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ABSTRACT

As the population of the world increases, urbanization generates crowding situations which pose
challenges to public safety, security and to the management of crowd. Manual analysis of crowded
situations is a tedious job and usually prone to errors. Computer scientists have been trying to
bring about the cognitive video understanding abilities of human brains onto video systems using
computer vision techniques. However, crowd analysis is a complex phenomenon in computer
vision because of the intrinsic difficulties such as perspective distortion, occlusion, shadowing
effect and variations in scale, pose and illumination. These difficulties degrade the performance of
a computer vision system. This research proposes solutions based on classical machine learning
approaches as well as state-of-the-art deep learning approaches to automate the process of visual
surveillance. This thesis will investigate three research areas of visual analysis of crowds: crowd
counting and density estimation in low-to-medium density crowds, crowd motion analysis, and

describing crowd motion with useful motion information.

To this end, we investigated the texture features for crowd counting and density estimation.
We outline an SVM-based framework for the evaluation of different texture features and also
studied the performance of the various combination of features for crowd counting and density
estimation. Currently, object detection using Deep Convolutional Neural Networks have shown
tremendous improvement over hand-crafted feature extraction techniques. Current state-of-the-
art object detectors were used for head detection task. Furthermore, Faster R-CNN was used for
counting by detection, and the performance is improved with the proposed Motion Guided Filter

by using spatio-temporal information.

In this study, we also propose a novel technique of crowd analysis, the aim of which is to
detect different dominant motion patterns in real-time videos. It is very important for a computer
vision system to capture movement as accurately as possible. For such a system, a motion field is
generated by computing the dense optical flow. The performance of our approach is evaluated on
different real-time videos. Furthermore, a framework is developed that extract motion information
from the crowd scene by generating trajectories using particle advection approach. The trajectories
obtained are clustered using unsupervised hierarchical clustering algorithm into flows. The motion
information extracted includes, the speed, density and mean direction of dominant flows/global

flows.

This study will provide real-time and practical solutions for the autonomous vision system



used in the surveillance. The analysis of information before the occurrence of any disaster or
disruptive event will result in the indication of dangerous and disruptive behaviour which seeks

urgent attention.
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”The member of a crowd gains
a sentiment of invincible power
which allows him to yield to in-
stincts which, had he been alone,
he would have kept under re-

straint.”

- Gustave Le Bon, 1899

Introduction

A crowd constitutes a large number of people gathered together in public places. In public places,
CCTYV cameras are installed to monitor the activity of the crowd. Traditionally, human operators
are required to continuously monitor the sheer number of CCTV cameras installed, to detect any
unusual and abnormal aspect within the crowd. It is very difficult for a human operator to con-
tinuously monitor and analyze a huge amount of visual surveillance data coming from different
viewpoints. Therefore, a large staff is required to monitor a large crowd, which results in very high
costs. On the other hand, if very few people are employed for the monitoring task, they may miss
very important and critical situations. Many researchers are turning toward computer vision for
such a system, which will automate the whole process of crowd monitoring, thus reducing the need
for human intervention very significantly. An important application of visual analysis of crowd is
counting and density estimation of people within the crowd. The term counting is used in detection
based approaches for the exact number of people in the crowd. While density is the estimation of
the crowd used in a regression-based analysis of high-density crowd. Crowd counting and density
can be used in the detection of potentially dangerous situations such as congestion. Additionally,
civil engineer and architect use counting in the design of public space. Motion analysis in a crowd
is a pre-processing step in the overall understanding of crowd behavior over some time in many
frames of video. As a first step, motion information using optical flow is computed. The motion
information is then used to find trajectories, dominant motion pattern, and overall behavior of the

crowd.

Recent advancement in deep learning has shown outstanding results in detection using Con-
volutional Neural Networks (CNN). In a typical CNN based approach, there is local connectivity

of a region in the input image to the output image as compared to the traditional feedforward
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neural network. In a feedforward neural network, every input layer is fully connected with the
output layer. Deep CNN is a compositional model, in which features are extracted ranging from
low-level along the pipeline of CNN towards the final layers. The lower layers represent low-level
features such as edges, and the subsequent layers represent abstract features such as shapes, etc.

CNN features are expressive, robust and generic than hand-crafted features.

The main contribution of the thesis will be to automate the process of crowd counting and
density estimation in real-time using computer vision and machine learning. The thesis will study
the crowd using traditional machine learning and deep learning based approaches. Moreover,

motion information will be used to study the behavior of the crowd.

1.1 Background and motivation

Crowds of the pedestrian can be considered as a complex phenomenon because of constant inter-
action among the people within the crowd, complex behavior of the individuals and inter-object
occlusions make it a difficult and challenging task. World population has been doubled in the years
1959 (3 billion) to 1999 (6 billion) ! . The current growth of global population increased at 1.13
percent per year. According to latest predictions by United Nation Predictions®, the estimated
population will reach 10 billion in 2056. As the population of the world is increasing at a rapid
rate and more people are moving towards the major cities in pursuit of better life and facilities.
The world has experienced unprecedented urban growth; big cities are more densely populated
than ever before. It is expected that 70 percent of the world population will be urban by 2050.
The number of cities having over one million population had grown from 14 to 83. Also, the phe-
nomena of a crowd like activities such as sports, festivals, social gatherings, political and religious
gatherings, concerts and public transport terminals tend to attract a large number of people com-
peting for limited space and resources; this can lead to serious safety and security concerns for the
participant and their organizers. Therefore understanding the crowd is a critical and challenging
task.

There has been multidisciplinary research in the analysis and understanding of crowd behavior.
Urban planner, civil engineers, architects, study crowd behavior in normal and extraordinary sit-
uations e.g. evacuation help them in planning and designing buildings and making policies which
can cope with such extraordinary situations like riots, fire, stampede. Similarly, organizer and
manager of big events do crowd analysis and study the behavior of the crowd such as ceremonies,
races, carnivals, concerts, parties etc. to do better management in case of any abnormal events.
Some of the examples of the crowd are shown in Fig. 1.1. Therefore, understanding the dynamics
of a large number of people is very important in designing and management of such big events.
Similarly, biologist studied the behavior of animals in herds, packs and bird flocks, fish schools
and their habitat. A social psychologist studied different aspects of the behavior of an individual

in the crowd as well as the overall behavior of the crowd in relation to crowd size. According to

"http://www.worldometers.info/world-population
“http://www.prb.org/Publications/Lesson-Plans/HumanPopulation/Urbanization.aspx
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the Gustave Le Bon, a French psychologist, wrote in his famous book, The Crowd: A Study of
the Popular Mind, about the infectious behavior of the crowd psychology in his contagious theory.
According to his contagion theory, which argues that crowds cause people to act in a certain way.
The theory suggests that crowds exert a sort of hypnotic influence on their members. The hypnotic
influence combined with the anonymity of belonging to a large group of people, even just for that
moment, results in irrational, emotionally charged behavior. Or, as the name implies, the frenzy
of the crowd is somehow contagious, like a disease, and the contagion feeds upon itself, growing
with time. In the end, the crowd has assumed a life of its own, stirring up emotions and driving

people toward irrational, even violent action.

The focus of the thesis will be about the visual analysis of the crowd for the public safety and
security. Due to the sheer number of cameras installed, a large number of staff is required to mon-
itor manually and report any abnormal activity in the crowd. Unfortunately, manual surveillance
requires constant observation, adequate training, and a great deal of attention which is not possi-
ble for a human observer to focus all the time and therefore may be prone to error due to human
negligence. It is very often that videos of an incident are investigated after the occurrence of the
event. The aim is to make real-time alerts for any abnormal activity within the crowd and gives
the authority a chance to prevent injuries and fatalities at the earliest. During the time of panic in
large size crowded area, the study of the crowd helps the organizers of event important informa-
tion for mass evacuation. Therefore, crowd detection and estimation has been the area of interest
of most of the computer scientist and researchers. Although, the main purpose of surveillance is
to provide safety and security. However, it can be incorporated into business intelligence such
as big shopping malls. Such intelligence can provide valuable information about the number of
customers and their interests in particular products. It can also provide information about the peak
hours sales of different products, which can help the owner of the business to restructure shopping
mall according to the customer’s interests. Monitoring and surveillance is a very important area

of study, which has applications in the safety and security of the public.

The human eye is the most intelligent visual device which passes low-level information to
the brain for processing. Brain extracts high level semantic and contextual information about the
scene. Computer vision scientists are trying to bring about the same intelligence and perceptual
capabilities as the human eye. Till now, researchers in the computer vision community have
succeeded in the detection of different kind of objects in a variety of scenes. But the crowd
phenomenon is much more complex than simple detection and tracking tasks. And therefore,
simple extension of detection and tracking of human in the simple scene cannot apply to complex
scenes of crowds. Because in the case of crowd analysis in real-world surveillance setting, scientist
faces a difficult challenge to deal with severe occlusion, due to an excessive number of objects and

their interaction with each other in the crowd.

The general implementation pipeline for the high-density crowd may include the following
steps. The first important step in feature-based crowd analysis is to calculate the crowd flow, which
can easily be computed by well established and optimized techniques of optical flow techniques.

Generally, flow vectors having identical orientation are combined, then followed by segmentation.
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Another mostly used feature-based tracking is based on SIFT. In general two steps are followed in
a SIFT feature-based tracking approach to segment the flow of the crowd. In the first step, SIFT-
based features are computed and their correspondence is tracked at some interval of time. SIFT
features seem to be more accurate in complex scenarios as compared to corner based features. As
a result, local tracks are obtained called tracklets. These tracklets provide good information about
the local motion in a very short duration of time. Combining local tracklets to form global tracks
over time is a clustering problem. In the second step, to get the global flow information, these

local tracklets are combined to form global tracks using some clustering algorithms.

There are some commercial products in the market for surveillance and monitoring. However,
they are expensive, not reliable and robust. The performance is limited to one scene and needs
to be retrained for a new scene. Therefore in video surveillance applications, there is a dire need
to automatically detect the crowd density, dominant flows, crowd size, and abnormal events and
provide intelligence to the analyst beforehand. Despite all the security measures, crowd disasters

still occur frequently. The summary of crowd disasters of the last ten years is shown in Table 1.1.

1.2 Significance of visual analysis of crowd

Crowd analysis has many real-world critical applications. The applications are given below.

1. Crowd Management The study of crowd analysis help managers and event organizers to

develop evacuation procedure in emergencies. €.g., fire, riot, stampede

2. Public Space Design Crowd analysis provides useful information to civil engineers and

architects in the design of public spaces.

3. Visual Surveillance It can be used in to detect anomalous event to ensure public safety and

security

4. Intelligent Environments The intelligence can be used in a shopping mall to find the pattern

of customers and their interest in a particular object.

1.3 Challenges

The assumption that the mass of the crowd behaves more or less the same is usually incorrect.
Because the person behavior is more complex and depends on many different factors such as
the layout of the scene, density of people, goals of the individuals and coherence among the
individuals in the crowd. Most of the time the motion and behavior of the individual are tied to his
role in the crowd; whether the individual is working as police, a runner, a protestor or any other
possible role. The traditional pipeline of object detection and tracking are core technologies in
computer vision which are successfully applied to low-density crowds. The main steps of these

methods are to localize the moving objects, track them for some duration and analyze them for

[4]
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Table 1.1: Crowd disasters

Year Place Deaths

2015 Mina Crowd Crush, Mecca Saudi Arabia 2277
2014 China Shanghai New Years Eve crush 34

2013 Madhya Pradesh Crowd crush, India 115
2012 Stadium Bamako, Mali 36
2011 Pilgrimage Kerala, India 119
2010 Love parade, Germany 23

2009 Phnom Penh Crowd Crush, Cambodia 347
2008 Houphout-Boigny stampede, Cte d’Ivoire 19
2007 Jodhpur temple,Rajasthan India 249
2006 PhilSports Stadium, Manila Philippines 73

scene semantics. However, they find limited use in the case of high-density crowds because of
the inherent challenges and complexities. Some important challenges need to be addressed for the

understanding of crowd behavior. I have discussed some of the challenges given below.

1. As the density of people in the crowd increases, there is less number of pixels per person,

which makes the detection process much harder.

2. Human behavior is very complex because of high variability in situation and settings, and

there is no existing mathematical model to model such complexities.

3. Due to the perspective problem or far-shortening effect, geometric correction of camera

calibration is required to get a reasonable estimate of crowd density.

4. The individuals in the crowds exhibits different behaviors and usually goal-directed. Which
makes it very challenging to figure out an appropriate level of granularity to model crowd

dynamics [2].
5. Complex interaction between objects, physical scene characteristics, varying illumination,
and shadowing effect, pose severe occlusions both at the spatial and temporal level, result

in loss of information about the considered object.

6. Another challenge is to detect any specific behavior is to train the system in that particular

behavior.

These challenges can be seen in the images of the crowd shown in the Fig. 1.1.
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(a) Sports

(c) Concert (d) Marathon

Figure 1.1: Illustration of challenges in the crowd

1.4 Aims and objectives

The objectives of this research are to develop robust algorithms for visual analysis of crowds.
In this study, we will be using core technologies such as machine learning and computer vision
to make intelligent solutions for surveillance and monitoring of crowds. Substantial efforts have
been made in feature engineering for different computer vision applications. However, in this
study, different features and their combination will be evaluated for crowd density estimations,
crowd counting, crowd flow analysis, and behavior of the crowd. The aims of the stakeholder for

crowd management are listed below.

1. The computer vision system should automatically give the count and density estimation of

the crowd.
2. The system should be able to generalize to unseen situations.
3. The system should be able to do motion analysis.

4. The system should be able to provide useful motion information about crowd flows.

To achieve the aims of the stakeholder, the following objectives have been proposed.

[6]
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1. Development of real-time solutions for crowd counting and density estimation using com-

puter vision and Convolutional Neural Network.

2. To evaluate proposed features for cross scene evaluation, and to see how they generalize to

the unseen situations.

3. To identify crowd behavior in terms of local motion estimates (motion patterns) and domi-

nant motion patterns.

4. To study the behavior of crowd using motion analysis.

1.5 Research questions

The above motivation and objectives lead to the following research questions

1. How to find the size of the crowd both in terms of counting and density of the crowd by
evaluating different features and finding the most distinguishing features for crowd density

estimation both for an outdoor and indoor scene?

2. How to make use of crowd flows to determine dominant motion patterns in the crowded

videos?

3. How to extract descriptive motion information from the crowd scene?

1.6 Evaluation of crowd analysis methodology

There are several publicly available benchmark datasets for the evaluation of crowd analysis algo-

rithms. The brief description of these datasets is given below.

1. PETS 2009 Dataset [ 1]
This dataset of crowded video scene released as a challenge before the eleventh international
workshop on performance and evaluation for activities such as crowd counting and density
estimation, tracking under varying lighting conditions. This dataset contains calibration
data, training data, person counting, and estimation data, people tracking and flow analysis
data.

2. UCF Crowd Dataset [3]
This dataset contains images from BBC motion gallery and Getty Images. The dataset
provides different lighting and field of view conditions for evaluation of crowd analysis

algorithms.

3. UCSD Anomaly Detection Dataset

Chan [24] introduced this dataset for evaluation of anomalous behavior in a crowd.
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4. Mall

The Mall dataset was introduced by chen [36] for the evaluation of indoor crowd scene with

different environmental and crowd configurations.

. UCF Crowd Behavior Dataset

This dataset contains images from BBC motion gallery, YouTube, PETS2009 for evaluation

of crowd behavior recognition.

1.7 Contributions

The proposed work has led to the following contributions to this thesis. The following are the

contributions.

A new hierarchical clustering algorithm has been proposed which can detect dominant mo-

tion patterns in crowd videos.

A new method for extracting motion information presented. The proposed method can ex-
tract useful information such as speed, density, as well as the direction of dominant motions

from crowd flows.

Most of the existing approaches for crowd counting is based on regression for crowd count-
ing. We have evaluated state-of-the-art object detectors for head detection as well as for
person detection. A Motion Guided Filter has been proposed to exploit the spatio-temporal
information for the refinement of detections. i,e. False detections are suppressed, and missed

detections are recovered.

A study of various texture features and their fusion have been evaluated for crowd counting

and density estimation

1.8 Stakeholders

The thesis will assist the crowd management and law enforcement agencies in the management of

crowd of pedestrians.

1.9 Outline of the thesis

Based on the proposed research questions, the proposed methodologies are divided across several

chapters. The thesis is divided into seven chapters and is briefly described as follow:

e Chapter 1 provides an introduction to the research area, aims, and motivation of the research,

its significance, major challenges, brief description of the datasets and evaluation criteria,

and outline the contributions to the research.




1.9. OUTLINE OF THE THESIS

e Chapter 2 provides a critical analysis of the existing state-of-the-art work published in the
visual analysis of the crowd using computer vision and machine learning approaches. The
crowd dynamics covers different aspects of crowd analytics which include crowd counting,

crowd motion analysis, crowd behavior analysis, and crowd anomaly detection.

e Chapter 3 describe the proposed framework for crowd counting using texture feature. Tex-
ture feature is an important feature descriptor for many image analysis applications. The
objectives of this research are to determine distinctive texture features for crowd density
estimation and counting. A two-stage classification and regression-based framework have
been proposed for performance evaluation of all the texture features for crowd density esti-
mation and counting. According to the framework, input images are divided into blocks and
blocks into cells of different sizes, having varying crowd density levels. Due to perspective
distortion, people appearing close to the camera contribute more to the feature vector than
people far away. Therefore, features extracted are normalized using a perspective normal-
ization map of the scene. At the first stage, image blocks are classified using multi-class
SVM into different density level. At the second stage, Gaussian Process Regression is used
to regress low-level features to count. Various texture features and their possible combina-

tions are evaluated on a publicly available dataset.

The focus of the second part of the chapter is that of using state-of-the-art object detectors
for the task of head detection. The choice of head detection for detecting the number of
people is a viable option because it is visible most of the time even when other body parts

are fully occluded.

o This chapter examines the use of Region-Based Deep CNN for person detection. The detec-
tion framework is combined with the proposed Motion Guided Filter to refine the detection

results.

e Chapter 5 presents the motion analysis of crowd videos to detect dominant motion patterns

using hierarchal clustering.

e Chapter 6 describes the proposed work for extracting useful motion information such as

density, speed, and direction of different flows in the crowd.

o Chapter7 Summarizes the thesis and outline the future research work in the visual analysis

of the crowd.







“Research is to see what every-
body else has seen, and to think
what nobody else has thought.”

- Albert Szent-Gyorgyi

Background and Related work

This chapter provides a brief review of current state-of-the-art approaches and their limitations.
The discussion about limitation and shortcomings will pave the way for research direction and

will lay the foundation for the work discussed in subsequent chapters.

2.1 Introduction

Crowd analysis is an active field of research in computer vision. In practice, computer vision is
used in most of the visual surveillance systems. In a typical surveillance system, manual analysis
is usually prone to error due to the short attention span of a human. However, many researchers are
focusing on intelligent solutions for automatic analysis of visual streams of crowded and cluttered
scenes. From a computer vision perspective, the aim of analysis is to find the count and density
estimation of a crowd, motion analysis, congestion, and ultimately the behavior of the crowd over

a period to detect anomalous situations.

The problems presented by crowd analysis are more complicated than a typical computer
vision system’s problem. Here we will discuss some of the common problems faced by typical

computer systems as well as by the system used for crowd analysis as illustrated in Fig 2.2.

1. Intra-class variations: In crowd analysis, the focus is to detect human as accurately as
possible. However, due to intra-class variations in shape, size, texture, and color make it
difficult for a computer vision system to analyze. Sometimes, there is a need to consider

different pose and context around the object for accurate analysis.

[i1]
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2. Background clutter: Sometimes the object of interest closely resembles the background
where it is almost impossible to see objects. Moreover, in such situations background is

dominated in the image.

3. Illumination changes: The change in illumination depending on the time of the day and

season make the object to appear differently.

4. Occlusions: This is the most common problem in crowd analysis where one object is oc-
cluded by another object either fully or partially.

5. Shape variations: Due to the articulated nature human body, different variation in pose may

cause a problem for computer vision in recognition.

6. Viewpoint variations & Perspective distortion: Due to viewpoint variation, the object may
appear differently from different viewpoints. The problem particular to crowd analysis is
that of perspective distortion. In perspective distortion, the object close to the camera may
contribute more to the feature vector than the object far away from the camera. Most of the
time perspective normalization is required as a pre-processing step before the analysis of

crowd.

This literature review aims to do a critical analysis of current state-of-the-art techniques. In par-
ticular, our survey will be closely related to crowd counting and density estimation, crowd motion
analysis, crowd flow segmentation, crowd behavior analysis, the study of dominant motion pat-
terns, and high-level scene semantics understanding of the crowd. Computer vision researchers
have carried out successful research for object detection, recognition, image segmentation and
tracking in very low-density crowds. The number of people in each density levels of crowd varies.
There are no agreed-upon criteria of different density levels in the crowd. There remain blur
boundaries between different density level of the crowd, often depend on specific applications. In
a low-density crowd, there is clear visibility of individual and even their parts. Therefore detec-
tion, recognition, and even tracking are relatively easy in low-density crowds. On the other hand,

detection and tracking algorithms are usually inapplicable in high-density crowds.

Classification of crowd analysis is based on the specific problem domain. The crowd can be

broadly classified into two categories.

1. Structured crowds

2. Unstructured crowds

High-density crowds can be broadly classified into structured and unstructured crowds [145] as
illustrated in Fig 2.1. In the structured crowd, people move coherently in common directions. In
such type of crowds, the motion of the people is predictable, goal oriented, and most of the time
the goal is common. The direction of movement of such a crowd is fixed and does not change with
time. e.g. pedestrian in a marathon race. In contrast, people in unstructured crowd move freely in
one direction or another direction, and their motion is unpredictable e.g. road crossings, railway

stations, expos, airports.

[i2]
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(a) Structured crowd (b) Unstructured crowd

Figure 2.1: Classification of crowds based on motion patterns

s AL

(b) High-density crowd (Illustration of Perspective dis-
tortion and occlusion)

(c) Low dense crowd (Illustration of Background clutter (d) Low-density crowd (Illustration of illumination)
and occlusion)

Figure 2.2: Illustrations of various problems in publically available datasets

2.2 Crowd counting and density estimation

Moreover, estimating crowd density or estimating the number of people attending the event can
substantially reduce the cost by deploying an exact number of security personnel required for

public safety and security.

Various methods for estimating the crowd count are proposed in the literature. Generally, we

[13]
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can classify these methods into two major categories, 1) Regression-based methods, 2) Detection-
based methods. Regression-based methods employ machine learning techniques like Support Vec-
tor Regressor [188], Gaussian Process Regression(GPR) [25], linear regression [45], K-nearest
neighbor [210], and neural network [121] are employed to estimate the crowd count by perform-
ing regression between the image features and crowd size. Regression-based crowd counting

algorithms can be further categorised into two groups: Holistic and Local.

2.2.1 Holistic approaches

In holistic approaches, image features like size, shape, edges, keypoints, and texture are extracted
from the entire image and regression is then applied to estimate the size of the crowd. In [25], edge
and texture features are extracted from the whole image, and the correspondence between the num-
ber of people and features is learned through Gaussian Process Regression. [112] extracts shape,
color, size, texture features from the image and the self-organizing neural network is employed for
crowd density estimation. The neural network is employed by [69] to learn the correspondence
between the foreground pixels extracted from the whole image and number of people. A method is
proposed by [199] that transforms an image into multiple scales using wavelet transform and then
the first and second order features are extracted as a density character vector. A support vector
machine classifier is trained that classify density character into different density levels. The term
density of crowd is used whenever an exact number of count is not required, The scene may be
defined in term of density levels such as low, very low, medium, high, very high. The boundaries
between these different density levels are a blur and are often defined in the context of the ap-
plication being considered. Marana et al. [118, , ] uses subset of second order statistical
features based on Gray Level Co-occurrence Matrix(GLCM) for crowd density estimation origi-
nally proposed by Haralick et al. [63]. The underlying assumption for the use of texture features
was that low-density crowd exhibit coarse texture and high-density crowd exhibit fine textures
and the background of the scene are relatively smooth texture as compared to foreground texture.
Similarly, Manfredi er al. [116] used Gradient Orientation Co-occurrence Matrix(GOCM) and
Wang et al. [189] used Local binary Pattern Co-occurrence(LBPCM) instead of using gray-levels
for crowd density estimation. Other features used are foreground pixels [168, 28],gradient fea-
tures [ 1 16], minkowski fractal dimension [ |19],fourier features [86], Gabor features [79], Trans-
lational Invariant Orthonormal Chebcheve Moments [139]. Number of studies [58, , s ]
also addressed the crowd density estimation using LBP [131]. In [88], edge and blob size his-
togram features are extracted, and the neural network is trained to find the relationship between
the number of people and extracted features. [83] proposed crowd flow segmentation as the first

step and then applying counting framework to count the number of people in each flow segment.

Previously perspective normalization was used to normalize for perspective in the single im-
age. However, Ryan et al. [152] proposed a system, in which human is approximated by 3-D
cylinder model. The density map is constructed by projecting this cylinder into the scene. The

value of the density map at each location is based on the size of the object, centered at that lo-
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cation. According to weight or density map, distant objects get higher weights as they are far
away in the scene. The density map was used for scene invariance across multi-camera. In their
proposed approach before feature extraction, first background is modeled, and foreground objects
are segmented in the form of blobs before feature extraction. The full feature vector for each blob
contains features such as size, shape, edge, and key-points. An adopted Gaussian process regres-
sion is trained by annotating each blob with the number of people contained in and tested with the
data from different data sets. The holistic estimate for a frame is the total number of people in each
blob in the frame. To avoid counting multiple times in multi-camera environments, density-map
is modified in an overlap region in such a way that the multiple occurrences of the object get less
weight. Loy et al. [104] presented a semi-supervised uniform framework. The framework makes
use of sparsely labeled data and unlabeled data to learn a kernelized ridge regression model. The
model was used to get more informative and representative samples for annotations by exploiting
the geometric structure of the unlabeled data. Spectral clustering was used to annotate the most
informative frames reducing the burden of annotating all the frames. Finally, knowledge of one

scene was used in the annotation of another scene by feature representation transfer techniques.

2.2.2 Local approaches for crowd counting

In local approaches, image features are extracted from the local patches of image and regression
is applied locally to each patch of an image and estimate the number of people in each patch.
In this case, crowd count is the direct sum of these local estimates. The size and shape features
are extracted from the local patches of the image [85], and linear (cylinder model) is employed
to estimate crowd count. [94] proposed pixel based density function for counting problem. The
density function is a mapping between the feature vector associated with every single pixel value
and its ground density value. The ground-truth density value of the pixel is approximated by fitting
the normalized Gaussian kernel to the pixel dotted annotation. A multi-output regression model
is proposed by [37] for crowd counting by extracting size, shape, edge and texture features from
the local regions of the image. Their proposed regression model is able to estimate people count
in spatially localized regions. [43] extracts SURF features from the local region of the image and
support vector regression are employed to learn the correspondence between the features and the
count of people. [76] proposed a counting framework based on multi-source multi-scale approach,
which used multiple features extracted from the local regions of an image. These features are taken
from different sources like HOG, Local binary pattern (LBP) and Fourier analysis. These features
are computed at different scales for accurate and reliable counting. This work is extended by [12]
which added more features like wavelets, SIFT, and GLCM. [114] proposed a local histogram-of-
orientation gradient, in contrast to the standard histogram-of-orientation-gradient, used to describe
the parts of the person independently and therefore helps in extraction of features even in partial

occlusions.

A great deal of work in [24, 31, , 9] for crowd counting and density estimation has focused

on local features such as edges, blobs extracted from the foreground. Typically, regression tech-

[15]
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niques such as Ridge Regression (RR) [36], Bayesian Poison Regression (BPR) [31], Gaussian
Process Regression (GPR) [24] are used to learn the model between the local features and count.
However, a significant amount of information is lost in the calculation of such features. The ac-
curacy and performance of such features heavily rely on the segmentation of the foreground. The
foreground segmentation is a challenging problem especially because of varying lighting condi-
tions and shadowing effect [176]. [153] considered texture features that are directly related to the
crowd density and counting. The more texture means high crowd density which is not always
true because of the incorrect foreground segmentation. Foreground segmentation of crowd only
caters for moving crowd, but it performs poorly in the case of a static or very slow moving crowd.
Furthermore, these features cannot be used for contextual crowd scene understanding. [56] pro-
posed the simplified version of the previous work by estimating the object density using regression
random forest improving the training accuracy. Similarly, [10] proposed an interactive and itera-
tive density estimation technique. In this technique, the user annotates the object with the dot for
object and line segment for its diameter to estimate the density. The Low-level features extracted
are mapped to the density value. The learned mapping can be visualized intuitively by the user
for error. The error indicates the need for further annotations to refine results in the next itera-
tion. As in extremely dense crowd images, a single feature or detection does not work properly.
Idrees et al. proposed a counting framework based on multi-source multi-scale approach, which
uses multiple features from HOG based head detections, Fourier analysis and different sources
taken at different scales for accurate and reliable counting [77]. Fourier analysis is applied along
with head detections, and interest points are applied in a local neighborhood on multiple scales.
Markov Random Field is used to impose smoothness among the counts from different patches
and also among different scales. Crowd counting algorithms, in particular under the umbrella of
local approaches, can either be based on 1) line-of-interest (LOI), 2) Region-Of-Interest (ROI) or
a combination of both. There are some approaches which are based on head detection for counting

and density estimation.

2.2.2.1 Line-of-Interest & Region-of-Interest based approaches

Barandiaran et al. proposed a solution for crowd counting in the pre-defined observed area by
single overhead camera [13]. The observed area is drawn with the vertical equidistant lines such
that the lines orthogonal to the direction of motion and the distance between them is greater than
half of a person’s width. When somebody crosses the line, the line counter is incremented by
calculating non-zeros interval on the line using frame difference method. The algorithm makes
uses of optical flow by Lucas and Kanade to find the direction the of motion. To count the multiple
persons either crossing line simultaneously or one after the other without any separation between
them. In the first case, the author suggested the use of overall non-zero interval and person’s
width to count. Also, when the person stops at the line, the algorithm may count it many times.
While in this case, time is calculated independently for each interval based on the magnitude of
optical flow, the height of the camera, and person’s width. The assumption that the motion will

only be orthogonal to equidistant lines drawn in the observed area, equidistant lines may not hold
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in the real-world situation due to perspective distortions. The similar approach followed by [16]
spatio-temporal maps for counting the number of people crossing the line. The author makes use
of spatio-temporal maps which consist of slices of pixels of a person crossing the line with the
assumption that color varies as the person crosses the line. Also, a spatial map of orientation
and velocities of pixels using optical flow was used to find the direction of the blob and helps in
the merging of blocks having a similar orientation. Finally, the author used linear regression for

counting the number of persons in each blob.

The current state-of-the-art Line-of-Interest (LOI) methods are based on extracting and count-
ing the blobs from the temporal slice of the video. In these blob centric approaches, counting is
only done when the blob crosses the Line-of-Interest. In some cases, large blob extraction causes
poor instantaneous count estimates. Ma and Chan proposed a local histogram-of-orientation-
gradient which in contrast to standard histogram-of-orientation-gradient, can describe the parts
of the person independently and therefore helps in extraction of features even in partially occluded
people. The line counting algorithm based on integer programming is used to estimate the instan-
taneous count [113]. Usually, spatio-temporal normalization is required to cancel out the effect
of the camera perspective. Flow mosaicking which caters for perspective normalization uses the
variable width of the line, according to the speed of person crossing the line. The speed of the
person is estimated using optical flow techniques. In his line counting framework, the crowd is
first segmented into different directions using a mixture of dynamic textures [28]. The temporal
slice image is obtained by sampling the line having a fixed width. An ROI is obtained by using
a sliding window with a step size of a single pixel. The people crossing the Line-of-Interest will
appear wider than the people crossing slowly. The author uses a temporal weight map to com-
pensate for spatio-temporal perspective. A faster-moving person has high weights than a slower
moving person. Furthermore, a spatial map is structured for perspective to normalized the effect
of the angled camera. The regression is the most common technique to directly map the low-level
feature input space to the number of people or density of the crowd. The author uses Bayesian
poison regression with discrete outputs as compared to Gaussian process regression which models

the real-valued output.

2.2.2.2 Deep Learning-based approaches

The performance of regression-based methods are improved further by employing convolution
neural networks (CNN) [19, , 82, R s s ]. In these methods, density maps are
generated from the image patches, where count for each patch is obtained by performing the inte-
gration over the density map. Zang et al. [209] proposed a CNN model which can generate both
crowd count and density maps using switchable alternative learning for counting and density map.
The training and testing require a perspective map for perspective normalization which might not
be available in practice. A Multi-column Convolutional Neural Network (MCNN) is proposed
in [214], which utilizes three columns with a filter size of a different receptive field is used to
compensate for perspective distortion. MCNN is trained to estimate crowd density at only three

different scales in extremely crowded still images. Zhang et al. and Boominathan et al. [214][19]
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proposed multicolumn CNN approaches, in which different columns with different filter sizes are
used to capture multiple scales variation along with perspective. The final prediction obtained
from columns is averaged to get a density map. Finally, the integral of the density map gives
crowd count. Similarly, Switch-CNN [155] proposed switching architecture which intelligently
switches appropriate regressor for particular crowd patch based on variation in density within the
single image. However, these approaches are highly scene-specific and may perform poorly on
cross scene analysis. [182] used shallow CNN architecture in the framework of ensemble learn-
ing where new models are added to the ensemble to fix the error from the previous model. This
ensemble was used to estimate the density map. The density map is then spatially integrated to
count. However, the research did not clearly explain the stopping criteria for adding new mod-
els to the ensemble. Therefore, ultimately adding new models to the ensemble might end up in
overfitting. [82] used contextual information such as perspective weights, camera tilt angle and
camera height to estimate crowd density. The contextual information is an auxiliary input to the
Filter Manifold Network (FMN) to produce filter weights for the convolutional layer according to
the scene context. Thus convolutional layer adapts itself to the context of the scene in contrast to
the fine-tuning and transfer learning. The current datasets do not provide contextual information;
therefore comparison with current datasets is not possible. The convolution is made adaptive to
only parameters related to perspective. There might be more complex parameters related to the

scene which are ignored.

Shen et al. [161] proposed Adversarial Cross-Scale Consistency Pursuit (ACSCP) approach
using adversarial loss instead of traditional Euclidean loss to mitigate the blurry effect due to o
regularisation in the generation of density maps from crowd patches. Moreover, a new regulariser
is proposed to enforce the scale consistency such that the number of crowd count in the large patch
is coherent with the sum of crowd counts in the corresponding smaller non-overlapping patches.
Similarly, Cao et al. [22] proposed Scale Aggregation Network (SANet) for accurate and efficient
high-resolution of density maps using new training loss called local pattern loss. Sindagi and
Patel [165] proposed Contextual Pyramid CNN (CP-CNN) in which local and global contextual
information is incorporated with Density Map Estimator(DME) to generate high-quality density
maps. Finally, all the maps are fused to estimate the crowd count and density. Crowd counting
is formulated as a semantic scene model [74]. The three key factor including pedestrian, head,
and their context as a composite body-part semantic structure information for two types of scene
semantic models. These models are turned into different sub-tasks to train deep CNN for counting
and scene semantic analysis. Xiong et al. [201] proposed Convolutional LSTM(convLSTM) to
exploit temporal correlation along with spatial dependencies to boost the count accuracy in a
complex scene. However, most of the datasets of the high-density crowd are still images of the
crowd and therefore do not carry temporal information. Regression-based methods work well in
high-density situations since they can capture generalized density information but suffer from the
following limitations. 1) The performance of these methods degrades when applied to low-density
situations due to overestimating the count. 2) These methods can not localize pedestrian in the

scene and thus provide no information about the distribution of pedestrians in the environment
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which sometimes very crucial for the crowd managers and security personnel.

2.2.3 Detection-Based approaches

On the other hand, detection based methods [44, 54, 93, , 59, ], train object detectors
to localize the position of each person, where crowd count is the number of detections in the

scene. Detection-based methods can be further divided into two categories, 1) hand-crafted fea-

ture based models[ 180, 44, 47, 48, 54, , ] and 2) deep features models [107, s , ,
s , 15, , 12, , ]. In the first category, hand-crafted features like edges [27, 29],
texture [199, , 27], and shape [27] are extracted from image to train SVM or boosting classi-

fiers. After training, learned weights of the classifier are considered as a template for the entire
human body. Subburaman et al. proposed a head detection based counting system, in which first
interest points based on gradient information are extracted [169], which gives the approximate
location of candidate location for the head detector, thus reducing the search space. Interest points
are then masked using foreground masks obtained from background subtraction. A sub-window is
used on interest points to detect head or non-head using an AdaBoost classifier. Finally, individual
detections are finally merged to get the final count. These hand-crafted features have a low rep-
resentation of the human body and performance of classifier degrades when applied to complex,
crowded scenes. To model complex poses of pedestrians, DPM [54, , ] learn a mixture
of local templates for each body part. Although DPM is robust to complex poses, but feature

representation and classifier cannot be jointly optimized to improve performance.

Recent advancement in deep learning has shown outstanding results in detection using CNN.
In a typical CNN based approach, there is local connectivity of a region in the input image to the
output image as compared to the traditional feedforward neural network. In a feedforward neural
network, every input layer is fully connected with the output layer. Deep CNN is a compositional
model, in which features are extracted ranging from low-level along the pipeline of CNN towards
the final layers. The lower layers represent low-level features such as edges, and the subsequent
layers represent abstract features such as shapes, etc. We have used Faster R-CNN for the detec-
tion of pedestrians in the low-to-medium density crowd videos. In Faster-RCNN [143], a small
network namely Region Proposal Network (RPN) is used on top of the feature map to extract
object candidates or region proposals in contrast to other approaches like Selective Search [174],
CPMC [23], MCG [&], Edge boxes [221], etc. The advantage of RPN make Faster R-CNN an
end-to-end pipeline for the detection and also does not add to the computation of the network. To
detect objects at multiple scales, region proposals at various scale and aspect ratios are extracted
using anchor boxes. The center of the anchor box is having a different aspect ratio and size and

coincide with the center of the sliding window.
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Table 2.1: Summary of crowd counting and density estimation using traditional machine learning approaches
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Ma and Chan [113] Ve v v - - - - v Bayesian Poison - v
Regression

Cong et al. [42] v - v - - v - v Quadratic Regression - v

Li et al. [960] v - - - v v - - Adaboost Classification — v

Subburaman et al. [169] v - Ve - - - v v Adaboost Classification — Ve
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The aforementioned approaches rely on the static background with the high camera angle. The
total number foreground pixels, edges or textures are less likely to be good features for density

estimation unless the effects of perspective are not considered.

Features extracted may either be normalized before or after for perspective distortion.

2.3 Crowd Motion Analysis

There are numerous approaches followed by researchers to understand the behavior of the crowd
in real-time videos. Crowded video can be characterized by detecting objects in the crowd and
then understanding the behavior of those objects. However, there is another approach based on
the collection of local estimates of motion patterns and subsequently understanding the crowd

holistically.

2.3.1 Motion representation of crowd

The collective behavior exhibit distinct motion patterns which are important in understanding
the crowd behavior and crowd scene classification. Numerous studies [3, , 38] have been
developed to detect, segment motion patterns by studying motion exhibited by individuals in the
crowd. Moreover, how it contributes to the overall motion of crowd which ultimately help in the
study of behavior analysis. But before looking at the crowd holistically, there is a need to look at
the crowd motion representations at a more granular level. A considerable amount of literature has
been published on the representation of the crowd. The following are some of the representation

of the crowd.

2.3.1.1 Optical flow

Optical flow is a movement of each pixel from one frame to another with the assumption that
brightness almost remains constant [14, 68, ]. The flow vectors obtained may contain re-
dundant information. To remove noise from flow vectors researcher used unsupervised [6, 7] or
supervised [70, 71] dimensionality reduction techniques. Optical flow is widely used in crowd
motion analysis. The current optical flow techniques are robust to camera motion as well as object
motions. Optical flow only gives instantaneous motion information in the scene using two con-
secutive frames and therefore not capable of capturing long-range trajectories of the people in the

crowd.

2.3.1.2 Particle flow

According to Lagrangian framework [160] people in the crowd act like a particle in the fluid.
The particle flow is computed by moving grid of particle with optical flow through numerical in-

tegration. Impressive results have been demonstrated in crowd segmentation [3], abnormal crowd
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behavior detection [125, ]. However, particle flow doesn’t consider spatial changes and also

time delay is significant.

2.3.1.3 Streaklines flow

Streaklines are used in flow visualization and analysis based on Lagrangian framework [67, 1.
The Streaklines are defined as traces left as line upon injection of colored material in the flow.
In computer vision, streaklines are obtained by repeatedly initializing the grid of particles at each
frame. These particles are traced using optical flow. The streaklines flow is capable of capturing

crowd motion better and faster than particle flow.

2.3.1.4 Spatio-Temporal features

Spatio-temporal features are computed locally. In extremely dense crowd, sometime optical flow
may not give enough information because high variability of pedestrian movements. In these
local approaches, the image is divided into cells of different sizes [207] or cubiods [90]. The
Spatio-temporal gradients are used to capture steady-state 3-D motion characteristics of the scene.
Kratz and Nishino [90, 91] demonstrated the use of spatio-temporal gradients in the detection of

abnormal activities.

2.3.1.5 Tracklets

In dense crowds, keeping track of trajectories followed by the pedestrian in the crowd is important
for the crowd behavior. Therefore the trajectories obtained are fragmented and might not be useful
in the semantic understanding of the scene. The tracklet is a fragment of trajectory obtains by
a tracker with a short period of time. In numerous studies [216, , 40, ], tracklets are
a computed from dense feature points, and certain model is applied to find coherency between

tracklets for a long-range understanding of crowds.

Motion pattern is defined as a set of flow vectors that are a part of the same physical processes
or a motion pattern [70]. To learn dominant motion patterns in the crowd or traffic flow. Min Hu et
al. [70] used instantaneous motion flow-field of the video instead of long-term trajectories. The
instantaneous flow field is a set of independent flow vectors and is readily available regardless of
the density of the objects in the scene. The instantaneous motion flow-field is global and can be
easily computed by optical flow techniques. As the density of crowd increases, detection of the
object and keeping track of their trajectories for a longer period of time is not reliable. Therefore,
the approaches based on object detections are applicable only in a low-density crowd. While the
instantaneous motion flow-field is not really affected by occlusion due to its global nature. The
motion field is obtained by optical flow techniques, and all the motion flow vectors are combined to
form a global motion flow field. The motion flow can either be sparse which uses the interest points
only or it can be dense which consider all the pixels in the computation of flow-field. The flow

field obtained contain thousands of flow vectors. The flow vectors belonging to the background
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are removed by thresholding the velocity magnitude. The author made use of sink seeking process
for motion patterns instead of long trajectories. The sinks are endpoints of the path and can be
learned from start and end points of trajectories. The flow vector having a similar movement
pattern also has a similar path shown by their respective sinks. After clustering the similar sinks,
a super track is extracted with maximum arc length representing the dominant motion pattern.
Similarly, in another study, Min Hu et al. [71] used Gaussian ART [191] to reduce the number
of flow vectors in the motion flow-field and still able to maintain the geometric structure of the
motion flow-field. The author computed spatial and directional distance for the flow vectors to
find the close neighbors in a directed graph. Furthermore, agglomerative clustering was used to

cluster the flow vectors in a similar direction and proximity.

Cheriyadat and Radke [39] used low-level features such as Shi-Thomasi-Kanade
detector [162] and Rosten-Drummond [147] detectors in the initial frame and keep detecting the
new features in every fifth frame. New features detections in close proximity spatially are
discarded. The feature points tracks which are closed spatially having similar orientation are
clustered together using distance metric called Longest Common Sub-Sequence(LCSS).

However, these approaches assume homogenous motion in each area of the scene.

Ali and Shah [4] proposed a flow segmentation framework assuming the moving crowd as an
aperiodical system manifested by two dependent flow-field. The flow segments are the segments
arise from spatio-temporal interactions between each other as well as from external forces. To
locate these flow segments, the authors made use of the Lagrangian particle dynamic system. The
flow-field can represent the physical properties of the scene. The Lagrangian particle dynamic
system finds Lagrangian Coherent Structures (LCS) which divide the flow into different regions.
The notion of Lagrangian Coherent Structures is synonymous to edges in the images. The Lya-
punov exponent is to locate the coherent structures in the crowd. Mehran et al. [126] used social
force model to model the complex interaction of individual in the crowd originally proposed by
Helbing [66]. There are two kinds of forces involved in social force modeling of a crowd, i.e., in-
teraction force and personal desire forces. These forces are mapped to their corresponding image
frames resulting in force flow, which is used to model the normal behavior of the crowd using the

bag-of-words model.

2.3.2 Crowd behavior classification

Numerous studies [5, , 127] model crowd based on hydrodynamics model with the assumption
that people in the crowd behave like a particle in the fluid. Researchers use three different scales
to model people behavior in the crowd. At a microscopic scale, every individual is tracked in the
crowd of low-density. Sometimes, it might not be feasible to track every individual whereas, on
another side, some application may require how the group of people interact with the crowd, their
study of normal and abnormal behavior employ a mesoscopic point of view. A macroscopic point
of view is used for segmenting global motion patterns in the crowd. The author used macroscopic

scale point of view to segment the crowd flow using a technique called “’particle advection.” The
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particle advection is performed by overlaying the scene with the grid of particles. The approach
was then able to use the common mathematical framework of Lagrangian dynamics. But particles
in the liquid are affected only by external forces exerted on them while people in the crowd may
have their internal desire for a destination which cannot be modeled by the hydrodynamic model.
[166] used linear dynamical system Jacobian matrix defined by optical flow to classify crowd

behavior into five categories.

e Lane formation

Arches

e Fountainheads

Bottleneck

Blocking

The proposed pipeline does not need detection or tracking to classify and is able to identify mul-
tiple behaviors in one scene. Similarly, [196] used radial information along with tangential tra-
jectories to describe motion information with Curl and Divergence of motion trajectories (CDT).

The CDT classify the behavior into five categories.

2.3.3 Crowd anomaly detection

Anomaly detection is a very important and key research aspect in visual analysis of crowd.
Anomalous events are those events which violate our assumption about the scene is subjective
and scene-specific and might have different interpretations. For example the presence of moving
vehicle or bicycle in pedestrian space, running person in relatively slow-walking pedestrians.
There has been a lot of research done [194, 4, s , ] and still, there are open problems
which need further research exploration. Crowd anomaly detection problem can be view as a
supervised or unsupervised learning problem. In the case of supervise-learning, normal behavior
is learned from data. If the unseen behavior deviates from the learned normal behavior is
considered to be anomalous. While in the case of unsupervised learning normal and abnormal

behavior is learned with the assumption that most of the data is normal.

Various approaches have been proposed in the literature for abnormal event detection. These

approaches can be broadly classified into local and global approaches.

2.3.3.1 Local approaches

The local abnormality detection approaches use 2-D patches or 3-D cuboid motion features to
model and detect an anomaly in a crowd scene. These modeling techniques include flow-field
model, social force model, Hidden Markov model, and Bag-of-words model. Kratz and

Nishino [90] used HMM to model the spatial and temporal relationship between local motion
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patterns. The approach demonstrated good results for detecting unusual events. However, the
model learned is not generalized and needs to be retrained for unseen crowded scenes. Kim and
Grauman [87] proposed space-time Markov Random Field to model abnormal events. The nodes
in MRF refers to optical flow motion pattern of the local region in the grid. The model is learned
with a mixture of probabilistic principal component analysis for normal behavior. The model is
used to detect abnormality at each node in MRF and is updated incrementally to incorporate new
observations. A dynamic texture is spatio-temporal generative model for video [49]. It represents
video as an observation from the linear dynamical system. The model, however, is not able to
model multiple regions, each of which belongs to the semantically different visual process. Chan
and Vasconcelos [28] use a mixture of dynamic texture for modeling, clustering and motion
segmentation of video. In a mixture of dynamic texture where a collection of video sequences are
modeled as samples from a set of underlying dynamic textures. Li ef al. [98] used a joint detector
which accounts for both appearance and dynamics for anomaly detection. Roshtkhari and
Levine [146] uses online unsupervised learning method for detection of anomalies. In his work,
he describes anomaly a spatio-temporal composition video or set of videos with a low probability
of occurrence concerning previous observations. The author used the probabilistic framework to
capture spatio-temporal video volumes. There are thousands of video volumes in a video of short
duration. To remove the redundant information spatio-temporal are clustered using the BOV
approach. Huam and Tjhoase used sparse subspace clustering algorithm to detect abnormal event
detection by observing the difference between local space and normal space. The difference
between local space and normal space is large for abnormal crowds. Ali et al. [4] used a
Lagrangian Coherent Structure in Finite Time Lyapunov Exponent field for detection of unstable
crowd flow. The LCS divide the flow into the region of qualitatively different dynamics and also
locate their boundaries.  Instability is detected if the number of flow segments and
correspondences changes over time. Similarly, Mehran et al. uses particle advection to move
particle as an individual with the average optical flow. Their interaction forces are estimated
using Social Force Model [126]. The interaction forces are mapped into an image plane to obtain
Force flow for each pixel. The Bag-of-words approach is used to differentiate normal from
abnormal events. Raghavendra et al. [138] proposed particle swarm optimization(PSO) to
perform particle advection and optimize force for each particle obtained from the social force
model. In normal behavior, the population of particles drifts toward the area of main image

motion by minimizing the interaction force in PSO fitness function.

2.3.3.2 Global approaches

In global anomaly detection approaches, anomalies are detected based on holistic features such
as motion information. There are numerous studies [124, , 15] applied for global anomalies
detection. Xiaong et al. [202] proposed a model to detect two abnormal activities: pedestrian gath-
ering and running. The model uses kinetic energy and potential energy. Firstly, potential energy
is used to compute crowd density and Crowd Distribution Index (CDI). Finally, both are used to

detect pedestrian gathering. Based on CDI, improved kinetic is used to detect pedestrian running.
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Ren et al. [142] proposed Behavior Entropy model to detect and localize abnormal behavior. Sev-
eral types of abnormal behavior such as crowd dispersion, individual conversing the walking scene
are detected by the computing the scene behavior entropy (SBE) and localized by computing their
pixel behavior entropy (BE). Yang et al. [205] incorporated local density and velocity information
in the pressure model to compute a Histogram of Oriented Pressure(HOP) for anomalies detec-
tion. Chen and Huang [34] use graph model to model the human crowd. Each isolated region is
modeled as q vertex in the graph. Thus event detection is seen as a topological variation of the
consecutive graph over the period of time. The features such as triangle deformation, eigenvalue
base subgraph, and moments are used to detect the anomaly in human crowds. Wu et al. [195]

uses a Bayesian framework to model escape and non-escape detection in crowds.

2.4 Summary

In this chapter, a comprehensive literature review of the different aspects of crowd analysis was
presented. This literature review shows that most of the work has been done in the area of counting
and density estimation using classical machine learning approaches for feature extraction. As it
is evident from literature, not much work was done by combining various features and evaluat-
ing their effectiveness for crowd counting and density estimation. Therefore, we have combined
various texture features such as LBP, GLCM, and GOCM. Most recent approaches are using deep
learning for counting. However, most of them generate perspective normalized density maps and
then apply regression to generate count from a density map. We have used state-of-the-art object
detection for counting and then proposed Motion Guided Filter for recovering misdetections and

suppressing false detections.

Moreover, to understand crowd behavior, we proposed hierarchical clustering for detecting

dominant motion patterns as well as extracting useful motion information from a crowd scene.







”"Why does my brain insist on
counting the steps every time I
walk up a flight of stairs? I just
can’t help myself. There’s some-
thing about my mind that always
wants to keep counting.”

- Rachel Nichols

Crowd Counting and Density Estimation : Part I

In the first half of this chapter, the focus of this chapter is to explorer various feature extraction
techniques using classical machine learning approaches. As it is evident from the literature review,
there is no single feature to perfectly capture the complexity of the crowd. Therefore, various

texture features and their combination has been evaluated for counting and density estimation.

In the second half of the chapter, the chapter focuses on counting and density estimation using
deep learning techniques particularly deep convolutional neural network in the crowd of low-to-
medium density videos for head detection task. For evaluation, we have used state-of-the-art
object detection approaches based on Region-based Convolutional Networks as well as Single
Shot Detectors. Major parts of this chapter have been published in the paper titled Texture-based
feature mining for crowd density estimation: A study, Saqib et al. [156] and in the paper titled
Person Head Detection in Multiple Scales Using Deep Convolutional Neural Networks, Saqib et
al. [159].

3.1 Introduction

Crowd density estimation can be done using different techniques; one way is to model the back-
ground and subtract it from every frame to get foreground. Thus crowd density level is roughly
in direct proportion to the pixel occupancy of foreground pixels relative to background pixels in
the entire image. However, due to high occlusion in a dense crowd, such techniques may lead to
incorrect results for crowd density estimation. Moreover, the efficiency of such a system is also

dependent on how well the background is modeled. Besides occlusion, background modeling is
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also prone to illumination and shadowing effect. Another approach to crowd estimation is using
texture analysis. Researchers studied different texture features for crowd density estimation based

on the fact that different crowd density levels exhibit different texture patterns.

3.2 Background and related work

Preliminary work on crowd density estimation was undertaken by Marana et al. [118, , 1.
According to Marana et al., low-density crowds exhibit coarse texture while high-density crowds
exhibit very fine texture. Haralick et al. [63] proposed a large set of statistical features, which are
based on a Gray Level Co-occurrence Matrix (GLCM). Marana et al. [120] used only a subset of
these features (Contrast, Homogeneity, Energy, and Entropy) and evaluated its performance using
a self-organizing map for crowd density estimation. Ma performed local texture analysis, such as
GLCM and LBP, on a grid of multi-resolution cells to implicitly normalize the effect of perspec-
tive distortion [110, ]. Similarly, Wu et al. [198] applied multi-resolution density cells for
texture analysis. The resolution of the cell is dependent upon the location in the image to compen-
sate for perspective distortion. Marana et al. [119] also proposed Minkowski fractal dimension
features for crowd density. These features are extracted from binary images of a crowd to get
different dilated images, each for different size of the morphological structure element. Different
sizes of the structure element used are then mapped to the number of pixels by linear regression.
Thus, the slope obtained from linear regression is used to calculate Minkowski fractal dimension
features. Minkowski fractal value increases as the density of the crowd increases. Minkowski
fractal may provide unreliable results when the background scene contains strong gradients with
varying illumination. Xiaohua [200] used the 2D discrete wavelet transform (DWT) to extract
texture based on the fact that high-density crowds exhibit high-frequency texture patterns while
low-density crowds exhibit low-frequency patterns. A tree of Support Vector Machine (SVM)
classifier was used to classify the crowd into four different density levels. Translation Invariant
Orthonormal Chebyshev Moments (TIOCM) features used by Rahmalan [139] for crowd density
estimation are also based on the fact that different moments of order exhibit different behavior for
different densities of a crowd. Local Binary Pattern is a local feature descriptor, which has been

used effectively for texture classification [132].

Numerous studies [58, , , ] used the LBP histogram-based approach for crowd
density estimation. While Zhe et al. [189] proposed LBPCM for crowd density estimation by
applying GLCM on the LBP image instead of applying on an original image. Furthermore, the
performance is evaluated on patches for crowd density estimation using SVM. Fradi et al. [57, 58]
used a combination of principal component analysis (PCA) and linear discriminant analysis (LDA)
to project high-dimensional LBP feature space to low-dimensional discriminative feature space,
subsequently used for crowd density classification using multi-class SVM. In another study, a
24-dimensional Gabor filter [79] was applied to the LBP image to get the mean and standard
deviation of the output of filter images as a feature vector to SVM. Furthermore, GLCM-based

features are extracted and given to the firefly classifier for crowd density classification. Man-
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fredi et al. [116] used a combination of two cameras in a master-slave configuration, where the
master camera acquired crowded zones and the slave camera calculated Gradient Orientation Co-
occurrence Matrix(GOCM)-based features for the patch. Then, a patch-based classifier along with
motion and temporal information is used to select static crowded patches. Spectral texture-based
Fourier features are used for crowd density estimation, using a multi-class Adaboost algorithm

instead of a self-organizing map [86].

Together, these studies provide important insights into the application of texture for crowd
density estimation. However, previous studies do not fully explore one distinctive feature for
crowd density estimation. Therefore, in this study, we have comprehensively reviewed different
texture features and all their possible combinations. Many such systems proposed in the literature
either use texture to determine the crowd density level holistically at the scene level or in small
patches. We have carried out extensive experimentation both at scene level and also at the block
level to evaluate the features. We proposed the application of Fourier descriptor on the LBP image

and also on the gradient image, as two new feature combinations.

3.3 Proposed methodology

We outline an SVM-based framework for the evaluation of different texture features as shown in
Figure 3.1. According to the framework, images are divided into blocks of different crowd density
levels. For feature extraction, blocks are further divided into overlapping cells. Features extracted
from cells are concatenated to get a single feature vector for each block. Blocks are manually
annotated to establish the ground truth according to the crowd density level as shown in Table 3.2.
This kind of framework has two advantages. (1) Overlapping cells within the block can code more
textures. (2) Division of frames into blocks can help in localization of potentially crowded areas
and inherently reducing the effect of perspective. A multi-class SVM with RBF kernel is trained
by blocks of different density levels. The hyper-parameters value of gamma and ¢ were evaluated
from tuning set in the logarithmic scale of 272...2%. The best values of ¢ = 22 and gamma = 2°
were selected during the training which later on used for testing. Block accuracy is reported by

testing trained model on unseen test blocks.

3.3.1 Perspective normalization

Objects or persons close to the camera contribute more to the feature vector than persons away
from the camera. The effect is called perspective distortion, or far-shortening effect. To get a
better estimate of the density and count, the feature extracted must be normalized. Typically, a
density map or perspective map is constructed which assigns weights to the pixels of the object
according to the depth of the object in the scene. Pixels belonging to the person near the camera
are multiplied by lower weight than the person away in the far-field view. Chan et al. [26] uses
two reference lines in the image plane, which corresponds to the two horizontal lines of equal

distance in the real world. These two lines, AB and CD, are taken at both extremes of the scene
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Figure 3.1: Block diagram of proposed crowd density estimation system

in the j" dimension of the scene. The height of the object is manually annotated by the user at
both of the lines. Then, a density map is approximated by interpolation for objects in between
these two reference lines and heights. We have used detection based perspective map in second
stage regression to normalize the effect automatically as opposed to the scene geometry (parallel
lines), manual annotation or calibration from user [26] [108]. Not every scene contain parallel
lines which can be used in calibration. Currently available crowd analysis datasets used for crowd

density estimation contains multiple instances of pedestrians which can be automatically detected.

Firstly, HOG [44] is used to detect multiple instances of pedestrians which is sufficient to
know the variations in sizes of the pedestrians across the scene. The width w(j) is the width
of pedestrian’s bounding box along the j** dimension of the scene and is linearly interpolated
between minimum width w,;, and maximum width wy,,, of the pedestrian’s bounding boxes.
The scaling weight factor for object width is Sy, (j) = Wimas/w(j). Similarly, height i (j) is the
height of the pedestrian’s bounding box along the j** dimension of the scene and is interpolated
between minimum height A,,;, and maximum height h,,,, of the pedestrian’s bounding boxes.
The scaling weight factor object height is Sp,(j) = hmaz/h(j). Similarly, full scale ratio, which
accounts both for vertical and horizontal perspective, is given by (3.1)

S(i,7) = (hmaz-Wmaz) / (h(j)-w(7)) (3.1

3.3.2 Feature extraction

Texture can be defined as a repeating pattern of local variations in image intensity which is too
fine to be distinguished as a separate object at the observed resolution. Texture is an important
descriptor and has many applications in different machine-learning tasks, like classification, shape
determination, object orientation, etc. The aim of this study is to extract distinguishing texture
features and evaluate their performance in the crowd density estimation. First, different texture
features are extracted from images having crowds of varying density, and then images are anno-

tated manually according to the density of the crowd.
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The following features are extracted and evaluated for crowd density estimation.

3.3.2.1 Gray-Level Co-occurrence Matrix

GLCM is widely used second-order statistical-based texture features, based on the gray-level dis-
tribution of the pixels and the neighboring spatial relationship between the pixels. Originally,
many texture features were proposed by Haralick et al. [63], Only four of them were used mainly
for crowd density estimation by Marana et al. [120]. The following are the image texture fea-
tures mainly used for crowd density estimation: energy, entropy, contrast, and homogeneity. The
Gray-Level Co-Occurrence Matrix (GLCM) P, j] is calculated by counting all the pairs of pixels
having gray level ¢ and j separated by distance d and at an orientation 6 € {0°,45°,90°,135°}.
The following features are extracted from GLCM P]i, j] given by the (3.2), (3.3), (3.4), (3.5).

Entropy = — Z Z Pli, j]log Pli, j] (3.2)
(]
Energy=—Y > P[i,j] (3.3)
i
Contrast = —» Y (i — j)*Pli, ] (3.4)
(]
Homogeneity = — Z ZP[i,j]/(l +1i—j|) (3.5)
i

3.3.2.2 Local Binary Pattern

Local Binary Pattern (LBP) is an excellent representation model for image texture classifica-
tion [132]. In feature extraction, LBPg  is calculated for each pixel with an angular quantization
of () = 8 and spatial resolution of R = 1. The center pixel value is compared with its 8 neigh-
bor values; if the center pixel value is greater than any of its neighbor values, this results in 0 or
otherwise 1. Thus, 1’s and 0’s obtained are traversed clockwise to get the binary string, which is
a unique representation of a spatial structure. The binary string is often converted to decimal for
calculation of histograms. Finally, a normalized histogram is calculated over the image, for the

frequency of each decimal number.

3.3.2.3 Local Binary Pattern Co-occurrence Matrix

Normally, texture features are extracted from the co-occurrence matrix of gray-levels. How-
ever, by applying LBP on the image, a histogram or LBP image is obtained. In LBPCM, in-
stead of directly calculating the Gray-Level Co-occurrence Matrix from gray-level values, a co-
occurrence matrix is computed from the LBP image, thus called a Local Binary Co-occurrence
Matrix (LBPCM) [189]. Then, similar texture features are extracted as that of a GLCM, as shown
in (3.2), (3.3), (3.4), (3.5) respectively.

B
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3.3.2.4 Gradient Orientation Co-occurrence Matrix

GOCM [116] as opposed to GLCM, is co-occurrence matrix of different orientations based on gra-
dient map. Gradient map is a two dimensional matrix incorporating both magnitude and direction.
Gradient map G is calculated by applying Prewitt filter. Given an image block B;, where I(p) is
the gray-level intensity of the pixel p(z,y). Gradient map G is calculated by (3.6), (3.7).

Gmag(p) = \/(V1.(p))? + (V1 (p))? (3.6)
Gdir(p) = arctan(VI,(p)/VI(p)) (3.7)

Where Gmag(p) and Gdir(p) are magnitude and direction respectively. GOCM is a 9X9
matrix extracted from the Gdir(p) values by binning it to nine different bins of equal spacing.
At first step in Gmag, each pixel’s magnitude value is compared to the magnitude values of the
other pixels in the 323 window of neighborhood. In order to look for most similar pixel magnitude

values, the following magnitude function is used.
V(z,y) = argmin [[Gmag(zi, yi) — Gmag(z, y)|| (3.8)

where Gmag(z;,y;) are pixel magnitude values in the neighborhood of Gmag(z,y). In the next
step Gdir of pixel p(z,y) and the Gdir of the most similar pixel are added together with Gmag
value of the p(x,y). The aim is to strengthen the information carried by strong gradient as com-

pared to weak gradient. The complete algorithm adopted from [116] is given below.

Algorithm 1 Gradient Orientation Co-occurrence Matrix

Input: B;,Gmag(x,y),Gdir(z,y)
Output: A 9X9 GOCM matrix P(i, )
Initialization :
GOCM matrix P(i,j) =0
Loop process :
for Every reference pixel P,(z,,y,) in B; do
Neighborhood of reference pixel given by N, = p; € By| ||pi — pr||<D
Searching for the most similar pixel in the neighborhood N, of P,(z,,y,) using
the magnitude function p, = V(z,y) = arg min ||Gmag(x;, y;) — Gmag(x,y)||
7% Orientation of reference pixel and orientation of most similar pixel is given by
O, = Gdir((x'ra yr)) and Ob = Gdir((v(x> y)))
P(OT‘7 Ob) = P(OT7 Ob) + Gmag(azr, yr)
9: end for
10: return P(i,j)

N R A

The following features are extracted from the GOCM matrix and concatenated to form a single

feature vector of R2%.

1. Sum: sum of all the elements of GOCM matrix S = >3, ; P(i, j)
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2. Hom= =33, P(i,5)/1+ |i — |

3. Maz maximum element in P

4. Energy E =23, . P(i,§)*

5. Entropy Ey = — 323, i(P(i, 7). * log(P(i, 4)));
6. Conditional mean con_meani =}, jP(i, j)

7. Correlation

8. Diag vector is the vector of principal diagonal values of P.

3.3.2.5 Gabor filters

Gabor filters are used effectively in many applications, such as face recognition, texture classifica-
tion, and image and document analysis. The function of the Gabor filter is very similar to that of
mammalian visual cortical cells. Gabor filter has the ability to use different orientation and differ-
ent scale to represent texture for classification. In this study, it has been used to classify different
density levels of crowds based on Gabor features. The first step in Gabor features extraction is to
make a filter bank in which filters are taken at the scale of 5 and orientation of 8. In the spatial
domain, Gabor transform is a short-time Fourier transform with Gaussian window and is given by
the following formula.

f2 (_ (:L,IZ + 772@/2)

Gf(z,y) = ——exp 5,2

) exp (j27rfx/ + QS) 3.9
T™n

where

x' =xcosh +ysinb

2 = —xsinf + ycosl

By convolving each filter in the filter bank with the image to get the response image. Let G (i, j)

be the response matrix. The following features are extracted from response matrices.
1. Local_Energy =), Zj |G(i7j)’2
2. Mean_Amplitude = ZZ Zj |G (i, 7)]

Features extracted are concatenated together to get a feature vector of R™*®for n images.

3.3.2.6 Fourier features

Fourier transform is the universal mathematical formulation for understanding the structures in

images. Fourier transform of an image f(z,y) of size Mz N is given by (3.10).

F(u,v) =1/(MN) f(x,y)e72mlua/M+vy/N) (3.10)
0 0

g
=

T

<
I

B
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where (M /2, N/2) is the center of the frequency spectrum, called the frequency rectangle,
which shows the average gray-level values in the image. By careful observation, the width of
the frequency rectangle is related to the density of crowds. The width of the frequency rectangle
increases as the density in the crowd increases, as shown in figure 3.2. Another important aspect,
one can infer from the spectrum is that low-density crowds have a coarse and uneven spectrum,
while high-density crowds have more sharper and finer pattern as we move away from frequency
rectangle. It is more convenient to extract features and do analysis in a polar coordinates system.
Let F(r,0) be spectrum in a polar coordinate system where r and 6 are the radius and angle,
respectively. Fourier features are extracted for the original image, gradient image, and LBP-image

using equation (3.11) and equation (3.12)

Ti+1

r(ri,riv) = Y F(r) (3.11)
r=r;
0j+1

Fy(0;,0;11) = ZF (3.12)

where R and 6 are typically taken N/2 and 7 respectively. The Fr(r;,riv1) Fp(6;,6;41) are
quantized into 16 and 8 levels results in feature vector of R?4.

3.3.3 Gaussian Process Regression

At the second stage of the framework, Gaussian Process Regression(GPR) [26] is used to regress
low-level features in each block to the number of people as shown in Figure 3.1. The GPR is fully
specified by covariance function being used, which model the relationship between input features
and output count.

2
—|2p—zq\

k(xp,xq) = hiexp F2 —I—hg(xgazq + 1)+ hgo(p,q) (3.13)

Equation (3.13) uses four hyper-parameters h1, h2, h3 and h4 learned from training blocks during

training phase. While x,, and x, could be samples from training and testing datasets.

3.4 Experimental results and analysis

3.4.1 Preparation of dataset

In this work, we have evaluated the performance of the co-occurrence-based and spectral-based
texture feature descriptors and their possible combinations on benchmark PET'5S2009 dataset.
The video dataset contains frames having a resolution of 768X 576 from different viewpoints.The
video sequences 12—54, 12—43, 13—47, 13—59 and 14 — 06 were used for evaluation of features.

The dataset is divided into four crowd density levels according to the number of persons as shown
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(a) From left to right: Frequency spectrum of high- | (b) From left to right: Frequency spectrum of very low
density crowd and frequency spectrum of gradient of | crowd and frequency spectrum of gradient of very low-
high-density crowd density crowd

Figure 3.2: Difference in Fourier spectrum of high-density and very low-density crowds

(a) Very Low Density (b) Low-Density Crowd ©) Medium-Density (d) High-Density Crowd
Crowd Crowd

Figure 3.3: Crowd density levels

in Table 3.2 and Figure 3.3. As there is a temporal correlation between consecutive frames training
samples are taken at sparse intervals to avoid overfitting. For performance analysis, each frame
of video is divided into set of blocks B = {b1,02,...,bn}. The size of each block is considered
as hyper-parameter, features extracted are evaluated at different blocks sizes and the accuracy
is shown in Table 3.5. Frames are divided into blocks of size 128 X128, 256 X256, 512X 512.
Block sizes lower than 128 X128 are not explored because the crowd density is not discernible
at a lower resolution. Block-level ground truth is established by manually annotating the blocks
according to the different density levels into very low, low, medium and high. In order to code
more texture, each block is further divided into overlapping cells bi = {cl, ¢2,...cn} of 64X 64.
Features extracted from each cell of the block are concatenated together to get one feature vector

for each block of the image.

3.4.2 Performance analysis

Before classification, all frames are converted to gray-level images; features are extracted from
the images and are fed to multi-class SVM for training and testing. As Table 3.5 shows, there is a
significant decrease in accuracy for all the features based on a co-occurrence matrix e.g. GLCM,
GOCM, LBPCM. In co-occurrence features GLCM, GOCM performed relatively well as com-
pared to LBPCM. The reason behind the poor performance of LBPCM is that it is calculated from

Ed
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Table 3.1: PETS 2009: S1 Person count and density estimation

Sequence Test Set Train Set Crowd Size

13-57 110 110 5to 34
13-59 120 120 3t024
14-06 100 100 0to 42

Table 3.2: Reference crowd density levels

Density Level No of Persons

High >21
Medium 17 to 21
Low 9to 16
Very Low <8

LBP-image instead of the original image, thus not able to properly code texture. Interestingly,
spectral features such as Fourier, Gabor, and our proposed combination of Fourier on gradient
image work well both at frame level and block-level. The accuracy increases for almost all the
features when the block size decreases from 521.X512 down to 128 X128. There is no signifi-
cant change in accuracy for block size 128 X 128 as compared to 256 X 256. Therefore, block size
256.X256 is taken as an optimal block size for the experimentation. Our other proposed combina-
tion of Fourier does not work well, because their calculation is based on LBP-image instead of an
original image. Among the spectral features, Gabor features turned out be the most distinctive and
discriminative features as shown in Table 3.5 and its confusion matrix 3.4. Though the training
time for Gabor features is marginally high, it has shown good overall performance both at the

block level and frame level.

In the second stage of regression, texture features alone does not perform well because of the
poor correlation between input feature space and output count. Therefore, other low-level features
such as size, shape, edges taken together with texture performed well with a Mean Absolute Error
(MAE) of 1.6.
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Table 3.3: Frame level accuracy

Extracted Features Features dimension Accuracy

GLCM nX16 86.6%
GOCM nX24 86.6%
LBP nX439684 85.71%
LBPCM nX16 76.19%
Gabor nX80 95.23%
Fourier nX26 90.38%
Gradient-Fourier nX26 91%
LBP_Img_Fourier nX26 80%

Table 3.4: Confusion Matrix of Gabor Filter

Very Low Low  Medium High

Very Low  89.4% 10.5% 0% 0%
Low 0% 100% 0% 0%
Medium 0% 52%  94.7% 0%
High 0% 0% 5.5% 94.4%

Table 3.5: Block level accuracy

Frame level Block Size Based Accuracy
Accuracy 128X128 256X256 512X512

Extracted Features

GLCM 76.6% 78% 78% 86.6%
GOCM 76.6% 78% 80.95%  86.6%
LBPCM 75.711% 75% 76.19%  86.6%
LBP 66.19% 76% 85.71%  76.6%
Gabor 85.23% 90% 95% 91%
Fourier 80.38% 88% 90% 82%
Gradient-Fourier 81% 85% 92% 80%
LBP_Img_Fourier 70% 78% 80% 75%

3.5 Head detection using deep convolutional neural network

Person detection is an important problem in computer vision with many real-world applications.
The detection of a person is still a challenging task due to variations in pose, occlusions and

lighting conditions. The purpose of this study is to detect human heads in natural scenes acquired
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Table 3.6: Gaussian Process Regression results (Mean Absolute Error )

Extracted Features MAE
Size 2.06
Edges 2.75
Shape 3
Texture 4.2

Size+Edges+Shape+Texture 1.6

from a publicly available dataset of Hollywood movies. In this work, we have used state-of-the-
art object detectors based on deep convolutional neural networks. These object detectors include
region-based convolutional neural networks using region proposals for detections. Also, object
detectors that detect objects in the single-shot by looking at the image only once for detections.
We have used transfer learning for fine-tuning the network already trained on a massive amount of
data. During the fine-tuning process, the models having high mean Average Precision (mAP) are

used for evaluation of the test dataset.

3.6 Introduction

Object detection is a significant and critical part of many practical applications of computer vision
ranging from face detection and surveillance to many other industrial applications. In classifi-
cation, a classifier is trained to categorize and label the content of the image globally. While in
detection, detector not only categorizes and label the object but also localize the bounding box of
the object. The object detector faces challenges similar to that of classification. These challenges
include viewpoint variation, scale changes, illumination changes, occlusion, background clutter,
and deformation. Person detection is a popular research topic due to its applications in safety
and security. Although technology has reached maturity in face detection and recognition, person
detection still poses many challenges due to the articulated nature of the human body. However,
in this study, the focus is on head detection in the images taken from video. The choice of head
detection for detecting the number of people is because it is visible most of the time even when
other body parts are fully occluded. The feature extracted for head detection are not discrimina-
tive enough to be used alone for person detection. Therefore contextual information in conjunction
with the features extracted for the head is used for detection [181]. The contextual information
provides additional cues and useful information for detection and recognition. The use of contex-
tual information is in contrast to the traditional way of extracting features for an object inside the

bounding box.

Previously, machine learning approaches applied to computer vision tasks used hand-crafted
features. The features are less robust and discriminative as compared to the learned features.

Recently, learned feature using deep learning techniques had been successfully applied for ma-
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Figure 3.4: Sample images from HollywoodHeads(HH) dataset with ground-truth annota-
tions. (Best viewed in colour)

jor computer vision tasks such as segmentation [102], classification [65], detection and recog-
nition [143]. The deep learning techniques have been winning the classification and detection
challenges such as ImageNet [46] for so many consecutive years surpassing the performance of

hand-crafted features by a wider margin.

The structure of typical deep Convolutional Neural Network (CNN) consists of several layers
followed by classification layer. However, object detector based on deep CNN differs in such a
way that it not only classify but also localize the bounding box containing the object. Each layer
in the deep CNN extract features at different abstraction level. The lower layers extract features
representing more fine details in the image like edges and texture. More complex and abstract
features are extracted such as shape, as we go across the pipeline of the neural network towards
the final layers. By truncating the last layer, most of the previous layers can represent input images
in abstract space of network parameters or weights. Deep CNNs are data-hungry architectures, to
work properly for particular task requires a massive amount of data. So in most of the cases, more
real data is useful if available. However, data augmentation is used to fulfill the requirement for
deep CNN. If the last classification layer is removed, the network weight or parameter are pre-
trained weights, and the models are called pre-trained models. These models can be generalized
to many other similar tasks. This is widely known fact that these pre-trained models work best
for unknown datasets. The pre-trained network parameter can be used for fine-tuning the network
for a new task. Thus the resultant network converges faster and performs well instead of training
from scratch. Most of the pre-trained models are available are trained on a hugely popular, most
extensive collection of images such as ImageNet [46]. In this study, we have extensively carried

out experimentation with state-of-the-art object detectors based on deep learning to detect head in
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the videos as shown in the Fig 3.4.

3.7 Background and related work

The efficient object detector needs to detect an object of different scale and aspect ratio anywhere
in the image. Traditionally, the concept of the image pyramid is used to represent the image at
a different scale and then sliding window approach is applied to search object of various scale
anywhere in the image. The features are extracted from sliding window position on the image and
passed on to the classifier for detection. Much of the previous research extract hand-crafted feature
such as LBP [132], HOG [44], and SIFT [103] for describing the objects. The complete pipeline
of object detection includes the preparation of data samples into positive and negative followed
by training the classifier with extracted features along with their corresponding bounding boxes.
Most of the time, trained classifier is applied to negative samples, if the classifier classifies them
as an object, then these false positive samples are included as hard negative, and the classifier is
retrained. Due to sliding window approach, classifier detects multiple bounding boxes of an object.
Therefore, a non-maximum suppression is applied to remove redundant and overlapping bounding
boxes [44]. However, all of these approaches are computationally expensive, and furthermore, the
training process is complex, not end-to-end and often done in stages. The complex training process

makes these approaches not suitable for real-time applications.

The current resurgence of neural networks especially CNN has shown remarkable results in
image classification challenges surpassing human-level performance on certain tasks [149]. The
success of the CNN can be attributed to the availability of huge amount of data as well as the pro-
cessing power in the form of GPUs to process the data. The features extracted from CNN are pow-
erful, robust and expressive as compared to its traditional counterpart like DPM [53], HOG [44],
SIFT [103]. A series of convolution layers followed by non-linear activation units constitutes the
convolutional neural network. In CNN, regions in one layer called receptive field are connected
to another layer. A series of filters are applied to each layer to derive the output. The weights
or parameters of the filter are learned during the training process. In contrast to the feedforward
neural network in which every layer is fully connected to other layers. The features extracted from
CNN architecture are locally invariant and compositional, in which higher more complex features
like objects and shapes are constructed from low-level features such as edges. Most of the popular
architectures are based on CNN e.g. AlexNet [92], ZF [208], GoogLeNet [172], VGG16 [164]
and ResNet [65].

In classification, sliding windows applied on image require much computation for scanning
each possible location in the image. To avoid scanning all possible location, Selective Search
(SS) [174] computes region proposals of different sizes and start merging from pixel level into
objects. The merging of pixels is based on similarity in low-level features such as texture and color.
The SS is a class agnostic method which detects multiple foreground objects without knowing
the class of the object. The computation of SS is fast and act as a pre-processing step for the

more highly specialized classifier to find out the exact class within the bounding box. The initial
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implementation of the selective search was not optimized for GPU based implementation and thus
being a major bottleneck in the object detection framework. Edgeboxes [221] relatively takes less

time to compute region proposal as compared to Selective Search.

A specialized classifier called Region-based Convolutional Neural Network (R-CNN) [61] is
used to classify an object into their specific classes. The R-CNN expects fixed size images, i.e.,
227X227 as R-CNN uses Alex Net [92] as its backbone CNN architecture. Therefore, the region
proposals (~2k) are warped before passing it on to the R-CNN which uses SVM to classify the
object and linear regression to find out more exact bounding box boundaries for the object. De-
spite the fact that R-CNN works very well, however, the computation is very slow. For each region
proposal, the image has to be passed on through the network. Moreover, the region proposals are
computed in an offline manner. Thus end-to-end training of R-CNN is very complex. In the next
iteration of the R-CNN called Fast R-CNN [60], there is a change in network architecture; region
proposals are extracted from convolutional feature map using Region of Interest Pooling (Rol)
rather than directly from images. The fact that most of the region proposals are overlapped, thus
convolutional feature map is computed once and shared across all computation of the region pro-
posals. This change in architecture drastically reduces the overall time for detection. Furthermore,
the Fast R-CNN architecture unified the network for extracting the region proposals followed by
its classification and regression to its tighter boundaries. The SVM classifier is replaced by soft-
max layer in Fast R-CNN [60]. The region proposals from convolutional feature map project to its
corresponding spatial counterpart. In Fast R-CNN [60], Spatial Pyramid Pooling (SPP) make sure
Fully Connected layer (FC) get fixed-size feature vector. The major shortcoming of Fast R-CNN
is the time taken for region proposals at the test time. Also, the training pipeline of the architecture
is complex. In yet another iteration, Faster R-CNN [143], a fully convolutional neural network is
used as a Region Proposal Network (RPN) at the cost of very low computation instead of using
SS for region proposal from convolutional feature map. The use of RPN as region proposal made

Faster R-CNN a streamlined end-to-end trainable network for object detection.

All the previously discussed methods consider detection as a classification problem. The de-
tection is carried out in stages. The first stage computed proposals and classified in the second
stage into object categories. However, there are some methods, e.g., YOLO [140], SSD Multi-
Box [101], which consider detection as a regression problem and glance at an image once for
detections. Therefore called single shot detectors. The YOLO [140] divides the image into a grid
of 13x13 resolution. Each cell in the grid predicts the bounding box of the object along with
its confidence score. The bounding boxes with low confidence score are removed by setting a
threshold. The YOLO [140] performance is fast but not as accurate as its other counterparts. The
reason behind its low accuracy is that it only predict one type of class in a grid. The Single Shot
Detector MultiBox [101] compute a convolutional feature map by looking only once at the image

and predicts bounding boxes at multiple of these feature maps for the objects of various scales.

Previous studies used different models to capture various aspects of head detection in con-
textual reasoning [181]. The Global model predicts the scale and coarsely localize the object

using full image, while Local CNN captures the object appearance. Moreover, the Pairwise model
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captures the relationship between the objects. All the above models are jointly optimized for con-
textual head detection. However, such models do not provide a real-time unified architecture for
head detection. Similarly, the performance of methods used for face detection [123] on head detec-
tion task is very low. The choice of particular object detection depends upon the trade-off between
speed and accuracy. The single shot detectors are fast and suitable for the embedded real-time
application. However, region proposals technique such as Faster R-CNN [143] is more accurate
and intended for applications where accuracy is more important than speed. Furthermore, the size
of an object is another consideration for the selection of detector to be used for detection. Both

types of detector perform poorly on the very small scale objects.

3.8 Proposed methodology

Transfer learning is an approach widely used in deep learning applications in which pre-trained
CNN is used as a feature extractor for a given dataset. The features are typically extracted from
the last layer in the form of activations and cached to the disk. Then a standard machine learning
classifier such as SVM is used for training and testing on the features. There is another type of
transfer learning, more powerful than just feature extraction approach is called fine-tuning. In
fine-tuning, the last fully-connected layers are replaced with the new set of fully-connected layers
suitable for a given task. Typically the added fully-connected start learning from the previous
convolutional layers while keeping the convolutional layers frozen so that their weights cannot

be modified. However, in this study, all the layers are included in the fine-tuning process. The
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process involves the state-of-the-art neural network architecture already trained on a large collec-
tion of images such as ImageNet [92] and PascalVOC [52]. These network architecture includes
VGG16 [164], ZF [208], VGG_CNN_1024 [33] which contains rich and discriminative filters.
A very small learning rate is used during retraining of the architecture making sure that already
learned CONYV filters do not deviate dramatically.

For Faster R-CNN [143] and SSD MultiBox [101] detector, experiments have been carried
out in Caffe [80] framework. The first approach proposes regions in the bounding boxes and then
applying the high-quality classifier to classify into object class categories. These approaches are
called Region-based convolutional Neural network. In Faster R-CNN, the convolutional layers are
shared by both the detection network and by small Region Proposal Network (RPN) as shown in
the Fig. 3.5. The RPN is a small network computes region proposal from the last shared convolu-
tional layers. The RPN consist of few CNN layer which does not add to the overall computation.
The RPN can be trained in end-to-end fashion for object detection proposals. The concept of
anchor boxes is introduced to cater for the object of different scale and aspect ratio. In anchor
boxes, a single image and single filter size are used whereas for each location of feature map sev-
eral anchor boxes of different scale and aspect ratio are used. In RPN, the sliding window on the
last shared convolutional feature map encodes the output into 256 — d feature vector and 512 — d
feature vector in the case of ZF [208] and VGG16 [164] respectively followed by non-linear acti-
vation unit of ReLu [143]. The extracted features are fed into regression for finding bounding box

coordinates and classification layer for classifying the bounding box region into one of the class.

The Single Shot Detector detects the object by a single pass of the image through deep Con-
volutional Neural Network without explicitly proposing the more probable regions. SSD Multi-
Box [101] detector is one of the techniques which uses the same powerful CNN network archi-
tecture VGG16 [164] generally used for classification. However, the last classification layers are
truncated, and some auxiliary layers are added for object detection as shown in Fig. 3.6. The
network architecture without additional layers is called base network. For all the experiments,
VGG16 [164] has been used as a base network. The additional layers are organized in such a way
that the CNN feature map size decrease down in size until the extraction of final feature vector.
These layers produce a fixed-size collection of bounding boxes by applying a convolutional fil-
ter on these feature maps. As a result, there are some redundant boxes which are suppressed by
Non-Maxima Suppression (NMS) for boxes having Intersection over Union (IoU) less than 0.7
with the ground-truth bounding boxes. The usage of all feature map of additional layers serves an

opportunity to predict the detections at various scales.

The usage of several feature maps is in contrast to other state-of-the-art object detector
YOLO [140] where single feature map is used as shown in Fig. 3.7. The feature map is divided
into a grid of cells. The set of default bounding boxes are associated with each feature map cell
position. The position of default box is fixed relative to the cell. These default boxes act like
anchor boxes in Faster R-CNN [143] to capture the object of different aspect ratio. At each cell
location, position offset is predicted along with the class score of an object present in the box.

The offset indicates the coordinates how much far away is the predicted bounding box from one
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of the default bounding boxes.

3.9 Experimental results and discussion

We trained our models with Nvidia Quadro P6000 GPU with the common implementation set-
tings of weight decay, momentum, learning rate and batch size of 0.0005, 0.9, 0.0001 and 64
respectively for all the detection frameworks.

3.9.1 Datasets

We have carried out several experiments to evaluate the performance of various detectors on pub-
licly available datasets. In this section, we discuss the two datasets that have been used for exper-

imentation namely HollywoodHeads (HH) ) [181] and Casablanca datasets [144].

3.9.1.1 HollywoodHeads (HH) [181]

The HH dataset contains 369, 846 human heads annotated in 224, 740 frames taken from 21 Hol-
lywood movies [181]. In the annotations, keyframes are annotated with the bounding box for
the head. The remaining frames are linearly interpolated to head position and verified manually.
However, some of the interpolated frames are not correctly annotated. Upon visualization, some
of the XML annotation file corresponding to the frames are found to be empty. Therefore, the
empty frames were not included in the fine-tuning process. The dataset is divided into the splits of
training, testing and validation sets of 216719, 1302, and 6719 frames. The training, testing and
validation sets are taken from 15, 3, and 3 movies respectively.

3.9.1.2 Casablanca [144]

The Casablanca dataset is taken from the movie Casablanca . The dataset contains 1466 frames in
which head is annotated with bounding boxes [144]. However, the annotations only consider the
frontal face part as a human head. The annotations were corrected for scale and aspect ratio like

HH. This dataset is mainly used for evaluating the models fined-tuned on HH dataset.

3.9.2 Analysis of the results

In Faster R-CNN we have followed the same implementation setting as that of original paper [143].
However, few changes were made while fine-tuning the network from ImageNet trained models.
The images are rescaled to 600 pixels on the shorter-side of dimension. The anchor boxes of 3
different scale and aspect ratio used to capture various scales in the process of region propos-
als. During training, the cross-boundary anchors are causing the network to converge therefore

ignored, while in testing phase the cross-boundary anchors are clipped to the image boundary. A
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Non-Maxima Suppression (NMS) approach is applied to reduce overlapping proposals based on
their IoU intersection with ground-truth bounding boxes. To evaluate the detection performance,
we have adapted the average precision (AP) a standard metric calculated from the area under the
Precision-Recall (PR) curve [51]. The mean Average Precision (mAP) is the mean over classes
for the set of detections. In true positive detections, there is more than 70% overlap calculated
as Intersection over Union (IoU) between the detected class and their corresponding ground-truth
bounding box as shown in (3.14) [51]. The remaining detections are considered as false nega-
tive. Similarly, the detections having no overlap with any corresponding ground-truth box are false

negative or background.
IoU = area (Bpreq N Byt) /area (Bprea U Byt) (3.14)

Where B,,..q and By; denotes predicted bounding box and ground truth bounding box respec-
tively. In the first set of experiments using Faster R-CNN [143], we have used three architec-
tures ZF [208], VGG16 [164], and VGG_CNN_1024 [33]. In the process of fine-tuning, the net-
works were trained for 100k iterations. The snapshot of fine-tuned models is saved at an interval
of 10k iteration. The performance analysis of each of these saved models was tested on test
dataset as shown in the Fig. 3.8, 3.9, and 3.10 for Faster R-CNN [143], SSD MultiBox [101], and
YOLO [140] respectively. Faster R-CNN [143] with VGG16 [164] and VGG_CNN_1024 [33]
converge at 70k iteration while ZF [208] converge at 100k as reported in Table 3.7. These models
having high mAP’s are considered best models later on used for evaluation on Casablanca dataset.
Furthermore, in experiments with Single Shot Detectors (SSD), YOLO [140] has been fine-tuned
for HH dataset according to the original data splits [181]. The performance of YOLO is worst
amongst all the detectors with mAP of 0.63 which is lower by 13.34% than the current baseline
of mAP 0.72 as reported in the Table 3.7. The SSD MultiBox [101] has also been used for experi-
ments with VGG16 [164] as its base network architecture. The performance of SSD MultiBox is
comparable with the performance of Faster R-CNN [143] as reported in Table 3.7. SSD MultiBox
with 300X 300 input archives 0.788 mAP outperforming the current best approach by 8.4% as
reported in Table 3.9. Similarly, Faster R-CNN archives 0.791 mAP on HH dataset outperform-
ing the baseline approach by 8.8% as shown in Table 3.9. The best-fine-tuned models for HH
dataset are used to evaluate on Casablanca dataset without fine-tuning on Casablanca. The results
are reported in Table 3.8 shows the superior performance and generalization of Faster R-CNN for
the unknown dataset. In Fig. 3.11 some detection samples are taken from a test set of HH and

Casablanca datasets for each of the network architecture used in the experiments.

3.10 Summary

In the first half, we have evaluated different texture features for crowd density estimation. We
also proposed two new feature combinations for crowd density. It is shown by experiments that
proposed combination features gives significant improvement over the other methods. In the sec-

ond half, state-of-the-art object detectors have been used for people detection. The detectors were
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Figure 3.8: Performance of network architectures at every 10k iteration

Table 3.7: Testing error on HollywoodHeads Dataset

Detection frameworks CNN architectures Iteration mAP
Faster R-CNN [143] ZF [208] 100k 0.765
VGG16 [164] 70k 0.791
VGG_CNN_M_1024 [33] 70k 0.791
YOLO v2 [140] 13-layered architecture 46k 0.631
SSD MultiBox [101] VGG16 [164] 40k 0.788

Table 3.8: Selected best models fine-tuned on HollywoodHeads(HH) dataset performance on

Casablanca dataset

Detection frameworks CNN architectures mAP
Faster R-CNN [143] ZF [208] 0.486
VGG16 [164] 0.556

VGG_.CNN_M_1024 [33] 0.513

YOLO v2 [140] 13-layered architecture 0.518

SSD MultiBox [101] VGG16 [164] 0.52
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Figure 3.10: Performance of network architecture at every 10k iteration

trained and evaluated on contextual head detection task. It is demonstrated through experiments
that Faster R-CNN [143] with VGG16 [164] works very well for head detection as compared to
the single shot detectors. However, all of the object detectors perform poorly for the small-scale
and high-dense head detections. Moreover, it is observed that region-based CNN are more suitable
for situations where high accuracy is required. While single shot detectors are fast although less

accurate, thus more suitable for real-time and mobile applications.
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Table 3.9: Comparative analysis with other approaches

Detection frameworks CNN architectures mAP
DPM Face [123] 0.374
R-CNN [61] 0.671
Local model [181] 0.718
Local+Global+Pairwise model [181] 0.727
Faster R-CNN [143] ZF [208] 0.765

VGG16 [164] 0.791

VGG_CNN_M_1024 [33] 0.791
YOLO v2 [140] 13-layered architecture 0.631
SSD MultiBox [101] VGG16 [164] 0.788
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Figure 3.11: Qualitative Results: The first column shows the sample frames from test sequences
overlaid with the ground-truth annotations. The second, third and fourth column shows the de-
tection results using models fine-tuned on SSD MultiBox [101], YOLO [140] and Faster R-
CNN [143] respectively. The rows from 1 — 4 and 5 — 7 show the results from Hollywood-
Heads [181] and Casablanca [ 144] respectively. (Best viewed in colour)
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A person who never made a mis-

take never tried anything new”

- Albert Einstein

Crowd Counting and Density Estimation : Part II

Crowd counting and density estimation is an important and challenging problem in the visual anal-
ysis of the crowd. Most of the existing approaches use regression on density maps for the crowd
count from a single image. However, these methods cannot localize individual pedestrian and
therefore cannot estimate the actual distribution of pedestrians in the environment. On the other
hand, detection-based methods detect and localize pedestrians in the scene, but the performance
of these methods degrade when applied in high-density situations. To overcome the limitations of
pedestrian detectors, we proposed a Motion Guided Filter (MGF) that exploits spatial and temporal
information between consecutive frames of the video to recover missed detections. Our framework
is based on Deep Convolution Neural Network (DCNN) for crowd counting in the low-to-medium
density videos. We employ various state-of-the-art network architectures namely Visual Geom-
etry Group (VGG16), Zeiler and Fergus (ZF) and VGGM in the framework of a region-based
DCNN for detecting pedestrians. After pedestrian detection, the proposed motion guided filter is
employed. We evaluate the performance of our approach on three publicly available datasets. The
experimental results demonstrate the effectiveness of our approach which significantly improves

the performance of state-of-the-art detectors.

Major parts of this chapter have been accepted for publication in the paper titled Crowd
Counting in Low-Resolution Crowded Scenes Using Region-Based Deep Convolutional Neural
Networks, Saqib et al. (accepted in IEEE Access).
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4.1 Introduction and motivation

The crowd scene understanding is an important and challenging problem in computer vision. The
phenomenon of crowd is commonly observed in sports, festivals, social, political and religious
gatherings which tends to attract and gather a huge number of people in a constrained environment.
Such mass gatherings pose serious challenges to crowd safety and raise security concerns for
the participant as well as organisers. Therefore, crowd analysis is one of most important and
challenging task in video surveillance due to complex behaviour of pedestrians. Crowd analysis
can be used for detecting critical crowd levels, detecting and counting of people and also for
detecting anomalies in crowded scenes. Moreover, it can be used for tracking individuals or group
of people in crowds. Among these applications, estimating the number of people from a single
image becomes extremely important for crowd control and crowd safety. In public gatherings, it
is important to know the number of people attending the event which can provide useful piece of

information for future event planning and public space design.

DetectorResults

Sourcelmage

Pedestrian
Detector (CNN)

v

Motion
Guided Filter

RefinedResults

Figure 4.1: The performance of a detector is improved by employing our approach as depicted in
the Fig 5.1a. The left image is the input sample frame. The upper right image shows the pedestri-
ans in red bounding box are detected by the detector while the pedestrians in green bounding boxes
are the missed detection. The lower right image shows that the missed pedestrians are recovered
by our proposed approach and highlighted in yellow color. (Best viewed in colour)

Moreover, estimating crowd density or estimating the number of people attending the event
can substantially reduce the cost by deploying an exact number of security personnel required
for public safety and security. Various methods for estimating the crowd count are proposed in
literature. Generally, we can classify these methods into two major categories, 1) Regression-
based methods, 2) Detection-based methods.

|54]




4.1. INTRODUCTION AND MOTIVATION

4.1.1 Regression-based methods

These employ machine learning techniques like Support Vector Regressor [188], Gaussian Pro-
cess Regression(GPR) [25], linear regression [45], K-Nearest Neighbor [210], and neural net-
work [121] are employed to estimate the crowd count by performing regression between the image
features and crowd size. Regression-based crowd counting algorithms can be further categorised

into two groups: Holistic and Local.

In holistic approaches, image features like size, shape, edges, keypoints, and texture are ex-
tracted from the entire image and regression is then applied to estimate the size of crowd. In [25],
edge and texture features are extracted from the whole image, and the correspondence between
the number of people and features is learned through Gaussian Process Regression. [112] extracts
shape, color, size, texture features from the image and self-organizing neural network is employed
for crowd density estimation. The neural network is employed by [69] to learn the correspondence
between the foreground pixels extracted from the whole image and number of people. A method
is proposed by [199] that transforms an image into multiple scales using wavelet transform and
then the first and second order features are extracted a as density character vector. A Support
Vector Machine classifier is trained that classify density character into different density levels.
In [88], edge and blob size histogram features are extracted and neural network is trained to find
the relationship between the number of people and extracted features. [83] proposed crowd flow
segmentation as the first step and then applying counting framework to count the number of people

in each flow segment.

In local approaches, image features are extracted from the local patches of image and regres-
sion is applied locally to each patch of image and estimate the number of people in each patch. In
this case, crowd count is the direct sum of these local estimates. The size and shape features are
extracted from the local patches of the image [85] and linear (cylinder model) is employed to esti-
mate crowd count. [94] proposed pixel based density function for counting problem. The density
function is a mapping between the feature vector associated with every single pixel value and its
ground-truth density value. The ground-truth density value of the pixel is approximated by fitting
the normalized Gaussian kernel to the pixel dotted annotation. The multi-output regression model
is proposed by [37] for crowd counting by extracting size, shape, edge and texture features from
the local regions of the image. Their proposed regression model is able to estimate people count
in spatially localized regions. [43] extracts SURF features from the local region of the image and
support vector regression are employed to learn the correspondence between the features and the
count of people. [76] proposed a counting framework based on multi-source multi-scale approach,
which used multiple features extracted from the local regions of an image. These features are taken
from different sources like HOG, Local Binary Pattern (LBP) and Fourier analysis. These features
are computed at different scales for accurate and reliable counting. This work is extended by [12]
which added more features like wavelets, SIFT, and GLCM. [114] proposed a local Histogram-
of-Orientation Gradient, in contrast to the standard Histogram-of-Orientation-Gradient, used to

describe the parts of the person independently and therefore helps in extraction of features even in
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partial occlusions.

A great deal of work in [24, 31, , 9] for crowd counting and density estimation has focused
on local features such as edges and blobs extracted from the foreground. Typically, regression
techniques such as Ridge Regression (RR) [36], Bayesian Poison Regression (BPR) [31], Gaus-
sian Process Regression (GPR) [24] are used to learn the model between the local features and
count. However, a significant amount of information is lost in the calculation of such features.
The accuracy and performance of such features heavily rely on the segmentation of foreground.
The foreground segmentation is a challenging problem especially because of varying lighting con-
ditions and shadowing effect [176]. [153] considered texture features that are directly related to
the crowd density and counting. The more texture means high crowd density which is not always
true because of the incorrect foreground segmentation. Foreground segmentation of crowd only
caters for moving crowd, but it performs poorly in the case of a static or very slow moving crowd.
Furthermore, these features cannot be used for contextual crowd scene understanding. [56] pro-
posed the simplified version of the previous work by estimating the object density using regression
random forest improving the training accuracy. Similarly, [10] proposed an interactive and iter-
ative density estimation technique. In this technique, user annotates the object with the dot for
object and line segment for its diameter to estimate the density. The low-level features extracted
are mapped to the density value. The learned mapping can be visualized intuitively by the user for

error. The error indicates the need for further annotations to refine results in the next iteration.

The performance of regression-based methods are improved further by employing Convolu-
tion Neural Networks (CNN) [19, , 82, R R R ]. In these methods, density maps
are generated from the image patches, where count for each patch is obtained by performing the
integration over the density map. Zang et al. [209] proposed a CNN model which can generate
both crowd count and density maps using switchable alternative learning for counting and den-
sity map. The training and testing require a perspective map for perspective normalisation which
might not be available in practice. A Multi-column Convolutional Neural Network (MCNN) is
proposed in [214], which utilizes three columns with filter size of a different receptive field is
used to compensate for perspective distortion. MCNN is trained to estimate crowd density at
only three different scales in extremely crowded still images. Zhang ef al. and Boominathan et
al. [214][19] proposed multicolumn CNN approaches, in which different columns with different
filter sizes are used to capture multiple scales variation along with perspective. The final prediction
obtained from columns is averaged to get a density map. Finally, the integral of density map gives
crowd count. Similarly, Switch-CNN [155] proposed switching architecture which intelligently
switches appropriate regressor for particular crowd patch based on variation in density within the
single image. However, these approaches are highly scene specific and may perform poorly on
cross scene analysis. [182] used shallow CNN architecture in the framework of ensemble learning
where new models are added to the ensemble to fix the error from the previous model. These
ensembles were used to estimate the density map. The density map is then spatially integrated to
count. However, the research did not clearly explain the stopping criteria for adding new mod-

els to the ensemble. Therefore, ultimately adding new models to the ensemble might end up in
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overfitting. [82] used contextual information such as perspective weights, camera tilt angle and
camera height to estimate crowd density. The contextual information is an auxiliary input to the
Filter Manifold Network (FMN) to produce filter weights for the convolutional layer according to
the scene context. Thus convolutional layer adapts itself to the context of the scene in contrast to
the fine-tuning and transfer learning. The current datasets do not provide contextual information,
therefore, comparison with current datasets is not possible. The convolution is made adaptive to
only parameters related to perspective. There might be more complex parameters related to the

scene which are ignored.

Most recently, Shen et al. [161] proposed Adversarial Cross-Scale Consistency Pursuit (AC-
SCP) approach using adversarial loss instead of traditional Euclidean loss to mitigate the blurry
effect due to [, regularisation in the generation of density maps from crowd patches. Moreover, a
new regulariser is proposed to enforce the scale consistency such that the number of crowd count
in the large patch is coherent with the sum of crowd counts in the corresponding smaller non-
overlapping patches. Similarly, Cao ef al. [22] proposed Scale Aggregation Network (SANet) for
accurate and efficient high-resolution of density maps using new training loss called local pat-
tern loss. Sindagi and Patel [165] proposed Contextual Pyramid CNN (CP-CNN) in which local
and global contextual information is incorporated with Density Map Estimator (DME) to generate
high-quality density maps. Finally, all the maps are fused to estimate the crowd count and density.
Crowd counting is formulated as a semantic scene model [74]. The pedestrian, head, and their
context are three key factors, that are considered as a composite body-part semantic structure for
two types of scene semantic models. These models are turned into different sub-tasks to train deep
CNN for counting and scene semantic analysis. Xiong et al. [201] proposed Convolutional LSTM
(convLSTM) to exploit temporal correlation along with spatial dependencies to boost the count
accuracy in a complex scene. However, most of the datasets of the high-density crowd are still

images of the crowd and therefore do not carry temporal information.

Regression-based methods work well in high-density situations since they can capture gen-
eralized density information but suffer from following limitations. 1) The performance of these
methods degrades when applied to low-density situations due to overestimating the count. 2)
These methods cannot localize pedestrian in the scene and thus provide no information about
the distribution of pedestrians in the environment which is sometimes very crucial for the crowd

managers and security personnel.

4.1.2 Detection-based methods

On the other hand, detection-based methods [44, 54, 93, , 59, ], train object detectors
to localize the position of each person, where crowd count is the number of detections in the

scene. Detection based methods can be further divided into two categories, 1) hand-crafted fea-

ture based models[ 180, 44, 47, 48, 54, , ] and 2) deep features models [107, s , ,
s , 75, , 72, , ]. In the first category, hand-crafted features like edges [27, 29], tex-
ture [199, , 271, and shape [27] are extracted from image to train SVM or boosting classifiers.
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After training, learned weights of the classifier are considered as a template for the entire human
body. These hand-crafted features have low representation of human body and performance of
classifier degrades when applied to complex crowded scenes. In order to model complex poses of
pedestrians, DPM [54, , ] learn mixture of local templates for each body part. Although
DPM is robust to complex poses but feature representation and classifier cannot be jointly opti-

mized to improve performance.

Recent advancement in deep learning has shown outstanding results in detection using CNN.
In a typical CNN based approach, there is local connectivity of a region in the input image to the
output image as compared to the traditional feedforward neural network. In a feedforward neural
network, every input layer is fully connected with the output layer. Deep CNN is a compositional
model, in which features are extracted ranging from low-level along the pipeline of CNN towards
the final layers. The lower layers represent low-level features such as edges, and the subsequent
layers represent abstract features such as shapes, etc. We have used Faster R-CNN for the detec-
tion of pedestrians in the low-to-medium density crowd videos. In Faster-RCNN [143], a small
network namely Region Proposal Network (RPN) is used on top of the feature map to extract
object candidates or region proposals in contrast to other approaches like Selective Search [174],
CPMC [23], MCG [8], Edge boxes [221], etc. The advantage of RPN make Faster R-CNN an
end-to-end pipeline for the detection and also does not add to the computation of the network. To
detect objects at multiple scales, region proposals at various scale and aspect ratios are extracted
using anchor boxes. The center of the anchor box is having a different aspect ratio and size and

coincide with the center of the sliding window.

The models mentioned above achieved a considerable improvement in object detection in par-
ticular and pedestrian detection in general when applied to static images. However, the perfor-
mance of a detector on videos is limited due to the following reasons; 1) Most CNNs are trained
on fixed training sets and cannot incorporate the un-constrained video environments which may
have different illuminations, backgrounds, and viewpoints. Also, it is very expensive to label and
retrain the detector for every new video. 2) CNNs are designed to learn features from raw im-
age pixels and cannot able to leverage the information existed in different video frames of the
video such as consistent brightness and color pattern of the object. In this study, we propose an
approach to estimate crowd count by improving the detection performance of a detector when
applied to videos. We first apply state-of-the-art object detection techniques to detect people in
low-density crowds and then the performance of a detector is improved by leveraging the spatio-
temporal information between the frames of video as shown in Fig. 5.1a. In general, our method
takes predicted detection of a detector as input and generates refined detections as output with

higher average precision.

4.2 Proposed methodology

We proposed a framework for crowd counting using state-of-the-art deep CNN as shown in
Fig. 4.2. According to the framework, input frames are given to the Region-based CNN. We have
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Figure 4.2: Proposed framework

used Faster R-CNN [143] with Caffe [80] for the detection of pedestrians. The datasets that we
have used contain few numbers of frames which are not sufficient enough for training deep CNN.
Therefore, we have used transfer learning from ImageNet [46] to fine-tune our models. These
fine-tuned models are used in the testing phase to test on unseen frames. We have used various
network architectures such as ZF [208], VGG16 [164], and VGGM [164] to train the system and
evaluate the performance on the test dataset. ZF is a 8 layered architecture containing 5
convolutional layers and 3 fully-connected layers. Similarly, VGG16 is a 16 layered architecture

that has 13 convolutional layers and 3 fully connected layers.

In Fast R-CNN [60] the order of the extracting region of proposals and running the CNN is
exchanged as compared to RCNN [62] architecture. In this architecture whole image is passed
once through the CNN and the regions are now extracted from convolutional feature map using
ROI pooling. This change in architecture reduces the computation time by sharing the computation
of convolutional feature map between region proposals. The region proposal is projected to the
corresponding spatial part of convolutional feature volume. Finally, the fully connected layer
expects the fixed-size feature vector, and therefore the projected region is divided into a grid
and Spatial Pyramid Pooling (SPP) is performed to get fixed-size vector. SPP deals with the
variable window size of pooling operation and thus end-to-end training of the network is very
hard. The generation of the region proposals is the bottleneck at the test time. In the above-
mentioned approaches, CNN was used only for regression and classification. The idea was further
extended to use CNN also for region proposals. The latest offspring from the RCNN family, the
Faster R-CNN [143] proposed the idea of a small CNN network called Region Proposal Network
(RPN), build on top of the convolutional feature map. RPN is two-layered network which does
not add to the computation of overall network. A sliding window is placed over a feature map
in reference to the original image. The notion of anchor box is used to capture object at multiple
scales. The center of the anchor box having a different aspect ratio and size coincide with the
center of the sliding window. RPN generates region proposals of different sizes and aspect ratios
at various spatial locations. Finally, regression provides finer localization with reference to the

sliding window position.The complete architecture is shown in Fig. 4.2.

4.2.1 Motion Guided Filter

Convolution neural networks like SSD [101], YOLO [141], and Squeezedet [192] showed a sig-

nificant improvement in domain of real-time object detection using a single image. However, the
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performance of these networks can be improved further by leveraging the temporal information
available in real-time videos. Leveraging temporal information in object detection is not a trivial
problem. Usually, end-to-end learning is a sophisticated way of solving computer vision problems,
but in the case of videos, this approach cannot be applied. Feeding multiple frames to the CNN
is not possible due to the limitation of memory. Therefore, as a solution, we propose a Motion
Guided Filter that recovers the missed detection in the frames by using the flow estimation. It
is observed that pedestrian detected in the first frame travels a few pixels in the next frame. For
estimating the displacement, we utilize an energy function which is based on three assumptions:

brightness constancy assumption, gradient constancy, and spatio-temporal smoothness constraint.

4.2.1.1 Brightness constancy
For estimating the displacement, it is assumed that the gray value of a pixel does not change [68]

Qz,y,t) =z +u,y+v,t+1) 4.1)

Q : XA C R3 — R denotes bounding box sequence, and w := (u, v, 1) is the displacement
vector between an image at time ¢ and another image at time ¢ + 1. Here it is to be noted that
bounding box {2 is a 4-D vector. For estimating the displacement, we use only the spatial coor-
dinates of pixels while we assume the size of the bounding box (width and height) is the same.

Therefore we omit the size of the bounding box in the equations.

4.2.1.2 Gradient constancy

It is also assumed that the gray value of the pixel does not change instantaneously. However, this
assumption is weak since a slight change in the environment or change in illumination may change
gray values of the image, therefore, in this case, we allow some small variations and determine
the displacement vector by a criterion that is invariant to gray value changes. We, therefore, use
the gradient of gray value instead of considering the gray values directly. We then assumed that

gradient of gray value does not vary due to the displacement [177] and is given by

VQ(z,y,t) = VQ(x +u,y +v,t + 1) 4.2)

where V is the gradient. Equation (4.2) deals with translatory motion while (4.1) is best suited

for complicated motions.

4.2.1.3 Spatio-temporal smoothness

Up till now, the model estimates the displacement of one pixel from one frame to another with-
out taking into account neighboring pixels. Therefore, the model runs into problems as soon as

the gradient disappears somewhere. Furthermore, we also expect some outliers in the estimates.
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Therefore it is very useful to use smoothness assumption. This constraint can be either applied
only in the spatial domain if we want to compute flow between two images or to the spatio-
temporal domain, if the displacement in the whole sequence of images is needed. Here, since we
are recovering the bounding box of the next frame from the current frame, therefore we use only

spatial smoothness constraint.

With this discussion, we now derive an energy function that will penalize deviations from these
aforementioned assumptions. Let x := (z, y, t) is the pixel of frame at r and w := (u, v, 1) is its
displacement vector. Then deviations from the grey value constancy and gradient constancy are

measured by the following energy function

By = /A( Qx4+ w) — Q(x) [2 +7 | 7O(x + W) — 7Q(x) [2)dx “3)

where 7y is a balancing parameter between brightness and gradient constancies.

Finally, we write the smoothness term which penalizes the total variations in the flow

field [148] and can be expressed as

E, = /(| vu |2 + | Vo |*)dx (4.4)
A

The total energy function is the weighted sum of the above two equations and is given by

E(u,v) = Eq + aFj 4.5)

with some regularization parameter the value of o > 0. The goal is to find displacement vector

(u, v) that minimizes the energy function given by (4.5)

For every pixel x¢ € {2, in a frame at ¢, we compute its corresponding pixel in a frame at ¢ + 1

by using the following equation
Xt41 = Xt + W (4.6)

4.2.1.4 Detection refinement

After detecting pedestrians in each frame of the analyzed video sequence, we then leverage tempo-
ral information across the multiple frames to further refine the detection results. For this purpose,
we use (4.6) for low-level tracking to establish temporal correspondence across multiple frames.
Exploiting temporal information can suppress false alarms generated due to the noise and other
random distortions. We integrate temporal information across the frames to re-score detections
and suppress the false positives. Let ; = {w1,ws, . ..,w,} represents a set of n bounding boxes
(or detections) in a frame at t. We then represent D = {Q4,Q4,...,Qn} as a container of all sets

of bounding boxes for a video sequence containing N number of frames. In order to refine 2
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for the current frame at ¢, we employ a matching hypothesis based on overlap area between the
current bounding box w; € €2 and w; € {41 in the subsequent frame. We propose a refinement
Algorithm 3 which takes €2; as input and gives the corresponding refined {2 as an output. Given
a set of bounding boxes §2; in the current frame, we define a temporal window of the size W.
For each bounding box w; € €); in a frame at ¢, we first predict its location in the next frame at
t + 1 by computing displacement vector w as in (4.6). We then compute A between w; and set of
bounding boxes 2,11 in the next frame at ¢ + 1 and select the best match (maximum value of A).

We compute A between two detections w; and w; as Intersection over Union and formulated as
w;Nw;
w;Uw;

temporal window W, as in line 8 of the Algorithm 3. We then delete the bounding box for which

. Final confidence score ¢ is computed for each w; by accumulating confidence score over

confidence score o is less than e. We set the value of € = 0.5 in all our experiments. We refine
the container D in the same way. Let R = {Qll, le, 0 N’} is a container of refined sets of
bounding boxes for a video sequence containing N frames. The bounding boxes obtained after

this step are refined and trusted detections.

In some cases, a given set of bounding boxes {2; may not contain a detection for a particular
person due to occlusion, or missed detection, etc. In order to address this issue, we integrate
temporal information by reliably tracking pedestrian through time and use it to find the missed
detection. Our tracking approach operates in two modes: 1) detection mode, 2) Low-level tracking
mode. We initialize a tracker for each detection in a frame at ¢. Whenever the tracker finds and
matches a detection in the next frame at ¢ 4+ 1, it follows the detection mode. This mode enables
tracking more robust to variations in scale, appearances and pose. If for some reasons, tracker
cannot find detection in the next frame, the tracker relies on low-level tracking. In low-level
tracking mode, the tracker estimates the displacement vector and predicts the next location by
using (4.5) and (4.6). It is to be noted that we are not interested in long-range tracking, instead
our goals is to use low-level tracking to fill in the gap by recovering the missed detection. Let
{xt, st} be the position and size of a pedestrian being tracked. Let #; and §; are the observations
of x; and s;, with Gaussian noises of co-variance R, and R;. For each track in a frame at ¢, we
have predictions {gﬁﬂt,l, §t|t,1} and we search for pedestrian detection around position Z;;_1
and size 5;;_;. For any pedestrian detection P will be assigned to a track if || Z;,_y — x|
< aand || 8;4_1 — 85 || < @, where x is the position and s is the size of P. We set o =
0.3 in our experiments. We adopt a greedy strategy of data association and score each track by
Ny, where Ny represents the number of detections it has matched. During the detection mode,
we maintain a pedestrian template Pierpiate = I(24, 5¢) at location z; and of size s;. We use
normalized correlation to search for best match in the image. In case, a tracker can not find and
match a detection, then tracker switch to low-level tracking mode and continue tracking. In this

case we update the template linearly as in (4.7)

Ptemplate = (1 - /Bupdateptemplate + Bupdatej(xta St)) (47)

Where 3,pdate 18 set to 0.1 in our experiments. For every track, we keep track of Ny and Ny,
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Algorithm 2 : Refinement of Detection Results

Input: Sets of Bounding Boxes ();

Output: Refined Bounding Boxes ()
1: function REFINEMENT({);)
2: T = {Qt+1,Qt+2,. --»Qt—i-W}
3 Initialize evidence accumulator o to zero
4 for all bounding box w; in €2; do
5 for all (2; in T" do
6: Compute displacement vector w using (4.5)
7 Predict next location w; as w; + W
8 0 =0 +argmax ey Adw;', )
9 Update w; as w; «— wi'

10: end for

11: if%Z}}Va>ethen

12: Insert w; in tail of Qg
13: end if

14: end for

15:

16: return Qp

17: end function

(b)

Figure 4.3: (a) Detections in the first frame (b) Detections in the second frame (c) Recovered
detection missed in second frame

where Ny is the number of step that a track follows the detection mode and Ny is the number

steps in which track follows low-level tracking mode. We terminate a track if Ny / Ny ¢ 1.5.

4.3 Experiments

In this section, we discuss the qualitative and quantitative analysis of the results obtained from the
experiments. We evaluate our approach using three publicly available datasets, PETS2009 [55],
UCSD dataset [31] and Mall dataset [37]. These datasets include indoor and outdoor scenes
with varying densities. Traditionally, regression-based methods are evaluated on these datasets.

Therefore the available annotations are only suitable for regression-based analysis and not for
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Table 4.1: Crowd datasets

Dataset Resolution Color Location Test Train Crowd Size
frames frames

PETS2009 [55] 768X576 RGB Outdoor 800 1200 810 26
UCSD [31] 238X158 Grayscale Outdoor 800 1200 11 to 50
Mall [36] 640X 480 RGB Indoor 800 1200 15 to 60

detection base methods. Typically, there is a dot annotation for every person in the scene. These
annotations also include perspective map used for the normalization of perspective distortion.
Such dot annotations are not suitable for training a CNN model for pedestrian detection. Therefore,
for the first time, we annotated each pedestrian with a bounding box that covers the whole body of
the pedestrian. The complete details of the datasets are given in the Table. 4.1. The sample images

along with overlaid ground-truth annotations from three datasets are shown in the Fig. 4.7 (d) (e)

®.

After annotating all video sequences, we then trained different models, i.e, ZF [208],
VGGM [164] and VGG16 [164] on Nvidia Quadro P6000 GPU with a learning rate of 0.0001 and
batch size of 64. The RPN batch size is kept constant at 128 for region based proposal networks.

We then evaluate and compare the performance of our method with other reference methods.
For the sake of a comprehensive evaluation, we divide the experiment setup into two phases. In the
first phase, we evaluate and compare the detection/localization performance while in the second

phase, we evaluate and compare the crowd counting performance.

4.3.1 Localization performance

In this section, we evaluate and compare the localization performance of different models. The
purpose of evaluating localization performance is to measure how well the model localized the
pedestrian in the given scene. Precise localization of pedestrians is very crucial for the crowd

managers and security personnel to effectively respond to the anomalous situations.

The localization accuracy by which a model can predict the bounding box of a pedestrian is
typically judged by Intersection over Union (IoU) between predicted and ground-truth. In most
of the cases, IoU is used with fixed threshold value 0.5 for deciding whether a bounding box is
successfully detected. However, with the fixed threshold value, one cannot overview the range of
performance with varying the thresholds. Therefore, we use mean Average Precision (mAP) as an

evaluation metric that averaged the performance over a wide range of loU thresholds.

We evaluate the localization performance of these models in two ways, i.e., pre-trained and
fine-tuning. In the pre-training phase, these networks are trained from scratch by using ImageNet
dataset and then the learned models are directly used for detecting pedestrians during the testing

phase. In fine-tuning case, we fine-tuned these pre-trained models by using the images from
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PETS2009, UCSD and Mall datasets.

We analyzed the performance of each network architecture at a different iteration during the
fine-tuning phase. During training, the snapshot of trained models are saved at the interval of 10k
as shown in the Fig. 4.4 for Mall dataset [37]. All the network architectures were able to converge
after 20k iterations. The best-trained model obtained at iteration 90k of VG(G16 having mAP of
.701 was used for evaluation on the testing sequence of Mall dataset [37]. Similarly, trained model
based on ZF architecture for USCD [3 1] with high mAP of 0.783 is obtained at 80k iteration as
shown in Fig. 4.6. The reason for high mAP can be attributed to the low-resolution of the dataset
as well as the smaller filter size used in ZF' architecture. Thus ZF' shows stable performance
throughout all the iterations. Furthermore, a V GG'16 model with high mAP of 0.692 is obtained
for PETS2009 dataset [55] as shown in Fig. 4.5.
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Figure 4.4: Performance at different iteration for for Mall dataset [37]

After fine tuning the models, we then employ spatio-temporal filtering approach discussed
in the section, which further refines the detection by exploiting spatial and temporal information

between the consecutive frames.

Table. 4.2 shows the performance of these models obtained during pre-training, fine-tuning
and after employing a Motion Guided Filter. It is obvious from the table that all the base models
show poor performance during the pre-trained phase. The reason for poor performance is the mod-
els were trained on ImageNet dataset and not on pedestrian datasets. However, these models are
generic enough to be fine-tuned for pedestrian detection. We have used 50% samples of pedestrian
datasets during fine-tuning phase. The models fairly learn the representation of pedestrians and as
a result, mAP is increased up to 72% on average for all the datasets. Among the fine-tuned CNN
models, VGG16 outperforms other methods. Even after fine-tuning, there is still room for im-

provement since the information like consistent brightness and color pattern of pedestrian existed
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Figure 4.5: Performance at different iteration for PETS dataset [55]

Table 4.2: Localization performance at different steps

Methods ‘ Pre-Training ‘ Fine Tuning ‘ Proposed
VGG16 | VGGM
+ +
Models | VGG16 | VGGM | ZF | VGG16 | VGGM | ZF | MGF MGF MGF

UCSD | 045 025 | 040 | 0.67 065 |059] 073 0.71

0.63

| | | |
PETS2009 | 040 | 015 [020| 075 | 073 |0.69| 082 | 078 | 0.75
Mall | 041 | 025 [030| 068 | 063 |057| 071 | 065 |

0.58

between the subsequent frames are not exploited. For example, the detector detects pedestrians
in one frame while detector completely missed that detection in subsequent frames. Therefore,
by exploiting the spatio-temporal relationship and brightness consistency constraint, our proposed
Motion Guided Filter is able to recover the detection which are missed due to occlusions. As a

result, our proposed methodology is able to improve the mAP for all the models.

4.3.2 Counting performance

In this section, we evaluate the performance of different crowd counting methods. In addition
to CNN based methods, we used four different regression-based models, i.e Gaussian Process
Regression [25], linear regression [45], K-Nearest Neighbor [210] (K=4) and neural network [121]
with sigmoid activation function for crowd counting. These regression models are trained on local
features, i.e., size, shape, edge and keypoints. The features are extracted from the local regions of

image by first dividing the image into patches. We then apply a regression technique to each patch
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Figure 4.6: Performance at different iteration for for UCSD dataset [31]

Table 4.3: Evaluation of crowd counting methods

Methods | Models || UCSD | PETS 2009 || Mall
| | MAE MSE || MAE MSE | MAE MSE
GPR[25] || 146 623 || 178 1697 | 2.58  8.86
Regression
(hand-crafted features) | Linear [45] || 1.56 648 || 1.77 1775 2.58  9.65
KNN[210] || 272 9.63 || 3.00 18.69 || 2.89  9.23
NN[I121] || 813 33.08 | 4.11 3042 26.06 163.41
VGGI6[164] || 289 925 || 2.67 1853 | 3.52  10.25
CNN
VGGM [164] || 3.92 1047 || 2.63 17.56 || 485 13.65
ZF[208] || 3.55 1126 || 2.64 1628 || 3.65 11.46
CNN VGGI6+MGF || 127 562 || 121 543 || 1.89  7.29
—+
MGF (proposed) | VGGM+MGF || 138 629 || 128 566 || 232 835
ZF+MGF || 141 635 || 136 648 || 256 878

of an image. The local features are extracted in the following ways

Size refers to the area of foreground object. The area of object is measured as the count of
foreground pixels. In order to compensate for perspective distortions, we assign weight W (z, y)
to each foreground pixel as in [25] based on the relative size of reference object in the scene. The

weighted area A of blob B is computed as follows
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Table 4.4: Comparative analysis with other techniques on UCSD [31] dataset

Method MAE Test

Density + MESA [94] 1.7

Crowd CNN Model with global regression [209] 1.6

COUNT forest [137] 1.6

CNN Model with no boosting [182] 1.63
Boosted CNN (1 boost) [182] 1.35
Boosted CNN (2 boost) [182] 1.29
Boosted CNN (3 boost) [182] 1.28
Fine-tuned (2 boost) [182] 2.01
Twice as deep [182] 1.82
Thrice as deep [182] 242
Ensemble of 2 CNNs [182] 1.55
Ensemble of 3 CNNs [182] 1.53
Zhang2015 [209] 1.60
MCNN [214] 1.07
Hydra-CNN 1.65
Switching CNN [155] 1.62
ConvLSTM [201] 1.30
BSAD [74] 1.0

ACSCP [161] 1.04
SANet [22] 1.02
Proposed Method (VGG16 + MGF) 1.27

A= )" W(zy)
(z,y)EB

Shape is computed by measuring the orientation of perimeter pixels. Perimeter pixels contain
important and useful information about the shape of the object. For computing shape feature, we
generate a histogram of orientations with four bins. Each bin corresponds to the orientations of

pixels. The four bins correspond to four shape features and denoted by S(h), where h € [1,4].

Edge is computed by taking the histogram of edge pixels of the foreground object. We divide

edge orientation histogram into six bins over the range of [0, 180°]. In this case, for perspective
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Table 4.5: Comparative analysis with other techniques on Mall [36] dataset

Method MAE Test
CA-RR [35] 3.43
COUNT forsest [137] 2.50

CNN Model with no boosting [182] 9.54

Boosted CNN (1 boost) [182] 2.43
Boosted CNN (2 boost) [182] 2.08
Boosted CNN (3 boost) [182] 2.13
Fine-tuned (2 boost) [182] 2.01
Twice as deep [182] 10.41
Thrice as deep [182] 15.37
Ensemble of 2 CNNs [182] 6.52
Ensemble of 3 CNNs [182] 6.57
ConvLSTM-nt [201] 2.53
ConvLSTM [201] 2.24
Bidirectional LSTM [201] 2.10

Proposed Method (VGG16 + MGF) 1.89

Table 4.6: Comparative analysis with other techniques on PETS [55] dataset

Method MAE Test

Shape+Edges+Keypoints [154] 1.77

Proposed Method(VGG16 + MGF) 1.21

normalization, each edge pixel assigns a weighted vote of \/W (z, y) to a corresponding histogram

bin h as follows.

v W if0, <6,, <6

(o) K otherwise
where K is set of edge pixels of a blob of the foreground object and 0, , is the orientation of

edge pixel. Upper and lower bound of bin 4 is represented by 6}, and 6,41 respectively.

Interest points refers to keypoints in the scene and provide useful information about the human
crowding. We extract two types of features, i.e. FAST and SURF from the blob and denoted as

Pr and Pg respectively and computed as follows.
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Pp = Z \/W((I?,y)

(z,y)eM

Po— Y W

(z,y)eEN

where M represents F'AST features extracted from the blob, and N represents SU RF fea-
tures extracted from foreground blobs. In this case, we also assign weights W to each interest

point to compensate for perspective distortions.

We train four different regression models using these local features and the results of regression
and CNN based methods are reported in Table. 4.3 in terms of Mean Absolute Error (MAE) and
Mean Square Error (MSE). MAE and MSE are mostly used evaluation measures for counting and

formulated as

1
MAE = — (1 — Gy)? (4.8)
L=
1
MSE = — | — G (4.9)
Tl e

where T is the total number of testing frames. While p; and G are the predicted and ground-
truth count of pedestrian respectively in a frame at ¢t. From the Table. 4.3, it is obvious that
regression-based methods perform well than CNN based detection methods. It is attributed to the
fact that in high-density situations, regression models perform well in approximating the count
by leveraging the rich context in crowded patches while CNN based detection models are unable
to localize and detect pedestrians due to the small size of the head, occlusion, and perceptive
distortions. We observed from the experiments that detection based methods provide a reliable es-
timation in sparse crowds where the pedestrians are fully visible. Based on our experiments and as
obvious from the table we find that detection and regression-based counting methods show differ-
ent performances depending on the densities of the crowd. The regression-based methods provide
reliable estimates when applied to congested scenes. However, these methods cannot provide lo-
calization information for persons in the scene and tend to overestimate the count when applied in
low-density situations. The detection based methods, on the other hand, can localize each person
precisely in low dense situations. However, the performance of detection based methods improves

in all situations after employing our proposed Motion Guided Filter.

The average time for processing each frame for detection was 0.044 seconds, 0.130 seconds
and 0.048 seconds, for ZF, VGG16 and VGG M, respectively. On average the frame was processed

in 0.130 sec/frame.

We also compare our method with other crowd counting methods using UCSD dataset, and

the results are reported in Table. 4.4. We use MAE metric as an evaluation measure. From the
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table, it is obvious that our proposed method outperforms most of the state-of-the-art methods.
Our approach out-performs most of the state-of-the-art methods in UCSD data set. However,
our approach shows lower performance in comparison to few state-of-the-art methods. The low
performance attributes to the following reasons: (1) UCSD data set consists of extremely low-
resolution videos. Each video frame has to be re-sized and padded before input to the network.
As a result, frame lost most spatial information and become too coarse to describe pedestrians.
(2) Faster R-CNN lacks the ability to detect small objects lies in various scales. In the same
way, we compare our method with other methods using Mall and PETS datasets, and the results
are reported in Table. 4.5 and 4.6 respectively. In this case, we use VGG16 as best model for
comparison with other methods. As obvious from tables, our proposed method produced superior

results as compared to the state-of-the-art methods.

4.4 Summary

In this work, we proposed a real-time detection framework for counting of a crowd in a low-
to-medium density crowd videos — the framework use state-of-the-art detector Faster-RCNN to
detect pedestrians in crowd video. We used Motion Guided Filter to recover misdetections and
therefore improve mean Average precision of the overall detections. The improvement in the ac-
curacy of detection also leads to the improvement in the counting and density estimation of a
crowd. The proposed approach can be easily incorporated in the real-time monitoring and surveil-

lance applications and as well as high-level scene understanding of crowd.
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Figure 4.7: Qualitative Results: Row:1 (a-c)Sample images from datasets (a) PETS2009 (b) Mall
dataset (c) UCSD dataset Row:2 (d-f) Ground-truth annotations overlaid on samples images Row3:
(g-1) detection results Row4: (j-1) Refine results after spatio-temporal smoothing (Best viewed in
colour)




“The only way to discover the
limits of the possible is to go be-

yond them into the impossible”

- Arthur C. Clarke

Detection of Dominant Motion Patterns in Crowd

This chapter deals with the proposed methodology that exploits motion information from videos
to better understand crowd scenes. This chapter will focus on the detection of dominant motion

patterns in the crowd.

Major parts of this chapter have been published in the paper titled ”Detecting dominant motion

patterns in crowds of pedestrians”, Saqib et al. [157].

5.1 Introduction and motivation

In this study, we propose a novel technique of crowd analysis, the aim of which is to detect dif-
ferent dominant motion patterns in real-time videos. A motion field is generated by computing
the dense optical flow. The motion field is then divided into blocks. For each block, we adopt
a Intra-clustering algorithm for detecting different flows within the block. Later on, we employ
Inter-clustering for clustering the flow vectors among different blocks. We evaluate the perfor-
mance of our approach on different real-time videos. The experimental results show that our
proposed method is capable of detecting distinct motion patterns in crowded videos. Moreover,

our algorithm outperforms state-of-the-art methods.

Public safety and security are becoming a crucial problem in most urban areas. Large events
such as marathons, religious festivals, sports, and political gatherings attract thousands of people in
a constrained area. Despite safety measures, public disasters still occur frequently. One issue that
presents itself in such disasters is the presence of large and conflicting motion patterns, i.e., crowds

composed of groups of people motivated by a common goal. It is because of this common interest
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that people in crowds compete with each other for common resources. In some cases, conflicting

groups come face-to-face with each other in a constrained environment leading to stampedes.

Crowd management is becoming a daunting job because of the complex dynamics of the
crowds. To manage high-density crowds, several surveillance cameras are installed at different
locations that can cover the whole scene. The whole scene can be overseen by an analyst whose
job is to detect some specific activities. Such a manual analysis of the crowd is a tedious job and
usually prone to errors. Therefore, we need an automatic technique that can reliably detect spe-
cific activities. Developing such techniques and methods has been the goal of many researchers in
the area of computer science. Usually in automatic video surveillance, detection, and tracking of
pedestrians forms part of pre-processing steps. But in crowded situations, detection, and tracking
of pedestrians becomes an even more challenging task because of severe occlusions, clutter and a
representation of a small number of pixels per individual. Therefore, to understand crowd dynam-
ics in high-density situations, researchers have focused on global features (optical flow) instead
of local ones (head, etc.). In this study, we generate motion fields through extraction of global
features by computing the dense optical flow using the Brox and Sand method [20]. A motion
field is divided into blocks. Subsequently, we extract dominant motion patterns by employing

Intra-clustering and Inter-clustering algorithms.

5.2 Background and related work

A crowd can form as a result of individual motions or interacting motions of objects or people.
Crowds can either be classified as structured or unstructured based on the motion patterns followed
by individuals comprising the crowd [145]. In structured crowds, an individual motion is in a cer-
tain order, and the orientation of the crowd remains the same for most of the time e.g. crossing the
road, entry to a train, using the elevator. While in an unstructured crowd, objects or people exhibit
motion either in one direction or in another direction randomly, e.g. a chaos situation. Another
classification is based on the density of individuals in a crowd. Researchers have studied individ-
ual tracking or even partial tracking in a crowd of low density. While in high-density crowds, it
is more feasible to study the overall behavior of the crowd. Ozturk et al. [136], divide the entire
scene into small regions to determine the flow vectors in each region. Flow vectors having similar
orientations are clustered followed by spatial clustering. As a result, major groups are identified
in those small regions. Dominant flow is determined from average location, orientation, and the
number of flow vectors in each group in the region. Global dominant flows are determined from
the small regions connecting local dominant flow vectors. Wu et al. [197], use a region-growing
algorithm to segment the crowd flow along with a shape optimization model to update the con-
tours of the domain region adaptively. A KLT tracker is used by [39] to extract tracklets from
dense crowds. The Longest Common Subsequence (LCS) algorithm is then used to cluster similar
point track segments, which results in dominant motion in a dense crowd. Normalized optical
flow features along with different similarity measures are fed to a clustering algorithm [50]. The

two clustering algorithms used are (1) Self-tuning spectral clustering (2) Nonlinear dimension re-
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duction isomap followed by k-means clustering. A min-cut/max segmentation algorithm is used
to segment the crowd flow [175]. First, the foreground is extracted from video using a Gaussian
Mixture Model (GMM). The frame is divided into fixed-size blocks, and the correlation of crowd
flow among the blocks is computed in a spatio-temporal domain. To remove noise and to have a
more consistent representation of crowd flow, a grid of the particle is initialized on the foreground
and tracked using Lucas Kanade optical flow with a pyramid. A histogram-based adaptive optical
flow segmentation algorithm is used to segment the crowd into different flows based on their di-
rection [163]. IThaddadene et al. [78] used a motion intensity heat map to determine any abnormal
activity in the crowd. The first set of points are tracked using optical flow, and then a variation is
estimated to determine abnormal activity. Khan ef al. [84] constructs a more robust and optimal
foreground mask from the logical product of the optical flow-based mask and the Gaussian back-
ground mask. Segmentation of crowd flow is determined using K-mean clustering followed by a
blob absorption algorithm to absorb small blobs, which do not contribute to the dominant flow.
Sparse and dense optical flows are used on interest points to compute the global motion field.
Min Hu et al. [71] used an undirected graph to construct directed graphs to measure the similarity
and proximity of flow vectors. The original flow field contains thousands of flow vectors, which
are reduced to hundreds of flow vectors by removing noise and redundant information. Then, hi-
erarchical agglomerative clustering was used to cluster the flow vectors in the same direction to
determine dominant motion patterns. Wei li [99] proposed a crowd flow segmentation approach
based on histogram analysis of optical flow angles. The histogram curve is used to determine

segmentation points and subsequently segmentation of crowd flows.

5.3 Proposed methodology

In this section, we discuss the proposed methodology for extracting motion patterns from the
given sequence of frames. Given a sequence of frames, the main steps involved in extracting the
motion patterns are (1) optical flow field computation followed by construction of the motion field;
(2) dividing the motion field into similar non-overlapping blocks and (3) finding clusters in each
block by employing our proposed circular clustering algorithm. The final clusters of each block

represent motion patterns in the given scene.

5.3.1 Optical Flow and Motion Field estimation

In this step, we compute the optical flow between two adjacent frames of the given sequence
followed by the construction of the motion field. Let f(, ) and f(; ,, ;1 1) be the two consecutive
frames of the given sequence, we compute the dense optical flow by employing the Brox and Sand
(BS from now on) method followed by a Median filter and Gaussian filter in order to remove
noise. Usually, the objects in crowded situations move in a wide area covering the whole scene.
Therefore, to capture whole motion information, we compute dense optical flow, that enables us

to compute a change in every pixel, in contrast to the sparse optical methods that compute change
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(a) sample frame (b) optical flow (c) direction map

Figure 5.1: 5.1a: Sample frame 5.1b: Corresponding Optical flow 5.1¢: Direction map

only in interest points, e.g., corners or edges, etc. After computing the optical flow, the next step is
to construct a motion field. The motion flow field is the set of independent flow vectors, and each
flow vector is associated with its spatial location. The motion flow field contains the instantaneous
and temporal information of the scene and can be used for learning motion patterns of the given
video. Consider a feature point 7 in F}, its flow vector Z; includes its location X; = (z;,y;) and
its velocity vector V; = (vy,,vy,), 1. €. Z; = (X;,V;) where 6; is the angle or direction of V;,
where 0° < 0 < 360° and 2; is the magnitude. Then, {Z;, Za, ..., Zx} is the motion flow field of
all the foreground points of an image. The motion flow field {Z1, Zs, ..., Z,} is an n x 4 matrix
where each row represents a flow vector 7 and columns represent its spatial location X; and the
velocity vector V;. While n represents the total number of flow vectors (foreground points). Each
flow vector represents motion in specific directions (represented by different colors) as shown in

Figure 5.1c.

The direction map in Figure 5.1c does not show any dominant motion pattern in the scene
and hence does not provide any meaningful information about the motion patterns. Therefore, we
need to devise a method that can automatically analyze the similarity between the flow vectors
and cluster them into multiple groups. In the following section, we proposed a circular clustering

approach that automatically can detect dominant motion patterns in the scene.

5.3.2 Circular clustering

The direction map in Figure 5.1c could not characterize dominant motion patterns, and therefore
we cannot extract information about motion patterns. To characterize dominant motion patterns
in the scene, we need a clustering algorithm that groups the similar flow vectors belonging to a
motion pattern in the scene. Before applying our clustering algorithm on the motion flow field,
we first divide the motion flow field into NV x M blocks. Let {b1,bs,...,b,} € B is the list of
blocks, where each block b; is of size ¢ x j. Our proposed algorithm involves two steps, (i) Intra-
clustering and (ii) Inter-clustering. At the Intra-clustering level, we cluster the flow vectors within
the block. While in Inter-clustering, we cluster flow vectors among the blocks. In the following,

we summarize our Intra-clustering algorithm.
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1. For every block b; € B, select a set of points whose magnitude €, is greater than a threshold

7. Let P be the set of points (or flow vectors) whose magnitude is greater than 2.

2. Initially we assume each point of the block as a separate cluster, and we assign a distinct

identifier to each point of the block.

3. Compute the centre of the cluster by computing the circular mean p of each cluster as
in[17]. Let C = {c1,ca,...,c,} be a set containing a list of clusters for all n number of

blocks, where ¢; = {111, 12, - - . , ik }, is a vector of k number of clusters detected in block b;.

4. Compute a distance matrix D, where each element of the matrix is the distance between

circular means y; and 1 and is given by D; j = p; — 4.
5. Compute d;n = arg min D for all 4 # j.

6. If d,;y is less than 9§, then cluster the flow vectors whose distance between the means is

dmin and continue to step 3 through step 6. Otherwise, go to step 7.

7. Repeat the same steps (1-6) until all the blocks in set B are processed.
After Intra-clustering, the flow vectors belonging to each block b; are clustered into k distinct
groups. Now, in the next step, we cluster two distinct blocks b; and b; by employing our Inter-

clustering algorithm 3. The algorithm iterates until all the blocks are processed. The final cluster

G represents the dominant motion patterns in the scene.

5.4 Experimental results and discussion

In this section, we discuss the qualitative and quantitative results obtained from the experiments
conducted. The experiments are carried out on a PC with a 2.6 GHz core 15 processor and with
8.0 GB memory. We used a publicly available data set from the University of Central Florida [4].
The data set covers so-called structured and unstructured crowds with different density situations.
The first row of Fig 5.2 shows a frame from the video in which the people are moving in opposite
directions in a square. As is obvious from the figure, the clustering of flow vectors near the bound-
aries of the opposite flows becomes very hard. By employing our proposed clustering algorithm,
the flow vectors are correctly distinguished, and the corresponding motion patterns are correctly
detected. The second row of the figure shows a relatively simple scenario, where the people are
running in a marathon in a U-shape. Our proposed algorithm detects three different motion pat-
terns. A very complex scenario is shown in the third row of the figure, where the people are moving
in different directions making it very challenging for the clustering algorithm. Our method detects
four different motion patterns which also correspond to the ground truth data. From further exper-
iments, we also observe that small clusters are also detected near the boundaries of two conflicting
flows. This is mainly due to the following reasons; (1) if the object moves slowly, the inside and

outside flow vectors of the object are not the same and hence are classified as two different flows;
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Algorithm 3 Inter-Clustering of Blocks

Input: Set of Local Clusters C
Output: Global Cluster G

1: function INTERCLUST(C)
2 initialize array GG as empty
3: G <+ insert the first list of cluster ¢; from C.
4 for all List of cluster ¢ in C do
5 G = MergeBlocks(G,c)
6: end for
7: end function
Input: Cluster cj, co
Output: Updated Cluster G

function MERGEBLOCKS(G, ¢)

1:

2 initialise cluster identifier ”id” to 1.
3 for i = 1 to sizeof(G) do

4: for j =1 to sizeof(c) do

5: if || G[i] — c[j]|| < 7 then
6: Wm < compute the mean of c[j] and G[i]
7 Glid] = pm

8 Delete cl[j]

9: end if
10: end for
11: increment id by 1.

12: end for
13: Return G
14: end function

Table 5.1: Performance evaluation using different parameter settings

Block Size Accuracy
Actual number of

Video sequence Threshold values 20X20 30X30 40X40 motion patterns
People n=0.16,0 =13, 7=1.2) 4 4 6 5
Marathon (n=0.07,0 =13, 7=1.3) 3 3 4 3
Road cross n=0.04,0=157=1.1) 2 3 4 2
Hajj (n=0.06,0 =14,7=1.3) 2 2 3 2
Escalator n=0.050=12,7=14) 2 2 3 2

(2) the optical flow near the boundaries of two conflicting flows is ambiguous. We get rid of these

small clusters by adopting a blob absorption approach as proposed in [84].

The performance of our algorithms depends on different threshold values given in Table 5.1.
Whereas 7, 6 and 7 are intra-clustering, inter-clustering and distance between the means of the
clusters respectively. The detection of motion patterns is evaluated at different block sizes. How-

ever, there is no significant improvement shown in the accuracy of motion pattern detections for
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Figure 5.2: The first column shows the input frames. The second column shows the motion flow
field of the corresponding input frames, and the third shows the detected motion patterns. (Best
viewed in colour)
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the block size below 20X 20. Block size lower than 20.X 20 lead to very slow execution of the pro-
posed algorithms while block size larger than 40X 40 creates block boundary artifacts and false
motion pattern detections in inter-clustering of flows. Therefore experiments were carried out
with the optimal block size of 30X 30.

Similarly, all other thresholds are selected carefully according to the video being processed.
To evaluate the performance, we compare our approach with the two other methods and the ground
truth. The ground truth is manually generated from the motion flow field. As is evident from the

Figure 5.3, our approach outperforms the two other methods used for crowd flow segmentation.

hajj marathon road cross people

[S]

[y

EMinhuetal EMWeilietal ®mOurs MEGth

Figure 5.3: Comparison with state-of-the-art methods

5.5 Summary

In this study, we used a dataset that covers both high and low-density crowded situations, and we
propose a framework that segments the crowd flow into different meaningful semantic regions.
These kind of analysis are very useful for crowd managers in understanding crowd behavior.
Moreover, this analysis also provides useful input to crowd simulation models for initialization
and validation of their models. Our approach does not rely on the traditional methods of detection
and tracking and rather adopts a holistic approach by employing optical flow, followed by a clus-
tering algorithm. This approach can be applied to different situations, and it is independent of the

camera view.
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”I always wondered why some-
body didn’t do something about
that; then I realised, I am some-
body.”

- Myra Hargrave Comiskey

Extracting Motion Information from Crowd Scenes

It is very critical for a computer vision system to capture accurate motion information for un-
derstanding the behaviour of the crowd. Thus the performance of the system is dependent upon
how the motion is represented. The desired motion representation should generate long and most
importantly reliable trajectories. These trajectories can then be used to describe the flow for the
whole video. Traditionally, optical flow is used for computing the pixel-wise flow between the
two frames [21, ]. However, there are some inherent problems in the direct usage of optical
flow for motion representation. Firstly, optical flow produces ambiguous results on the bound-
aries of conflicting flows and perform poorly in the case of very slow moving objects. Secondly,
optical flow does not represent the long-range spatio-temporal motion representation required in
many applications. Major parts of this chapter have been published in the paper titled ”Extracting

descriptive motion information from crowd scenes”, Saqib et al. [158].

6.1 Introduction and motivation

Crowd scene constitutes a significant number of people gathered together in one place. The anal-
ysis of crowd has many real-world applications in surveillance, public space design, crowd man-
agement and in the behavioural study of animals and marine life. The visual analysis of crowd
includes various computer vision tasks such as object detection, tracking and using motion in-
formation for understanding the behaviour of the crowd. However, the crowd is a complex phe-
nomenon, and the application of particular computer vision technique depends upon the structure

and density of the crowd. Detection and tracking might work very well in the low-density crowd
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because of the clear visibility of pedestrians in the crowd. However, in high-density crowd detec-
tor most often miss the detections or result in false-positive detections. Moreover, tracking is also
not feasible in the high-density crowd. The tracker is lost easily and requires re-initialization at
regular interval. The reason for suboptimal performance is that there is less number of pixels per
person and inter-object occlusions, which make the detection and tracking unreliable solutions.
Therefore in such scenarios, a holistic understanding of the scene is required. The study of crowd
behaviour includes the study of flows, dominant flows/common pathways, and identification in-
flows/source and sinks/outflows. This study of behaviour can be beneficial as a preprocessing step

in the understanding of crowd behaviour in extraordinary situations such as congestion.

Typically obtaining complete trajectories is a difficult task from crowd motion in the high-
density crowd. Therefore to get complete trajectories a notion of tracklet is used to capture short-
term motion. A tracklet is a fragment of trajectory obtained by the tracker for the object. As
previously mentioned, detection of the object and their tracking does not perform well in a high-
density crowd. In most of the previous studies, tracklets are extracted from feature points and
subsequently tracked for the very short duration to generate tracklets. After tracklets generation,
various approaches such as Markov Random Field (MRF) [217] are used to ensure spatio-temporal
dependencies between the tracklets [217, ]. The tracklets gives a robust high-level representa-

tion of the crowd and are less like likely to drift as compared to complete trajectories [97].

In this study, we propose a framework for crowd behavior by analyzing the flows in the crowd
and describing the flows quantitatively. Our proposed framework used particle flow computed
by the moving grid of particle with the optical flow initialized by the dynamical system [166].
Numerical integration of the dynamical system over the segment of the video is used to generate
tracklets. The first step in the crowd analysis is to generate reliable long trajectories. Firstly,
we make use of tracklets to generate short term reliable trajectories for a small segment of video
and then use clustering both spatially and temporally to produce flows for the whole video. By
using the resultant flows, we can identify source/inflow and outflow/sink of the scene. Once the
reliable flows are achieved, we compute basic parameters like speed, density and direction of the
dominant flows. These parameters can fully characterize pedestrian movement and measuring
these will help the crowd managers in understanding overall motion in the scene. Once dominant
flow are describe by these parameters, we can visually analyze speed-density relationship that

serve basis for understanding the behavior of complex system.

6.2 Background and related work

There has been a body of work on the usage of tracklets for understanding the collective motion
of pedestrians in the crowd. Zhou et al. [217] used Random Field Topic (RFT) to obtain semantic
regions by non-parametric clustering of the tracklets. The RFT model ensures spatio-temporal co-
herence between the tracklets. The information about source and sink in the scene are given to the
models as a highly semantic-level priors during the inference. However, our framework does not

assume sources and sinks to be known a priori. In a variation of this approach, Zhou et al. formu-
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lated the whole crowd with the agent-based model called Mixture model of Dynamic pedestrian
Agents (MDA) [219]. In this model, each pedestrian is modeled as an agent with the three factors.
The factors included the belief of starting and the destination position of the pedestrian, movement
dynamics, and the timing of pedestrian entering the scene. The collective behavior is analyzed us-
ing agent after learning from real data. However, this agent-based approach is only suitable for
the low-density crowd, where agents can easily model each pedestrian movement. Blei and Fra-
zier [18] used Distance Dependent Chinese Restaurant Process (DD-CRP) to cluster the coherent
tracklets in the first stage. In the second stage, the clusters are aggregated temporally to obtain
pathways, or dominant motion flows in the scene. Next, a geometric analysis is applied on the
pathway shape to determine the sources and sinks in the scene. Hassanein et al. [64] considered
tracklet as a directed line segment and used line geometry to find similarity between the tracklets.
Upon clustering, semantic regions are extracted which include source, sink, and common path-
ways. Wang et al. analysed motion patterns by clustering the hybrid generative-discriminative
feature maps [185]. The extracted feature map associate motion pattern with low-level feature. Fi-
nally, hierarchical clustering is used to cluster feature maps into semantic regions.However, above
all mentioned approaches only describe the crowd flows qualitatively. Meta-tracking is another
technique employed to discover the scene structure in the crowd [81]. The Orientation Distribu-
tion Functions (ODFs) model is used to find out the direction of the flow at each pixel. A particle
meta-tracking is used to obtain particle trajectories called meta-tracks. Finally, meta-tracks are
clustered to get dominant motion flows in the crowd. This kind of motion representation is com-

plex for extracting dense trajectories.

The raw data about path taken by pedestrian is considered noisy. For instance, Nedrich et
al. used weak tracking system to identify source and sink through the mean shift clustering algo-
rithm [130]. Manifold is a denoising algorithm which is also used for clustering of the data. Xu
et al. proposed a shrinkage-based framework for unsupervised trajectory clustering using adaptive
kernel-based estimation [204]. The framework can be viewed as the combination of mean-shift
clustering and manifold base model. The center of the cluster represent manifold, and the struc-
ture of cluster shows motion patterns exhibited by the pedestrians in the crowd. Trajectories in
the cluster are considered as noisy traversal of the manifold. Thus suppressing the noise and

reconstructing manifold is seen as clustering of the trajectories.

Some approaches have been proposed to extract feature point for extracting trajectories called
feature trajectories. The features are extracted using SIFT, HOG, and Histogram of Oriented
Flow (HOF) or combination of various feature descriptors [171]. SIFT features are used to find
correspondence between two frames for trajectories. Similarly, sun er al. used SIFT descriptor
along with KLT tracker to track feature of the sampled points from dense SIFT descriptor for
dense trajectories [170]. Nawaz et al. proposed an end-to-end approach for trajectory clustering
in aerial videos [129]. Firstly, camera motion is compensated before clustering of trajectories
obtained from the co-efficient of Discrete Wavelet Transform (DWT). In another approach motion
is analyzed and performed by the clustering of the trajectories in the frequency domain [73].

However, these approaches are not able to capture whole motion information because only few
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feature points are detected which are not sufficient for the extraction of dense trajectories. The
most related work to our proposed work used KLT tracker to extract motion trajectories and used
hierarchical clustering to obtain dominant flows [38, 41]. However, the approaches are not able to
capture the long-term motion required for understanding the behavior of the crowd. Furthermore,

these approaches does not identify source and sink locations of the dominant flows.

Together, these studies provide useful insight into the study of crowd flow regarding motion
representation, similarity measures and crowd behavior qualitatively such as the identification of
sources, sinks and dominant motion pattern or common pathways. However, previous studies did
not quantify the speed, density, and direction of the flows in the crowd. Our proposed framework
extract dense motion trajectories using tracklets as a basic motion unit. Most importantly, our work
uses perspective normalization of the extracted flows to find the accurate measure of the density
of the pedestrians in the flows. Furthermore, the flows are described by the speed and direction of

dominant motion patterns.

6.3 Proposed methodology
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Figure 6.1: Block diagram of proposed framework for dense trajectories extraction

In this study, we propose a framework for describing flows exhibited by pedestrians in the
crowd. In the first step, a stable, dense trajectories are generated in the crowded scene. Secondly,
the generated trajectories are clustered together spatially and temporally to get dominant flows.
These flows help at a later stage in the identification of sources and sinks for the behavior analysis.
According to the proposed framework, input video is divided into multiple equal length segments
as shown in the Fig 6.1. To generate reliable tracklets, the first frame of each segment is overlaid
with the grid of particles. After initialization of the dynamical system, the particles are moved
through the segment by optical flow [166]. The integration of the dynamical system gives reli-
able particle trajectories for particular video segment. The trajectories are then clustered into local
tracks using Longest Sub-sequence (LCS) metric. Global tracks are obtained by applying hier-
archical clustering algorithm to the local tracks. The following are the steps discussed in greater

detail to extract descriptive motion information from the dominant flows.
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6.3.1 Motion flow-field computation

Consider a feature point ¢ in the frame of the video segment at time ¢ is given by the following
equation (6.1)
Ziry = (Xio)» Vi) (6.1)

Where Z; ), X;(1), Vi) are the flow vector, location and velocity of the ith feature point at time
t respectively. Furthermore, V) = (v:z:i(t), vyi(t)) incorporate both change in x and y directions.
Similarly, Xy = (), Yi()) is the initial location of the particle in the grid and Xj(;41) =
(:c,-(t+1), yi(t—l—l)) is next location at time ¢ 4 1 approximated for all particles in the grid by solving
the dynamical given by eq (6.3). There is an angle 6; associated with velocity vector V;(;) where
0° < 6 < 360°. The motion flow field constitute all the flow vectors given by {Z1, Za, ..., Zn}
where m is the number of all foreground feature point in the frame. The dynamical system is
initialized in which the velocity of feature point 7 is related to its optical flow at time ¢ given by
eq (6.2).

Viiey = F(Xy)) (6.2)

6.3.2 Particle advection

In this step, a grid of particle is overlaid on the first frame and advect it on the optical flow field for
each segment of the video. The grid resolution is kept at a lower resolution to make the process
less computationally expensive. Let X = (xi(t), yi(t)) is the initial location of the particle in
the grid. The next location X;(; 1) = (azi(tﬂ), yi(tﬂ)) can be approximated for all the particle in
the grid by solving the following eq (6.3).

Xigs1) = F(Xiw) + Xi (6.3)

Let €; is the trajectory of the particle, which is essentially the movement of a particle from
one frame to another frame according to the flow map. The pair of the flow maps are computed
for each particle in the video segment as in [166]. In the unstructured crowd, the particle may
drift from the flow of pedestrian and background noise can also induce its effect in the particle
flow. Therefore a threshold term B; is included in eq (6.4) to remove erroneous particles out of

the computation. As a result of particle advection short trajectories called tracklets are obtained.

Xiy1) = F(Xi@)) + Xi) * Bi (6.4)

6.3.3 Clustering of tracklets

Tracklets only provide information about the local movements. Because the tracklets are short-
term, therefore to obtain dense trajectories the tracklets are clustered together to generate dominant
motion flows. The source and sink of the dominant flows are identified which help in describing

the speed, density, and mean direction of the flows.
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The first step in the clustering in getting the dense tracks is by extending shorter tracklets
through the segments of the video. The assumption here is that these shorter tracklets are located
spatially close together and can have plausible continuation if they can be connected to each other
in a head-to-tail manner for a long trajectory construction. For the construction of long trajectory,
the first tracklet called a query tracklet (that need to be extended) is compared with the potential
candidates tracklets from the neighborhood of query tracklet’s position on the grid. The best
among the candidate is selected for the continuation of query tracklet. The selected candidate
tracklet is now considered to be a query tracklet, and the same process is repeated until there
are no more tracklets to be extended. Once the set of this tracklets are achieved, which are then
connected by mean of K*" order least square polynomial regression. As shown in the Figure 6.1
after long trajectory construction, tracks are fed to the hierarchical clustering algorithm which
clusters them into local tracks using Longest Common Sub-sequence as a similarity metric (LCS).
The LCS is an efficient technique for matching tracks of unequal length to determine the longest
common portion between the tracks. Finally, the local tracks are combined into the global tracks

using the same hierarchical clustering algorithm.

Once the global track (dominant flows) are achieved, the next step is to compute basic pa-
rameters that describe the flows. The first parameter that describe the flow is average speed of
the flow. Speed together with the density can serve a base for understanding the behavior of
complex systems. Let G; and G2 are the two dominant flows obtained after clustering. Let
G; = {t1,t2, ...ty }, where t; are the tracklets that belong to the dominant flow G;. In order to
find the average speed of G;, we first compute the the speed of each tracklet ¢; belongs to Gj.
The instantaneous speed vy, of each point p; € t; can be computed as v, = ﬁ—f , where Ay is the
displacement among two consecutive points p; and p; that belong to ¢; and A; is the frame rate of
video. The overall speed v of tracklet ¢; can be computed by v = % > p—1 Ur Where n is the total
number of points in ¢;. In this way we compute the speed of every tracklet that belongs to G; and

finally average speed of V; = % Z%:l Um, Where IV is the number of tracklets belong to G;.

In the next step, we compute the mean direction of the flow in the same way as average speed
is computed. Here, we compute instantaneous flow f;. of each point p; € ¢;. since fj, is a vector
showing displacement u in x-dimension and displacement v in y-dimension, therefore we compute
the angle 0y, = tan™1 ;. The mean direction of ¢; = % > p—1 O and finally average direction of
G; becomes % ZnN»L:1 0.,. We compute the density D; of G; by %, where N is total number of
tracklets belong to G; and M is the total number of tracklets belonging to all dominant flows. The
summarized representation of dominant flows is shown in Figure 6.3. It is obvious in the figure that
multiple dominant flows with their respective descriptions are detected by our algorithm. From
the figure, we can easily visualize the inverse relationship of speed-density. The red-thick and
long arrow shows the main dominant flow which implies that density on this path is high relative

to other paths in the scene.
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(a) Hajj video sequence.

Figure 6.2: Summarized representation of dominant flows after the application of the algorithm.
More red is the color the low is the speed of the flow while thicker the arrow represents the high
density. (Best viewed in colour)

6.4 Experimental results and discussion

We have conducted several experiments to evaluate the performance of the proposed framework
on publically available datasets. All the algorithms are implemented in MATLAB and the ex-
periments are carried out on PC with the configuration of 2.7Ghz (core i7) processor and 8 GB
of RAM. The datasets include both indoor/outdoor scenes comprising of structured/unstructured
crowd of varying density level. The complete details of the datasets are shown in Table 6.1. The
input to our proposed framework is the segments of the video. We have divided every video into
the segments of 50 frames. The ground truth for the all the videos is established manually by the
human observer so that obtained results can be compared to the ground truth.

The effectiveness of our proposed framework is compared with the relevant current approaches
in the extraction of dominant flows/global tracks and also in the identification of sources and sinks
of the dominant tracks. The extraction of accurate flows is vital to the understanding of the crowd
scene. Our framework uses the extracted information to describe the speed, density, and mean
direction of the dominant tracks. Firstly, we compare the global tracks/dominant flows generated
by our framework with ground-truth dominant flows. Moreover, a similar comparison is drawn

between the current approaches and ground -truth flows using a flow similarity metric. The flow
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Table 6.1: Datasets for comparison

Sequence Resolution Location Crowd Size
Airport [3] 110 110 5to 34
Hajj [3] 120 120 3to 24
Station [41] 100 100 0to 42
Escalator [41] 100 100 0to 42
Gallery [11] 100 100 0to42

similarity metric is used to measure the similarity between dominant tracks generated and the

ground-truth dominant tracks. The flow similarity (Sim) is given by the (6.5)

ZN LCS(Gtrackj,Gth;)
i=1 AT MAXje(1 M] ™ Length(Gthy)

N

Sim = (6.5)
Whereas N and m represent the total number of ground truth tracks and detected number of tracks
respectively. The Figure 6.4 shows the performance of our method encoded with the colors. The
darker the color, the more similar is the extracted global tracks with the ground truth flows. Sim-
ilarly, a lighter color indicates lower resemblance of the detected global tracks with the detected

one.

Secondly, The second metric identifies how closely the locations of sources/sinks of extracted
trajectories lie together to the ground truth sources/sinks. For this comparison, merely using dis-
tance metric such as euclidean will not work as it is hard to related changes in the scene to the

changes in the real-world.

Therefore, we have used an association matrix to relate the locations of sources and sinks by
their joint probability distribution. We have constructed an association matrix for ground-truth,
our method, and the state-of-art methods. The measure of Kullback-Leibler (KL) divergence also
referred to as relative entropy is adapted to compute the difference between the association of
matrices our methods and other baseline methods with the ground truth matrices. The Kullback-

Leibler formula is given below in (6.6)

AMen (1)

- 6.6
AMGtrack (Z> ( )

DKL(AMGthHAMGtrack) = Z AMGth(i) In

The comparative analysis is shown in the Fig 6.4 The figure explores the difference between the
relative entropies of our method with other methods encoded with color. The smaller value of the
entropies for our method indicates that the sources and sinks locations are closed to the locations

established by the ground-truth entropies as compared to the other state-of-the-art methods.
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6.5 Summary

we have proposed a framework for extracting descriptive motion information from the crowd
scenes. The framework makes sure that reliable, dense and trajectories are extracted. The de-

scriptive information includes speed, density, and mean direction of dominant flows.
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(b) Airport video sequence.
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(c) Unimib video sequence.

Figure 6.3: Summarized representation of dominant flows after the application of the algorithm.
More red is the color the low is the speed of the flow while thicker the arrow represents the high-
density. (Best viewed in colour)
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Figure 6.4: Top row shows similarity metric comparison of our Long Dense Trajectories (LDT)
with base line trajectories and Similarity metric comparison of LDT with other similar methods.
Bottom row shows comparison error metric of our LDT with base line trajectories and comparison
error metric of LDT with other similar methods (Best viewed in colour)
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“Our greatest weakness lies in
giving up. The most certain way
to succeed is always to try just

one more time.”

- Thomas A. Edison

Conclusions and Future work

This chapter concludes the thesis and provides some direction for future work. The aim of the
thesis is to explore different aspects of the pedestrian crowd. Those aspects include crowd count-
ing, flow analysis, and the study of crowd behavior. This study aim is also to come up with the
automatic analysis of crowd videos. I have adopted/proposed several computer vision and deep

learning approaches to build intelligent solutions for understanding the crowd dynamics.

In the first part of the thesis, I have adopted classical feature descriptors such as LBP, GLCM,
GOCM, etc. for capturing the texture exhibited by the crowd. I concluded, that texture feature
alone cannot represent the crowd properly. Moreover, the texture feature is crowd blind and will
not classify crowd when presented with some arbitrary texture pattern. A crowd is a complex
phenomenon; a single hand-crafted feature is not very helpful. Therefore a combination of several
features has been evaluated. When the crowd is sparse, the current state-of-the-art object detectors
is an excellent alternative for crowd counting and motion analysis as it also provides the local-
ization. I used Faster-RCNN to detect and localize person and then improved the performance
by using the proposed Motion Guided Filter. The MGF can suppress false positive and recover

missed detections using spatio-temporal information.

In the second part of the thesis, I adopted the holistic approach of representing the crowd flow
with the dense optical flow. Following the extraction of optical flow, a hierarchical clustering
algorithm was used to find dominant motion patterns in the crowd. Moreover, motion information
from crowd scenes such as average speed, density, and mean direction is extracted - the motion

information provide useful insight into crowd motion analysis.
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71

Summary of the thesis

e Chapter 2 presents an extensive literature review about state-of-the-art methods published

related to crowd dynamics using computer vision and machine learning approaches. The
crowd dynamics covers different aspects of crowd analytics which include crowd counting,
crowd motion analysis, crowd behavior analysis, and crowd anomaly detection. It was found
in the literature that a large body of work has been published using hand-crafted features to
represent the crowd — pros and cons of these approaches discussed in greater detail. The
high-density crowd can be broadly classified into structured and unstructured crowds. In
a structured crowd, the motion of the people is predictable and goal oriented while in an
unstructured crowd, the motion of the people is unpredictable and random. The first type of
analysis is to find the count and density of the crowd. Traditionally, the counting analysis of
crowds falls into two categories. 1. Counting by regression 2. Counting by detection Count-
ing by regression is most suitable for a very high-density crowd where the features extracted
are directly mapped to density using various regression techniques such as Gaussian Pro-
cess Regression, Ridge Regression, and Bayesian Process Regression. In a regression-based
analysis, feature map is normalized for perspective distortion before counting. With the cur-
rent success in deep learning for object detection tasks, a person detector can be efficiently

used for low-density crowd counting with the benefit of localization.

Chapter 3 describe the proposed framework for crowd counting using texture feature. This
framework uses the fusion of different texture features for crowd counting. According to the
framework, images are divided into blocks and blocks are further divided into overlapping
cells to capture more texture as crowd is a complex phenomenon. The texture features are
then extracted and normalized for perspective before classification. Experimental analysis
proved that fused texture features have superior performance compared to the texture feature
when used alone. The focus of the second part of the chapter is using state-of-the-art object
detectors for the task of head detection. The choice of head detection for detecting the
number of people is a viable option because it is visible most of the time even when other
body parts are fully occluded. However, the feature extracted for head detection is not
discriminative enough to be used alone for person detection. Experimental results show that
the head detection task is complicated. However, region-based object detector works well

on different movie dataset.

In chapter 4, counting framework for counting the pedestrians in the crowd is proposed.
The proposed frame using state-of-the-art object detector to detect a pedestrian. However,
the detector performance is degraded due to occlusion, deformation, and illumination, etc.
To overcome the limitations of pedestrian detectors, a Motion Guided Filter was proposed
that exploits spatial and temporal information between consecutive frames of the video to
recover missed detections. The framework is based on Deep Convolution Neural Network
(DCNN) for crowd counting in the low-to-medium density videos. Various state-of-the-

art network architectures have been employed namely Visual Geometry Group (VGG16),
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Zeiler and Fergus (ZF) and VGGM in the framework of a region-based DCNN for detect-
ing pedestrians. After pedestrian detection, the proposed MGF is used to suppress multiple
detections and recover misdetections. The performance is evaluated on three publicly avail-
able datasets. The experimental results demonstrate the effectiveness of the approach which

significantly improves the performance of state-of-the-art detectors.

In chapter 5, a hierarchical clustering approach for crowd motion analysis was proposed, the
aim of which is to detect different dominant motion patterns in real-time videos. A motion
field is generated by computing the dense optical flow. The motion field is then divided into
blocks. For each block, an Intra-clustering algorithm for detecting different flows within
the block. While Inter-clustering algorithm for clustering the flow vectors among different
blocks. The performance is evaluated on different real-time videos. Experimental analysis
shows that our approach can cluster accurately dominant motion patterns as compared to

other proposed approaches.

An important contribution that automated analysis tools can generate for management of
pedestrians and crowd safety is the detection of conflicting large pedestrian flows: this
kind of movement pattern, in fact, may lead to dangerous situations and potential threats
to pedestrian’s safety. For this reason, detecting dominant motion patterns and summarizing
motion information from the scene are inevitable for crowd management. In this chapter, a
framework is developed that extracts motion information from the scene by generating point
trajectories using particle advection approach. The trajectories obtained are then clustered
by using an unsupervised hierarchical clustering algorithm, where the similarity is measured
by the Longest Common Sub-Sequence (LCSS) metric. The achieved motions patterns in
the scene are summarized and represented by using color-coded arrows, where speeds of the
different flows are encoded with colors, the width of an arrow represents the density (num-
ber of people belonging to a particular motion pattern) while the arrowhead represents the
direction. This novel representation of a crowded scene provides a clutter-free visualization
which helps the crowd managers in understanding the scene. Experimental results show that

our method can be effectively used for crowd management.

7.2 Future research

Various approaches for crowd analytics were investigated in this thesis with the objective of au-

tomating the visual analysis of the crowd. Several areas are identified for further research which

is summarised as follow.

1. Various action recognition and pose estimation approaches in conjunction with temporal in-

formation can be used for better understanding of crowd behavior in low-to-medium density

crowd videos.

[55]
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2.

Due to viewpoint variation, the performance of the existing system can be extended if the
crowd is covered by multiple cameras. This will require a higher level of correlation of

multiple cameras for the analysis of crowd.

. Another extension to the crowd counting framework is to modify current state-of-art-the

object detectors to detect very small objects that can be used for counting in very high-

density crowd situations.

The detection framework could be extended in conjunction with multi-target tracking for

more dense and complex videos.
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