masks. This com-
plexity increment is achieved by adjusting the progressive loss factor (Lprog), thereby
amplifying the adversarial training.

3.2 Masking Module

The curriculum masking module (CMM) takes an input image I ∈ Rh×w×c, the mod-
ule produces a masking vector Z = {zi}n

i=1, zi ∈ {0, 1} as output, where n represents
the number of patches. This vector indicates which patches should be masked. We
further constrain the masking output using the Gaussian loss (LGL) to converge to-
wards either zero or one. The top-K tokens from the masking output are selected as
the visible tokens (V ), where the value of K is determined based on a fixed masking
ratio.

The CMM operates by dividing the input image I into n = hw/p2 non-overlapping
patches, each of size p × p. These patches are then projected using a linear layer to
generate patch embeddings, which are combined with positional encoding to obtain
embedded tokens T = {ti}n

i=1, ti ∈ Rd, where d is the token dimension. The em-
bedded tokens, along with a learnable [CLS] token, are fed into a transformer-based
backbone inspired by the architecture of Vision Transformer (ViT) [1]. The [CLS]
token captures information about the entire input image, and the masking output (Z)
is generated by mapping the output class token to the number of input patches using a
linear layer followed by a sigmoid activation. Various loss functions are employed to
facilitate the effective functioning of the masking module, as discussed in the subse-
quent subsection.

3.3 Loss Functions

In our proposed CMM, multiple loss functions are utilized to support the proposed
curriculum learning framework and enhance the training process. These loss func-
tions contribute to the overall objective of generating adaptive masks and training the
masking module effectively.
Progressive Loss. We utilize the mean squared error (MSE) metric as our progressive
loss function, similar to MAE [24], to measure the discrepancy between the normal-
ized per-patch pixels of the reconstructed target ( Î) and the input image (I). This
progressive curriculum loss function, denoted as Lprog, is expressed by Equation F.1.

Lprog( Î, I)=
{
( Î−I)2, if Epochs<η

−( Î−I)2, otherwise
(F.1)
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As mentioned in Section 3, the training of the masking module is conducted in
two stages. In the first stage, which lasts for less than η epochs, the loss is positive,
encouraging the masking module to produce easy masks. Easy masks refer to mask-
ing fewer tokens from the foreground and more tokens from the background. The
second stage begins after η epochs, where the loss function is reversed to negative. In
this stage, adversarial training is initiated, and the masking module learns to generate
hard masks. Hard masks, on the other hand, involve masking more tokens from the
foreground and fewer tokens from the background.
Gaussian Loss. We incorporate a Gaussian objective into our proposed masking mod-
ule to enforce binary outputs. Specifically, the masking module results in 1 if the
output patch needs to be masked, and 0 otherwise. To achieve this, we employ the
Gaussian loss, which is defined by Equation F.2. In this equation, µ denotes the mean
and σ corresponds to the standard deviation and Z corresponds to the masking output.
For our implementation, we set the values of µ and σ to 0.5 and 0.12 respectively.

LGauss =
1

σ
√

2π
exp

(
− (Z − µ)2

2σ2

)
(F.2)

By training the proposed masking module solely with the Gaussian Loss, it ac-
quires the capability to determine whether a specific token should be masked or left
unmasked. In our curriculum learning setup, we observed that for the simpler task,
the model tends to get stuck in the local minima where it is masking fewer tokens
than the predetermined masking ratio as shown in Figure F.5. Conversely, for difficult
tasks, the model tends to mask all the tokens as shown in Figure F.4. To address this
behavior, our subsequent loss function aims to ensure a consistent number of tokens
are masked, irrespective of the task complexity.
Kullback-Leibler (KL) Divergence Loss. The KL-divergence loss ensures that a
fixed number of tokens are masked based on a predefined masking ratio, irrespective
of the pretext task’s complexity. This KL-divergence loss shown by Equation F.3 is
included in the objective of our proposed masking module.

LKL = M · log
(

M̂
M

)
+ V · log

(
V̂
V

)
(F.3)

Where, M, M̂ denotes the actual and output masked tokens, V and V̂ represents
the actual and output of visible tokens. The fractions M̂

M in the KL Loss equation
provide insights into the match between the predicted outputs and the actual values for
the masked tokens. Whereas the fraction V̂

V provides insights into the match between
the predicted outputs and the actual values for the visible tokens. When the predicted
outputs align with the actual values, these fractions evaluate to zero. The scale factors
M and V ensure that each fraction is appropriately weighted in the computation of the
KL Loss.
Diversity Loss. We further include a diversity loss in order to obtain different masking
configurations for each sample. The diversity loss to obtain the different masking
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λprog = 1.0 λprog = -0.001 λprog = -0.1

Easy-to-Hard Reconstruction

λprog = -0.01

Fig. F.2: Figure shows the reconstruction after the first epoch from easy-hard masking. Left most image
show when we are training the masking module to help MAE in the PreText task. The right 3 images show
the reconstruction after different adversarial factors.

results is computed using equation F.4.

Ld =
1

N · (N − 1)/2

N

∑
i=1

N

∑
j=1,j ̸=i

exp−k·Dij (F.4)

Where N represents the number of samples in the minibatch, and Dij is the Eu-
clidean distance between two samples, indexed as i and j, and k is the scaling factor
that adjusts the influence of distance on the loss function. The loss function is nor-
malized by the factor of N(N − 1)/2 in order to make it independent of the batch
size.
Total Loss. The total loss function is shown in Equation F.5. In this equation, the
hyper-parameters λGL, λprog, λKL, and λdiv dictate the contributions of each loss
term to the overall loss function.

LTotal = λprogLprog + λGaussLGauss + λKLLKL + λdivLdiv (F.5)

In the framework of our proposed curriculum learning approach, the progressive
loss factor (λprog) plays a pivotal role in shaping the difficulty of the pretext task. As
described above the two-stage training of the masking module. In the first stage, Lprog
is positive and we set this λprog to 1 to select easy tokens. In this stage, the masking
module is trained for a fixed number of epochs (η) under the simplified pretext task.
In the second stage, Lprog is negative, which means the masking module now learns
to select hard tokens increasing the complexity of the pretext task. At this stage, we
keep increasing the complexity of the pretext task by multiplying λprog with a factor
of 2 after every η epochs. Thus, it sets up a curriculum, where the complexity of the
pretext task increases progressively at every fixed number of epochs (η).

By implementing this curriculum learning strategy, we effectively modulate the
task’s difficulty, providing the model with a learning trajectory that gradually ad-
vances from simpler to more challenging representations. This gradual increase in
difficulty fosters the model’s learning and adaptation capabilities over time, enabling
the acquisition of more robust and transferable representations.
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4 Experiments and Results
We evaluate our curriculum masking approach in a zero-shot setup on 10% of the
ImageNet. For evaluation purposes, we use the ViT base architecture with the input
image of 224 × 224 and patch size of 16 × 16. We compare the results against MAE
[24] as our baseline. The preliminary results indicate that curriculum masking shows
comparable results to the baseline method, i.e., MAE [24]. In our last experiment,
we update the configuration of curriculum masking and outperform the baseline by a
significant margin.
Significance of progressive-loss factor (λprog). In our proposed method, we choose
a significantly low value of progressive-loss factors based on our experiments. This
choice is made with the intention of facilitating curriculum learning. Figure F.2 shows
the reconstructed output after the first epoch of the progressive training by varying
the values of the progressive loss factor. The factor value of 1.0 serves as an indica-
tion that the masking module is effectively learning to simplify the pretext task. To
introduce a greater level of complexity, we gradually introduced adversarial training
with varying weight values such as -0.001, -0.002, and -0.1. The figures presented in
our research demonstrate that the weight factor of -0.1 excessively amplifies the task’s
complexity, thereby impeding the model’s ability to acquire a robust and transferrable
representation space. Consequently, we opted to commence the adversarial training
process with a low initial value of -0.001 and increase the complexity by a factor of 2
after every η epochs (a fixed number).
Training Masking Module. In order to determine the training strategy for the pro-
posed masking module, we perform two experiments first determining the training
configuration and the second ensuring the mask variety.

Table F.1 compares the results when the MAE [24] backbone and masking module
are trained in the same cycle and alternate cycles. The results indicate that training
them in the same cycle generates better results. Therefore, we continue the same
settings across all our experiments.

In order to ensure that our curriculum masking module chooses different masks for
each difficulty level, we perform experiments by randomly re-initializing the masking
module’s parameters before increasing the weight of the adversarial loss. The zero-
shot results comparing the performance with and without re-initializing the masking
module’s parameters are shown in Table F.2. The results indicate that incremental
training of the masking module instead of using parameter re-initialization techniques
provide better results.
Curriculum Updates. In the context of this paper, we conduct initial experiments
to determine the appropriate interval for updating the curriculum. The adversarial
training in the second stage of training our masking module results in unstabilizing
the training process. In order to keep training both the curriculum masking module
and the MAE backbone [24]. We make frequent updates in the curriculum with values
of η as 30, and 50 epochs. The experimental results in these configurations are shown
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Method
Zero-shot

Acc@1 Acc@5

MAE (Baseline) [24] 39.2 61.5
CM-MAE (Same Cycle) 38.1 60.4
CM-MAE (Alternate Cycles) 37.0 59.6

Table F.1: The results compare the baseline with CM-MAE when our masking module and MAE train in
the same cycle and in alternate cycles.

Method
Zero-shot

Acc@1 Acc@5

MAE (Baseline) [24] 39.2 61.5
CM-MAE (w/o re-initialized parameters) 38.1 60.4
CM-MAE (w/ re-initialized parameters) 37.6 59.6

Table F.2: The results comparing without and with parameter re-initialization of the masking module after
each curriculum update.

in Table F.3. The results show that increasing the update interval (η) improves the
performance, but the overall results are still comparable to the baselines.

Method
Zero-shot

Acc@1 Acc@5

MAE (Baseline) [24] 39.2 61.5
CM-MAE (Curriculum Update - 30 epochs) 37.2 58.9
CM-MAE (Curriculum Update - 50 epochs) 38.1 60.4

Table F.3: Results after updating the curriculum after η = 30 epochs and η = 50 epcohs. The results show
that increasing the update interval improves the results.

Significance of diversity Loss (Ldiv). Figure F.4 shows the results before and after
introducing the diversity loss Ldiv into the objective of our masking module. The
figure shows that the masking module is trained without adding the diversity loss is
end up producing an almost similar mask irrespective of the input sample. However,
using Ldiv ensures a different mask for each sample in a training batch.
Significance of KL Loss (LKL). Figure F.5 and F.4 show the masking outputs for the
easy and hard tasks respectively, when KL loss is not introduced into the objective.
Figure F.5 indicates that the networks are refraining from masking tokens for the first
few epochs in order to perform well on the pretext task (reconstruction). For a masking
ratio of 75%, the masking module only be able to mask less than 50% on the image
by finding a local minimum. On the other hand, Figure F.4 shows that the model with
adversarial training ends up masking all the tokens in order to make the task hard.
Therefore, The KL loss that ensures the number of mask tokens complies with the
mask ratio irrespective of the complexity of the task.
CM-MAE outperforming the baseline. The experimental results presented in Ta-
ble F.3 indicate that increasing the curriculum update interval yields better outcomes.
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Without Diversity Loss With Diversity Loss 

Fig. F.3: Figure shows the generated masks from the proposed masking module without (left) and with
(Right) adding the diversity loss (Ldiv). The masking module produces the same masks if diversity loss
(Ldiv) is not included in the objective function.

Hard Task: Masking with Epochs (without KL Loss) 

Fig. F.4: Figure shows the results from the masking module on a hard task without including the KL loss.
The left image is the input and the middle is the masked output at an intermediate epoch, finally the right
image shows the mask at convergence. The model is masking all the tokes to increase the complexity.

Expanding on this finding, we propose a solution where we augment the update inter-
val while restricting the training of the masking module to the initial 20% of epochs
within the total interval. This approach effectively addresses the issue of unstable
gradients, allowing the model sufficient time to learn the complexities of the pretext
task. To evaluate the effectiveness of our curriculum masking approach, we compare
the results against a baseline in Table F.4. The findings demonstrate that our pro-
posed approach outperforms the baseline under these conditions. Moving forward, we
plan to extend our experiments to various visual tasks and ViT-backbones within this
framework, with the expectation of observing improvements across all scenarios.

Method
Zero-shot

Acc@1 Acc@5

MAE (Baseline) [24] 39.2 61.5
CM-MAE (Updated Settings) 42.1 65.1

Table F.4: The preliminary results show our curriculum-masking approach improves over the baseline
method. The results show that the proposed approach outperforms the baseline by a significant margin.
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Easy Task: Masking with Epochs (without KL Loss) 

Fig. F.5: Figure shows the results from the masking module on an easy task without including the KL loss.
The left image is the input and the middle is the masked output at an intermediate epoch, finally the right
image shows the mask at convergence. The model is stuck in local minima and masking less than 75%
(predefined masking ratio) tokens.

4.1 Ablation Studies

As the proposed masking module contains multiple loss functions weighted by the
hyperparameters λGL, λKL, and λdiv. Out of which, λprog is the most crucial factor,
which helps in deciding the difficulty of the task. We already discuss the experiments
for choosing the appropriate value of λprog in our main experiments. This section
discusses the experiments involved with choosing an appropriate value for λGL, λKL,
and λdiv. The experiments for choosing the appropriate value of the hyperparameters
are conducted on 10% on the ImageNet similar to our main experiments. The ablation
studies contain the experiments with the curriculum update interval, η, as 50 epochs
as we find the new experimental setups later in this experiments.
Tuning the hyper-parameter λGL and λKL . Table F.5 presents the results of tun-
ing the hyperparameters λGL and λKL. These hyperparameters respectively weigh the
Gaussian loss (LGL) and the KL-divergence loss (LKL) in our main objective func-
tion. The experiments involved selecting a fixed value of λprog as 1.0, which allowed
training on the easy task for 200 epochs to determine these hyperparameters. The re-
sults indicate that setting both λGL and λKL to 10 produces the best outcomes, leading
us to utilize these values in our primary experiments. Interestingly, we observed that
with weighting factors of 10 for both λGL and λKL, the magnitudes of the Progressive
loss, Gaussian loss, and KL loss become nearly equal. Additionally, a comparison of
the results in Table F.5 reveals that including the KL-divergence loss leads to improved
performance on the downstream task. This improvement suggests that the network
may be masking fewer tokens than the predefined masking ratio (75%), as depicted in
Figure F.5, which adversely affects the learned representation and subsequently results
in poor transferability to the downstream task.
Tuning the hyper-parameter λdiv . The insights gained from the previous ablation
study motivated us to select the value of λdiv as 2. However, we also conducted
additional experiments using different values of λdiv. Table F.6 presents the results of
these experiments, demonstrating improvements when setting λdiv to 5. We use the
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Method LGL LKL λGL λKL
Zero-shot

Acc@1 Acc@5

CM − MAE (w/ Easy Task)

✓ ✗ 1 - 35 56.7
✓ ✗ 2 - 37.8 59.6
✓ ✗ 5 - 35.1 56.7
✓ ✗ 10 - 38.7 61.7
✓ ✓ 10 1 36.5 59.3
✓ ✓ 10 2 37.8 59.9
✓ ✓ 10 5 38.2 60.6
✓ ✓ 10 10 39.5 61.9

Table F.5: Ablation results to choose the values of hyperparameters λKL and λGL. Showing the zero-shot
classification accuracy on 10% ImageNet, trained for 200 epochs with an easy task.

same values for all our experiments.

Method Scale
Zero-shot

Acc@1 Acc@5

CM-MAE (w/ Curriculum Masking)

1 38.1 60.3
2 38.1 60.4
5 38.4 60.4

10 37.5 59.8

Table F.6: Ablation results to choose the values of hyperparameters λdiv. Showing the zero-shot classifica-
tion accuracy on 10% ImageNet, trained for 200 epochs with the proposed curriculum masking.

5 Discussion
In the context of our preliminary experiments, we have implemented a curriculum up-
date strategy at regular intervals, regardless of the task complexity. Our observations
suggest that more complex tasks may require a longer time to converge compared
to easier tasks. However, in our current setup, where both the masking module and
MAE [24] are trained in the same cycle for improved results (as verified in Table F.1),
we encountered stability issues during adversarial training of the masking module.
Despite introducing gradient clippings, the training process became unstable, mak-
ing it infeasible to train the masking module for extended periods in the adversarial
setting.

To address this issue, we devised a solution involving early stopping for the mask-
ing module while allowing the MAE backbone to continue learning with the increased
complexity of the task. This configuration yielded improved results, surpassing the
baseline in zero-shot performance by 2.9% in acc@1 and 3.6% in acc@5 metrics.
However, it is important to note that this paper does not present all the results asso-
ciated with this improved configuration. We are currently expanding upon the ideas
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proposed in this paper to explore various scenarios where we determine the ratio of
adversarial training in relation to the MAE backbone.

6 Conclusion
We have introduced a novel approach for self-supervised representation learning, lever-
aging the concept of curriculum masking. Our method involves generating masks of
increasing complexity using a novel masking module. To facilitate this progression,
we have employed a progressive training strategy, wherein the masking module is
trained to generate masks with increasing complexity. The progressive training trans-
lates to adversarial training after η epochs. In order to facilitate the adversarial train-
ing part, we propose a unique training strategy to support the framework of curriculum
learning. We further discovered that even with a very small value for the adversarial
factor, we are able to enhance the complexity of the generated masks and consequently
improve the robustness of the learned representations.
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