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Abstract

Object behavior analysis systems represent one of the most effective ap-
proaches to enhancing security, ensuring smoothness, and promoting safety in
public spaces, roadways, and hazardous environments such as intersections, level
crossings, and pedestrian crossings. Among the various techniques employed
in behavior analysis, anomaly detection stands out as a particularly significant
method. However, it presents considerable challenges due to the complexity of
video environments, difficulties associated with object detection, and the ambigu-
ous definitions of various types of anomalies.

This thesis explores behavior analysis in video, progressing from object de-
tection to classifying these objects based on their states, ultimately determining
whether they exhibit normal or disturbed behavior. Each process step is studied
in detail, incorporating a comprehensive review of existing techniques, including
both classical methods and those based on deep learning. The study also addresses
various scientific and technical challenges and evaluation metrics. The proposed
methodologies and the results obtained from experiments conducted on various
datasets are presented at the end of the study.

The primary goal of the initial step is to robustly detect and localize ob-
jects while considering environmental constraints, such as variations in lighting,
weather conditions, and background movement. To achieve this, we introduce
a novel strategy that utilizes a novel background subtraction architecture. Our
network architecture is conceptualized as a nested network, which is based on
residual autoencoder blocks featuring enhanced. This structure, referred to as
"Nested-net," allows residual autoencoders to improve feature generalization
by extracting multi-scale features at each level, thereby effectively addressing
multiple challenges.

The subsequent step focuses on detecting objects’ abnormal behaviors by intro-
ducing a new approach that employs a convolutional autoencoder to extract spatial
and temporal representations from the appearance and motion of object patches.
This is achieved through data transformation techniques aimed at enhancing
feature learning and classification accuracy.

Ultimately, the results obtained from various datasets demonstrate consistent
performance, surpassing existing state-of-the-art techniques. This not only vali-
dates the proposed method’s effectiveness but also makes it a highly efficient and
recommended solution for practical applications, thereby enhancing the safety
and security of public spaces.

Keywords: Object detection, background subtraction, behavior analysis, deep
learning, video anomaly detection, video surveillance.



Résumé

Les systéemes d’analyse du comportement des objets constituent I'un des
moyens les plus efficaces pour garantir la sécurité, la fluidité et la stireté dans
les espaces publics, les routes et les environnements a risque, tels que les inter-
sections routiéres, les passages a niveau et les passages piétons, entre autres. La
détection des anomalies est 'une des approches les plus étudiées dans I’analyse
comportementale, mais elle demeure une tache complexe en raison de la nature
dynamique des environnements vidéo et des défis liés a la détection d’objets et a
la définition ambigué de ’anomalie.

Ce travail de these s’intéresse a 'analyse des comportements dans les vidéos,
en partant de la détection des objets jusqu’a leur classification selon leur état,
afin de déterminer s’ils présentent un comportement normal ou anormal. Nous
avons étudié chaque étape de maniere indépendante. Cette étude couvre la ma-
jorité des techniques actuelles, qu’il s’agisse de méthodes classiques ou basées
sur 'apprentissage profond, en abordant également les obstacles scientifiques et
techniques, ainsi que les différentes métriques d’évaluation. Enfin, nous présen-
tons les approches proposées et les résultats obtenus sur plusieurs ensembles de
données.

Lobjectif de la premiere étape est de détecter de maniere robuste les objets et
de localiser leur position, en tenant compte des contraintes environnementales
telles que les variations d’éclairage, les changements climatiques, les arriéere-
plans en mouvement, etc. Pour cela, nous avons proposé une stratégie efficace
reposant sur une nouvelle architecture de soustraction de fond dans les vidéos.
Notre réseau est concu sous forme d'un réseau « imbriqué », basé sur des blocs
d’auto-encodeurs résiduels intégrant davantage de connexions de type skip, d’ou
Pappellation "imbriqué". Ces auto-encodeurs résiduels permettent une meilleure
généralisation des caractéristiques en extrayant davantage de descripteurs multi-
échelles a chaque niveau, ce qui permet de relever de nombreux défis.

La seconde étape vise a détecter les comportements anormaux des objets
via une nouvelle approche utilisant un auto-encodeur convolutif permettant
d’extraire des représentations spatio-temporelles a partir de ’'apparence et du
mouvement des objets, tout en utilisant des transformations de données pour
améliorer 'apprentissage des caractéristiques et la classification.

Enfin, les résultats obtenus sur plusieurs ensembles de données ont démontré
des performances stables et une supériorité par rapport aux techniques existantes,
rendant la méthode proposée plus efficace et fortement recommandée.

Mots-clés : détection d’objets, soustraction de fond, analyse de comportement,
apprentissage profond, détection d’anomalies vidéo, surveillance vidéo.
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Chapter 1. INTRODUCTION

1.1 Context

Computer vision applications give remarkable importance to monitoring sys-
tems, essential to raising the safety and security of human mobility and goods
transportation, thus significantly contributing to overall quality. It has become
necessary to scrutinize the actions of individuals and vehicles to distinguish
between typical and abnormal behaviors. However, security personnel need assis-
tance in monitoring screens for extended periods to detect and proactively respond
to potentially dangerous situations [1, 2].

In recent years, researchers and authorities have collaborated to develop
intelligent traffic surveillance systems. These systems use video cameras and
advanced algorithms to identify and monitor moving objects, including vehicles,
pedestrians, and other objects. Identifying and monitoring moving objects is
based on inferring “what is happening” within the scene, including recognizing or
classifying behavior by collecting attributes such as posture, movement, gestures,
and more [3].

The analysis of abnormal behavior is a significant field that involves studying
and understanding the behavioral patterns of individuals or objects to detect any
unusual or suspicious events and activities. The evolution of behavioral analysis
began with the manual observation of human behavior and has since progressed
towards developing sophisticated automated systems founded on artificial intel-
ligence and machine learning methodologies, which have greatly improved the
precision and speed of behavioral analysis. This signifies a noteworthy advance-
ment in the ongoing process of improving the methods used in this field.

The process of detecting abnormal object behavior demonstrates proficiency in
extracting valuable insights, including appearances, paths, human activities, and
interactions. A consistent approach across these applications involves a two-step
process: initially detecting and tracking moving objects, followed by analyzing
their behaviors [4] to identify suspicious activities, anomalies, and noteworthy
events.

Behavior analysis systems must possess the capability to describe and identify

behaviors associated with various concepts, as outlined by [5]:

* Property refers to an attribute of an object, such as its speed, trajectory, and

direction.
e State: represents a situation defining one or more objects at a specific time.
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¢ Event: Signifies an object’s situation from one instant to another.

¢ Situations: Comprising a mix of sub-scenarios, states, and events.

Examples of abnormal object behavior are illustrated in Figure 1.1.

Figure 1.1: Sample images from the ShanghaiTech Campus Database. From left
to right: running, fighting, and non-allowed objects.

The traditional structure of Object Behavior Analysis (OBA), as illustrated
in 1.2, consists of three main stages: object detection and recognition, object
tracking, and analysis of their behavior. Methods that follow these steps typically
extract discriminative features and use traditional machine-learning techniques

to analyze the object trajectory in the video to detect abnormal behavior.

. Object dete.ct.lon and Object tracking Normal/Abnormal
Input video recognition

Figure 1.2: Traditional process of Object Behavior Analysis.

The first phase focuses on robustly detecting, localizing, and recognizing the
objects while accommodating environment-related challenges such as varying
illumination, weather conditions, and occlusions. While the second phase focuses
on tracking objects extracted from the first step, modern deep learning-based

methodologies have shifted away from object tracking due to occlusion issues in

3
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crowded scenes. Subsequently, this leads to its exclusion from our dissertation
research. The third and final stage is dedicated to analyzing the behavior of the
detected objects to identify potentially dangerous and abnormal situations.

The advanced architecture for Object Behavior Analysis (OBA), as illustrated
in 1.3 employs deep learning and advanced methods based on just two crucial
stages, as : detecting objects and subsequently analyzing their behavior to infer

anomalies.

Object detection

e mmp | Normal/Abnormal
Input video and recognition

Figure 1.3: Advanced process of object behavior analysis.

1.1.1 Object detection

One important and challenging topic in computer vision is object detection.
It involves locating instances of specific objects in images and videos, such as
people, animals, and cars. Techniques such as frame differencing, optical flow, and
background subtraction are used to detect changes or movements, which aids in
effective object identification and localization in natural images. Object detection
integrates machine learning (ML) and deep learning (DL) models with segmenta-
tion methods and deep convolutional neural networks (CNNSs) to represent image
features effectively. Background subtraction is considered the most significant

technique, balancing computation time and detection quality [6—10].

1.1.2 Abnormal behavior detection

Behavior analysis in surveillance systems is a critical and complex area of
computer vision research. Detecting irregular or abnormal behavioral patterns
involves recognizing the distinct characteristics of objects’ actions and interactions,
which are highly dependent on the context and movement patterns of the objects

within a scene.
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A major challenge in defining abnormal behavior lies in the variability of
criteria and context across different scenarios, making it difficult to establish a
universal definition.

By leveraging machine learning and computer vision algorithms, it is pos-
sible to analyze the movements and interactions of objects in scenes captured
by surveillance cameras. This facilitates the detection of suspicious activities,
identification of behavioral patterns, and extraction of valuable insights that

enhance the effectiveness of security and surveillance systems.

1.2 Problematics

The field of abnormal object behavior has seen significant advancements and
has drawn considerable interest from the research community because of its
diverse range of applications. For many decades, researchers have been exten-
sively exploring this field. Numerous techniques have been introduced, including
traditional and deep learning methods. Despite the creation of various approaches,
each has a unique set of limitations, and numerous technical and scientific hurdles

persist. The primary issues include:

* Scene complexity and object detection constraints: The efficiency of
the object behavior analysis approach always depends on the robustness of
the object detection techniques. Most of these methods are affected by the
complexity of the scene or the limitations imposed by the environment, such
as illumination changes, occlusions, shadows, or dynamic backgrounds like

waves and moving trees. Dealing with these challenges is often quite tricky.

¢ Addressing the Diversity of Abnormal Behavior: How can we effec-
tively analyze a wide range of abnormal behaviors, including incidents
such as fighting, violence, theft, and dangerous behaviors? Unlike action
recognition, anomalies lack a distinct definition that allows for clear differ-
entiation from regular events [11]. Anomalies typically encompass a broad
spectrum of activities, and their characterization may vary across different

applications and datasets.

¢ Limited Availability of labeled data: Abnormal object behavior data is
often scarce and may need more quantity for training and evaluation pur-

poses. Currently, most of these methods require a labeled dataset containing

5
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regular events, which restricts their applicability because it necessitates

human intervention for continuous system retraining.

¢ In conventional surveillance systems, the capacity to identify and proactively
address suspicious behaviors is often lacking in public places and hazardous

environments such as road and rail intersections and pedestrian crossings.

1.3 Aims and objectives

The primary goal of the thesis is to develop a deep learning model designed
explicitly for detecting abnormal object behavior in videos. Furthermore, the
thesis outlines the following objectives:

The primary aim is to develop an intelligent video surveillance system tailored
for extracting and analyzing object behavior in hazardous environments such
as road intersections, level crossings (road/rail intersections), and pedestrian
crossings. The expected system is divided into three main stages: object detection,
object recognition, and extraction and analysis of object behavior.

The first stage involves robustly detecting and localizing objects while consid-
ering constraints such as changes in lighting, weather conditions, and occlusions.

The second stage involves object recognition. Enhancing the behavior analysis
with prior knowledge is essential to improve their performance.

The third stage is dedicated to analyzing the object’s behavior to detect poten-

tially dangerous situations through spatiotemporal analysis.

1.4 Contributions

Accurate detection of moving objects is crucial for identifying abnormal object
behavior in video clips, particularly considering the complexities inherent in the
scene, as highlighted in the sections above.

This thesis centers on two principal components. The first component involves
the exploration and advancement of background subtraction techniques, with key

contributions outlined as follows:

¢ Undertaking a comprehensive review of object detection approaches, espe-

cially background subtraction methodologies.
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* Introducing a novel supervised deep learning model developed specifically
for background subtraction, showcasing a new architecture structured as
a nested network with multiple skip connections between the proposed

residual mini-autoencoders.

¢ Conducting a comparative evaluation against recent state-of-the-art meth-

ods.

The second aspect represents the exploration and enhancement of abnormal object

behavior detection, with pivotal contributions delineated as follows:

* Proposing a novel unsupervised feature learning by introducing a novel
method for generating data that utilizes object-centric-based irregularity
creation to ensure regular feature learning without compromising inference
speed. Our objective is to enhance the learning of regular features by in-
tegrating spatial and temporal transformation techniques during training,

incorporating irregular information extracted from regular object boxes.

* Introducing a new frame-based abnormal behavior detection approach em-
ploying a 2D autoencoder with channel attention to learn spatial and tem-

poral representations from the object patches.

* Proposing a new training and feature learning strategies for object-based

abnormal behavior detection

1.5 Thesis Outlines

Our research in this thesis presents a coherent outline as follows:

¢ In Chapter 2, we conducted a state-of-the-art review in object detection with
a focus on the background subtraction aspect, emphasizing key concepts,

utilized approaches, and challenges encountered in this field.

* In Chapter 3, we comprehensively review the field of abnormal behavior
detection in video surveillance. A review of several algorithms will be dis-

cussed.

¢ Chapter 4 outlines in detail the critical steps of our proposed method in the

background subtraction domain, starting with feature extraction, moving

7
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on to modeling, and finishing with a comparative evaluation against the

recent state-of-the-art techniques.

¢ Chapter 5 is divided into two parts for clarity and in-depth exploration of
our proposed methodologies where : Part 1: offers a comprehensive overview
of our proposed frame-based anomaly detection and abnormal behavior
identification approach. It begins by outlining the feature extraction and
transformation processes, followed by the modeling phase. Part 2: delves
into our proposed method for detecting abnormal behavior at the object level.
This section explains the feature extraction and transformation processes,
thoroughly describes our methodologies, and concludes with an experimental

evaluation of the proposed approaches.

¢ In Chapter 6, we provide an overall conclusion regarding our work and a

concept for future work.
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Chapter 2. RELATED WORK ON OBJECT DETECTION

2.1 Introduction

Object detection is a prominent subject in scientific research, notably in com-
puter vision applications, which involves identifying and locating instances of
objects in images and videos. Our emphasis in object detection revolves around
two key aspects: instance detection and foreground segmentation.

This chapter thoroughly summarizes the literature on instance detection and
foreground segmentation. It summarizes the most commonly used datasets and
evaluation metrics. It also provides a detailed summary of previous works, the
most recent developments in this field, and a comparison of several available
methodologies. The chapter also presents several limitations and general opinions

in the field before concluding with a summary.

2.2 Instance Detection and segmentation

Object detection systems are designed to accurately recognize objects (such as
people, cars, and bicycles) as illustrated in figure 2.1 and determine their location
and coordinates by providing approximate localization and exact extent using
bounding boxes [12, 13].

Figure 2.1: Example of instance detection.

Most object detectors that employ machine learning and deep learning tech-

niques encounter several challenges, including difficulties in detecting smaller
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objects, errors resulting from an imbalance between foreground and background
classes, as well as the requirement of large datasets and significant computational
power [9, 13, 14].

Efficiency and scalability challenges in object detection arise from the com-
putational complexity of handling multiple classes, locations, and scales within
images. There is also a need to manage high data rates and previously unseen

objects without relying on extensive manual annotations [13].

2.2.1 Datasets
2.2.1.1 The PASCAL VOC (Visual Object Classes)

The PASCAL Visual Object Classes (VOC) dataset series!' [15], developed
from 2005 to 2012, serves as a benchmark for object detection and classification
algorithms. It includes 20 common visual object categories across 11,000 images,
divided into major groups such as animals, vehicles, people, and household items.
These datasets feature over 27,000 labeled object instances, with nearly 7,000
having detailed segmentations as illustrated in figure 2.2. The PASCAL VOC
datasets are evaluated using the interpolated average precision metric, focusing
on accurate positive detections, false positives, and missed detections. Each year’s
dataset retains previous images, allowing for consistent year-to-year performance

comparisons. Despite being foundational in establishing standardized evalua-

tions for recognition algorithms, PASCAL VOC has been overshadowed by larger
datasets like ImageNet and MS COCO in recent years.

Figure 2.2: Instance segmentation samples from Pascal VOC 2012 dataset.

Thttp://host.robots.ox.ac.uk/pascal/VOC/
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2.2.1.2 ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

ImageNet? [16] is a crucial large-scale benchmark dataset with numerous
subsets and challenges to measure the performance of object detection and
classification algorithms. The ImageNet Large Scale Visual Recognition Chal-
lenge (ILSVRC) Challenge is based on ImageNet and expands on PASCAL VOC’s
aims, offering a consistent evaluation for detection algorithms with a much wider
variety of object classes and images. Specifically, ILSVRC2014 contains subsets
of images around 450k for training, 20k for validation, and 40k for test images.
ImageNet1000, a subset of ImageNet, features 1.2 million images across 1000
object categories, serving as a standard benchmark for image classification chal-
lenges. ImageNet ultimately encompasses tens of millions of annotated images
organized semantically. This large-scale and diverse dataset is significantly more

comprehensive and accurate than other image datasets.

2.2.1.3 Microsoft Common Objects in Context (MS COCO) dataset

The Microsoft Common Objects in Context (MS COCO) dataset 2 [17] is meant
to recognize and segment objects in real scenarios. It includes 91 major object
categories, with 82 comprising more than 5,000 labeled instances. The collection
includes 2.5 million annotated instances spread over 328,000 images. Unlike
ImageNet, which often has vast, well-centered objects, MS COCO presents objects
in complex, cluttered scenes, more reflective of real-world scenarios. It emphasizes
a wide range of object scales, including small objects, and provides richer con-
textual information with an average of 7.7 objects per image compared to 3.0 in
ImageNet and 2.3 in PASCAL VOC. Additionally, MS COCO uses a comprehensive
evaluation metric, measuring mean average precision over a range of thresholds
[0.5, 0.95] and separately evaluating small, medium, and large objects to ensure
accurate detector performance across various object sizes. MS COCO is a stringent

benchmark for modern object detection and segmentation tasks.

2.2.2 Evaluation metrics

To emphasize the effectiveness of object detection methods, many papers

such as [18, 19] have explained the performance metrics for evaluating pre-

2https://www.image-net.org/challenges/LSVRC/
Shttps://cocodataset.org/
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trained object detection-based algorithms. The most frequently utilized metrics
for measuring detection accuracy are Average Precision (AP) (eq: 2.4) and mean
Average Precision (mAP) (eq: 2.8). Before defining AP, we need to establish some
fundamental concepts that contribute to its definition. In order to determine
what constitutes a "correct detection” it is important to employ Intersection Over
Union (IOU)(eq: 2.1), which is a measurement based on the Jaccard Index, used to
quantify the overlapping area between the objects being compared where detection
is classified as correct if its IOU meets or exceeds the threshold t; otherwise, it is

considered incorrect.

area(bnbg)
I0U(b,bg) = ——— 2.1
(6,68) area(bubg) 2.1)

¢ True Positive (TP) represents accurately detecting a ground-truth bounding

box.

¢ False Positive (FP) signifies an erroneous identification, either by detecting

a nonexistent object or misplacing an object inaccurately.

¢ False Negative (FN) occurs when a ground-truth bounding box goes unde-
tected.

Precision (Pr) (eq: 2.2) and Recall (Re) (eq: 2.3) are important metrics for evaluat-
ing model performance. Precision quantifies the accuracy of positive predictions,

whereas recall (Re) assesses the model’s ability to detect all relevant cases.

TP

Pr=——"_ (2.2)
TP +FP
TP
_ 2,
Re=rp 7N (2.3)

A suitable detector should maintain high precision and recall, indicated by a high
Area Under the Curve (AUC), which is smoothed using APy or AP,;; interpola-
tion to remove zigzags. The AP}, interpolation involves averaging the maximum

precision values at £ = 11 equally spaced recall levels from 0O to 1.

APk = Printerp(Re) (2.4)

Ree€{0,0.1,...,0.9,1}

| =
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Printerp(Re) = max Pr(Re) (2.5)
Re:Re=R
APy = Z(Ren+1 _Ren)Printerp(Ren+1) (2.6)
n
Printerp(Ren+1): _ Iax Pr(Re) 2.7
Re:Re=Rep1
1 N
=1

2.2.3 Related work

Several approaches have been presented for real-time object detection. This

section covers both classic and deep learning approaches.

2.2.3.1 Traditional methods

Traditional object detection methods lean on low-level cues like color, edges,
texture, and gradients. Previous approaches in this area have used hand-crafted
features due to the need for advanced image representation techniques and limited
computational resources. Techniques such as the Viola-Jones (VJ) detector, HOG,
and SIFT have been used to identify objects. Despite some limitations, traditional
methods have achieved remarkable success, especially with the PASCAL VOC
dataset, by generating feature descriptions that accurately identify regions of
interest in images.

The Viola and Jones (VJ) Detectors, as outlined in the publication by Viola
and Jones [20], were the first to achieve real-time detection of human faces;
their detector surpassed other algorithms in terms of speed while maintaining
similar levels of detection accuracy. The VdJ detector uses a straightforward sliding
window technique to examine an image at all possible locations and scales to
detect human faces. Despite its simplicity, the underlying calculations exceeded
the computational capabilities of the time. Another approach [21] introduces

a machine-learning technique for rapid visual object detection. It includes the
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integral image representation for rapid feature computation, AdaBoost for efficient
feature selection, and a cascade method to merge classifiers for background region
elimination. This system achieves high detection rates comparable to existing
systems and operates in real-time applications without image differencing or skin
color detection.

The Scale-Invariant Feature Transform (SIFT) algorithm, created by David
Lowe in 1999 [22] and further refined in 2004 [23], is specifically designed to
identify and describe local image features in an invariant manner to scale, making
it particularly suitable for object recognition. SIFT employs a multi-stage filtering
process to detect key points in scale space by locating the most extreme points
of a difference-of-Gaussian function. Each key point generates a feature vector
that captures the scale-space coordinates of the local image region. Furthermore,
by blurring the image gradient orientations, SIF'T offers some tolerance to local
variations such as affine or 3D projections. The resulting feature vectors, known
as SIFT keys, are highly distinctive and resilient to changes in position, scale,
rotation, lighting, vibration, and minor perspective shifts.

In 2005, N. Dalal and B. Triggs [24] proposed the Histogram of Oriented Gradi-
ents (HOG) feature descriptor to enhance earlier methods like the scale-invariant
feature transform (SIFT) and shape contexts. HOG is specifically designed for
object detection, working on a dense grid of uniformly spaced cells, with overlap-
ping local contrast normalization applied across blocks. This approach ensures
that HOG is resistant to geometric and photometric transformations, apart from
object orientation, making it highly effective for detecting pedestrians. The HOG
detector resizes input images to detect objects of different sizes while maintaining
a constant detection window size. This technique has profoundly impacted various
object detectors and computer vision applications because it can ensure reliable
object detection under diverse conditions. It achieves this by dividing images
into small interconnected regions called cells, creating a histogram of gradient
directions for each cell, and combining these histograms into a feature descriptor.
HOG's effectiveness is significantly enhanced when combined with linear SVM for
human detection. This combination enables HOG to utilize fine-scale gradients,
precise orientation binning, coarse spatial binning, and high-quality local contrast
normalization, further highlighting its importance. The significance of HOG is
underscored by its performance on a challenging dataset of human images.

A Deformable Part Model (DPM) [25] for object detection demonstrates signifi-
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cant performance improvements over previous methods. P. Felzenszwalb initially
proposed DPM in 2008 as an expansion of the HOG detector, using a strategy of
breaking down objects into their constituent parts using "divide and conquer."
The system includes new discriminative training methods, such as a margin-
sensitive approach for identifying challenging negative examples and a latent
SVM framework for utilizing more latent information in future improvements.
DPM’s effectiveness has been confirmed through its successes in the VOC detec-
tion challenges.

An improved DPM featured in [26] describes a cascade detection method that
centers on star-shaped models. It presents an approach based on eliminating
partial hypotheses to speed up object detection while maintaining accuracy. The
method prunes partial hypotheses using a series of thresholds and introduces the
idea of Probably Approximately Admissible (PAA) thresholds.

2.2.3.2 CNN-based methods

The progress in deep learning and neural networks has resulted in the cre-
ation of practical object detection models like R-CNN, YOLO, SSD, and others.
These models are designed to execute tasks such as creating bounding boxes,
estimating class probabilities, and determining confidence scores. These features
render them indispensable in several natural environements. This part provides
a brief overview of different object detection algorithms, including region-based
approaches like R-CNN, Fast R-CNN, and Faster R-CNN, as well as classification-
based methods like SSD, YOLOv1, YOLOv2, YOLOvV3, and so on.

Region-based Convolutional Neural Network (R-CNN) : RCNN is a well-
known technique for detecting objects introduced by Girshick et al. in 2013 [27].
Region-based Convolutional Neural Network (R-CNN) consists of three primary
parts: region extractor, feature extractor, and classifier. It utilizes a selective
search algorithm to divide the image, grouping nearby pixels based on color,
texture, and intensity, resulting in roughly 2000 region proposals per image.
These proposals are resized to a fixed size and fed into a pre-trained Convolutional
Neural Network (CNN), resulting in an N-dimensional feature vector from each
proposal. Subsequently, these feature vectors are classified using a Support Vector
Machine (SVM), refining the localization of bounding boxes with four offset values

to improve detection accuracy. The R-CNN approach is notable for utilizing multi-
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layer convolutional networks to generate highly distinctive features for classifying

image regions and producing bounding boxes or pixel-level segmentation masks.

warped region ﬂ‘ aeroplane? no. |
A = \(\_{ E
: gﬁ. ::B-:%\J'Dberson? yes. |
. : ! CNN\ :
M-~ —
=% | tvmonitor! no. |
1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

Figure 2.4: Overview of R-CNN object detection system [27].

Fast R-CNN : Proposed by Ross Girshick [28], Fast R-CNN addresses the
computational efficiency and memory usage limitations of R-CNN. Unlike R-CNN,
which independently computes feature vectors for each region proposal, Fast
R-CNN processes the whole image through convolutional and max-pooling layers
to generate a convolutional feature map. Regions of Interest (Rols) are extracted
from this feature map and transformed into fixed-length feature vectors using a
Rol pooling layer. These feature vectors then enter fully connected layers, which
split into two branches: one uses a softmax classifier to predict object classes, and
the other outputs offset values to refine bounding boxes. This approach eliminates
the need for separate training of multiple models, significantly improving speed
and memory efficiency. Fast R-CNN is reported to be considerably more accurate,
achieving faster training and testing times and exhibiting higher mean Average

Precision (mAP).

Faster R-CNN : Faster R-CNN, introduced by Shaoqing Ren and others [29] in
2015, enhances the efficiency of real-time object detection by integrating a Region
Proposal Network (RPN) into the architecture. This method starts by inputting
an entire image into a deep convolutional network to produce a convolutional
feature map. A mini-network, utilizing an n x n block from this feature map,
generates region proposals through a sliding window mechanism. This mini-

network includes two fully connected layers: a regression layer that outputs 4
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x k encoded coordinates for k boxes and a classification layer that outputs 2 x
k probability estimates to determine if each proposal contains an object. These
proposals are parameterized relative to k anchor boxes of various sizes and aspect
ratios. The RPN is a fully convolutional network that forecasts object boundaries
and objectness scores at every position. This permits nearly cost-free region
proposals by sharing full-image convolutional features with the detection network.
This integration enables high-quality region proposals, which are then utilized by
Fast R-CNN for detection, significantly increasing the efficiency and accuracy of
object detection. The unified network with shared convolutional features utilizes
the "attention" mechanism to guide the network on where to focus, streamlining

the object detection procedure.

Single Shot MultiBox Detector (SSD) : The Single Shot MultiBox Detector
(SSD) [30] is an efficient object detection technique that performs classifying
and localizing objects in one pass, distinguishing itself from region proposal
algorithms like Faster R-CNN. To generate feature maps from the input image,
SSD uses the VGG-16 model architecture and utilizes 3 x 3 convolutional filters
for predicting both bounding boxes and class scores simultaneously. By processing
feature maps at various scales, SSD can effectively detect objects of different
sizes, with lower-resolution maps capturing larger objects and higher-resolution
maps detecting smaller ones. Default bounding boxes, with different aspect ratios
to cover a broad spectrum of real-world scenarios, are compared with ground
truth boxes using IoU! (IoU!). The Non Maximum Suppression (NMS) eliminates
unnecessary detections, ensuring that the final output contains the most relevant
bounding boxes. This multi-scale approach allows SSD to maintain high detection
quality without compromising speed, making it faster than YOLO and as accurate
as region-based detectors like Faster R-CNN.

You Only Look Once (YOLO) : You Only Look Once (YOLO) [31] revolution-
ized object detection by simplifying the process into a single step, unlike previous
methods like R-CNN. YOLO processes an entire image in one step, achieving
impressive speed and performance. YOLOvV1 splits an input image into an s x s
grid, and each grid cell serves as the basis for detecting objects. YOLOv2 improved
over YOLOvV1 by addressing localization and recall limitations. YOLOv3 [32] fur-

ther enhances detection capabilities. YOLO’s approach differs from region-based
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Figure 2.5: Overview of SSD object detection framework [30].

methods like Faster R-CNN, where it can struggle with localization errors, partic-
ularly for small objects and scenes with many objects. YOLOv2 and YOLO9000
[33] include improvements like batch normalization and k-means anchor boxes.
YOLO9000 can detect over 9000 object categories in real time.

S

Final detections

S x S grid on input

Class probability map

Figure 2.6: Overview of YOLO object detection model [31].

2.3 Foreground segmentation

Foreground detection is a prominent area of study in scientific research, es-
pecially in computer vision. Numerous techniques have been developed for this

purpose, with the majority of object detection approaches relying on background
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subtraction methods. Background subtraction is widely regarded as an efficient
technique and plays a critical role in various computer vision tasks, such as object
localization and behavior recognition [34, 35].

The core principle of this method involves creating a background model that
aligns with the scene’s characteristics based on pixel or region-level observations
[36]. This is done by subtracting the static elements of the scene, referred to as

the background, from the current frame (see figure 2.7).

Subtraction

Current frame

=

Threshold
T

Current foreground
mask

Background model

Figure 2.7: Overview of background subtraction framework.

Various background subtraction methods have been proposed, focusing on
modeling the background for individual pixels and detecting movement at the
pixel level. Additionally, some algorithms use regional modeling techniques. Each
approach has unique features, advantages, limitations, and varying abilities to
address challenges. Background subtraction algorithms face several inherent
issues in video surveillance, with background motion, changing illumination,
and shadows being particularly challenging for object recognition in surveillance
systems [37-39].

2.3.1 Datasets

Numerous algorithms have been created for background subtraction tasks in

recent years. However, the absence of a widely accepted, realistic, and large-scale
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video dataset to compare these methods has been challenging. Consequently,
researchers have developed several databases to fulfill this need. In the follow-
ing section, we will highlight the most significant ones, such as (CDnet, SBI,
LASIESTA, and UCSD).

2.3.1.1 Change Detection (CDnet)

The Change Detection CD dataset* is a widely recognized benchmark intro-
duced at the IEEE Change Detection Workshops. It consists of two versions:
CDnet 2012 [40] and CDnet 2014 [38]. CDnet 2012 includes nearly 90,000 frames
from 31 video sequences across six categories, covering both color and thermal
modalities. Each frame is meticulously annotated with ground-truth information
for the foreground, background, region of interest (ROI), and shadow boundaries,
facilitating accurate quantitative evaluation and comparison of change detection
methods.

Categories Input GroundTrut Categories Input GroundTrut
sample h sample sample h sample

Basecline

DynamicBa Intermittent
ckground ObjectMoti
e o on

BadWeather

Shadow

Cameraljitte
r

LowFramer
ate

Figure 2.8: Example of video frames from CDnet 2014 dataset [38].

CDnet 2014, introduced later, addresses additional challenges in 5 categories
and includes 22 videos, totaling 53 videos across 12 categories. This makes it
a comprehensive resource for evaluating change detection methods in realistic

scenarios. (Figure 2.8) represent examples of frame samples.

4http://changedetection.net/
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2.3.1.2 Scene Background Initialization 2015 (SBI2015)

The Scene Background Initialization SBI 2015 dataset® [41], introduced by
Maddalena and Petrosino in 2015, is an extensive resource, somewhat smaller
than CDnet 2014. The dataset comprises 14 challenging video sequences, each
with corresponding ground truths. There are nearly 5,029 frames from eight pub-
licly available datasets developed in 2015 for assessing and contrasting different
background initialization algorithms. The dataset encompasses indoor and out-
door scenes, presenting various challenges like shadows and moving backgrounds.
Figure 2.9 represents example video frames from the SBI dataset featuring origi-

nal frames and their corresponding ground truths.

Input example GroundTruth Input example GroundTruth

Figure 2.9: Example of video frames from SBI 2015 dataset [41].

2.3.1.3 Labeled and Annotated Sequences for Integral Evaluation of
SegmenTation Algorithms (LASIESTA)

The LASIESTA dataset® [42], established in 2016, is an extensive collection
of 48 videos recorded in various indoor and outdoor settings using both static
and moving cameras with 18,425 video frames, the dataset is categorized into

indoor sequences, outdoor sequences, indoor sequences with simulated motion,

Shttps://sbmi2015.na.icar.cnr.it/SBIdataset.html
Shttps://www.gti.ssr.upm.es/data/lasiesta_database/
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and outdoor sequences with simulated motion. It encompasses various motion
types and intensities, presenting challenges for analysis and research. Some
examples from the LASIESTA dataset are shown in Figure 2.10.

Input example GroundTruth Input example GroundTruth

Figure 2.10: Example of video frames from LASIESTA dataset [42].

2.3.1.4 UC San Diego dataset (UCSD)

The UCSD Background Subtraction dataset’ was developed by the Statistical
Visual Computing Laboratory (SVCL). It includes 18 video sequences that were
recorded in outdoor environments. The ground truth masks are given as 3D array
variables in MATLAB. Some examples from the UCSD dataset are shown in
Figure 2.11.

2.3.2 Evaluation metrics

The assessment makes use of different measurements: mean F-score 2.15,
mean recall (Re) 2.9, specificity (Sp) 2.10, mean precision (Pr) 2.14, false positive
rate (FPR) 2.11, false-negative rate (FNR) 2.12, percentage of incorrect classifica-

tion (PWC) 2.13. These measurements are computed based on various components,

7http://www.svcl.ucsd.edu/projects/background_subtraction/
ucsdbgsub_dataset.htm
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Input example GroundTruth Input example GroundTruth

Figure 2.11: Example of video frames from UCSD dataset.

which encompass True Positive (TP), True Negative (TN), False Positive (FP), and
False Negative (FN). These components are established by comparing the actual

labels to the forecasted outcomes, wherein:

Re = #ﬁ\f—i—a (2.9)
Sp= % (2.10)
FPR = If% (2.11)
FNR = #AZIVHZ (2.12)
PWe= TPlf %12 Tﬁﬁ?ﬁ a (2.13)
Pr= TP +F§Ijr alpha 214
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RePr
F =20——— 2.15
measure RerPria ( )

¢ TP (True Positive): The total count of pixels accurately classified as fore-

ground.

e FP (False Positive): The overall count of pixels inaccurately classified as

foreground.

* TN (True Negative): The total count of pixels accurately classified as back-
ground.

¢ FN (False Negative): The total count of pixels inaccurately classified as
background. In addition,

a: denotes a small threshold specified at 0.00001.

2.3.3 Related work

Many researchers have tried to develop an accurate technique for a particular
scene in background subtraction. However, conventional methods are effective
in some scenarios and require improvement in others. This section will outline
traditional (parametric, non-parametric) and deep learning-oriented approaches

for background subtraction.

2.3.3.1 Traditional methods

Over the past few decades, researchers have explored parametric methods for
video background subtraction. Wren et al. [43] pioneered a parametric approach
by modeling each pixel using a single Gaussian distribution, relying on the
mean and variance to detect local pixel changes. Building on this, Stauffer and
Grimson [44] introduced the Gaussian Mixture Model (GMM), which uses a
set number of Gaussians to address background texture variations caused by
dynamic environments. Numerous subsequent studies have further refined this
model [45—48].

The authors in [45] introduced a method that enhances the adaptive back-
ground mixture model. They achieve this by utilizing various update equations

at different stages, allowing quicker and more precise learning and effective
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For each pixel

‘ GMM initialization
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Figure 2.12: Classical GMM framework [49].

adaptation to changing environments. Additionally, they propose a shadow detec-
tion scheme based on a computational color space, which results in an improved
segmentation compared to Grimson et al.’s method [44]. Furthermore, Lee [46]
introduces a solution to enhance the convergence rate without sacrificing model
stability. This is accomplished by substituting the global and static retention
factor with an adaptive learning rate that is computed for each Gaussian at each
frame. The results demonstrate significant improvements in both synthetic and
real video data. The integration of this algorithm into a statistical framework for
background subtraction results in improved segmentation performance compared
to a standard method.

Moreover, Zivkovic [47] used recursive equations to update each pixel’s para-
meters. Additionally, Zivkovic and Van Der Heijden [48] have presented a simple
non-parametric adaptive density estimation method. Furthermore, a Mixture of
Gaussians (MoG) has been incorporated into several other proposed techniques,
as seen in [50-54].

Nguyen et al. [53] proposed a new asymmetric based on a variational Bayesian
learning mixture model for model detection and selection using multiple Student’s-

t distributions.
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Akilan et al. [50] introduced an enhancement strategy that combines color and
illumination measures. They achieved this by checking pixel matches with Gaus-
sian distribution and adaptively setting the threshold through foreground valida-
tion. Conversely, Haines et al. [51, 52] proposed a novel method that integrates
a Dirichlet process into a Gaussian mixture model to estimate the background
distribution for each pixel, followed by applying probabilistic regularization. Ad-
ditionally, Nguyen et al. (2014) proposed an asymmetric variational Bayesian
learning mixture model for detection and selection using multiple Student’s-t
distributions.

Zhao et al. [55] introduced a novel approach for motion detection in dynamic
scenes, combining a Type-2 Fuzzy Gaussian Mixture Model (T2-FGMM) with
a Markov Random Field (MRF). Their method integrates spatial-temporal con-
straints into the T2-FGMM using a Bayesian framework.

Another Type-2 Fuzzy modeling has been presented by Darwich et al. [49].
Route et al. [54] have presented a new GMM framework that combines a Wron-
skian framework with the Mixture of Gaussian (MoG) process to identify local
changes.

Several methods have been created for estimating background models for
individual pixels in non-parametric approaches. Elgammal et al. [56] introduced
Kernel Density Estimation (KDE) as a new background model, which estimates
the probability of observing pixel intensity values for each pixel.

Maddalena et al.[57] introduced a Self-Organizing Background Subtraction
(SOBS) using Artificial Neural Network (ANN). In this approach, every pixel is
associated with a 2 — D grid of neurons, and each neuron has a weight vector of
size nn. The method utilizes the HSV color space and calculates the Euclidean
distance between vectors to differentiate between foreground and background
pixels. It also utilizes a dynamic threshold € for this purpose. The process starts
by initializing the model for the first frame and storing the Hue Saturation
Value (HSV) components as weight vectors. When a new pixel p; arrives, the model
identifies the best matching based on the Euclidean distance. An established
match indicates a background pixel, and a learning factor B(¢) that varies over
time is used to update the weight vectors in the nn neighborhood. If there is no
match, the pixel’s similarity to the background model determines whether it is a
shadow or foreground. This approach effectively adapts to changing backgrounds

and accurately distinguishes foreground objects from shadows.
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The authors have improved their method by developing a fuzzy rule-based pro-
cedure called SOBS_CF [58]. This enhanced SOBS algorithm integrates spatial
coherence to improve background subtraction by considering adjacent pixels with
slight intensity variations as coherent. This approach increases robustness against
false detection. Additionally, it enhances the background model by automatically
adjusting pixel contributions during the update phase using a data-dependent
mechanism.

The Codebook algorithm, as presented by Kim et al. [59, 60], constructs a
background model using a quantizationclustering method. Every pixel is repre-
sented by a codebook (CB) containing codewords (CW) to depict the background.
The proposed Codebook is presented as follow:

The Codebook algorithm operates in two phases: a learning phase for generat-
ing initial codebooks and a subtraction phase for extracting the background. When
a new pixel is encountered, its intensity is computed, and the color distortion be-
tween this pixel and a codeword is also assessed. The algorithm allows brightness
changes within a predefined range, constraining the shadow and highlight levels.
This range is specific to each codeword and ensures that alterations within this
range are deemed valid. The logical brightness function verifies whether the pixel
intensity falls within the permitted range of each codeword, thereby determining
if the pixel corresponds to the background model.

Heikkila et al. [61] introduced a new texture-based method for background
modeling in a video sequence. Every pixel is represented as a set of adaptable
Local Binary Pattern (LBP) histograms calculated over a circular area surround-
ing the pixel. Adaptive LBP histogram models are constructed for each pixel and
updated over time to represent changes in the scene. Foreground detection in-
volves comparing the LBP histogram with the selected background histograms to
distinguish between static background elements and dynamic foreground objects
within the scene.

SAmple CONsensus (SACON) [62] is a new background model based on
RANdom Sample Consensus (RANSAC) [63]. SACON maintains a cache of N
background samples per pixel and uses a threshold 7', based on sample size and
error tolerance to identify if a pixel is in the background or foreground. Unlike
MOG-based models, SACON does not rely on parameters. Because of its sensitiv-
ity to lighting changes, the RGB color space can cause shadows to be misidentified

as foreground. To minimize this, normalized color coordinates are used to ensure
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consistent intensity ratios obtained using experimentally selected constants.
Barnich et al. [64, 65] developed the VIsual Background Extractor (VIBE)).
This method uses pixel history values and a random strategy to estimate the back-
ground based on samples while propagating information between surrounding
pixels. Figure 3.13 illustrates how each pixel v(x) is compared against N back-
ground samples from previous frames and identified as background if sufficient

samples fall within a predefined radius R. The method’s sensitivity depends on

the ratio #"](}” , and fixed values of R and #,,;,, have proved useful. The model starts
with a single frame, uses surrounding pixel values, and updates conservatively
to avoid deadlocks. Random replacement and time subsampling provide more
temporal coverage, while spatial updates assure consistency. VIBE is a universal

approach not affected by frame rate, color space, or scene content.

& el T \:‘er(!'f:-"_J)

\j

Figure 2.13: To classify v(x) in a 2D Euclidean color space (C1,C2), we count the
samples of M(x) within a radius R around v(x) [65].

Hoffmann et al. [66] introduced an enhancement to the Vibe approach known
as the Pixel-Based Adaptive Segmenter (PBAS). In PBAS, the background model
evolves over time to account for gradual background changes using per-pixel learn-
ing parameters. The significant contribution of PBAS lies in its ability to make
foreground decisions based on a threshold and to update the background through
a learning parameter. Dynamic per-pixel state variables control these parame-
ters and per-pixel thresholds, which play a role in influencing the estimation of
background dynamics.

Bilodeau et al. [67] introduce Local Binary Similarity Patterns (LBSP), a new
binary feature descriptor suitable for background removal. LBSP refers to a nn

region connected to Local Self-Similarity (LSS) [68] LBSP compares a central
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pixel to nearby pixels for similarity, unlike LSS, which compares individual pixels
rather than patches and uses binary codes rather than vectors of integer values.
The LBSP 2.14 is calculated on a nn area R, with nearby pixels being either all

pixels or a subset P of pixels in R.

0

O|O|>=|O|O

Figure 2.14: LBSP computation pattern. X: Center pixel, O: Neighbors in the
computation of the binary code [67].

St-Charles et al. proposed an approach called Self-Balanced SENsitivity SEg-
menter (SuBSENSE) [69, 70]. It incorporates pixel-level feedback loops and em-
ploys Local Binary Similarity Pattern (LBSP) features in a nonparametric feed-
back model. Figure 2.15 depicts the three crucial phases of the approach: sample-

based modeling, pixel-level modeling, and a feedback mechanism. The initial step
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Figure 2.15: The SuBSENSE block diagram, with feedback relations shown as
dotted lines [70].

of pixel-level modeling classifies individual pixels using Red Green Blue (RGB)
values and LBSP features to improve the recognition of background-like objects
and increase tolerance to light variations. A sample-based model randomly collects

and updates pixel representations in the second step, making efficient change
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detection possible. Finally, a feedback system continuously evaluates the segmen-
tation noise and model accuracy, adjusting the algorithm’s local adaptation speed
and sensitivity.

The same authors have also presented a novel non-parametric pixel-level
background subtraction technique called Pixel-based Adaptive Word Consensus
Segmenter (PAWCS) [71] methodology. It is intended to adapt to various scenarios
without requiring manual parameter modifications. This solution solves short- and
long-term adaptation issues at the pixel and frame level using a persistence-based
word dictionary inspired by classic codebooks and sample consensus techniques.
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Figure 2.16: The schematic of the PAWCS approach with its main components
[71].

This method evaluates each background sample (or word) online for relevance
based on how frequently it appears in all local observations. The model deter-
mines how frequently background samples occur among recent observations to
preserve the minimum number required for precise segmentation. By integrating
these pixel-level models with a dictionary at the frame level and local feedback
mechanisms, the PAWCS system efficiently handles adaptability and consistency
of performance across a range of scenarios.

Bianco et al. [72] investigate combining advanced change detection algorithms
using Genetic Programming (GP) to create a more robust algorithm. The study
utilized a sophisticated combination of carefully selected top algorithms, with
meticulous post-processing procedures executed using GP. This approach uses
GP to automate the algorithm selection process and simultaneously achieves

algorithm selection, combination, and processing.
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2.3.3.2 CNN-based methods

Convolutional neural networks, or CNNs, have shown a significant advance-
ment in computer vision, particularly in object detection, recognition, and tracking.
These networks have outperformed conventional techniques in extracting numer-
ous visual attributes and effectively adapting to the diverse difficulties the visual
data poses.

Braham et al. [73] proposed a background subtraction algorithm using convo-
lutional neural networks (ConvNets) to learn spatial features for background
modeling. The algorithm uses a single grayscale background image and a scene-
specific training dataset to train ConvNets. The approach eliminates the need
for a complex background modeling strategy and does not aim to present a real-
time adaptive technique but explores the potential of deep features learned with

ConvNets for background subtraction.
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Figure 2.17: The overall ConvNet architecture [71].

Babaee et al. [74] introduced a background subtraction system using a deep
Convolutional Neural Network (CNN) for segmentation. The method eliminates
the need for feature engineering and parameter tuning. It subtracts incoming
frames from a background using image patches and processes them through a
CNN, with post-processing to generate the final video frame segmentation. The
method integrates segmentation from the SuBSENSE algorithm [70] and the Flux
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Tensor algorithm [75]) to create background images from video frames. The system
also applies padding to the foreground mask to enhance the model’s robustness
when dealing with low-quality surveillance camera output.

Liao et al. [76] introduced a novel multiscale cascaded scene-specific CNNs-
based background subtraction method. The scene-specific CNN structure consists
of six layers, followed by multiscale cascaded CNNs and a novel training strategy
to address the imbalance between positive and negative samples.

Nguyen et al. [77] proposed a framework for background subtraction using
a sample-based background model and a data-driven feature extractor trained
via a triplet network. The method involves motion feature learning, sample-
based background modeling, and an adaptive feedback scheme to handle dynamic

backgrounds and illumination changes.

Training data

Triplet
Network

transfer
i Output

Motion
Feature
Network

—  [oss

i CD
Methods

Figure 2.18: The schematic representation of triplet network [77].

The Fully Convolutional Encoder-decoder Spatialtemporal Network (FCESNet),
introduced by Qiu et al. [78], is designed for background subtraction in video se-
quences. The network architecture consists of three key components: a feature

encoder, a Spatial Temporal Information Transmission (STIT) module, and a
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feature decoder. The encoder processes consecutive frames independently, pre-
serving crucial spatial information. The STIT module captures spatial-temporal
correlations utilizing a ConvLSTM-based architecture. Following this, the feature
decoder upsamples the outputs of the STIT module to produce subtraction results
for each frame. A patch-based training method addresses sparse foreground pixels
and prevents overfitting. Notably, the network is capable of directly processing

entire frames during inference.

Frame I STIT

i ‘ i Decoder i
sequence i j module g i Sequence

Figure 2.19: Many-to-many network architecture with STIT module for spatial-
temporal information transmission and frame subtraction. [78].

Wang et al. [79] proposed a semi-automatic technique for segmenting moving
objects in surveillance videos using a multi-resolution convolutional neural net-
work (CNN) with a cascaded architecture. Their method aims to generate accurate
segmentation maps suitable for ground truth with minimal user intervention. The
model is trained using a small set of manually annotated frames and is designed
with three variants to tackle different challenges. This approach efficiently utilizes
the redundancy in surveillance video content to learn a foreground-background
model effectively from a limited number of training samples.

Lim et al. [80] introduced a robust Foreground Segmentation Network (FgSegNet)
that employs an encoder-decoder neural network approach for moving object seg-
mentation. They utilized a pre-trained VGG-16 for encoding and a transposed
convolutional network for decoding. This network is designed to be trained as
an end-to-end with minimal training samples, taking an RGB image in three

different scales and generating a foreground segmentation probability mask.
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The researchers also tackled the imbalanced class sample issue by integrating
a Triplet CNN (TCNN) with a transposed convolutional neural network in an
encoder-decoder structure. This approach emphasizes carefully selecting training
examples, especially for dynamic backgrounds or complex scenes. It features a

network architecture incorporating a TCNN for feature encoding and decoding.

Figure 2.20: FgSegNet architecture. [80].

The same authors [81] have designed a robust encoder-decoder neural network
that can be effectively trained with minimal examples as FgSegNet_V2. This
approach enhances FgSegNet’s Feature Pooling Module by integrating feature
fusions for multiscale feature extraction. The architecture utilizes early layers
of the VGG-16 network, and the modified Feature Pooling Module incorporates
dilated convolutions and Instance Normalization. The decoder network utilizes
Global Average Pooling to merge low-level encoder features into high-level decoder

outputs, enhancing segmentation accuracy with minimal computational overhead.

Hx Wt

Figure 2.21: The flow of FgSegNet v2 architecture [81].
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Panda et al. [82] introduced an enhanced version of fgsegnet_V2. They used to
include the FPM with a ResNet-50 encoder-decoder network for handling complex
video scenes, offering a less complex architecture compared to VGG-16. This
model extracts relevant multiscale features for local change detection in complex
videos and uses up-sampling in the decoder to generate a segmented probability
mask for the input image. The encoder network employs a pre-trained ResNet-50
model, and the resulting feature maps are processed through a Feature Pooling
Module (FPM). The decoder network then converts these pooled feature maps into
a pixel-level foreground probability map, which is thresholded to create binary
segmentation labels.

Zheng et al. [83] introduced a new multiscale fully convolutional network
(MFCN) for background subtraction. They utilized transfer learning and Fully
Convolutional Networks (FCN) for semantic segmentation. The authors used to
improve the accuracy by restructuring and fine-tuning the VGG-16 network. The
MFCN-based background subtraction framework comprises two stages: training
and foreground detection. During training, input frames train the model with
corresponding foreground/background label masks. The architecture incorporates
a fully convolutional network with multiscale convolution and deconvolution
operations, making it well-suited for background subtraction tasks.

Tezcan et al. [84] presented a novel supervised background subtraction al-
gorithm Background Subtraction of Unseen Videos Network (BSUV-Net). This
technique uses a fully convolutional neural network to predict foreground ele-
ments in previously unseen videos. BSUV-Net effectively tackles challenges such
as changes in scene illumination and the intermittent presence of stationary ob-
jects. It accomplishes this by utilizing two reference backgrounds at different time
scales and integrating semantic segmentation information to enhance accuracy.
Set apart from traditional methods, BSUV-Net demonstrates true generalizability
to unseen videos and incorporates a data augmentation technique to manage
variations in illumination. Noteworthy components of its network architecture
include residual connections, batch normalization, and spatial dropout layers.
Additionally, it employs a relaxed Jaccard index as the loss function to address
any class imbalance. There has also been a proposal for background modeling
using a Generative Adversarial Network (GAN); Zhang et al. [85] proposed a
GAN based Background Subtraction (BSGAN) technique. This approach employs

a Bayesian GAN for background subtraction, where the background image is
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Figure 2.22: Architecture of MFCN for background subtraction [83].
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Figure 2.23: The network structure of BSUV-Net [84].
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obtained through temporal median filtering. Then, the Bayesian GAN is used to
detect foreground objects.

In subsequent work, the authors introduced Parallel vision and Bayesian
GANSs based Background Subtraction (BSPVGAN) [86], which extends BSGAN by
incorporating parallel vision theory to enhance foreground detection in complex
scenes. Their method involves using a median filtering algorithm to extract the
background image, followed by the Bayesian GAN to classify pixels as foreground
or background. The process includes background extraction, dataset generation,
and training the Bayesian GAN on scene-specific datasets, with iterative training
improving the model’s pixel classification accuracy.

Patil et al. [87] introduced an end-to-end Multi-scale Temporal Pixel Aggre-
gation (MTPA) network, incorporating adversarial learning for scene-dependent
and independent object segmentation. The MTPA network is designed to capture
detailed spatiotemporal features from the current and reference frames. Drawing
inspiration from several studies, their framework presents a novel approach by in-
tegrating multi-scale temporal edge aggregation (MTPA) with an encoder-decoder
architecture, enhanced through adversarial learning, to address the challenge of

Moving Object Segmentation.
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Figure 2.24: Flow-chart illustrating the MTPA structure [87].

Akilan et al. [88] proposed a 3D CNN-LSTM model for foreground-background
(FG-BG) segmentation in video sequences. The model incorporates 3D convolu-
tions and LSTM units to capture short-term temporal dynamics and long-short-
term dependencies. It utilizes a double encoding and slow decoding strategy to
enhance feature representation and localization of foreground objects, outperform-

ing traditional Conv-LSTM networks in empirical evaluations.
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The same authors introduced a novel architecture known as Slow Encoder-
Decoder (sEnDec) [89] to enhance traditional image-to-image Deep Convolutional
Neural Networks (DCNNs) [89]. The sEnDec architecture improves traditional
image-to-image DCNNs by incorporating intermediate feature map up-sampling
and residual connections, which help to recover structural details lost during
spatial subsampling. Unlike the basic U-net, the sEnDec model utilizes 2D convo-
lution for subsampling instead of max-pooling, integrates fusion in both encoding
and decoding subnetworks, and employs a slow decoding strategy involving two
distinct fusions of higher and lower resolution features, mediated by a layer that

integrates convolution, Batch Normalization (BN), and rectification.

2.4 Conclusion

This chapter systematically explores methodologies for identifying moving
and stationary objects, organizing our analysis into two primary sections. The
first section is dedicated to instance segmentation, while the second section
concentrates on foreground segmentation, particularly background subtraction
techniques. We provide a detailed review of the predominant methods and datasets
relevant to each technique, and we review the most widely used metrics for
assessing the performance of these methods.

Moreover, we provide an in-depth analysis of the critical background sub-
traction techniques employed for detecting moving objects, tracing the evolution
of these methodologies over time. This includes a thorough review of classical
algorithms, especially those focused on optical flow. Additionally, we examine the

background subtraction field, which is essential for behavior recognition of moving
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objects in video sequences. While traditional approaches have historically deliv-
ered satisfactory results, recent advancements in deep learning have significantly
improved detection performance, surpassing classical methods considerably.

Furthermore, this chapter highlights several leading deep learning models,
illustrating their effectiveness in achieving superior performance. Given that the
primary objective of this thesis is to analyze object behavior, this chapter offers
a comprehensive overview of effective object detection methodologies. This is a
foundational basis for the subsequent in-depth examination of object behavior,
aiming to identify and analyze behavior within video data.

While many of these approaches have yielded satisfactory results, several
limitations must be recognized. A key challenge with modern deep learning
techniques is their inconsistency in producing solid results in specific scenarios
but falling short in others despite the methods’ complexity. This inconsistency
highlights the need for improved feature generalization, a challenge we specifically
addressed in Chapter 4.
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3.1 Introduction

Detecting suspicious activities and behavior patterns in security and surveil-
lance is crucial, and Object Behavior Analysis (OBA) is a technique that uses
computer vision and machine learning to accomplish this. Although analyzing
behavior in video surveillance is an active research area, it is complex and has
several challenges. The primary focus of OBA is to extract and process patterns of
visual objects’ behavior.

Over the years, the significance of detecting abnormal object behavior in video
surveillance has increased. To this end, several intelligent video surveillance
systems have been developed to monitor moving objects in the scene and analyze
their behavior.

This chapter provides a comprehensive overview of the literature on detecting
abnormal object behavior in video surveillance. It covers this field’s fundamental
challenges, feature extraction techniques, commonly used datasets, evaluation

metrics, previous and recent work, general views, and limitations.

3.2 General presentation

One of the main goals of implementing an automated system for analyzing
security footage is to detect unusual behavior patterns. Which requires thor-
oughly examining and identifying movement patterns and generating detailed

descriptions of actions and interactions between objects or individuals [2, 90, 91].

3.2.1 Behavior representation

Any object, zone of interest, or static object involved in the behavior, such as
individuals, crowds, or groups of people, is an actor of the behavior [5].

The low-level processing stage of behavior analysis is called behavior repre-
sentation, which seeks to record pertinent details that characterize the intended
object in the video. This level is quite complex and demanding as it significantly
impacts how well we understand the behavior of the target object. The behavior
of objects may be represented as (pixels, objects, feature representations, or a set
of features, including global and local features, bounding boxes, texture for crowd

monitoring, shapes for fall detection, and motion information such as trajectories
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for individuals or Optical Flow (OF) for local and global motion) are extracted to
represent objects in a video [90, 92, 93].

Higher-level features, such as those learned with convolutional neural net-
works (CNN) [94], are the most effective in many computer vision applications
[95].

3.2.2 Features extraction

In order to identify abnormalities in video frames, the spatial and temporal
CNN model extracts complex motion information in both space and time.

Deep learning has revolutionized video analysis by using techniques like
Convolutional and Deep Neural Networks. This technology can extract insights
from large, unlabeled datasets and has applications in many fields, such as
computer vision, speech recognition, and healthcare.

These techniques can be grouped into two categories to address the challenges
of spatial and temporal diversity in video data: Convolutional Neural Networks
(CNNs), and Recurrent Neural Networks (RNNs). These methods are highly
skilled in identifying complex feature interactions, learning from raw data, and

working effectively with unlabeled datasets.

3.2.2.1 Spatial features extraction

Convolutional Neural Networks (CNNs) [96] are a crucial aspect of deep learn-
ing, extensively employed in image classification, natural language processing,
and visual recognition. They are highly efficient and accurate models for clas-
sifying image data, which makes them the preferred solution for image-related
tasks. The typical architecture of a convolutional neural network is illustrated
in Figure 3.1. Convolutional Networks are multi-stage architectures made up of
several layers. Each stage takes sets of arrays, known as feature maps, as input
and output. They are made up of three primary layer types, namely convolution,
pooling, and fully-connected layers. These layers work together uniquely to create
a robust CNN architecture. Many researchers use pre-trained models to process
frames in their detection framework, providing more efficient real-time results.
2D CNNs only analyze single frames/images and do not consider temporal or

inter-frame motion information [95, 97-99].
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Input w/Relu

Pooling /Q\\ e

Fully-connected

Figure 3.1: A basic CNN architecture consists of only five layers [100].

3.2.2.2 Temporal features extraction

Recurrent Neural Networks (RNNs) are a type of neural network designed
to examine sequential or time-series data. Recurrent Neural Networks (RNNs)
model sequential data for sequence recognition and prediction by processing real
data sequences in one step at a time. RNNs feature high-dimensional hidden
states with nonlinear dynamics, acting as "memory" for the network to store,
remember, and process past complex signals for long periods. The state of the
hidden layer at a given time is conditioned on its previous state, allowing RNNs
to map an input sequence to the output sequence and predict it at the next step.
The power of RNNSs lies in their ability to generate new sequences by predicting
them based on the training dataset [101, 102].

Several RNN-based techniques for video processing, such as Long Short Term
Memory (LSTM) and Gated Recurrent Unit (GRU), have been created recently
and have all acquired appeal due to the spatio-temporal structure of video data.
This structure refers to the spatial (visual content) and temporal (time-related
changes) aspects of video data. However, among the most popular algorithms for

video processing research, LSTM sticks out [98, 103].

Long Short-Term Memory (LSTM) [103]is a groundbreaking technique used
to address issues related to vanishing and exploding gradients. This method
employs memory cells with gates to regulate the flow of information to the hidden
neurons and retain features captured from earlier time steps. Unlike traditional
methods LSTM stores information in gated cells at the neurons. This makes it
a widely favored and effective technique for solving a wide range of problems
[101, 103, 104].
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3D Convolutional Neural Networks (3D CNNs) expand upon traditional 2D
CNNss to process volumetric input. While both leverage spatial hierarchies and
shared weights for efficient image processing, 3D CNNs which is illustrated in
Figure 3.2 uniquely incorporate depth-related and temporal information. They
utilize 3D kernels to capture spatial and motion features by convolving successive
frames, linking each feature map to the subsequent frames for robust analysis of
volumetric and video data [97, 105, 106].
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Figure 3.2: A standard structure of a 3D CNN [107].

3.2.3 Research challenges

As we progress towards building more intelligent systems for detecting anoma-
lous object behavior in video surveillance, it is vital to address the challenges that
persist in abnormal behavior identification. By using the references [108-112],

these challenges can be summarized as follows:

* Data Sparsity and Diversity: Anomaly detection datasets often suffer
from imbalances, which make it difficult to train supervised models. Fur-
thermore, anomalies are diverse and unpredictable, making it impossible to

include all potential types within a single model.

* Noise: Video surveillance is an essential tool for enhancing the safety of our
communities. However, it often captures data from diverse settings, making
it difficult to manually annotate. Additionally, footage from public areas is
susceptible to various environmental factors that can compromise anomaly

detection accuracy.
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* Time and Space Complexity: The current algorithms require high com-
putational demands, which can restrain the development of straightforward,

efficient, and accurate anomaly detection systems.

Addressing these challenges will allow us to build more effective and efficient
abnormal behavior detection systems that will enhance public safety and

security.

3.3 Datasets

This section provides an overview of datasets designed explicitly for detecting
anomalous behaviors and events in videos. It includes a detailed summary of each

dataset, along with links for easy access.

3.3.1 UCSD

The UCSD dataset!, comprising pedestrians subsets (Ped1) and (Ped?2), is
a prominent resource for video anomaly detection. Created by Mahadevan et
al. (2010) [113], it features crosswalk videos from fixed cameras capturing both
normal pedestrian activities and various anomalies like unexpected objects or un-
conventional motions like cars, skateboarding, and biking. While the dataset offers
diverse scenarios for evaluating anomaly detection approaches, Low-resolution
frames and occasional crowded scenes can be challenging for the system and may
affect its accuracy. Figures 3.3 and 3.4 showcase typical anomalies present in the
dataset, aiding developers in refining their anomaly detection algorithms.

The Ped1 dataset comprises 70 video samples depicting individuals walking
towards or away from the camera, featuring some perspective distortion. It offers
34 training and 36 testing clips, all at 234 x 159 resolution. On the other hand,
the Peds2 dataset consists of 28 video samples with a higher resolution of 360 x
240, offering 16 training clips and 12 testing clips. Both subsets provide ground

truth labels at both frame level and pixel level.

http://www.svcl.ucsd.edu/projects/anomaly/dataset.htm/
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Figure 3.3: Frame samples from the UCSD Ped1l dataset (the first line shows
normal instances, while the second line (from left to right) shows red boxes
depicting unrecognized appearance, skateboarding, motorcyclist, biker.

Figure 3.4: Frame samples from the UCSD Ped2 dataset.

3.3.2 CUHK Avenue

The CUHK Avenue dataset? is a well-known benchmark for video anomaly
detection. This dataset is different from others due to camera angles and position
variations. The CUHK Avenue dataset was introduced by Lu et al. (2013) [114]
and consists of 16 training and 21 testing videos filmed on the CUHK campus
avenue. The dataset offers 15,328 training frames and 15,324 testing frames.
The testing set of the Avenue dataset includes 11,457 normal frames and 3,867
abnormal ones, all at a resolution of 640 x 360. This dataset showcases various
anomalies, such as running, loitering, and throwing objects. Some anomalies were
highlighted in the figure 3.5.

2https://www.cse.cuhk.edu.hk/leojia/projects/detectabnormal/dataset.html/
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Figure 3.5: Sample frames from the CUHK Avenue dataset are displayed as
follows: the first line shows normal instances, while the second line (from left
to right) shows red boxes, including objects depicting running, throwing objects,
abnormal motion direction, and unrecognized appearances.

3.3.3 ShanghaiTech Campus

The ShanghaiTech Campus dataset® was introduced by Liu et al. [115] to over-
come the limited scene diversity in previous benchmark datasets. This extensive
dataset comprises 330 training and 107 testing videos covering 13 different scenes
and various anomaly types. The videos are captured from 13 different cameras,
exhibiting a wide range of lighting conditions and angles. Each video frame has a
resolution of 856 x 480. The testing set includes 23,465 normal frames and 17,326
abnormal frames.

Figure 3.6 shows examples from the ShanghaiTech Campus dataset (Red boxes

indicate abnormal objects).

3.34 UMN

The UMN dataset?, a prominent resource for unusual crowd activity detection,
offers three distinct scenes: Lawn, Indoor, and Plaza. Introduced by Hu et al. (2016)

[116], it comprises 11 clips captured at 30 frames per second with a stationary

Shttps://svip-lab.github.io/dataset/campus_dataset.html
4https://mha.cs.umn.eduw/
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Figure 3.6: Frame examples from ShanghaiTech Campus dataset.

camera ensuring consistent illumination. The scenes contain 1,453, 4,144, and
2,144 frames, respectively. There are 7,740 frames, with 3,085 used for training
and 4,656 for testing. Despite its seemingly limited training data, the UMN
dataset is efficient for abnormal detection, providing accurate detection for new
patterns with similar characteristics. The video resolution stands at 320 x 240

pixels, with unexpected running being recorded as an anomaly.

4

Abnormal Crowd Activi e

Figure 3.7: Frame examples from the UMN dataset (normal and abnormal in-
stances are shown in the first and second rows, respectively.
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3.3.5 Subway

The Subway Dataset, introduced by Adam et al. (2008) [117], is an invaluable
resource for anyone looking to analyze human behavior in subway turnstile areas.
The dataset comprises two categories of videos: "exit gate" and "entrance gate."
The "entrance gate" video is two hours long, comprising 72,401 frames, and has
a 512 x 384 pixels resolution. Meanwhile, the "exit gate" video spans 136,524
frames.

This dataset is a treasure trove of information, capturing a range of activities
such as people evading payment, moving against the flow of the crowd, or even

cleaning the walls. It is a valuable resource for researchers and analysts studying

human behavior in public spaces.

Figure 3.8: Sample frames from the Subway Dataset (normal and abnormal
frames are shown from left to right).

3.3.6 UCF-Crime

The UCF-Crime dataset?, developed by Sultani et al. (2018) [118], is distinct
from traditional video anomaly detection datasets as it focuses on activity de-
tection using internet videos from various cameras. This dataset includes 13
real-world anomalies like accidents, robbery, and vandalism sourced from plat-
forms like Youtube and LiveLeak using diverse text queries, including translations.
It comprises 950 anomalous and 950 regular untrimmed surveillance videos, to-
taling 1,900 videos with approximately 128 hours of data at 240 x 320 pixels

resolution. While the dataset offers temporal labels for testing, limiting spatial

Shttps://www.crev.ucf.edu/research/real-world-anomaly-detection-in-surveillance-videos/
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evaluation, its formulation differs significantly from the single-scene anomaly

detection problem.

Figure 3.9: Sample normal frames (top row) and abnormal frames (bottom row)
from the UCF-Crime dataset.

3.3.7 Street Scene

The Street Scene Dataset® was introduced by Ramachandra and Jones in
2020 [119] to overcome the limitations of older datasets. It includes more realistic
and diverse anomalies. The dataset contains 46 training and 35 testing video
sequences captured by a stationary camera that observes a two-lane street with
bike lanes and sidewalks. The videos were recorded during the daytime and
showcased various activities such as car maneuvers, pedestrian behaviors, and
biking. They also include dynamic elements like shifting shadows and wind
effects. The dataset contains a total of 203,257 color frames, with 56,847 frames
for training and 146,410 frames for testing. The frames are at 1280 x 720 pixels,
and the frame rate is 15 fps. The dataset emphasizes natural anomalies and avoids
staged events. The training set follows specific criteria for normalcy, excluding
activities like jaywalking and illegal parking. On the other hand, the testing

sequences highlight 205 anomalous events across 17 categories.

3.4 Evaluation metrics

Most studies utilize the evaluation metrics outlined by [120], encompassing

two distinct criteria: frame- and pixel-level.

Shttps://www.merl.com/research/highlights/video-anomaly-detection/
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Figure 3.10: Normal and abnormal sample frames from the Street Scene Dataset.

Frame-level A frame is labeled as anomalous if at least one pixel within it is
anomalous. This method does not guarantee the precise localization of anomalies.
Additionally, it potentially leads to some true positives resulting from random
errors rather than precise detection.

Pixel-level It considers a frame a true positive if the overlap between the
detected and actual anomalous pixels exceeds 40% and a false positive if any
pixels in a negative frame are incorrectly identified as anomalous. While more
accurate than the frame-level approach, this method can still produce many false
positives.

Two metrics for performance evaluation and comparison are essential: the
equal error rate (EER) and the Area under the ROC curve (AUC). The Area under
the ROC curve (ROC AUC) is computed to measure model performance. The ROC
plots the true positive rate (TPR) against the false positive rate (FPR) at different
classification thresholds. The equal error rate (EER) is also computed alongside
the ROC curve, determining misclassified frames when the false positive rate
equals the miss rate. A higher ROC AUC with a lower EER indicates better model
performance, leveraging threshold and scale invariance strengths.

The True Positive Rate (TPR) and False Positive Rate (FPR) are defined as

follows:

# of true-positive frames

TPR = 3.1)

# of positive frames
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# of false-positive frames

FPR = 3.2)

# of negative frames
Historically, object-level measurements were conducted by evaluating object

detection through the overlap criterion, defined as follows:

Overla Area(detection N groundTruth) (3.3)
\% = .
P Area(detection U groundTruth)

A detection is classified as a true positive if the overlap exceeds a predefined
threshold v. However, recent evaluations have shifted towards using the Track-
Based Detection Rate (TBDR) and Region-Based Detection Rate (RBDR) criterias,
which are proposed in [119].

The TBDR criterion measures the detection rate versus false positives per
frame. It identifies detected tracks based on a specified threshold and calculates
the ratio of detected anomalous tracks to the total number of tracks. False positives
are determined based on a set threshold, and the false-positive rate (FPR) is
calculated accordingly.

num. of anomalous tracks detected

TBDR = 3.4
# of anomalous tracks 3.4

The RBDR criterion measures the detection rate of anomalous regions com-

pared to false positives per frame. It uses the detected regions to total anomalous
regions ratio and is summarized by the Area under the false positive rates ROC
curve.

num. of anomalous regions detected

RBDR = - (3.5)
# of anomalous regions

3.5 Existing works

This section outlines previous and ongoing studies on identifying irregular-
ities, which can be categorized as traditional or modern, each having its own
extraction and representation techniques, followed by modeling. However, various
review papers have thoroughly examined the issue of identifying irregularities
in videos [3, 121-123]. This discussion explores three key methods for detecting
video irregularities: frame-level, pixel-level, and object-level descriptions. Pixel-
level descriptions capture natural behavior using motion and appearance (color,
gradient, texture), while object-level descriptions use basic elements such as the

object’s trajectory, size, shape, and speed.
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3.5.1 Traditional approaches

Conventional methods generally rely on trajectory- or pixel-based approaches
for detecting abnormal behavior. Trajectory analysis fundamentally entails identi-
fying a video sequence as abnormal when the movement of objects strays from
their anticipated paths. As depicted in figure 3.11 and referenced in [124, 125],
trajectories underwent clustering to eliminate outliers through the anomaly de-

tection technique based on trajectory analysis.

N
i ) Trajecto
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Figure 3.11: The paradigm of trajectory clustering for video anomaly detection.

3.5.1.1 Tradjectory clustering

Zhou et al. [126] The authors present a methodology that involves the ex-
traction of object trajectories via a visual detection and tracking system, which
integrates a Gaussian Mixture Model for background modeling, motion detection
through background subtraction, and an appearance manifold-based tracking
algorithm. They utilize generalized edit distance measures optimized through
a supervised learning algorithm employing the Expectation-Maximization tech-
nique to effectively compare sequences with varying lengths and numbers of
location samples. Anomaly detection is conducted via spectral clustering, where
normal patterns emerge in large clusters, and anomalies are distinguished in
smaller clusters. The system subsequently compares new trajectories against
these clusters using a distance-based algorithm, an extension of the k-nearest
neighbor outlier detection method.

The work of Bashir et al. [127] involves segmenting object trajectories into

sub-trajectories, using Gaussian mixture models (GMMs) to estimate probability
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density functions, employing Hidden Markov Models (HMMs) to capture tem-
poral relations, and using Principal Component Analysis (PCA) to represent
sub-trajectories for optimal energy compaction. Model-based recognition entails
using GMMs to represent the probability density function of PCA coefficients for
each class, where new trajectories are categorized based on maximum likelihood.

Nadeem Anjum et al. [128] introduced a clustering algorithm tailored explicitly
for video object trajectories using multiple features to identify typical behavioral
patterns and anomalies. The process involves four main steps: feature extraction,
non-parametric clustering, cluster merging, and information fusion. The algorithm
transforms trajectories into different feature spaces. Afterward, it uses the Mean-
shift algorithm to identify clusters and modes and then consolidates clusters from
all feature spaces to distinguish common and uncommon motion patterns.

The paper [129] proposes a framework for automatic behavior profiling and
anomaly detection without manual labeling. It includes a compact behavior rep-
resentation using Dynamic Bayesian Networks (DBNs), a natural grouping of
behavior patterns through a novel spectral clustering algorithm, and a compos-
ite generative behavior model using a mixture of DBNs. For online detection,
the authors introduce an accumulative anomaly measure and recognize normal
behaviors using an online Likelihood Ratio Test (LRT) method.

The paper [130] proposes a framework for event detection using trajectory
clustering and 4D histograms. Trajectories are clustered based on global motion
flows, and 4D histograms are constructed for each cluster using the position and
velocity of tracked objects. During testing, new trajectories are compared against
the 4D histograms of all clusters to detect events.

The paper [131] by Claudio Piciarelli et al. presents a method for automatically
analyzing events in video sequences, focusing on anomaly detection. The approach
uses single-class Support Vector Machines (SVMs) for trajectory analysis, lever-
aging SVMs’ capability for novelty detection. Trajectories of moving objects are
represented as feature vectors and clustered using SVMs trained to identify a
hyperregion in the feature space that encompasses normal trajectories, enabling
the detection of anomalous trajectories that fall outside this region. The paper
introduces a novel approach to parameter tuning by automatically identifying
outliers in the training data based on the shrinkage rate in the hyperregion
enclosing normal trajectories as the SVM’s parameter varies.

Jiang et al. [132] proposed a method for detecting unusual video events using
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unsupervised clustering of object trajectories modeled by HMMs. Their approach
enhances efficiency with a dynamic hierarchical clustering algorithm and a 2-
depth greedy search strategy. Unsupervised clustering is applied to distinguish
abnormal events from normal ones automatically. The method integrates iterative
reclassification and retraining of trajectory clusters across hierarchical levels to
mitigate the overfitting issue.

The paper [133] presents a new method for detecting abnormal behavior in
surveillance videos using sparse reconstruction analysis. It involves representing
motion trajectories of objects as fixed-length parametric vectors based on cubic
B-spline curves, categorizing them into behavior patterns, and distinguishing
between normal and abnormal behaviors using sparse reconstruction analysis.
The approach utilizes sparse reconstruction combined with L1-norm minimization
to detect abnormal behavior in surveillance videos effectively.

Lee et al. [125] presented a technique for detecting abnormal behavior by
extracting trajectories of moving objects in video using a Gaussian Mixture Model
(GMM) and the Kanade-Lucas-Tomasi (KLT) algorithm. The system then analyzes
behavior based on predefined scenarios to detect abnormal activities, focusing on
the similarity of trajectories to identify abnormal behavior, specifically targeting
running individuals. The system detects moving objects using GMM to separate
the foreground from the background and tracks feature points using the KLT
algorithm. Trajectory similarity is assessed based on distance, coordinates, and
direction, while trajectory clustering is applied to identify abnormal behavior.

The paper [134] presents a novel approach for abnormal behavior detection
in videos using Trajectory Sparse Reconstruction Analysis (SRA). The proposed
method leverages trajectory data to detect abnormal behaviors and constructs
a dictionary set using control point features from cubic B-spline curves. This
dictionary set plays a crucial role in the method, representing the various paths
or trajectories observed in normal behaviors. The set is further divided into Route
sets. Using SRA, the approach calculates sparse reconstruction coefficients and
residuals for a test trajectory. The minimal residual obtained from this process is
used to classify the test behavior as normal or abnormal.

Biswas et al. [135] presented a methodology for identifying abnormal objects
in a video stream using short local trajectories (SLTs). This approach involves
extracting SLT's from super-pixels associated with foreground objects, utilizing

spatial and temporal data. The trajectory extraction method showcases resilience
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across videos with varying crowd densities and occlusions. Hidden Markov models
(HMMs) capture typical trajectory patterns in the training phase. During the
detection phase, SLTs observe each super-pixel, and their likelihood of being
anomalies is assessed using the learned HMMs. Furthermore, a spatial consis-
tency measure is introduced for each SLT based on neighboring trajectories to
ensure the localization of the abnormal objects.

The paper [124] presents a novel approach for anomaly detection by utilizing
a modified Hausdorff distance to analyze sub-trajectories, referred to as ADB-
STR. The methodology is divided into two primary phases. In the first phase,
the model undergoes training to determine appropriate thresholds where the
trajectories are grouped into clusters, and the median route for each cluster is
computed. In the second phase, the ADB-STR algorithm is applied for anomaly
detection. This algorithm iterates over sub-trajectories, calculating the minimum
Hausdorff distance between each trajectory and its corresponding sub-trajectories.
A trajectory is flagged as anomalous if the calculated distance exceeds a predefined
threshold.

The paper [136] introduces a unified approach for analyzing behavior in video
scenes. This approach combines object trajectory analysis and pixel-based features
to identify abnormal behaviors related to speed, direction, and finer motion pat-
terns. The method can detect various abnormal behaviors with fewer false alarms.
Noteworthy contributions include the proposal of snapped trajectories, an unsu-
pervised method for discovering significant motion regions, and the introduction

of a unified pipeline for comprehensive abnormal behavior detection.
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Figure 3.12: Diagram of [136] combining trajectory and pixel features.
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The authors in [137] have introduced a new feature known as point trajectory-
based histogram of optical flow (PT-HOF) to detect and locate irregular behaviors
in surveillance videos. The framework consists of two main phases: anomaly tra-
jectory estimation and consistency motion object construction. PT-HOF captures
dynamic motion along point trajectories in surveillance videos, while consistency
motion objects (CMOs) cluster similar trajectories within local regions to enhance

anomaly detection accuracy.
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Figure 3.13: The outline of the two-phase anomaly detection framework [137].

3.5.2 Deep learning based approaches

In recent years, deep learning techniques have become essential for enhancing
outcomes in both supervised and unsupervised learning. These methodologies are
generally categorized into two main frameworks: frame-based and object-based
approaches, both of which utilize spatial and temporal feature representations.
Additionally, these frameworks can be further divided into prediction-based and

reconstruction-based methods.

3.5.2.1 Frame-based appraoches

Two methods based on autoencoders were presented by Hasan et al. [138] to
find temporal regularities in video sequences. The first approach trains a fully
connected autoencoder using manually created spatiotemporal local features. The
second approach uses a fully convolutional autoencoder to simultaneously learn

local features and classifiers within an end-to-end framework. Their algorithm
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works well on anomaly detection tasks and effectively captures regularities from
various datasets. They initialized the weights using the Xavier technique and
utilized stochastic gradient descent with the AdaGrad method for autoencoder
optimization to ensure stability.

The methodology presented in [139] leverages more straightforward discrimi-
native learning techniques, bypassing the need for traditional density estimation.
This approach introduces a permutation-based framework for anomaly detection
that operates independently of temporal sequencing, supported by a guiding the-
ory for selecting key parameters. The system is designed as a feature-agnostic
framework, allowing it to be adapted to any relevant feature set within the field.

Feng et al. [140] introduced an unsupervised technique for automatic video
event representation and modeling. They utilized a PCANet [141] to extract
appearance and motion features from 3D gradients and then employed a deep
Gaussian mixture model (GMM) to characterize normal event patterns. The
method involves training the PCANet, extracting high-level features, and mod-
eling normal event patterns with a deep GMM. Subsequently, during testing,
features are computed using the trained PCANet, and an event is classified as
abnormal if its probability falls below a predefined threshold.

The paper [142] introduces a novel method for detecting video anomalies by
leveraging a convolutional neural network (CNN) for encoding appearance in
each frame and a convolutional long short-term memory (ConvLSTM) network
for capturing motion. This method incorporates an auto-encoder to learn regular
events. The proposed architecture involves encoding video frames with CNNs,
processing them through ConvLSTM to capture temporal dependencies, and
reconstructing frames with DeconvNet. The model operates on T consecutive
frames, with the ConvLSTM capturing historical information to aid in frame
reconstruction. The reconstruction error for each frame is computed, and high
errors serve as indicators of anomalies.

Anomaly detection using a convolutional winner-take-all autoencoder, which
is proposed by Tran et al. [143], is a new approach for video anomaly detection
that combines a convolutional autoencoder with a one-class SVM. It uses motion-
feature encoding from the autoencoder as input to the SVM and introduces a
spatial winner-take-all step to achieve high sparsity. The Convolutional Winner-
Take-All Autoencoder (Conv-WTA) learns hierarchical unsupervised sparse rep-
resentations and uses a One Class SVM (OCSVM) for outlier detection. This
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approach captures normal flow pattern variations and enhances anomaly detec-

tion accuracy.
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Figure 3.14: An outline of convolutional winner-take-all autoencoder [143].

In their paper, Tudor et al. [144] introduced a novel framework that eliminates
the need for training sequences in video anomaly detection. The framework
employs an unmasking technique, where a binary classifier is iteratively trained
to distinguish between two consecutive video sequences. At each iteration, the
most discriminative features are progressively removed, with the accuracy of the
intermediate classifiers serving as indicators of abnormal events. The framework
independently utilizes both motion and appearance features, calculating average
scores for each frame. Motion features are derived from 3D gradient features of
spatiotemporal cubes, while appearance features are extracted from a pre-trained
VGG-f CNN model. The unmasking process measures the degree of difference
between consecutive events, with a gradual decline in classifier accuracy signaling
the presence of anomalies.

The paper [145] presents a comprehensive framework for detecting video
anomalies using a Restricted Boltzmann Machine (RBM). The RBM directly
processes image pixels, learning new data representations without the need for
labels and using reconstruction errors to identify abnormal events. This method
can be used for both offline and streaming scenarios, and the framework is trained
in an entirely unsupervised manner. The system manages high-dimensional video
data by dividing images into patches and clustering similar patches to train
RBM:s.
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The article by Liu et al. [115] presents a novel approach to video anomaly
detection. The method compares predicted future frames with their ground truth
to identify anomalies. It incorporates motion and appearance constraints to im-
prove the accuracy of predicting future frames for normal events. Additionally,
the method ensures consistency in the optical flow between predicted and ground
truth frames, contributing to its anomaly detection effectiveness. The framework
includes a Generative Adversarial Network (GAN) module and employs adver-
sarial training using the Least Squares GAN to enhance the realism of predicted

frames..
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Figure 3.15: Future frame prediction network pipeline [115].

The research paper [114] presents a method for identifying abnormal events
in surveillance videos, which has achieved impressive detection rates on standard
datasets. The approach operates at an impressive speed of 140-150 frames per
second using MATLAB. It effectively harnesses the redundancy in video structure
and simplifies the problem to a series of straightforward least square optimization
steps, ensuring swift detection without compromising the quality of results. The
method utilizes a sparse combination learning technique, taking advantage of
the high redundancy in surveillance videos by predefining potential combinations
and selecting the best one through the least square error evaluation. The training
process involves segmenting video frames into patches, computing 3D gradient
features, and learning a sparse basis combination set to minimize reconstruction
error.

The method [146] utilizes sparse denoising autoencoders to identify and pin-

point abnormalities by representing each video as cubic patches. It utilizes local
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and global descriptors to capture spatial and temporal changes and combines them
using Gaussian classifiers to detect anomalies and their positions within frames.
A dropout layer is added to the autoencoder to prevent overfitting, transforming
it into a denoising autoencoder. Additionally, Kullback Leiber Divergence (KLD)
Divergence regularization is applied to generalize the model. Local descriptors
evaluate spatiotemporal relations between patches using the Structural Similar-
ity Index Measurement (SSIM), while global descriptors are acquired through
autoencoders that compress input data to reveal underlying structures. Gaus-
sian classifiers then differentiate between normal and anomalous patches by
computing the Mahalanobis distance, utilizing a threshold derived from training
data.

The paper of wang et al. [147] presents a method for automatic video anomaly
detection and localization using two novel motion-based video descriptors: SL-
HOF and Uniform Local Gradient Pattern-Optical Flow (ULGP-OF). The method
utilizes the One Class Extreme Learning Machine (OCELM) algorithm and a
Robust PCA-based scheme for foreground localization.

The deep spatiotemporal translation network (DSTN) [148] is an innovative
method for unsupervised anomaly detection and localization. It utilizes a gener-
ative adversarial network (GAN) and edge wrapping (EW) to detect anomalous
events by considering appearance and motion characteristics. During the training
phase, only frames of regular events are used to create their corresponding dense
optical flow as temporal features.

Chang et al. [149] presented a convolutional autoencoder framework for de-
tecting abnormal video events. Their approach involves the separate modeling
of spatial and temporal information to enhance the identification of abnormal
events. Specifically, a spatial autoencoder is employed to characterize normal ap-
pearance, while a temporal autoencoder processes consecutive frames to capture
motion. In addition, they have incorporated a variance-based attention module
in the motion autoencoder to highlight areas with significant movement and
utilized a deep K-means clustering strategy to derive concise representations.
This method leverages unsupervised learning on normal videos to learn regular
patterns and identify anomalies by comparing the final prediction with the actual
frame and subsequently determining anomaly scores based on prediction accuracy

and cluster distance.

64



Chapter 3. RELATED WORK ON ABNORMAL BEHAVIOR DETECTION
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Figure 3.16: Overview of the spatio-temporal dissociation [149] showcasing spatial-
temporal modules and deep K-means clustering.

The paper proposed by wang et al. [150] introduces a new method called STR-
VAD (Spatio-Temporal Relationships for Video Anomaly Detection). It uses a
fully convolutional encoder-decoder network with symmetric skip connections and
an attention mechanism to understand object spatiotemporal relationships. The
method also incorporates a dynamic pattern generator to distinguish anomalies by
reinforcing normal pattern reconstruction while making abnormal patterns stand
out. Anomalies are identified by analyzing spatio-temporal relationships and
movement patterns among objects. The proposed framework consists of three ma-
jor components: the encoder, the decoder, and the predictor. It includes a two-part
loss function: future frame prediction loss and dynamic pattern reconstruction

loss.

3.5.2.2 Object-centric based approaches

Object-centric based abnormal behavior detection is the process of detecting
strange or abnormal objects by focusing on individual objects rather than carefully
examining each frame or video.

The publication by Reiss et al. [151] introduces a technique for Video Anomaly
Detection (VAD) based on attribute-based representations. The method consists
of pre-processing, feature extraction, and density estimation phases. It utilizes
existing motion estimators for optical flow prediction and object detection to
identify and categorize objects. An anomaly score is calculated for each frame

using density estimation and then refined using a temporal Gaussian filter. The
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Figure 3.17: Framework of the proposed STR-VAD method [150].
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Figure 3.18: Detailed flowchart of [151] approach, illustrating the process from
object extraction to feature representation.

authors in [152] present a novel framework for detecting anomalies in video using
object-centric auto-encoders and dummy anomalies. They redefine abnormal event
detection as a binary classification problem and propose unsupervised feature
learning with object-centric convolutional auto-encoders. Moreover, they introduce
a supervised classification approach employing one-versus-rest abnormal event
classifiers. The proposed framework consists of four sequential stages: object
detection, feature learning, model training, and inference. The model training
approach formulates abnormal event detection as a multi-class classification
task by clustering normal training samples using k-means and a one-versus-rest

scheme. During inference, each test sample is classified by k binary SVM models
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and temporal smoothing is used using a Gaussian filter to enhance the robustness

of frame-level anomaly predictions.
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Figure 3.19: Convolutional autoencoders are trained on object detection, integrat-
ing motion and appearance representations to classify anomalies [152].

The paper [153] introduces a multi-timescale model for precise prediction
of pose trajectories and robust anomaly detection. The model comprises two
modules, one for predicting future trajectories and another for reconstructing
past trajectories. It uses hierarchical prediction frameworks and 1D convolutional
filtering to capture temporal dynamics effectively. The model leverages a sliding
window approach and a weighted Mean Square Error (MSE) loss function for
anomaly detection.

Video Event Completion (VEC) has been proposed [154]. VEC aims to achieve
precise and comprehensive localization of video activities using appearance and
motion cues. VEC employs Deep Neural Networks (DNNs) to complete visual
cloze tests, and it incorporates ensemble strategies to enhance VAD performance.
This approach combines appearance and motion cues to localize video activities
and extract video events, thereby overcoming the "closed world" problem. Critical
components of VEC include using a pre-trained object detector to identify and
filter regions of interest (ROIs) based on appearance cues, utilizing temporal
gradients to detect motion, and erasing specific patches from spatio-temporal
cubes (STCs) to create incomplete events (IEs) for the DNNs to complete.

A deep probabilistic GMM-DAE model by Ouyang et al. [155] introduces a

model that combines a Denoising Auto-Encoder (DAE) for density estimation with
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soft-clustering on deep features. The GMM-DAE model incorporates approximate
rank pooling to capture motion information and utilizes a DAE to learn spa-
tiotemporal representations. The model consists of four main parts: image patch
generation, encoding and decoding using two deep DAESs, density estimation,
and anomaly inference. YOLOv3 is employed for patch extraction, and the DAE
utilizes convolutional layers for encoding and transposed convolutional layers for
decoding. Density estimation involves clustering latent representations using a
Gaussian Mixture Model (GMM) trained with Expectation Maximization (EM),
which produces soft clusters.

A new Hybrid Video Anomaly Detection Framework (HF2-VAD) [156]
has been developed for video anomaly detection. It combines flow reconstruction
and frame prediction. The framework includes two main components: the Multi
Level Memory augmented Auto-Encoder with Skip Connections (ML-MemAE-SC)
for optical flow reconstruction and the CVAE for predicting future video frames.
The ML-MemAE-SC network is designed to learn normal patterns in optical flow
using memory modules and skip-connections, resulting in better reconstruction of
normal flows and higher errors for abnormal ones. The Conditional Variational
Auto-Encoder (CVAE) model predicts the next video frame by considering previous
frames and the reconstructed flows, taking advantage of the strong correlation
between video frames and optical flows. This dual-error approach enhances the
accuracy of anomaly detection in videos.

The paper of Georgescu et al. [157] introduces a new method for detecting
anomalous video events using self-supervised and multi-task learning techniques.
It utilizes a pre-trained object detector and a 3D CNN that learns multiple proxy
tasks, including self-supervised and knowledge distillation tasks. The approach
integrates these tasks into a single architecture, making it the first for video
anomaly detection. The shared 3D CNN architecture and four independent pre-
diction heads allow for effective learning of the combined tasks. During inference,
anomaly scores are calculated for each task and averaged for precise localization
and addressing potential false negatives.

The paper Predicting Next Local Appearance for Video Anomaly De-
tection (NLAPnet) [158] introduces a new method for detecting video anomalies.
NLAPnet uses an adversarial framework to predict the appearance of normally
behaving objects in a scene and detect deviations from expected behavior. It

features a computationally efficient single generator with a U-Net architecture,
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skip connections, and an adversarial loss component. The method incorporates
the structural similarity index measure (SSIM) and pre-trained Deep Layer Ag-
gregation (DLA) [159] backbone for object detection for real-time video anomaly
detection. Additionally, it utilizes grayscale pixel-level intensity images of objects
in past, current, and next frames and a pre-trained multi-class object detector
called CenterNet.

The paper "Local Anomaly Detection in Videos using Object-Centric Adver-
sarial Learning" [160] proposes a novel unsupervised method for detecting local
anomalies at the frame level in videos. It introduces a two-stage object-centric
adversarial framework, utilizing a GAN called Gradient-Appearance Relation
Discovery Network (GARDiN), which focuses on object regions for detection. In
the first stage, the method models the relationship between the current appear-
ance and the past gradient images of objects in normal scenes. The second stage
computes region-level anomaly detection scores by analyzing partial reconstruc-
tion errors between real and generated images. Regions of interest are extracted
from each frame using a pre-trained object detector, and spatial gradients are
calculated from the previous frame. Additionally, two cross-domain generators and
discriminators are trained to predict past gradients from appearances and vice
versa, enabling the detection of anomalies by differentiating real from generated
images.

The paper of Wang et al. [161] introduces Spatio-Temporal Auto-Trans-
Encoder (STATE), an autoencoder designed for improved consecutive frame
reconstruction. It integrates a learnable convolutional attention module for effi-
cient temporal learning and proposes a novel reconstruction-based input pertur-
bation technique to enhance the differentiation of anomalous frames. An anomaly
score combines raw and motion reconstruction errors with perturbed inputs. The
approach leverages pre-trained object detection models to extract object-centric
patches for sequential patch reconstruction. STATE employs a unique architec-
ture combining transformer-like self-attention with convolutional auto-encoders
for robust temporal reasoning and reconstruction.

The paper [162] proposes a video anomaly detection (VAD) approach that
solves spatiotemporal jigsaw puzzles as a multi-label fine-grained classifi-
cation task. This approach decouples spatio-temporal jigsaw puzzles, utilizes
total permutations, and offers advantages over existing methods. It simplifies

self-supervised learning by focusing on a single pretext task—decoupled spatial
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and temporal jigsaw puzzles. The method avoids pre-trained models, relying solely
on challenging pretext tasks to learn rich representations. This work presents a
challenging pretext task: solving spatiotemporal jigsaw puzzles. The approach
breaks down 3D spatiotemporal puzzles into spatial and temporal components
corresponding to learning appearance and motion patterns. Object-centric cubes
are constructed during training, and spatial or temporal shuffling is applied to
create jigsaw puzzles.

The paper [163] presents a new method for video anomaly detection that
identifies anomalous objects using spatiotemporal relationships. It uses a convolu-
tional encoder-decoder network with skip connections, an attention mechanism,
and a dynamic pattern generator. The model Object-centric Memory-guided Auto-
Encoder (OMAE), first detects objects, computes optical flow, extracts appearance
and motion features, encodes them, and uses them as a query to retrieve simi-
lar prototypes from a memory module. An anomaly score is computed based on
feature reconstructions and query similarity. The model is trained using various
loss functions, including reconstruction loss and memory loss, to learn normal
patterns.

The paper [164] introduces a new multi-level attention network for video
anomaly detection, incorporating frame-level and object-level semantics through
the Object-Guided Attention Module (OGAM) and the Motion-Refined Attention
Module (MRAM). This approach aims to enhance future frame prediction by high-
lighting salient objects within frame features and aligning local object features
with global frame features. The network effectively integrates object-focused at-
tention mechanisms into frame prediction tasks, enhancing prediction accuracy
and enabling precise anomaly localization.

The paper of Doshi et al. [165] introduces a framework for interpretable
video anomaly detection. It monitors object interactions to detect anoma-
lous events and provide contextual interpretations utilizing scene graphs. The
framework comprises global and local object monitoring branches, feeding into a
sequential anomaly detection module. It leverages YOLO-v4 for object detection,
VGG-16 for appearance feature extraction, and AlphaPose for pose estimation
during implementation. The training process involves relationship detection and
pose data augmentation to optimize models for robust anomaly detection across
different surveillance scenarios.

An Object-centric Scene Inference Network (OSIN) [166] has been proposed
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for video anomaly detection tasks. This model comprises three streams - temporal,
spatial, and object - which capture motion information, static scene features,
and object interactions within the overall scene. The integrated streams are fed
into a decoder for future frame prediction, where significant prediction errors
during testing indicate anomalies. The OSIN model effectively integrates spatial-
temporal normality and object-scene interactions within a unified framework,
utilizing a three-stream network to address different aspects of normality. The
training loss encompasses prediction loss, scene loss, and object loss. At the same
time, the anomaly score is calculated based on prediction errors and the distance

between the current scene and the learned scene memory.
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Figure 3.20: Architecture of the proposed OSIN model [166], combining temporal,
spatial, and object streams to capture motion, global scene appearance, and
object-scene interactions for video anomaly detection.

The paper [167] proposes a framework known as Appearance-Motion Seman-
tics Representation Consistency (AMSRC) that aims to tackle the challenges of
video anomaly detection. Its primary focus is improving the consistency of feature
semantics between appearance and motion information in normal samples to
facilitate anomaly detection. The AMSRC framework comprises a two-stream
encoder, a decoder, and a gated fusion module. The gated fusion module processes
selectively to generate outputs that differ significantly from pre-fusion repre-
sentations, thereby enhancing anomaly detection. During testing, the anomaly
score combines inconsistency in appearance-motion feature semantics with the

prediction error of future frames using a weighted sum strategy.
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3.6 Limitations and Considerations for

Improvement

Although most of these methods have provided satisfactory results, some
limitations must be considered. The limitations of contemporary deep learning-
based techniques have necessitated the consideration of certain constraints. In
particular, issues such as occlusion within a scene have been observed in existing
research, which complicates the task of tracking objects and leads to suboptimal
results when analyzing their trajectories. While frame-based algorithms may
initially yield promising outcomes, it is crucial to ensure that detected anomalies
are correctly associated with the intended objects. This can only be achieved by
accurately localizing the anomalous objects and subsequently evaluating them
after determining their precise location. Additionally, many algorithms rely on
the availability of labeled data, thereby restricting their applicability to datasets
where such labeled data is abundant. Furthermore, the complexity of these al-
gorithms and the methods used to extract temporal and spatial features may
negatively impact computational efficiency and performance speed. These chal-
lenges have motivated us to propose an unsupervised, low-complexity approach

that can be effectively applied in contexts where labeled data is scarce.

3.7 Conclusion

This chapter explores video anomaly detection methodologies, covering clas-
sical, object-tracking, and modern approaches. It highlights vital datasets and
commonly used performance metrics, while also addressing the limitations of
current methods.

We provide a comprehensive and meticulous analysis of traditional techniques,
such as tracking and path analysis, followed by a review of the deep learning-
based approaches. Special emphasis is placed on frame-based abnormal behavior
detection techniques, including optical flow and background subtraction. Addi-
tionally, we examine algorithms targeting anomalies in objects extracted from
video.

The chapter concludes with a review of leading deep learning models, evaluat-

ing their strengths and limitations in analyzing object behavior in video data.
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Chapter 4. FOREGROUND SEGMENTATION: A DEEP NESTED NETWORK
FOR BACKGROUND SUBTRACTION (NESTED-NET)

4.1 Introduction

This chapter presents an advanced background subtraction method that uti-
lizes residual micro-autoencoder blocks. This method is based on a U-net archi-
tecture, with additional skip connections to enhance performance. The method
effectively captures essential multi-scale features from complex scenarios by in-
corporating residual connections between micro-autoencoders. Our evaluations
demonstrate that this technique outperforms other state-of-the-art methods on
benchmark datasets, even under challenging conditions. Notably, the model op-
erates without the need for temporal data or post-processing, and it can achieve

high performance with only a few training examples.

4.2 The proposed method: Deep nested network
for background subtraction (Nested-Net)

4.2.1 Introduction

Convolutional neural networks (CNNs) have become the preferred method for
addressing computer vision challenges, such as object detection and background
subtraction. We have developed a robust approach for video background subtrac-
tion using a unique architecture. Our model incorporates a nested network with
multiple skip connections that link residual mini-autoencoders to enhance feature
generalization by extracting multi-scale features at each level. In addition, we
utilize a pre-trained VGG-16 model and introduce a new supervised deep-learning

model within the nested network.

4.2.2 Methodology

Our U-net-like network depicted in figure 4.1 consists of interconnected resid-
ual fine-grained autoencoders (Residual Micro-AutoEncoder (RM-AE)) blocks
with additional residual connections. To begin, we will outline the complete ar-
chitecture of the proposed RM-AE and then discuss the Spatial Feature Pooling
Module (SFPM) module, which serves as an intermediate feature map of our

network.
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Figure 4.1: Architecture Overview of the Nested-Net Model.

4.2.2.1 Residual micro-autoencoder (RM-AE)

Our proposed enhanced residual micro-autoencoder (RM-AE) is designed to im-
prove feature generalization by capturing a broader range of multi-scale features.
The RM-AE architecture is shown in Figure 4.2. It consists of mini-encoder and
mini-decoder levels, each having a single convolutional layer. These levels are com-
bined to form an RM-AE. Specifically, the mini-encoder (E) utilizes a convolutional
layer to convert the input feature into an intermediate map, progressively reduced
by half through a downsampling operation (MaxPooling2D). The mini-decoder
(D) processes the intermediate feature map using an upsampling layer with bilin-
ear interpolation. This process ensures that the mini-ecoder’s last layer produces
a feature map with the same spatial dimension as the mini-encoder. The output
layers of the mini-encoder and mini-decoder are combined into a single feature
map via a residual link E(x) + D(x). Finally, the resulting feature map is passed
through a Rectified Linear Unit (ReLU) activation layer and batch normalization.

Our proposed RM-AE is constructed based on the research by Akilan et al.
[88, 89]. Akilan et al. [88] introduced a time-dependent background subtraction
technique in 3D, utilizing a series of micro-autoencoders based on Conv-LSTM,
3D convolution, and transposed 3D convolution layers for spatiotemporal cues.
Their subsequent work, sEnDec [89], improved this approach by using 2D CNN
modeling with 2D convolutions and 2D transposed convolutional layers instead
of 3D convolutions. However, these techniques led to unsatisfactory outcomes and
increased model complexity. In contrast, the structure of our RM-AE, detailed
in Figure 4.2, featuring 3 x 3 kernel sizes with a consistent number of 64 filters
across all layers. Additionally, we utilized pooling and upsampling layers with
residual summation connections instead of convolution and transposed convolu-

tion with two strides and concatenation connections to reduce model complexity.
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The structure of our RM-AE is shown in Figure 4.2. As illustrated, all layers

utilize a 3 x 3 kernel size, with the number of filters consistently set to 64.
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Figure 4.2: The flow of micro-autoencoder (RM-AE)

4.2.2.2 Spatial feature pooling module (SFPM)

Our objective in introducing SFPM is to enrich our Nested-Net by integrating
various spatial patterns and combining convolutions with different kernel sizes.
This concept resembles Szegedy et al. [168], but we employ a more extensive
convolution using a 7 x 7 kernel size. To achieve the sparse structure of the re-
sulting feature map, we utilized a straightforward spatial feature pooling module
illustrated in Figure 4.3. We employed multiple convolutions with different kernel
sizesof 1 x1,3x3,5x5,7x 7,in addition to a max-pooling layer with a size of 2 x
2. These spatial scales were applied to the feature map F derived from the output
of the pre-trained VGG-16. In Figure 4.3, we utilized a 1 x 1 convolution for dimen-
sionality reduction before implementing the more computationally intensive 3 x 3,
5 x 5, and 7 x 7 convolutions. Subsequently, a 2 x 2 pooling layer followed by a 1 x
1 convolution was employed to obtain a smaller output dimension. The resulting
layers were merged through a concatenation cue along the depth channel. All the

convolution layers comprised 64 depth filters.
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Figure 4.3: The flow of spatial feature pooling module (SFPM).

4.2.2.3 Architecture of Nested-Net

Indeed, the key components of our network consist of the RM-AE blocks and
SFPM. The proposed Nested-Net comprises four main parts: encoder, intermediate
map represented as an SFPM module, decoder, and classifier, requiring six RM-
AEs, three for the encoder and three for the decoder. The encoder section is built
upon the pre-trained VGG-16 [169], previously trained on ImageNet [170]. We

advocate for using VGG-16 for several reasons:

1. VGG-16 shares a U-Net-like structure, which aligns conveniently with our

network architecture in Nested-Net.

2. Its relatively smaller model size than other pre-trained networks translates

to superior computational efficiency.

3. The abundance of filters and iterative structure of VGG-16 allows for robust
feature extraction from input images, resulting in excellent segmentation
performance. This becomes particularly advantageous when using its out-
puts as inputs for each RM-AE, where we employ a small number of filters
in each RM-AE.

The network structure utilized the first four blocks of VGG-16 but excluded
the fifth block. Specifically, only the first layer of the fourth block was used to
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simplify the model and reduce the number of parameters, as this block serves as
an input to the SFPM. A 3x3 kernel size was employed for feature extraction in
each RM-AE block, reducing space usage and enhanced scalability. The decoder
network comprised three sequentially linked RM-AE blocks. The feature maps of
the decoder were guided by the low-level features from the encoder’s mini-encoder
and mini-decoder blocks.

The structure of the RM-AE blocks in the decoder mirrored that of the encoder,
with the distinction that each RM-AE in the decoder contained more layers. Like
the U-net, each RM-AE in the decoder received connections from the encoder,
including summation operations applied to the output of additional convolutional
layers used in the mini-encoder and mini-decoder of the network. Specifically, all
mini-encoder and mini-decoder outputs were added to the encoder’s mini-decoder
and mini-encoder output features. This process was repeated for each RM-AE.
The stacks of three RM-AE blocks concluded with a 1 x 1 convolutional layer
with a single feature slice and a sigmoid function as the classifier to generate the
final probability map. Figure 4.4 presented an overview of the entire Nested-Net

architecture.

4.3 Training details

Our model utilizes two inputs: an RGB input frame and its corresponding
ground truth. We retain the weights for the first two blocks from the pre-trained
VGG-16 model with the same coefficient to leverage transfer learning and fine-
tune the rest. The proposed Nested-Net model is trained using the RMSprop
gradient optimizer with a maintained rho of 0.9 and an initial learning rate
0.0001. If the validation loss does not improve after ten epochs, the learning rate
is decreased by a factor of 10. We set the maximum number of epochs to 200 and
the batch size to 1. Concurrent training and validation are conducted using 20%
of the training dataset for validation and 80% for training. An early stopping
function is implemented, causing the model to cease learning if the validation loss
does not improve after 20 epochs. To prevent bias from repeating information in
consecutive frames, the training samples are randomly shuffled before each step
and before each epoch. After each epoch, our network is trained on each scene. The
validation loss is calculated using a binary cross-entropy loss function (L), which

is utilized to compare each pixel’s accurate and predicted label. The function is
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defined by equation Eq. 4.1 as follows:

L % [Ptlog(ﬁt) +1 —Pt)log(l —E)] 4.1)

L =
NPle

where N, is the total number of trained pixels, P; is the current foreground

pixel probabilities P; € [0,1], and P, is its corresponding ground truth label.

4.4 Comparative analysis and evaluation

schemes

This section presents a detailed comparison and summary of our proposed
network to the latest techniques. This encompasses vital features, evaluation
frameworks, training data, and significant contributions outlined in Table 5.2. Our
proposed network has practical implications in the field of background subtraction,
which we will discuss in detail. In background subtraction, most methods are
trained using scene-dependent (Scene Dependent Evaluation (SDE)) and scene-
independent evaluations (Scene Independent Evaluation (SIE)). SDE involves
assessing the method’s performance in a specific video sequence, considering
each video’s unique properties. On the other hand, SIE evaluates the method’s
effectiveness across multiple sequences without considering the specific character-
istics of each video. Scene-independent evaluation is valuable for determining the
method’s applicability across diverse scenes. At the same time, scene-dependent
assessment is crucial for realistically measuring the method’s performance and

highlighting its strengths and limitations in a particular scene.

4.5 Experimental settings, results, and

discussions

Nested-Net was tested using the CDnet 2014 and SBI 2015 datasets discovered
in Chapter 2. It has also been compared to recent supervised methods based
on empirical data. Quantitative and qualitative analyses are included for each
dataset’s results using the performance metrics Assessment, which involves
using various metrics identified in Chapter 2, such as average F-measure, recall,

specificity, precision, false-positive rate, false-negative rate, and percentage of the
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wrong classification. These metrics are derived from true positive, true negative,

false positive, and false negative.

4.5.1 Experiment on CDnet 2014

In this section, we followed the same methodology outlined in Lim and Keles
[80, 81] and Wang et al. [79] for the CDnet 2014 database. A separate model
was generated for each scene, using a set of 200 frames for both training and
validation. These frames were manually selected and arranged randomly, focusing
on frames containing the labeled ground truth. Following the testing phase, the
model’s output was presented as probability masks with values ranging from 0 to
1, which were then transformed into binary images using a consistent threshold
of 0.8.

4.5.1.1 The spatial feature pooling module (SFPM) experiments

In this study, we assessed the effectiveness of the SFPM module on CDnet 2014.
We followed the same protocol as in previous experiments for this experiment,
allocating 200 frames for training and validation and using the remainder for
testing. Our analysis, detailed in Table 5.3, focused on the performance of the
test frames that did not include SFPM in the training set. Our results revealed a
modest 0.15% improvement in utilizing the network with SFPM compared to the
network without SFPM across most categories. However, we observed a notable
0.44% performance advantage in the PTZ category for the network with SFPM.
These findings suggest that employing convolutions with diverse kernel sizes

enhances the efficacy of foreground segmentation masks.

F-measure Overall

badWeat baseline camdit dynBg intermit lowFrame nightVid PTZ shadow thermal turbul

no_SFPM 0.9805  0.9972 0.9919 0.9832  0.9939 0.8951 0.9739 0.9769 0.9955 0.9912 0.9751 0.9777
with_SFPM 0.9819 0.9973 0.9933 0.9856  0.9938 0.8974 0.9759 0.9813 0.9957 0.9929 0.9756 0.9792

Table 4.2: Quantitative Evaluation of Nested-Net With/Without SFPM Integration
(Top Results Highlighted in Bold).

4.5.1.2 Sanity check

We conducted a comprehensive comparison between our Nested-Net (without
SFPM) and the slow Encoder-Decoder (sEnDec) [89] method, which served as the
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Method F-measure Overall

Hw Tr Sk Ops Blz Blv Tst Shd

sEnDec [89] 0.9673 0.8701 0.9610 0.9491 0.9608 0.9300 0.8899 0.9549 0.9354
Nested-Net (proposed) 0.9979 0.9887 0.9949 0.9955 0.9889 0.9954 0.9597 0.9984 0.9899

Table 4.3: Analysis of Results: Comparison of Nested-Net Without SFPM to
sEnDec. The selected scenes for comparison are: Highway (Hw), Traffic (Tr),
Skating (Sk), Overpass (Ops), Blizzard (Blz), Boulevard (Blv), TramStation (Tst),
and PeopleInShade (Shd).

inspiration for our proposed residual micro-autoencoder (RM-AE). The evaluation
used the CDnet 2014 dataset, explicitly focusing on the video sequences utilized in
their paper. It is important to note that we conducted an independent comparison,
as the original assessment only covered a portion of the dataset. A detailed
comparison of our Nested-Net and their findings is provided in Table 4.3. Our
analysis revealed that our network surpasses sEnDec by 5.45 percentage points,

solidifying the outstanding performance of our approach.

4.5.1.3 Quantitative results

We assessed the performance of our proposed network by using standard eval-
uation measures such as average F-measure, average recall, average precision,
specificity, false-negative rate (FNR), percentage of wrong classification (PWC),
and false-positive rate (FPR) listed in Table 4.4. These measures were computed
using only the test frames. The results revealed an average F-measure of 97.92%
and a percentage of wrong classification of 3.57%, demonstrating strong perfor-
mance across all categories in the CDNet 2014 benchmark dataset. Additionally,
our proposed network, Nested-Net, was compared with eight existing supervised
state-of-the-art approaches. The comparative analysis in Table 4.5 showcased
that Nested-Net achieved a higher average F-measure value (98.91%) for the
CDnet 2014, outperforming other methods by margins ranging from 0.26% to
22.98%. Nested-Net also exhibited competitive performance in some categories
while yielding better results in most categories, including low frame rate, night
videos, and turbulence categories. Notably, all methods could have performed
better at low frame rates, with our proposed network achieving a score of 96.17%.
This limitation is attributed to the challenge of identifying small moving objects
in the port_0_17fps scene, which proves difficult even for human observers. In

summary, these experiments highlight the effectiveness of our proposed technique
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in detecting foreground in scenes with various challenging conditions.

Category Recall Specificity FPR FNR PWC Precision F-Measure

baseline 0.9962 0.99996 0.00004 0.0038 0.0123 0.9984 0.9973
cameradit 0.9907 0.9999 0.00015 0.0093 0.0473 0.9958 0.9933
badWeather 0.9741 0.9999 0.0001 0.0259 0.0330 0.9900 0.9819
dynamicBa 0.9914 0.99997 0.00003 0.0086 0.0074 0.9802 0.9856
intermitt 0.9911 0.9998 0.0002 0.0089 0.0731 0.9968 0.9938
lowFramer 0.9174 0.9999 0.0001 0.0826 0.0274 0.8819 0.8974
nightVide 0.9690 0.9997  0.0003 0.0310 0.0774 0.9829 0.9759
PTZ 0.9833 0.99996 0.00004 0.0167 0.0141 0.9796 0.9813
shadow 0.9944 0.9999  0.0001 0.0056 0.0285 0.9967 0.9957
thermal 0.9889 0.9999 0.0001 0.0111 0.0490 0.9970 0.9929
turbulence  0.9744 0.9999 0.00008 0.0256 0.0231 0.9770 0.9756
Overall 0.9792 0.9999  0.0001 0.0208 0.0357 0.9797 0.9792

Table 4.4: Performance Evaluation of Nested-Net on CDnet 2014 Dataset Test
Frames.

4.5.1.4 Qualitative results

The following information should be noted: In this section, we compared the
segmentation masks generated by our proposed network with those produced
by existing methods. We evaluated seven random scenes from the CDnet 2014
dataset: office, traffic, skating, fluidHighway, intermittentPan, busStation, and
diningRoom, shown from left to right, respectively. We visually assessed the
effectiveness of our Nested-Net in comparison to earlier supervised methods such
as FgSegNet_V2 [81], FgSeg-Net_S [80], BSPVGAN [86], and cascade_ CNN [79]
on the mentioned scenes. The segmentation masks provided by our method and
the techniques above are displayed in Figure 4.5. Our Nested-Net showcased
outstanding performance in foreground detection, particularly in the NightVideo
category, where our model consistently detected objects that other approaches
struggled to identify accurately. However, in the port_0_17{ps scene, categorized as
having a low frame rate, our approach encountered challenges in identifying small
objects, as illustrated in Figure 4.6, resulting in slightly unsatisfactory results in
this particular scene. Compared to other methods, our approach demonstrated the
ability to detect foreground objects with fewer artifacts, as seen in the office scene.
As a result, the results produced by our Nested-Net provide reliable foreground

detection.
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Figure 4.5: Visual Analysis Outcomes on CDNet 2014. The rows indicate, from
top to bottom: the input frame, ground truth, our proposed Nested-Net, FgSeg-
Net_V2 [81], FgSegNet_S [80], BSPVGAN [86], and Cascade_CNN [79]. Columns
show seven examples from CDnet 2014: Baseline, Cameraditter, BadWeather,
NightVideos, PTZ, Shadow, and Thermal, arranged from left to right.

Figure 4.6: Visual results for Our Method in the Low Frame Rate Category
(port_0_17fps Scene), Where Performance Issues Occur in Some Sequences. Left
to Right: Input Frame, Ground Truth, and Our Proposed Nested-Net.
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4.5.2 Experiment on SBI 2015 and UCSD dataset

The Scene Background Initialization (SBI) and UC San Diego dataset (UCSD)
databases were used and handled according to a procedure similar to that in ref-
erences [79-81], wherein 20% of the frames were used for training and validation,
while 80% were reserved for testing. A threshold of 0.2 and 0.6 was implemented
to convert the predicted masks into binary masks for the SBI and UCSD datasets,

respectively.

4.5.2.1 Quantitative results

We conducted an additional evaluation of our model using the SBI 2015 and
UCSD benchmarks. We calculated the average F-measure metric, excluding the
training frames from the assessment. The resulting scores are outlined in Table
4.6, displaying the F-measure for each scene and the overall average score derived

only from the test frames.
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Scene F-measure
Board 0.9979
Candela_m1.10 0.9932
CAVIARI1 0.9989
CAVIAR2 0.9806
CaVignal 0.9895
Foliage 0.9775
HallAndMonitor 0.9902
Highwayl 0.9931
Highwayll 0.9958
HumanBody2 0.9910
IBMtest2 0.9829
PeopleAndFoliage 0.9896
Snellen 0.9727
Toscana 0.9272
Nested-Net (proposed) 0.9843
Cascade_CNN [79] # 0.8932
BSPVGAN [86] 0.9190
FgSegNet_S [80] # 0.9831
FgSegNet_V2 [81] # 0.9838

Table 4.6: Quantitative Evaluation of the Proposed Nested-Net on Test Frames
from the SBI 2015 Dataset, Compared to Four Recent Methods (Red Represents
the Best Result, and Blue Represents the Second Best). # These approaches were
trained and assessed using the identical SDE setup as the proposed Nested-Net.

According to Table 4.6, the proposed Nested-Net outperforms previous studies,
namely FgSegNet_V2 [81], FgSegNet_S [80], BSPVGAN [86], and cascade_CNN
[79], by 0.05%, 0.12%, 5.73%, and 9.11% respectively. Having fewer frames leads
to inferior results, as observed in Toscana, which only comprises six frames, with
two used for training and validation. While for the UCSD dataset, as shown in
Table 4.7, the proposed method outperforms FgSegNet_V2 [81], FgSegNet_S [80]
and FgSegNet_M [80] by a small margin.
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Scene F-measure
birds 0.8649
boats 0.9210
bottle 0.9561
chopper 0.9146
cyclists 0.9216
flock 0.9389
freeway 0.7783
hockey 0.9167
jump 0.9358
landing 0.9244
ocean 0.8932
peds 0.8876
rain 0.9177
skiing 0.9119
surfers 0.8891
surf 0.7317
traffic 0.9081
zodiac 0.8990
Nested-Net (proposed) 0.8950
FgSegNet_v2 [81] # 0.8945
FgSegNet_S [80] # 0.8822
FgSegNet_M [80] # 0.8948

Table 4.7: Qualitative results on UCSD dataset with 20% split. (Red Represents
the Best Result, and Blue Represents the Second Best). # These approaches were
trained and assessed using the identical SDE setup as the proposed Nested-Net.

4.5.2.2 Qualitative results

We present our network’s visual results by showing illustrated examples from
the generated masks, as shown in Figure 4.7. Our Nested-Net effectively delivers

foreground detection results by accurately removing shadows, gaps, and artifacts.
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Figure 4.7: Visual Analysis of the Proposed Nested-Net on SBI 2015. Rows depict
the input frame, ground truth, and results from our Nested-Net, while columns
illustrate examples from the SBI 2015 dataset: Board, Caviar, Highway, and
HullAndMonitor, respectively.

4.5.2.3 Implementation and execution time

We have developed and trained the Nested-Net using the Keras software
library with the TensorFlow backend on a system equipped with a single NVIDIA
GeForce RTX 2060 GPU paired with an Intel (R) Core (TM) i7-10870H processor
running at CPU @2.20 GHz and 16.0 GB of RAM. Our Nested-Net achieves an
average execution time of around 34 frames per second for images with a spatial
resolution of 320x240. Additionally, our Nested-Net boasts fewer parameters than
the state-of-the-art techniques, as illustrated in Table 4.8.

Method Total  Trainable Non-trainable

parameters parameters parameters
Nested-Net (proposed) 4,393,473 4,132,545 260,928
FgSegNet_V2 [81] 9,225,161 7,489,673 1,735,488
FgSegNet_S [80] 9,358,593 7,622,465 1,736,128
sEnDec [89] 5,432,097 5,376,977 55,120

Table 4.8: Comparative Analysis of Parameters for the Proposed Nested-Net
Versus Existing Approaches.
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4.6 Conclusion

In this chapter, we present a novel deep-learning model for background sub-
traction. The model features a unique architecture with a nested network that
includes multiple skip connections between the proposed residual small autoen-
coders (RM-AE). These residual micro-autoencoders are designed to extract addi-
tional features at each scale, enhancing the features’ generalization. Moreover,
pre-trained VGG-16 blocks are used as inputs to the proposed residual small au-
toencoders in the encoder section. Our network effectively detects moving objects
in challenging scenes with minimal training instances. Experimental evaluation
shows that our model outperforms existing state-of-the-art methods without post-
processing. We plan to incorporate temporal data for future research to enhance

the robustness of the model further.
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Chapter 5. PROPOSED UNSUPERVISED FRAME-BASED AND
OBJECT-BASED ABNORMAL BEHAVIOR DETECTION IN VIDEO
SURVEILLANCE

5.1 Introduction

Abnormal behavior identification and video anomaly detection (VAD) focus on
classifying each frame in a video as either normal or abnormal, using a training set
that contains only normal frames. Abnormal frames are identified by a generated
score exceeding a predefined threshold.

The ’FastAno’ [112] approach introduces a novel technique to video anomaly
detection focused on enhancing both speed and accuracy. It tackles critical chal-
lenges, where the authors propose two techniques for feature learning: Spatial
Rotation Transformation (SRT) and Temporal Mixing Transformation (TMT).
These transformations generate artificial anomalies during training, enabling the
model to learn regular spatial and temporal patterns more effectively.

Built on an Autoencoder (AE) architecture, the model predicts normal frames
from transformed input sequences and detects anomalies by comparing the pre-
dicted and current frames.

While 'FastAno’ demonstrates competitive results and improved speed com-
pared to previous approaches, certain limitations persist. 3D convolutions can
impact computational efficiency, and the random selection of patches for spatial
and temporal correction may reduce training precision. To mitigate these issues,

we propose two key contributions to further refine the method.

5.2 Methodologies

Our proposed approaches follow three key stages: preprocessing, feature learn-

ing, model training, and inference.

5.2.1 Frame-based unsupervised abnormal behavior
detection in video surveillance via improved patch

transformation
5.2.1.1 Data preprocessing

The initial captured frames from the input videos are transformed to a fitting
resolution, with the pixel values adjusted to conform within the range of [—1,1],
guaranteeing consistent representation across all frames. Moreover, the frames

are converted to grayscale and adjusted to the size of 240 x 360 pixels to simplify
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computational processes by decreasing dimensionality. To enhance the contrast

and improve the visual features of the input images, we used the Contrast Limited
Adaptive Histogram Equalization (CLAHE) [171] as an essential step in our
method.

5.2.1.2 Object-centric based patch irregularity generation

In order to effectively identify unusual visual patterns and motion behaviors in
typical scenarios, it is essential to have a deep understanding of both spatial and
temporal contexts. We start by collecting a series of T' consecutive frames from
time steps ¢t —T/2 to t + T/2 and stacking them along the channel axis to form a
3D box (By) € RE'WT We then extract object patches using a pre-trained YOLOv8
[31] model as indicated in figure 5.1, focusing on foreground objects instead of
backgrounds to prioritize essential scene elements. Next, we randomly select
patches equal to A-n, and apply temporal and spatial transformations to them,
where n, represents the total number of extracted objects. The selected patches
P} undergo random spatial rotations of 90°, 180°, or 270°, and we introduce
skipping frames between (1 to 4) to modify the motion regularity of objects in
the sequence, aiding in reconstructing irregular patches in the temporal context.
During the training process, the model is exposed to frame sequences that have
undergone the described transformations, enabling the network to concentrate
on detecting irregular regions and recognizing regular features. As a result,
the network can identify and reconcile abnormal occurrences with normal ones,
refining its predictions to align with the ground truth frames closely. The patch
anomaly generation phase provides efficient feature learning compared to other
spatiotemporal feature extraction techniques. Significantly, this phase does not
impact detection speed during inference, ensuring that our model maintains low

complexity and computational costs.

5.2.1.3 Network architecture

In our model, we utilized a 2D U-Net with squeeze and excitation. This
differentiates it from other approaches employing complex network architectures
like convolutional-LSTM and 3D Convolutions. Our network has a straightforward

yet effective structure.
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Pretrained model

Figure 5.1: Object detection framework utilizing a pre-trained model.

Channel attention The attention mechanism, which is also known as the
Squeeze and Excitation (Squeeze and Excitation (SE)) block [172] as shown in
figure 5.2, allows neural networks to focus on essential areas of their feature
representations [173]. Our research includes arranging frames along the channel
axis. Each channel of the feature vector represents different aspects of each frame,

making this mechanism very efficient.

Global
Avg
Fully

connected
Relu
Fully
connected
Sigmoid

: Element wise product

Figure 5.2: Channel Attention Block (CA).

We apply global average pooling (G.Avg) to the feature map F to capture
channel dependencies, resulting in a feature vector v with C values. Next, a
fully connected layer reduces the dimensionality by a factor of » and applies
rectified linear unit activation 6. Then, a second fully connected layer with sigmoid
activation s(F') restores the original channel dimension. The output F is the
element-wise product of the original F and the sigmoid output s(F'), representing

the channel attention applied to the encoder’s convolutional output. The channel
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attention (Channel Attention (CA)) structure is illustrated in Figure 5.2.

Overall structure The proposed network consists of an encoder and a decoder,
connected by a skip connection and improved by a squeeze-and-excitation block.
These components work together to extract compact representations from the
input data and reconstruct the original data by minimizing the reconstruction
error of these representations. The encoder consists of three 2D convolutional
layers, each with a 2 x 2 stride and a 3 x 3 kernel size. Batch normalization
and LeakyReLU (LRelu) activation which are applied after each convolution. In
contrast, the decoder follows a structure similar to the encoder but employs 2D
deconvolutional layers to expand the feature map size. Skip connections, preceded
by channel attentions, are incorporated into the feature map F € RTWC following

every convolutional layer. Figure 5.3 depicts the overall framework design.

5.2.1.4 Anomaly detection and objective function

To identify irregularities in a video, we calculate the anomaly score S(¢) (eq.
5.3). This score is obtained by comparing the reconstructed frames I’ with the
ground truth frames I using the Mean Squared Error (MSE). To determine the
MSE (eq. 5.2), we initially measured the squared differences between correspond-
ing pixel values of the ground truth and reconstructed frames across T frames
in the sequence. Subsequently, we average these squared differences across all
frames. Lower MSE values correspond to higher frame quality. Therefore, ensur-
ing the similarity of all pixels can be achieved through an intensity constraint,
which assesses each pixel value between the ground-truth frame and the re-

constructed frame, as illustrated in L,..., (eq. 5.1). The following functions are

utilized:
Lrecon(ItaI;:): ||It_I;||§ (5.1)
li 1 4 112
MSE(I,I)=TZ|IIt—It||2 (5.2)
i=1

We employ the MSE (eq. 5.2) to compute the anomaly score S(¢) (eq. 5.3) for

each frame in the test video sequence. This score is derived by standardizing
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the MSE values of all frames in the sequence. Nevertheless, the score indicates

whether each frame is typical or atypical.

MSE(;,I,)-min MSE,I})

5.3
max MSE,I))-min MSE,I}) (5.3)

S(t)=

5.2.2 Object-centric abnormal behavior detection in video
surveillance via Feature Learning and

Pseudo-anomaly generation

We will follow the same steps as previously mentioned, focusing only on

highlighting the differences.

5.2.2.1 Data preprocessing

We first extract objects of interest by applying the same steps as outlined in the
previous section, but instead of processing the entire frame, we focus on individual
objects. For each frame i, we use the selected bounding boxes to clip the objects.
The clipped objects from temporally adjacent frames i —¢,...,i—1,i,i+1,...,i+¢ are
stacked to form object-centric boxes using the same bounding boxes. All patches
are resized to a fixed resolution of 480 48 pixels to reduce dimensionality and

simplify calculations.

5.2.2.2 Rols based irregularity generation for feature learning

During training, for each batch of data, a subset of the constructed bounding
boxes By, equal to A-bz where bz is the batch size, is randomly selected for
temporal and spatial transformations. These selected Regions of Interest (Rols)
undergo random spatial rotations of 90°, 180°, or 270°. Additionally, we introduce
frame skipping (ranging from 1 to 4 frames) to alter the motion regularity of
objects within the sequence, simulating irregular motion patterns in the temporal
context.

By exposing the model to these transformed Rols, it learns to detect irregular
regions and distinguish between normal and anomalous patterns. This process
enhances the model’s ability to refine its predictions, improving alignment with

the ground truth.
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5.2.2.3 Network architecture

We employ the same 2D Autoencoder with channel attention described above,
distinguishing our approach from more complex models. Our network, while
remaining simple, delivers a highly effective performance. As illustrated in Figure
5.4, it comprises an encoder and decoder connected by skip connections and

channel attention.

Temporal transfomation ;lnppm frames)

= _ — =

I g g o

2 s = =3

g g (30,45, 256] H ®

H g = .

~N

a8 g g a
C A T =
CA —D

Comv2D + BN + LeakvRelu CA Channel Attention

DeConv2D + BN + LeakyReln ( D Concatenation

WENS ey e
Gray frames

Figure 5.4: A detailed structure of the proposed object-centric based method

5.2.2.4 Anomaly detection and objective function

In order to detect the anomalies in a video, we calculate the anomaly score
S(t) (eq. 5.3) based on the highest object score at time t. The score is derived from
both the Mean Squared Error (MSE) (eq. 5.2) between reconstructed Rol I’ and
ground truth Rol 1

5.3 Experiments

5.3.1 Experimental Setup

Datasets and evaluation metrics: We have validated our approach using four
well-known benchmark datasets: UCSD Pedestrians 2 [113], CUHK Avenue [114],
UMN [116], and ShanghaiTech Campus [115]. These datasets were chosen to cover
a wide range of real-world scenarios, featuring various resolutions, camera angles,

and types of anomalies. Ground truth binary flags were used for every frame to
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evaluate our model, ensuring accurate identification of anomalous occurrences.

Frame-level AUC was used to quantitatively evaluate the model’s performance as
the primary assessment statistic. We also provided qualitative and quantitative

assessments of the results for each dataset.

Implementation details Our experiments utilized Pytorch [174] on a single
Nvidia GeForce RTX 2060. The Adam optimizer [175] was employed with
an initial learning rate of le—4.

For the frame-based method, we use T' = 5. The batch size was set to 4, and
the maximum number of epochs was 30 for Ped2 [113], 20 for Avenue [114], and
10 for the ShanghaiTech [115] datasets. The hyperparameter A was set to 0.3.

For the object-based method, we use T = 7. The batch size was set to 64 for
Ped2 [113] and Avenue [114], 128 for the ShanghaiTech, while the maximum
number of epochs was 30 for UCSD Ped2 [113], and Avenue [114], and 20 for the
ShanghaiTech [115] datasets. The hyperparameter A was set to 0.5.

In the first stage of our architecture, we employ YOLOvS8 [31] for object de-
tection. We retain detections with a confidence level exceeding 0.2, 0.8, and 0.5
for UCSD Ped2, CUHK Avenue, and ShanghaiTech, respectively. This criterion

remains consistent during both the training and inference phases.

5.3.2 Experimental results
5.3.2.1 Quantitative analysis

To evaluate our proposed methods’ effectiveness, we use the Area Under the
Curve (AUC) based on frame-level ground-truth annotations and report both
micro- and macro-averaged AUC metrics as illustrated in table 5.1. We compared
the results with the recent approaches on the UCSD Pedestrians 2 (Ped2), CUHK
Avenue, and ShanghaiTech datasets. As shown in Table 5.2.

Our evaluation results for the frame-based method show that our proposed
achieved the highest average AUC value (98.72%) and outperformed the state-of-
the-art [188] by 0.27%. On CUHK Avenue, our method surpassed all earlier works,
achieving a Frame AUC of 89.55%. In contrast, on the ShanghaiTech dataset, our
method demonstrated competitiveness with prior techniques and even exceeded
TI-VAD [165], which used optical flow for motion estimation.
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Dataset Frame-based approach | Object-centric based approach

Micro-AUC Macro-AUC | Micro-AUC Macro-AUC
UCSD Ped2 [113] 98.72 98.53 99.35 99.87
CUHK Avenue [114] 89.55 89.20 88.10 90.50
Shanghai Tech [115] 73.84 83.50 76.47 83.48
UMN [116] 99.70 99.80 99.6 99.83

Table 5.1: Our Micro and Macro AUC scores on four well-known benchmark
datasets.

Our analysis of the object-based method reveals that the proposed strategy
outperformed the state-of-the-art method Liu et al. [156] by 0.05%, achieving
the highest average AUC score of 99.35%. Our approach performed competitively
on the CUHK Avenue and ShanghaiTech datasets; however, our results on the
ShanghaiTech dataset surpass HF2-VAD [156], which used both RGB and optical
flow-based modality.

In summary, our proposed techniques deliver significant efficacy and efficiency
as an anomaly detection solution in terms of accuracy and ease of use. Further-
more, our methods demonstrated superior performance speed, as shown in the
table 5.3.

5.3.2.2 Qualitative analysis

The outcomes of unusual events occurring at time ¢ are illustrated in Figures
5.5 and 5.6. The model consistently produces low anomaly scores during regular
periods, indicating its adaptability. On the other hand, when anomalies occur,
these scores rapidly increase and remain consistently high for the duration of
the anomaly. As depicted in these figures, the notable anomalies for the Ped2
and ShanghaiTech datasets are unfamiliar objects, such as a car, a bicycle, and a
motorcycle. In contrast, the Avenue dataset identifies motion anomalies, such as
a person running, jumping, and throwing objects. Additionally, Figures 5.7 and
5.8 show the method’s prediction results and errors for anomalous frames, further
highlighting the model’s versatility. This behavior demonstrates the method’s
ability to pinpoint and identify abnormal events efficiently and accurately. This is
a critical aspect of the proposed models, which aims to precisely locate and classify

anomalies in video surveillance.
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Method UCSD Ped2 CUHK Avenue ShanghaiTech
Frame or Pixel-based

Hasan et al. (2016) [176] 90.0 70.2 60.9
Lu et al. (2019) [177] 96.1 85.8 -
Nguyen et al. (2019) [178] 84.3 82.8 -
Luo et al. (2019) [179] 96.9 86.6 73.8
Tang et al. (2020) [180] 96.2 83.7 71.5
Chang et al. (2020) [181] 96.5 86.0 73.3
Park et al. (2020) [182] 97.0 88.5 70.5
Li et al. (2020) [183] 95.4 86.0 71.4
Zheng et al. (2020) [184] 95.4 86.8 73.6
Cai et al. (2021) [185] 96.6 86.6 73.7
Huang et al. (2022) [186] 97.6 88.8 74.3
Zhao et al. (2022) [187] 97.1 89.3 73.0
Park et al. (2022) [112] 96.3 85.3 72.2
Wang et al. (2023) [150] 98.4 86.1 73.2
Astrid et al. (2023) [188] 98.44 87.1 73.7
Yang et al. (2024) [189] 97.9 88.5 74.1
Proposed (frame-based) 98.72 89.55 73.84
Object-based

Hinami et al. (2017) [190] 92.2 89.8 -
Ionescu et al. (2019) [152] 94.30 87.40 78.70
Morais et al. (2019) [191] - - 73.4
Sun et al. (2020) [192] - 89.60 74.70
Doshi et al. (2020) [193, 194] 97.80 86.40 71.62
Yu et al. (2020) [154] 97.3 89.6 74.8
Liu et al. (2021) [156] 99.3 91.1 76.2
Wang et al. (2022) [161] - 89.8 73.7
Doshi et al. (2023) [165] - 85.78 71.18
Huang et al. (2023) [195] 97.7 89.7 75.8
Proposed (Object-based) 99.35 88.1 76.47

Table 5.2: Frame level AUC comparison between the proposed methods and the
most recent VAD techniques (red and blue values represent the first and second
best results, respectively).
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Method FPS
Frame-based

Park et al. (2022) [112] 101
Wang et al. (2023) [150] 60

Proposed (frame-based) 183
Object-centric

Ionescu et al. (2019) [152] 13.5
Liu et al. (2021) [156] 10

Proposed (Object-centric) 42 (CUHK Avenue)

Table 5.3: Frame Per Second (FPS) comparison among the top methods.
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Figure 5.5: The score curves that were acquired via assessment on frame-based
proposed approach. The anomaly score S; is shown by the red line in the plot, while
the blue line represents the labels. Higher values indicate a higher occurrence of
anomalies.
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Figure 5.6: The score curves that were acquired via assessment on object-based
proposed approach. The anomaly score S; is shown by the red line in the plot, while
the blue line represents the labels. Higher values indicate a higher occurrence of
anomalies.
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Figure 5.7: Normal and abnormal Reconstructed frame examples and its error
maps on UCSD Ped2, CUHK Avenue, aha ShanghaiTech benchmark datasets.
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Figure 5.8: Abnormal Reconstructed objects examples and its error maps on UCSD
Ped2, CUHK Avenue, and ShanghaiTech benchmark datasets.

5.4 Conclusion

This chapter presents two novel strategies for identifying unusual behavior
in videos. One is merging the generation of object-centric patch anomalies on
standard frames with a reconstruction network to improve the detection of irregu-
lar regions and boost the learning of normal features. The second is based on an
object-centric level while maintaining pseudo anomaly generation at each batch of
data. We employ a 2D U-Net model with attention blocks at the channel level to
capture fundamental patterns crucial for abnormality detection. To enhance the
model’s generalization of normal features, we train it to focus on typical appear-
ance and motion patterns using spatial and temporal transformation techniques.
We assess our methods on three standard datasets, and the outcomes demonstrate
the proficient performance of our network in identifying anomalies at the frame

and object levels.
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6.1 Conclusions

This research highlights the critical need to monitor public areas and provides
a practical methodology for doing so. Observing and extracting valuable insights
from these environments allows us to recognize and classify objects based on their
behaviors, which is essential for applications such as security and surveillance.
This comprehensive approach, which involves detecting, identifying, and tracking
objects in real time, can significantly enhance the effectiveness of surveillance
systems in real-world scenarios.

This thesis tackles two critical components of behavior analysis: object detec-
tion and behavior classification. These processes are fundamentally related, as
accurate behavior analysis hinges on successfully identifying and tracking objects.
The first step involves detecting and identifying objects, including determining
their locations within a scene. The second step focuses on analyzing the behavior
of these detected objects to identify any anomalies or potential threats. These
processes work together to create a more complete knowledge of the scenario and
allow for prompt reactions to aberrant or dangerous circumstances.

Our methodologies for addressing these two critical steps is outlined in distinct
sections of the thesis. First, for detecting moving objects in video, we propose a
novel deep-learning model for background subtraction. With its novel architecture
incorporating multiple skip connections between micro-autoencoders and pre-
trained VGG-16 blocks, this model represents a significant advancement in the
field. This network’s architecture enables detecting moving objects in complex
scenes with minimal training data, making it highly efficient and adaptable.

Second, we introduce an advanced anomaly detection network to detect sus-
picious behaviors. This single-stream network leverages a 2D attention U-Net
and pseudo anomaly generation to enhance spatiotemporal feature learning in
surveillance videos. The framework detailed in the thesis represents a signifi-
cant advancement in automated surveillance systems, enabling more accurate
detection of objects and their abnormal behaviors.

Each of these unique perspectives is discussed in detail below:

In Chapters 2 and 4, we provide a comprehensive review of object detection,
with a particular focus on background subtraction techniques. This review, which
results from extensive research and analysis, outlines key concepts, methodolo-

gies, and challenges within the field, offering a critical assessment of existing
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approaches. Chapter 4 introduces a novel deep learning model for background
subtraction, featuring a novel architecture that incorporates multiple skip connec-
tions between new micro-autoencoder units and pre-trained VGG-16 blocks. This
model demonstrates high efficiency in detecting moving objects within complex
and dynamic scenes, even with minimal training data, showcasing its potential in
real-world applications.

Chapters 3 and 5 present an in-depth analysis of abnormal object behavior
detection in video surveillance, thoroughly examining various algorithms and tech-
niques used in this domain. Chapter 5 defines the proposed single-stream network
for abnormal behavior detection, which leverages object-centric spatiotemporal
transformations. This approach introduces a novel reconstruction-based method
for generating irregularities, enhancing the network’s capacity to identify abnor-
mal behaviors. Additionally, the network employs a two-dimensional U-Net with
channel attention to optimize video analysis efficiency alongside an unsupervised
spatiotemporal learning technique. This enables robust detection of abnormal
object behavior in surveillance video, significantly advancing this area’s state of
the art.

6.2 Limitations

The proposed methods have several limitations. In Chapter 4, while our nested
network delivers reliable results in background subtraction, it struggles to detect
tiny objects, particularly in scenarios with low frame rates. Additionally, the
model’s performance is highly dependent on the number of training instances.
A limited number of training cases can lead to suboptimal detection of moving
objects, reducing the overall effectiveness of the approach.

In Chapter 5, while the results demonstrate strong performance, there are
some limitations in handling anomalies. The method operates under an unsuper-
vised framework, meaning no explicit anomalies were defined during training.
Instead, the system assumes anomalies are any actions, movements, or objects not
encountered during training. While effective in some contexts, this unsupervised
approach cannot be universally applied to all datasets, particularly those requir-
ing a predefined specification of anomaly types. However, potential solutions, such
as explicit definitions of anomalous behaviors, can be explored to ensure accurate

detection. Furthermore, in this chapter, we did not employ a dedicated moving
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object detector, such as those relying on optical flow or background subtraction
prior to extracting abnormal behaviors. As a result, our approach may occasionally
misclassify or overlook objects that belong to the background. Additionally, some
false positives and missed detections still occur, primarily due to the occlusion of
moving objects. These challenges highlight areas for improvement, particularly in

object differentiation and handling complex scenes with overlapping objects.

6.3 Future Work

Each of the proposed frameworks might be modified and expanded to address
the restrictions mentioned above. This section presents some directions for further
development. To enhance the method’s performance presented in Chapter 4, we
plan to employ independent scene evaluation to better assess its quality. This will
allow it to be applied to other datasets.

In Chapter 5, incorporating weak supervision may uncover additional identifi-
able cases, allowing the proposed method to be applied systematically to larger
datasets, thereby broadening its applicability.

To reduce false detections, we aim to integrate the method with optical flow
techniques and introduce approaches such as pose estimation to detect extreme
human movements. These enhancements significantly improve performance and

increase the model’s overall effectiveness.
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