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ABSTRACT

AUTOMATED CROWD BEHAVIOR ANALYSIS FOR VIDEO
SURVEILLANCE APPLICATIONS

GULER, PUREN
M.S., Department of Information Systems
Supervisor: Assist. Prof. Dr. Alptekin Temizel
Co-supervisor: Assist. Prof. Dr. Tugba Tagkaya Temizel

September 2012, 73 pages

Automated analysis of a crowd behavior using surveillance videos is an important
issue for public security, as it allows detection of dangerous crowds and where they
are headed. Computer vision based crowd analysis algorithms can be divided into
three groups; people counting, people tracking and crowd behavior analysis. In this
thesis, the behavior understanding will be used for crowd behavior analysis. In the
literature, there are two types of approaches for behavior understanding problem:
analyzing behaviors of individuals in a crowd (object based) and using this
knowledge to make deductions regarding the crowd behavior and analyzing the
crowd as a whole (holistic based). In this work, a holistic approach is used to develop
a real-time abnormality detection in crowds using scale invariant feature transform
(SIFT) based features and unsupervised machine learning techniques.

Keywords: Crowd Behavior, Abnormality Detection, Holistic, SIFT
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VIDEO GOZETLEME UYGULAMALARI iCIN OTOMATIK
KALABALIK DAVRANISI ANALIZI

GULER, Piiren
Yiiksek Lisans, Bilisim Sistemleri Boltimii
Tez Yoneticisi: Yrd. Dog. Dr. Alptekin Temizel
Es Tez Yoneticisi: Yrd. Dog. Dr. Tugba Taskaya Temizel

Eylil 2012, 73 sayfa

Gozetleme videolarimi kullanarak otomatik olarak kalabalik davranisi analizi
yapmak, tehlikeli kalabaliklarin tespitini ve bir kalabaligin nereye gittiginin tespitini
sagladigindan, toplum giivenligi agisindan 6nemli bir konudur. Bilgisayarla gérme
tabanl kalabalik analizi ii¢ gruba ayrilabilir; kisi saymmi, kisi takibi ve kalabalik
davranig analizi. Bu arastirmada, kalabalik davranis analizi konusu {iizerine
calisilacaktir. Literatiirde,kalabalik davranis analizi konusunda iki ¢esit yaklagim
bulunmaktadir: birinci yaklagim kalabaliktaki bireylerin davraniglarini analiz etme
(obje tabanli) ve bu bilgiyi kullanarak kalabaligin davranist hakkinda ¢ikarim yapma,
ikinci yaklasim ise kalabaligi bir biitiin olarak analiz etme (biitiinciil) olarak
tanimlanabilir. Bu ¢aligmada, her iki yaklasim da irdelenecek ve en uygun yaklagim
tizerine daha ileri arastirmalar yapilacaktir. Bu ¢alismada, gercek zamanli kalabalik

davranig anomalilerini tespit etmek icin Ol¢ekleme degismez 6zellik doniistiirme



(SIFT) yontemi ve makine 6grenimi yontemleri kullanilarak biitlinciil bir metod
uygulanmustir.

Anahtar Kelimeler: Kalabalik Davranis Analizi, Anomali Tespiti, Biitiinciil, SIFT
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CHAPTER 1

INTRODUCTION

Automated analysis of crowd behavior has been gaining importance due to the
security implications. A human operator may miss out some hints about the
beginning of a dangerous situation in a crowd while watching high number of
cameras. In recent years, intelligent systems that detect potential dangerous situations
in crowded scenes in real time started to have a significant role in ensuring the
security in public environments. As an example for dangerous situations, the disaster
that happened in 2010 Love Parade in Duisburg, Germany can be given [1]. If an
autonomous system detecting abnormalities were in place, many deaths and injuries
could have been prevented. The purpose of this study is to analyze the crowd
behavior in real time in order to detect abnormalities that could lead to dangerous

situations using computer vision and machine learning technigues.

While detecting the abnormalities in a crowd, understanding the crowd behavior is a
crucial issue. The meaning of the behavior in this context can be defined as velocity,
direction and density of the crowd and the abnormalities can be defined as the
behaviors that do not happen often. The direction of the crowd can give information
about the crowd behavior such as the area where the crowd is gathering or heading.
Moreover through the velocity information, it can be deduced if the crowd is
speeding up or slowing down suddenly which can be an indication of an abnormality

in the scene.

Nevertheless, there are some challenges in understanding crowd behavior using
computer vision techniques. First of all, tracking every human being and analyzing
their behavior in a crowd is a challenging task. If the density of the crowd increases,
tracking might fail after a while due to occlusions. Another approach is handling the
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crowd as a single entity instead of tracking every human in the crowd individually.
One way of doing this is detecting the feature points in the crowd and extracting
general information about crowd velocity and direction by tracking these feature
points. If the crowd is considered a single entity, detection and tracking individual
human beings are not issues; hence occlusion is no longer a problem. This approach
is called holistic or pixel-based approach in the literature [2]. In this thesis, holistic
approach is adopted due to the advantage of not dealing with the problem happening

due to extreme congestion in crowd.

In the literature, there are different techniques for obtaining the features for analysis
of crowd behavior such as using optical flow. In this technique, every pixel’s
direction and velocities are calculated by comparing consecutive frames. However,
as stated by Mehran et al. [3], optical flow may result in noisy features. Hence, in
this work, scale-invariant feature transform (SIFT), which is a more robust method to
extract feature points of an object, is used. Therefore, direction and velocity
information are extracted from the video sequence by tracking feature points that are
detected by SIFT method.

In this thesis, the effectiveness of SIFT features in extracting information about
crowd behavior is investigated. The results are compared with other approaches that
use holistic techniques [3, 4, 5]. In most of the state-of-the-art techniques, spatio-
temporal events are detected which means that the time and the location of the
abnormality in video sequence are identified. However, in this thesis only the global
abnormality is dealt with. Global abnormality is defined as focusing on overall
change of dynamics changes throughout the video [4]. In other words, instead of
modeling change of behavior in a particular area in the scene, the change of behavior
in overall crowd is analyzed. In addition, in some works, the events that are aimed to
be detected are pre-defined such as detection of running or merging events of people
in a crowd using preset rules [6]. In this thesis, there is no pre-definition of the
abnormal events. The aim is to learn the scene in normal situations and detecting the

abnormalities after this learning phase.



In this study, a pixel-based approach is used for crowd behavior analysis where the
crowd is handled as a single entity. The first step is foreground estimation to use as a
mask to discard non-moving areas in the video. Then SIFT feature points (key
points) of the crowd are extracted and tracked among consecutive frames. SIFT gives
the coordinates of matching feature points in the crowd. Using these coordinates,
some behavioral properties of the crowd are obtained such as its velocity and

direction.

Finally, the video frames are classified as normal and abnormal using probability
density function (pdf) of these properties. The abnormality starts when an unusual
event occurs. Unusual event is an event that has not observed before in the scene.
Figure 1 demonstrates a normal and abnormal activity where the people are walking
around in a normal activity, and then they start to run to different directions. In this

video, abnormality starts when people start running.

] Enolmal Crowd Activi

R

Figure 1: Normal crowd activity (left), abnormal crowd activity (right).
The contributions of this work:

¢ Real-time detection of global abnormalities

e The processes are justifiable and repeatable. Preset rules are not used.

e In most of the methods in the literature, the local behaviors are modeled by
dividing the video frames into patches. This gives a more precise behavior
model of the crowd. In this work, local information is not used and it is



shown that with a less complex method, similar performances can be

obtained.

The remaining of the thesis is organized as follows. In Chapter 2, literature review on
crowd behavior analysis is provided. After literature review section, methods that are
applied while analyzing the data are described. First, the feature extraction
methodology is described and the data is explained. Then, the statistical analysis
procedure applied on the dataset is explained. In statistical analysis phase, since a
stationary data is required for training, dataset is tested for stationarity. Later, the
distributions in the data are identified and tested to understand the distribution
differences. Lastly, training procedure is described. The third section consists of the
result and discussion of these results. In the result part, the results of test phase are
given. In this part, Receiver Operating Characteristic (ROC) curves, area under curve
(AUC) and accuracy values are shown and these results are compared with the state-
of-art methods. ROC curve is the graph of true positive rate vs. false positive rate.
The ideal case is obtaining high true positive rate and low false positive rate, thus the
AUC should be as close as to 1. In the last section, the conclusion and future works

are mentioned.



CHAPTER 2

LITERATURE REVIEW

2.1. Overview

In the literature, there are various different approaches proposed for crowd analysis.
Crowd analysis can be analyzed in three categories: (1) people counting, (2) people
tracking and (3) behavior understanding [2]. In people counting methods, the crowd
density is estimated which can be helpful to detect dangerous situations like crowd
collapse in an area. In people tracking methods, individuals in the crowd are tracked
and individuals’ trajectories are used in order to detect main flows or abnormalities
in the scene. Behavior understanding techniques are divided into two which are
object-level approaches and holistic approaches. In object-level approaches, the
individuals in the crowd are detected and the behaviors of these individuals are
analyzed. In holistic approach, instead of analyzing crowd through individuals’
behaviors, the crowd is treated as a single entity.

In this chapter, studies that address the crowd behavior analysis issue from different

viewpoints are discussed.

2.2. Holistic approaches

The methods using holistic approaches do not aim to identify individuals in the
scene. The behavior features like velocity and direction are extracted through treating

the crowd as a single entity.

In the literature, for analyzing the crowd as a whole, different techniques are used. In

[7], texture information is used for event detection. Image segments are divided into
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regions and then flows are detected using similarity comparison of dynamic texture
(texture with motion) descriptors on regions. Descriptor for an event is constructed
using local binary patterns which are created by partitioning consecutive image
frames into multiple regions. Hence, a flow is formed through connecting several
temporal volume regions. For unusual event detection, log-likelihood is used. In this
work, unusual objects in a crowd are detected like a car that goes through a crowd.
Since the main goal of this thesis is the detection of abnormal behaviors in a crowd,
their methodology which is detecting abnormal object like car in a crowd may not be
suitable for this work. There are also other studies that use texture information in the
literature [8-14]. In [8], dynamic texture is used to model activities in a crowd. They
divide the video volumes into multiple regions and apply association and streamline
editing to get rid of noisy links. They combine multiple streamline using Karcher
mean to characterize the activities. Martin distance is used as a distance metric
between two activities. In this work, it is reported that, using the dataset of a subway
train station, they get unsatisfactory results due to movement in the directions of up
and left. Study [9] focuses on motion segmentation. They partition the image into
spatio-temporal patches. For each patch, a dynamic texture model is created. Then,
Martin distance is calculated between corresponding dynamic texture models of the
patches to find similar ones, hence motion segments are obtained in a video
sequence. In [10], authors perform both crowd counting and event estimation. They
use area, perimeter, internal edge features and texture features for crowd counting
algorithm and motion fields are characterized as dynamic texture for event
classification. For classification, they perform nearest-neighbor classifier in which
they apply Kullback-Leibler (KL) divergence or Martin distance. Also, they apply
SVM using KL kernel on the data. In the event detection, events like evacuation,
dispersion, merging, walking and running are identified correctly. In [11], they apply
both crowd counting and event estimation. They use area, perimeter, internal edge
features and texture features for crowd counting algorithm and motion fields
characterized as dynamic texture for event classification. For classification, they
perform nearest-neighbor classifier in which they apply KL divergence or Martin

distance. Also, they apply SVM using KL kernel on some of the data. In the event
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detection, events like evacuation, dispersion, merging, walking and running are
identified correctly. In [12], frames are divided into grids. Features are extracted
based on motion, size and texture from the cells of the grids. Optical flow is applied
to detect motion flow. They perform two classifiers which are likelihood of the
magnitude of motion of foreground objects for speed control and likelihood of size of
foreground objects for size and texture control of the crowd. They detect abnormal
events like a biker appearing in the crowd. They state that they outperform many
methods, however they detect texture based abnormalities such as detecting a
skateboarders or bikers in the crowd and this is not the issue of this thesis. There
should be done more tests to see if it can detect other kind of abnormalities also.
Study [13] creates dynamic texture models using the Local Binary Patterns from
Three Orthogonal Planes (LBP-TOP) descriptors. Then, they apply hierarchical
Bayesian models in order to detect regions that contain unusual events. Then
advantage of their approach is that they do perform neither tracking nor background
subtraction. However, their method gives false alarm if there is a perspective
distortion in the frame. In [14], uses texture features for crowd abnormality detection.
Texture features are obtained using Grey Level Co-occurrence Matrix (GLCM)
which is created based on textural statistics measuring like homogeneity, contrast etc.
A Gaussian mixture model which is learned using EM is characterized for normal
behavior. If there is a statistical outlier according to that model, it is accepted as

abnormality.

In some research, energy measurements are applied to understand crowd behaviors.
In [15], they construct a probabilistic model of the scene to create entropy and
expectancy map for detecting interest points that represent characteristic behaviors of
a crowd and abnormal events. Their methodology is better at detecting micro-events
in smaller resolutions and better at detecting macro-events in higher resolutions.
They use crowd simulation as testing dataset. In [16], the authors formulate two
energy methodologies to detect crowd abnormal behavior. In the first energy
methodology, they use the change rate of each pixel. In the second methodology,
they track corners in video frames using Lucas-Kanade optical flow and use velocity

of the found motion features to evaluate the energy. In [17], the authors use Markov
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Random Field (MRF) to calculate the energy which crowd behavior creates in the
image sequence. In [18], they use Kinetic energy measurement and the motion
direction is estimated through optical flow as features. Their methodology is based
on feature tracking. They build a direction histogram using the tracklets of motion in
the scene. Their technique identifies an abnormality in the scene from the estimated
crowd motion models. They note to use more crowd characteristics and machine
learning techniques in their work and also to implement their technique using GPU

as future works.

In the literature, in most of the studies, feature point tracking is performed to extract
the features of the crowd like velocity and direction. In [19], they detect abnormal
events online. In their methodology, a non-parametric likelihood representation is
constructed by learning the crowd behavior through optical flow orientation within
image blocks. Then, sparse vector machine based model is constructed by using only
relevant samples according to this non-parametric likelihood. Due to the possible
motions that have not been learnt, they obtain some wrong positive detection. The
other reason of obtaining wrong positive detections is that optical flow results in
some noisy features. Method [20] tracks low level features using optical flow. Then,
they cluster these feature trajectories to find dominant motion. Another study that
uses optical flow is [21]. In [21], they detect the motion flows using optical flow and
then cluster these flow vectors to detect typical motion patterns. Study [22] uses
background subtraction and optical flow for preprocessing. They apply PCA to
extract feature prototypes from extracted flow fields during preprocessing. Then,
through spectral clustering, the number of Hidden Markov Models (HMM) is
calculated to represent the flow sequences. Each cluster of the data is used to train
HMM models. In [23], authors use optical flow to detect crowd flows. Then,
adjacency-matrix is used to cluster crowds into different action patterns. Motion
features which they use are orientation, position and crowd size. Method [4] applies
optical flow to detect particle advection’s trajectories. Then, they cluster these
particle trajectories to find the directions of crowd flow. They model the scene
through chaotic dynamics using clustered trajectories. Maximum likelihood

estimation criterion is performed to detect video event that is normal or abnormal.
8



Then they apply an abnormality localization algorithm to identify the position and
size of abnormal event. In [24], they characterize crowd motion patterns from local
spatio-temporal regions using optical flow. Smoothed optical flow vectors are fit into
a Gaussian distribution. Then these models are given as inputs into Self-Organizing
Map (SOM). In test phase, it is seen that optical flow estimation causes some errors
due to detection of some false flows. Also, the selection of volume location causes
false positive detections. In [25], they divide the frames into grids and apply optical
flow to each grid to represent motion. For motion representation, they create an 8-bin
histogram of optical flow. Then, the learning phase starts. In this phase, the
trajectories are learned as spatio-temporal Laglacian Eigen maps. For similarity
measures of trajectories, Hausdorff is performed. In [26], the authors compute dense
optical flow areas for each cell in the frame to create a 2D histogram of motion
magnitude and direction of flow trajectories. They detect the abnormality by
detecting change in these 2D optical flow histograms. In [27], the feature that they
use in their method is the estimation of boundary point structure and critical points
through particle motion field using optical flow in order to model global topological
structure of a crowd behavior. The change in the topological structure indicates an
abnormality in the crowd behavior.

In the literature, a widely used optical flow technique is KLT (Kanade Lucas
Tomasi) tracker. In [28], they try to detect pre-defined crowd events like flow
divergence and convergence. To find crowd velocity, they use KLT tracker. They
clustered the vectors obtained through feature tracking. Then, they define the events
according to the velocity and direction information. Their methodology can be
adapted for different end-user scenarios. However, since the aim of this thesis is
detecting the abnormalities without pre-defining the events, their methodology may
not be suitable for this work. Study [29] models the behavior of the crowd using
histogram of motion direction (HMD). They extract the tracklets using KLT feature
tracker and then quantize this tracklets into 8 directions to form HMD. Then,
according to some pre-defined thresholds specific to some events, they detect the

abnormal events. As they state in the paper, their limitation is assumption of the
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motion in the scene being consistent. Method [30] uses KLT corner detection for
feature extraction. Then, they model motion through the optical flow of these
corners. They classify the motion as abnormal or normal by calculating the deviation
between these trained model and motion patterns. Their technique is sensitive to
camera distance due to texture effect, i.e. small people with less corner points. In
[31], they find region of interest by applying Motion Heat Map. First, they extract
foreground using mixture of Gaussian and then through Harris Corner detection,
points of interests are estimated. KLT tracker is applied to track detected feature
points. For analysis, K-means clustering is performed on point of interests.
Bhattacharya distances are used to measure the distances of clusters between video
frames and a threshold is defined for this distance to detect abnormal events. For
flow estimation, study [32] applies optical flow using KLT method. Adjacency
matrix-based clustering is used to detect different flows. Then, force field is
performed to find dominant behaviors in crowd. To detect the abnormality, they
develop a methodology that perceives the change in the dominant orientation. Their

technique compares that vector of quantized orientations of two sequential frames.

In the literature, some studies develop a hierarchical methodology for crowd
behavior analysis. One of these methods is described in [33]. In [33], they construct
different modules to overcome the problem of occlusion in detecting events in
complex environment. In module A, they construct a non-uniform blob-based
partition of ROI. In module B, dynamic congestion detection is applied using
foreground detection and temporal differencing. In module C, they detect
motionlessness. In module D, based on the overall congestion, general scene is
analyzed. Although they have good matching rates in congestion detection, their
methodology is specific to congestion detection. It is not certain whether it works for
a more general abnormal detection purpose. In [34], authors create three models to
represent activities: low-level visual features, simple “atomic” and multi-model
activities. “Atomic” activities are represented as distributions over low-level visual
features and multi-model are represented as distributions over atomic activities.

These models are learned in an unsupervised manner using clustering. Then three
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hierarchical Bayesian models are created to detect abnormal activities through the
learned model. Their methodology is successful in summarizing of typical atomic
activities and interactions in a scene, clustering long video frames into different

actions and detecting different activities in a motion segment.

There are also methodologies that don’t apply any tracking or training like [35].
They apply Particle Swarn Optimization for characterizing normal and most common
crowd behaviors. They obtain interaction forces using Social Force Model (SFM). In
this paper, they try to detect global abnormal events. They model the crowd behavior
using PSO and SFM instead of using rectangular grid of particles and velocity
calculation which is the most commonly used method. Using a fitness function that
minimizes the interaction force, they simulate a normal event in a crowd. They don’t

use any tracking or training in their method.

Another paper that uses Social Force is [3]. The authors of [3] use Social Force
Model to understand activities in the scene. Social Force Model is used to capture
“the effect of neighboring pedestrians and environment of movement of individual in
crowd” [3]. They compute social force between the moving particles in order to get
interaction forces in the crowd. Then they use extracted force models to model
normal events in a “bag of words” approach. “Bag of words” approach is used to find
the likelihood of a force flow. Latent Dirichlet Allocation (LDA) is used for training.
Through LDA, likelihood of a flow is computed. They get better results than pure
optical flow in dataset of University of Minnesota (UMN). This work is one of the

most compared methods in the literature.

In addition, histograms are used to analyze crowd behavior as in [36], [18], [37],
[25], [26], [38] and [39]. Study [36] uses historical information of the motion to
model the behavior in the scene. They split the frames into grids and characterize
motion in each block using histogram of motion vectors. Motion vectors are
estimated using optical flow. Then, similar behavior patterns are clustered. In order

to obtain self-history and neighboring history, they model a 3D grid structure for
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spatio-temporal relations between blocks. Optical flow utilization results some false
motion definitions. In addition, they obtain some false detection in poorly
illuminated scenes. In [37], they use MPEG-7 descriptors as features which are
crowd Kinetic energy, motion directions histogram, spatial distribution parameter and
spatial localization. For training, they perform SVM. Their method is successful in
detecting crowd; however they should test their algorithm in the scenes that contain
more congested crowd. In [38], histogram of spatio-temporal orientated energy is
calculated to model spatio-temporal behavior by applying some energy filters on
video frames. Then, the histograms are compared to detect abnormalities. Study [39]
develops a hierarchical method. For point abnormality detection, they extract feature
vectors of the scene and compute histogram of all feature vectors. Then, they decide
a threshold to identify bins with lower probability. For sequential abnormality
detection, sequence of atomic events associated with the trajectory of an object is
obtained. For co-occurrence abnormality detection, co-occurrence of multiple objects
is calculated. Abnormalities are detected by first finding normal patterns of co-
occurrences and then detecting the abnormalities. Frequent itemset mining algorithm
Is applied on co-occurrence events for finding abnormality. An HMM s created
whose hidden states are normal co-occurrence events in frequent itemset mining. In
[6], the authors use FAST algorithm to detect feature points and track these feature
points using HOG tracker. Then, they determine some thresholds for pre-defined
events and detect these events through these thresholds. Thresholds setup may result

in some error.

Moreover, in the literature, there are studies that use Gaussian Mixture Models
(GMM) in modeling the crowd behavior. Study [5] applies Spatial-temporal Co-
occurrence Gaussian Mixture Models (STCOG). They split the video frames into
non-overlapping local areas. Then, phase correlation is performed for calculating
motion vectors between two consecutive frames for all local regions. After that,
STCOG models the most common events and identify the abnormality. Since they
apply phase correlation, their methodology has lower computational costs than most
of the other techniques. Method [40] models the block clips as 2D distribution of
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mixtures of Gaussian. They determine the mixture model using k-means clustering.
Through conditional random field models that are estimated for each block clip,
events are classified as normal or abnormal. Because of some prominent motion

field, i.e. leg of a person, they get some false detection.

Some methods in the literature use heat map or energy map for crowd behavior
analyzing as in [41]. In [41], they construct a motion heat map in order to detect
POls. They try to estimate sudden changes in those POls by using optical flow.
Study [42] models spatio-temporal behaviors in an image sequence. First, they
extract foreground objects using energy map. Through the shape of this energy map,
they obtain time-space interactions of one person or more than one person in the
scene. Then, some features like invariant moment, entropy etc. are extracted from
these interactions. They use hierarchical clustering for discriminating different
energy maps and fuzz C-means clustering in each hierarchical cluster. For training,
minimum distance between each cluster is calculated for determining threshold in
order to decide if a new scene is abnormal or not by comparing its feature vector

distances to cluster centroids are bigger than or smaller than the threshold.

In the literature, segmenting the crowd behavior is a popular approach as it is seen in
some papers that are mentioned above. One of the example researches that use that
methodology can be seen in [43]. In method [43], they use the flow segmentation
technique using Lagragian coherent structures. In their methodology, new flows are
detected clustering flow segments. Flow segments are defined using Lagragian
coherent structures which are particles having the same behavior in the same region

of a crowd.

Another used technique is dividing the video sequence into spatio-temporal patches
and analyzing the crowd behavior through the model that is obtained through these
patches. This method enables to localize the abnormality in the video frame. The
authors of [44] model rich spatio-temporal motion patterns in local areas in order to

detect dense activities in a crowded environment. They define relationships between
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local spatio-temporal motion patterns using their statistical model. They construct a
distribution-based HMM to define motion transactions between local video regions.
They obtain some false positive detection because of some slightly irregular motion
patterns that do not present in training dataset. In [45], they apply wavelet transform
to estimate high-frequent and spatio-temporal features. They divide the video
sequences into cuboids parallel to time direction. They perform “bag of word”
technique to model global events and HMM for local events. In [46], they model the
motion by first dividing the frame into blocks and then computing spatio-temporal
descriptors. For abnormality detection, they search for motion patterns that deviate
from the estimated model. Their spatio-temporal descriptors are based on [47]’s
method which estimates “the linear dependency between spatial gradients and the
temporal gradient”. Method [48] extracts spatial-temporal features from 3D blocks of
a video sequence. For motion estimation, they calculate a motion vector matrix by
applying adaptive rood pattern search, block-matching and distance normalization.
Also they create a saliency map by performing a center-surround difference operator
for each block. Using motion vectors and saliency map, an attractive motion disorder
descriptor is created. Although, it is a completely unsupervised method, they state
that they get better performance than other state of art methods. However, they note
that they should add other reliable features like location distribution prior in order to
get better results. In [49], their method learns statistics about co-occurring events in a
spatio-temporal volume in order to build normal behavior model. Co-occurrence
matrix is input to Markov random field framework to describe video streams using
the probability of observing new volumes of activity. They detect the abnormality by
calculating likelihood ratio of an observation’s co-occurrence matrix which is
learned in training phase. In [50], their technique extracts spatio-temporal volumes
from the video sequence. Representation of each volume is based on three-
dimensional gradients computed using luminance values of pixels. The volume is
divided into 18 cells. They run nearest-neighbor (NN) algorithm in training set for
abnormal event detection. The pattern that is obtained through NN algorithm, in
which if there is not any neighbor in the training set, the data is accepted as

abnormal.
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There can be found other different techniques that are applied in crowd behavior
analysis in the literature. In [51], the authors represents crowd flow using velocity
and a disturbance potential through frame sequence by predefining some obstacles
and destination regions in the frame. They use simulated data. Since there is some
pre-definition for an event, it is not very suitable for the approach of this thesis. In
[52], they apply a method that learns motion patterns off-line. Then, through these
learned motion patterns, matched crowd videos are found in a large crowd database.
In the test phase, the input video patches are matched with the subset of videos. For
extracting the motion pattern, Kalman filter is used. In [53], they use social entropy
to overcome the problem of uncertainties in flow data. They model the crowd
behavior using flow features. They divide each frame into blocks and characterize
each block behaviors separately. For classification and detection of abnormal event,
they perform SVM.

2.3. Object based approaches

In this approach, the mostly used technique is creating a template for the detected
behavior and comparing this template with the obtained single person actions. In
[54], they detect single human actions. They segment video into spatio-temporal
regions using mean shift and then a template is used in order to match the over-
segmented volumes for event understanding. In [55], they detect single human
behavior in a crowd, such as bending down while most are walking. They use two
methodologies for that. First one is to detect blob of each person and to extract the
border of the blob. Second one is optical flow which is used to extract blobs in
extreme occlusion situation. They use PCA for feature selection and SVM for
classification. In [56], they try to detect a single person’s suspicious behavior in a
crowd. They extract body contours to locate the person. With the help of a parser,
each body part is sent to its own gesture recognition model. If action matches one of
the predefined motions, it is outputted.
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Another approach is to analyze the crowd behavior with a graph based approach. The
method proposed in [57] tracks each person in a crowd and extracts their trajectories
using multiple cameras. After that, they represent trajectories as sequences of
transitions between nodes in a graph. In [58], they determine some pre-defined
activities that can occur in a crowd (close-to, moving-closer, next-to etc.). A graph is
created for objects that indicate the predicates calculated at the same time for the
same object. Then, spectral clustering is applied on the adjacency matrix of the graph
to find objects that behave similarly. Although the methodology provides a generic
activity representation, tracking every object is difficult when people are very close
to each other and resolution is not very high. Methods that use chaotic invariants [4]

outperform their method, but their algorithm runs faster.

In [59], the authors detect contextual abnormalities by representing motion features
as spatio-temporal patches characterized by dynamic texture. Each of these patches
represents a pedestrian. The authors of [60] use features that are obtained from each
frame are group connectivity, moving direction, connectivity change and moving
speed. To extract those features, they detect people in the frame. Then, they calculate
a feature histogram for each frame and for every four sequential frames. Their
method learns a group context word through these feature histograms. The bag of
words approach is applied in order to train SVM. In [61], they perform an object
detection algorithm before identifying abnormalities in a crowd. For doing this, they
estimate the probability for a new object using GMM. Then, for detecting an
abnormality in a sequence of images, they identify the image with the smallest event
probability using Exponentially Weighted Moving Average (EWMA) chart.
Occlusion in the video sequence decreases the accuracy rate of the method.

2.4. Studies using SIFT features

In this thesis, SIFT is applied for feature extraction. SIFT is a method that is used for
object detection [62]. Since it finds reliable matched feature vectors among the

different viewpoints of an object, it is also a reliable feature tracking methodology
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[62]. The studies [63] and [64] proves the efficiency of the SIFT feature in finding
the feature points of an object. In [64], the proposed methods is compared with
FAST+HOG which is another feature point extraction method and the results show

that SIFT based methods give better performance.

The basic algorithm of SIFT is as follows: First, in order to match an object that is
seen from different scales or different directions in two different frames, scale-
invariant features are detected [62]. Then, a “Gaussian scale-space pyramid” is
generated by down sampling and low-pass filtering the image and the gradients of
the image and difference-of-Gaussian (DOG) images, D(x,y,c) where X, y and ¢ are
location and scale information, are calculated on this pyramid [62]. Potential interest
points are found by detecting the local extremas in this DOG. Then, by comparing
extracted interest points from different scales of the image, best matched feature
points are detected. Therefore, the location and scale of the feature points are
obtained. Then, orientation assignment to feature points is applied using gradient
information [62]. After all these operations, descriptors for local image patches are
calculated. These descriptors are very distinctive and invariant to various situations
like illumination or 3D viewpoint changes. These descriptors are computed using the
gradient magnitude and orientation in the area around the feature point’s location,
which is weighted with a Gaussian window [62]. These 16x16 regions are divided
into 4x4 sub regions. In each of these sub regions, orientation histogram is created
(Figure 2).
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Figure 2: The figure shows the computation of feature point descriptors. It shows
that how feature point descriptors are created. First, as seen in the left frame, the
gradient magnitudes and its orientations are calculated. The circle around the region
Is the Gaussian window and is used to weight these gradients. Then in sub regions,
the histograms of these gradients are computed as over 4x4 regions seen in the right
frame. The figure shows an example of this process with 8x8 regions divided into
2x2 subregions [62].

Since SIFT implementations on CPU are not fast enough in real-time, in this work,
SIFT-GPU [65] which allows running the SIFT algorithm in parallel on Graphics
Processing Unit (GPU) is used. SIFT-GPU is based on [66] and [67]. In [66], local
extremas of DOG pyramid are detected in parallel by using GPU. Another process
that is done in GPU is to calculate the gradient histogram which consists of Gaussian
weighted gradient vectors near the feature points. The peak detection in the
histogram is done in CPU. Later, SIFT descriptors (128 elements) computation
comes, which contains the calculation of orientation histograms of “16x16 image
patches in invariant local coordinates determined by the associated feautre point
scale, location and orientation”[66]. The calculation of gradient histogram which
consists of Gaussian weighted gradient vector patches is done in GPU. The reason of
partitioning SIFT descriptor process into CPU and GPU is that re-sampling of each
gradient vector patch and weighting them with Gaussian window are more efficient
in GPU. Weighted gradient vectors are sent back to CPU using texture specialty of

GPU to improve the performance of sending the gradient information back to CPU as
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stated in [66], since transferring the data as a whole back to CPU would not be

efficient.

In the literature, to our knowledge, there is no other study that uses SIFT features in
analyzing crowd behavior using the holistic approach. In [68], SIFT features are used
for density estimation. They apply texture features extraction to detect abnormal
crowd density. For classifying texture features, SVM is used. In this work, the aim of
using SIFT features is to obtain more robust texture features. In [69], the authors
detect a crowd in still images. While detecting a crowd in a still image, they take into
consideration two main ideas: the elements in the images that look like human and
some repetitive elements presenting in the crowd. The first point is for a narrow scale
and the second one is for large scale. Hence, in their work, they create a pyramid of
sliding window to capture these two main points in different scales of the image and
to do that SIFT features are used. In [70], they detect single human actions. They use

SIFT features in modeling trajectories of people in the scene.
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CHAPTER 3

METHODOLOGY

3.1. Overview

In this work, our motivation is to develop a crowd abnormality detection
methodology using SIFT based features. Three SIFT based features are extracted:
velocity V, direction of the crowd DC and the feature point count FPC in the frame.

These properties are obtained through the matched SIFT feature points in each frame.

The general framework of the proposed methodology can be seen in Figure 3.

[ Video
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Select appropriate Fit the training
pre-processing Normalize dataset dataset to Gaussian
scheme Mixture Model

Extract SIFT
based features

Use parameters to
test on the test data

y y y l l /4L\,
/ / / :

V / Pre-processed // Normalized e /" Result -of the
£ dataset dataset \_ algorithm )/

Figure 3: General framework

First, in this thesis, SIFT based features are extracted using two consecutive frames
and we match them. Then, an appropriate pre-processing scheme is selected after
statistical tests for each SIFT based feature. Choosing a proper pre-processing
technique is important for a successful model development. In the next step, the data

points are normalized.

A Gaussian mixture model is fitted on the training dataset. In order to detect
abnormalities in video sequence frames, a model should be trained on training video
datasets which have content that corresponds to ‘normal behavior‘. The training

dataset contains events that appear frequently or are common in the scene. Abnormal
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part consists of the events that happen unexpectedly in the scene. As a result,
Gaussian mixture models are applied on the normalized training data points. The
number of mixtures are found using Akaike Information Criterion (AIC) [71]. The
thresholds to detect abnormal events are obtained automatically using the Gaussian
mixtures fitted on the training data and the sample training video frames comprising

abnormal behavior.

Finally, the parameters obtained from the previous step are utilized in the testing

dataset for comparison.
3.2. Step 1: Feature extraction

SIFT gives information about the location of SIFT feature point in every frame. By
tracking these SIFT feature points, the velocity and direction information are

obtained.
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Figure 4: Figure of dataset creation from video frames
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In this study, only the feature points of moving people on the foreground are needed
as SIFT features obtained from non-moving parts of the video might increase the
number of incorrect matches. Hence, background feature points are disregarded by
detecting foreground pixels using the moving pixel map extraction processed as in
[72].

Feature
points of nth

frame, Sn
Find feature points
Run SIFT Match the Sn,n-1 that
Methodon | | feature points, corresponds to
Frame n and Snand Sn-1 matched feature
Frame n-1 Fetaure points
points of (n-
1Jth frame, Matéhed
Sn-1
pofzf:usr:n_l Feature points Sn,n-1
L with coordinate
information

Frame 1

Figure 5: How the feature points are extracted

To extract moving pixel map, first background subtraction is performed using Video
Surveillance and Monitoring (VSAM) algorithm [73]. In this method, the

background frame is updated at each frame using equation 1.

Bni1(x,y) 1)
_ (aB,(x,y) + (1 - ), (x,y) if (x,y) isnot moving
B { B, (x,v) if (x,v) is moving
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Bn (X,y) and B,+1(x,y) are the background images at time n and n+1 respectively.
I,(x,y) is the nth frame’s pixel. & which is between 0 and 1 affects the background

update speed and set to 0.92. 1,(x,y) is the input frame at time n.

The first frame of the video is used to initialize the background. The moving pixels
are determined by taking the difference of current and previous frames. If this
difference is higher than the adaptive threshold of the corresponding pixel, then the

pixel is accepted as moving (equation 2).

|In(x'y) - In—l(xﬂy)l > Tn(xi y) (2)

T, (x,y) is the adaptive threshold image that holds the threshold value for each pixel

in the nth frame. The threshold is updated as follows in equation 3:

Tn+1(x! y) (3)
_ (aTy(x,y) + (1 — a)(clln(x,¥) — Bp(x, ¥)1)  if (x,y)is not moving
B { T,(x,y) if (x,y) is moving

where c is the sensitivity parameter which is 5.

Moving pixel map in [72] is calculated to detect regularly changing parts of the

image (equation 4).

Mn+1(xr y) (4)
_ { My, (x,y) + B, (x,y) — Bp(x,y)], if (x,y)is moving
- WM, (x,y) =y (x,y) — B,(x,y) + 1|, if (x,y)is not moving

Mn(x,y) is the pixel of moving pixel map for nth frame. B and y are the constant
values. y should be smaller than g in order to mark a pixel as non-moving if no
motion is observed. The pixel values of M, greater than a preset threshold are
accepted as regularly changing areas in the I,. For g, different values are tried. If it is
too small, the moving pixel area could be smaller and if it is too big, than even small
changes in the movement in an area could be captured such as light changes. Hence,

20 is chosen as the most suitable value. y is set to 1.
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After obtaining moving pixel maps of the frame, this map is used as a mask to obtain
only the feature points of foreground objects. The mask and the feature points on the

mask can be seen in Figure 6 for an example video.

(b)
Figure 6: (a) current frame I, (b) M,, blobs shows the moving areas, points are
feature points.

Feature points are only calculated for these moving regions and matched between
consecutive frames. Then, by taking the Euclidian distance between the coordinates
of two matched feature points of two consecutive frames, the motion vector is

obtained as seen in the Figure 7.

(a)

, 225 315
Sn-1(i) 270

Figure 7: The computation of direction for each feature point in each frame. Sy(K) is
nth frame’s kth feature point. S,.1(K) is the (n-1)th frame’s kth feature point. V(i) is
the ith velocity of dth direction in nth frame.

The direction information is calculated using angle o between the motion vector and
the x-axis. The angle information is quantized between [0, 7] values (Figure 7-b)
since there are 8 main directions (north, south, west, east, north-east, north-west,
south-east, south-west). For instance, if the angle « is greater than O or less than 45
degree, then it belongs to direction 0. Based on the direction information, two
features are calculated: Velocity of each direction and each direction count.
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The first feature is that of velocity information. An abnormal situation can be
captured using the velocity information of the overall scene. If there is a sudden
increase in the velocity, it can be an indication of abnormality. To obtain that
information, the velocities in each direction are placed into vector V}' (i) where V, n,
d and i denote velocity, frame number, direction and the index of the velocity value
in the vector corresponding to each matched feature, respectively. Then, from this
vector, Vy(n) is extracted by taking the median value of V(i) for all i as the
representative velocity value of direction d for each frame n. In V4(n), V, d and n
denote the velocity, direction and time respectively. In the Figure 8 that shows the
velocity feature calculation, Euclidean distance threshold, ds is for getting rid of the
noisy features. The detail explanation of this threshold can be found in Choosing the

pre-processing technique section.
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Figure 8: Velocity calculation for each matching feature point in each frame

The second feature is that of each direction’s count in the frame. This information is
also called direction frequency. The change in the feature count in a direction may
give information about crowd behavior. For example, if the crowd suddenly goes in
one direction only, this change is reflected in the feature point count in this direction.
The count in each direction is calculated as follows: We find the direction of the

crowd DCq4(n) by counting each feature point for each direction d in each frame n.
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Another extracted feature using SIFT feature points is the total valid feature point
count FPC(n) of each frame. Abrupt change in this count can be an indication of

abnormality in the scene.

At the end of the above processes, a dataset is obtained. This dataset has N
observations which correspondence to frames of the video and 17 dimensions. The
dimensions between 0 and 7 contain the velocities of each direction in a frame. For
example, direction 0’s velocity of the frame n is in n™ row’s first column of the
dataset. In dimensions 8-17, there is direction frequency information for each frame.

The total feature point count is stored in the last column.
3.2. Step 2: Pre-processing

Before training, we aim to pre-process the dataset so the training process can be
carried out properly. The training data should be stationary before the training starts
since a stationary data is necessary for a good fit. Hence the normalization technique

that produces stationary data is selected for pre-processing.

As a result, a series of statistical tests are applied to understand the characteristics of

the dataset. Figure 10 shows the statistical tests that are applied to the datasets.
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Figure 10: Statistic test phases

3.2.1. Test 1: Stationarity measure

Stationarity can be described as a time series having a constant mean, variance and
covariance [74]. Another type of stationarity is trend stationarity which has a mean
growing around a fixed trend. The majority of the current machine-learning
techniques require that the data is stationary. That’s why we tested our raw dataset
against the null hypothesis that x (input data) is level stationary. If the dataset is not

stationary, the underlying reasons are investigated and found an appropriate pre-

processing technique for the raw data.

For testing stationarity of the data, KPSS (Kwiatkowski Phillips Schmidt Shin) test is

used [75]. In this test, the data series are modeled as it is:

Ve = ft"‘ T‘t+ gt

T't = T't_l + ut

where yi:series that is tested against level stationarity, t=1,2,..., T.

&t deterministic trend

ry: random walk
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& stationary error
ug: iid(0, o2)

The hypothesis for stationarity can be stated as o7 = 0. & is also stationary and iid
(0, 52) . Hence, y; is assumed trend-stationary under the null hypothesis. For level

stationarity test, ¢ is set to 0. They use Lagrange Multiplier (LM) test to test the

stationary hypothesis:
d 9)
LM = Z 262
t=1
e “residuals from the regression of y on an intercept and time trend” [75].
S partial sum of residuals.
(10)

S,= Ye, t=12..,T

-

=1

The above process is defined for null hypothesis of trend stationarity. If the null
hypothesis of level stationarity is tested, e; is modeled as the residual from the

regression of y on an intercept which is e, = y; — y [75].

However, according to [75], the assumption of error & being iid N(0, 62) is not
practical since the series may be highly dependent over time. Thus, they calculate the
‘long-run variance’ that is a part of the calculation of the asymptotic distribution. The
lag truncation in this test is an important factor that affects the iid errors. The lag
values are the values come before the current value in a time series. As it is seen in
Table 2 in [75], while the size of the series and the lag value are large, approximately
correct sizes are obtained for tests. The choice of lag value | is calculated using a

function of T which is the size of observations using this formula:
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Ix = integer|x(T/100)*/*] (11)

In [75], 10, 14, 18 are 112 are tried. According to the results of their tests, test statistics
have correct sizes except when the | is large and T is small.

Implementation

The training data comprises video sequences having ‘normal’ and ‘abnormal’
behavior. As the characteristics of these two parts are different, we divided the
training video data into two parts and tested both parts’ extracted SIFT based features

against level stationarity separately.

The implementation is undertaken with the Matlab function kpsstest(x) [76]. The
function takes a series which are the feature vectors as input. There are also optional

inputs:

Alpha: It shows the significance level of the test. If p-value of the test is less than
alpha, the test always rejects the null hypothesis [76]. The lower the alpha value is,
the higher the rate of false positive alarm and while it gets higher, the false negative
rate increases [77]. In kpsstest(x) function, the default value is 0.05. However, we set

the p-value as 0.01.

Lags: The lag value can be arranged for the rejection of the null hypothesis.
Following a well-known study [76], it is considered values of the lag truncation
parameters 14, 18 and 11. Then based on these values, the statistic value of a series
that exceed the critical value is accepted as rejecting the null hypothesis of being

stationary.

Trend: It is set to true as default. ‘trend’ option assumes that the series are trend
stationary. However, since we are interested in datasets to exhibit level-stationarity

characteristics particularly, we set this parameter to “false”.
Result

If the dataset is not stationary, we pre-process the dataset.
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The test rejects the null hypothesis for 14, 18 and 112. Hence, the chosen lag value | is
40 for the test since the test accepts the null hypothesis for in this lag value for the

current dataset.

The below table shows the stationarity result of data, which is not applied any pre-
processing. Columns show the feature vectors in the dataset. Vy, DCx and FPC are
the velocity, direction count for direction x and the feature point count respectively.
V1.1, V2.1 and V3.1 are the training videos for different scenes in the used dataset
(scene 1, 2 and 3, see Experimental Results and Comparisons section for details of
the datasets). Norm and Abn are the normal and abnormal part’s results of the tests.
The values in the table are the p values of the statistic test. The yellow cells are the
data part that rejects the null hypothesis of being stationary.

Table 1: Stationarity test results. The yellow cells are the non-stationary data.

Vo Vi V2 V3 V4 V5 V6 v7 DC1 DC2 DC3 DC4 DCs DC6 DC7 |FPC
0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.023 0.1 0.1 0.1 0.04 0.1 0.1
0.1 0.086 0.08 0.1 0.1 0.1 0.1 0.1 0.1 0.094 0.1 0.082 0.09 0.1 0.1 0.088
0.1 0.095 0.087 0.1 0.062 0.1 0.074 0.1 0.063 0.098 0.095 0.044 0.033 0.044 0.03 0.03
0.026 0.027 0.028 0.065 0.1 0.1 0.045 0.024 0.028 0.036 0.087 0.1 0.1 0.081 0.031 |0.024
0.01 0.01 0.1 0.1 0.1 0.078 0.01 0.017 0.016 0.1 0.1 0.1 0.1 0.1 0.078 10.01
0.093 0.073 0.1 0.098 0.1 0.1 0.1 0.1 0.074 0.1 0.1 0.098 0.1 0.1 0.086 10.091

One of the rejected vectors of the dataset corresponding to ‘normal’ behavior is FPC
of V3.1. To make this vector stationary, the rate of change (differencing) of FPC is

calculated according the formula in [78].

D; —D;_
R; = (%) * 100 (12)

i-n

Di s the ith observation in data vector D. R; is the rate of change value of D;. n shows
how many data before is used for calculation. Dj., is the n data before current data D;.

The number of previous frames to calculate the rate of change is decided as n=5.
Now, the null hypothesis is not rejected. The p values of the test which is applied on

FPC vector are displayed in the below table.
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Table 2: Stationarity test results for FPC

Normal Data | Abnormal Data
V11 0.1 0.1
V2.1 0.1 0.1
V3.1 0.07 0.1

For other rejected datasets that correspond to the ‘normal’ behavior of vectors VO and

V6, this process is not applied since it may cause loss of data. If the rate of change

calculation is applied to the velocity data, the obvious difference between normal and

abnormal data may be lost that is seen clearly in the below velocity data of direction

5 of V3.1.
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Figure 11: Example velocity data in which rate of change is not applied, y-axis:
velocity value, x-axis: frame numbers
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3.2.2. Test 2: Test Data for Normal Distribution

If the dataset is stationary, we tested whether the data comes from a normal
distribution using Kolmogrov-Simirnov (KS) test [79].

In this test, it is assumed that a population has a cumulative distribution (cdf)
function (F,(x)).This cdf means that for every X, F,(x) gives the proportion of the
ones whose measurements less than or equal to x in the population. The cumulative
step-function (csf) of a random sample is tested against this cdf for whether the csf is
close to cdf or not. If it is not, then the hypothetical distribution is not the correct

distribution. Csf function is calculated as follows:

Sy(x) = k/N (12)
k: number of observations less than or equal to x [80]

N: observation number

Hence the maximum distance between cdf and csf tells the test result.

d = maximum|Fy(x) — Sy (x)]| (13)

In [80], the interpretation of d value is given. In the Table 1 in [79], when level of
significance is 0.20, the observation number is N=10 and the critical value of d is
0.322. This means that the maximum absolute deviation of 20 percent of random
samples whose size is 10 is at least 0.322 between the sample cumulative distribution

(csf) and population cumulative distribution (cpf).

In their methodology, they draw curves above and below of cdf at the distance of
“d«(N)” (a: level of significance). The rejection of hypothesis of F,,(x) being the true

distribution is accepted when csf (Sy (x)) goes outside of this band.
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Figure 12: The illustration of how d test is applied, the Fo (x) function and the bands.
Figure is taken from [78].

Implementation

For implementation, kstest(x) function of Matlab is used [80]. The null hypothesis in
the implementation is the data being normally distributed. By using CDF option, the
data can also be tested for different distribution types. The optional input of the
function is type which can be ‘unequal’, ‘larger’ and ‘smaller. The type option
determines the size difference between the population cdf and the specified CDF. For
instance, if it is ‘larger’, the population cdf is larger than the specified CDF. In this
study, the default value of type which is “unequal” is used. One of the outputs is
ksstat which is the test statistic. This test statistic shows the maximum difference

between the curves of cpf and csf.
Result

This test is important for us to compare the following two distributions: The
distributions generated from the data points that correspond to the ‘normal behavior’
and ‘abnormal behavior’ video parts in the video dataset respectively. If they are
different, it means that the model fitted on the training data using the selected
features will have a greater chance to differentiate the ‘normal’ and ‘abnormal’ data.
Normality test is critical for choosing the right statistical test for comparison. If the
dataset is normally distributed, t-test is applied. If it is not, Mann-Whitney test is

applied.
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In the Matlab function, the input of ‘unequal’, ‘larger’ and ‘smaller’ are tested. Test
is applied to pre-processed data as described in Stationarity Test, Result part.
According to the test results, none of the feature vectors are normal. Also, the median
filtered versions of the feature vectors are tested. The p value results are around
6.55e-012 and less which means the null hypothesis is rejected. Thus, Mann-Whitney

test is applied on the data to compare two distributions.
3.2.3. Test 3: Test to compare two distributions

Our motivation is to choose the features which are able to differentiate the ‘normal’
behavior and ‘abnormal’ behavior in the datasets. Therefore, it is needed to compare
the two distributions that correspond to ‘normal’ and ‘abnormal’ parts respectively.
The ideal case would be that these two distributions will have different distribution

characteristics.

The required test to understand the distribution differences in a dataset is chosen
according to [81]. According to [81], if the data is continuous, there are two numbers
of groups to compare and the data is not normal distribution, then Mann-Whitney
should be used, otherwise t-test should be used. In this test, there are two random
variables whose distributions are compared [82]. The measured statistic is ranks of
these two groups for the hypothesis of these two groups having the same
distributions [82].

The statistic for this test is calculated using the formula below [82]:

m(m+ 1 14

U=mn+ g —-T (14)
2

m: the number of observations in the first group

n: the number of observations in the second group

T: sum of ranks of the first group
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If the number of observation is more than 20, then the formula is as follows [83]:

U— % (15)
Z =
Jnlnz(nl +n,+1)
12

The corresponding probability value to z is found from a table that can be seen in the
Table 1 in appendix of [83]. The value is extracted from 0.5 value and if this value is

smaller than o, then the null hypothesis is rejected.

The corresponding probability value to z is found from a table that can be seen in the
Table 1 in appendix of [83]. The value is extracted from 0.5 value and if this value is
smaller than the a, then the null hypothesis is rejected.

Implementation

Matlab’s Wilcoxon rank sum test (ranksum(x,y)) function is used [84]. The input is
the two groups that are compared. The optional inputs are ‘alpha’ and ‘method’.
Through ‘alpha’, the significance level is determined. The ‘alpha’ is set to default
value which is 0.05. The ‘method’ value is for determining with what kind of
algorithm p value is calculated. The options are ‘exact’ and ‘approximate’. “The
default is exact for small samples and approximate for large samples”. Hence, this

option is adjusted by the function automatically according to the sample size.
Result

The distributions generated from ‘normal’ and ‘abnormal’ parts are compared to see

whether the selected features are able to differentiate these parts.

Raw data’s distribution difference results are below. The values show the p values of
the test. According to the below results, all the feature vectors reject the null
hypothesis of being the same distribution. The empty cells are the eliminated feature
vectors from the raw data due to rejection of being stationary.

35



Table 3: Distribution test results. Yellow cells indicates the feature vectors with same
distribution

V3 V4 V5 Vo6 v7 DC1 DC2 DC3 DC4 DC5 DC6 DC7 FPC

9.13E-07 [1.12E-06 |2.70E-01 |1.09E-22 |9.20E-24 |9.58E-09 |2.41E-55 [8.63E-59 |9.12E-37 |1.32E-40 | 2.66E-18 | 1.58E-20 [9.23E-58
8.52E-08 [3.38E-08 |4.11E-01 [6.33E-02 | 1.29E-19 [1.67E-05|7.71E-06 |2.74E-02 | 1.87E-24 |2.46E-16 | 1.03E-05 |1.41E-01 | 1.33E-10
1.11E-30[4.10E-06 [1.96E-02 9.05E-24|2.73E-16 [8.40E-38 |7.02E-17 |4.05E-17 |1.59E-27 | 2.00E-38 | 5.71E-32

The FPC of V3.1 that is not stationary is pre-processed by calculating the rate of
change of the data. In rate of change calculation, if n=1, stationarity test results
positive, but the distribution difference test results negative which means the normal
and abnormal parts’ distributions are the same. Nevertheless, if n is 5, then the test
finds difference between the distributions of abnormal and normal parts. In below

figure it can be seen the rate of change of FPC of V3.1 for n=1 and n=5.
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Figure 13: Rate of change of FPC V3.1. (a) n=1, (b) n=5

The p values of test are in Table 4:

Table 4: Distribution test results for FPC
V1.1 V2.1 V3.1

2.47e-002 | 6.77e-003 | 2.13e-005
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According to the above results, p values are way lower than the alpha value. Hence,
the null hypothesis of being the same distribution is rejected for all train data’s FPC.

Then, the normal and abnormal parts are different for FPC vectors of V1-3.1.

Now all the feature vectors for train data are ready for training except VO and V6 of

V3.1 which are eliminated from training.
3.2.4. Choosing the pre-processing technique

The aforementioned statistical tests are valuable for us to test the significance of the

selected features and to choose an adequate pre-processing scheme.

Noise in the data may affect the distribution of the dataset negatively i.e. there may
be several outliers. Trends in dataset may also affect the learning process negatively
as it makes the dataset non-stationary. If these are the issues, datasets should be pre-
processed accordingly. To make datasets stationary such as in FPC case, rate of
change is calculated. This process does not apply to the velocity data of V3.1 since it

may cause the loss of the data.

Additional pre-processing steps are also carried out for individual features. The
results in Table 1 and Table 3 are the results of the data after applying the methods

that are described below:
Velocity data:

Some peaks in the velocity data are observed even when there is no speeding up in
the crowd. It is realized that these peaks occur due to the SIFT finding some
incorrect matching in the frames. In order to prevent it, the following filtering
process for velocity data is applied: If there is only one element in V}'(x) and it is
greater than 10, then this direction’s velocity information is disregarded. If there is
more than one point, and the median is greater than 10 in a direction, then we use the

velocity information of the preceding median feature point data.

As a result, we obtain V; (n)which comprises the median filtered velocity data for

each direction in a video sequence.

37



Direction of the crowd data:

In order to get the noisy feature points that cause irrelevant peaks as in the velocity
data, the direction count data also is pre-processed. Each feature point’s velocity data
Vi (x) is checked whether it is higher than 10 or not, if it is, then corresponding
feature point is discarded from computation of DC,; (n). The threshold for the
velocity is determined ad hoc manner by observing the Euclidean distance change of
matched feature points. In addition, for feature point count calculation, the same

process is applied.

As a result, we obtain DCj; (n)which comprises the filtered velocity data for each

direction in a video sequence.

At the end of the above processes, a dataset is obtained. This dataset has N-11
observations which correspond to frames of the video and 17 dimensions. The first
11 data in the dataset are discarded since they may have noisy data. The dimensions
between 0 and 7 contain the median velocities of each direction in a frame. For
example, direction 0’s median velocity of the frame n is in n™ row’s first column of
the dataset. In dimensions 8-17, there is direction frequency information for each

frame. The total feature point count is stored in the last column.
3.3. Step 3: Normalization

Each feature vector (V;(n), DC; (n))is scaled separately according to min-max
normalization as seen in Figure 14. The reason of normalization is that the feature
vectors that are inputted into fitting function together should be in the same range for

obtaining a good model fitting.
D'(x) = ((D(x) — min) * (newmax — newmin)/(max — min)) + newmin (16)

D’ is the normalized data. D is the raw data. min and max are minimum and
maximum values of D. newmax and newmin are the minimum and maximum values
of the new range in which the D is scaled. newmin and newmax is 0 and 1 for this

study.
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Figure 14: Dataset

3.4. Step 4: Model Fitting

The aim of this step is stochastic detection of global abnormalities. The model fitting

step comprises two main sub-steps:

(i) Model fitting on the training dataset that corresponds to ‘normal’ behavioral
part: A Gaussian Mixture Model (GMM) is fitted on this particular data in
order to learn the ‘normal’ behavioral characteristics of the video. In GMM,
the parameters of these distributions are estimated using Expectation
Maximization (EM). As a result of this process, probability density function
(pdf) of the normal part is obtained.

(i)  Determining the pdf threshold to differentiate between ‘normal’ and
‘abnormal’ behavior: A threshold value for each video dataset is determined
automatically using the ROC curves and this threshold is utilized on testing

datasets.

In this section we first explain the GMM models and EM briefly. Then, we will

explain how the optimum number of Gaussians is found.

Gaussian mixtures consist of Gaussian distributions. The formula for Gaussian

probability density function is as follows [85]:

1 e—%(x—u)TE‘l(x—u) (16)

VZr Jdet()

[ mean vector

Iz () =
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¥: Covariance matrix
A mixture of Gaussian can be written as:

X ()
gme) = D Wi g, 30
k=1

Wy: weight whose sum is 1, k=1,2,....K

Expectation maximization is used for completion of the data. If there is not enough
data to estimate the model parameters, then through the Expectation phase, the
probability distributions by completing the data and through Maximization phase, the
parameters are re-estimated over these completions [86]. These steps are repeated
until the parameters are converged. The main aim is to find the parameter & which
maximizes the log probability logP (x; 6) of the dataset. In the E-step, a function g;
which is the lower bound of logP (x; 8)is chosen [86]:

9:(0®) =1logP(x; 8®) (18)
In the M-step, a new parameter §¢*1) maximizing the g,(8®) is dealt with.

Implementation

In this study, the training ‘normal’ data is fitted into Gaussian mixture models in

order to estimate the parameters for testing data and to calculate the pdf values.

For implementation, gmdistribution.fit(X,k) function of Matlab is used [87]. The
inputs of the function are X matrix with nxd dimension in which n is the number of
observations and d is the dimension of the dataset. k is the number components in the
Gaussian mixture model and this function is calculated for k between 1 to 10. There
are also optional inputs. Among these optional inputs, 'Regularize’ is used and is set
to a small value which is 0.00001. This option is used to get rid of the “ill-
conditioned covariance matrix” warning of the function. With this option, the value
that regularizes the covariance matrix is added to the diagonal of the covariance

matrix. Hence, ill-conditioned matrices are discarded. In [87], some reasons are listed
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for ill-conditioned covariance matrix presence. One of the reasons is some features in
the data being highly correlated. The correlation between features is measured using
corrcoef function of Matlab by giving features as pairs in this function and it is found
that the features are highly correlated. Hence that is the reason of the error. The value
Is chosen in an ad hoc manner. The reason of choosing such a small value for
regularization is that if the regularization parameter is too large, then this value may
affect the feature vectors and cause to a poor fit. In [88], they show the effect of
regularization parameters. If the regularization parameter is too large, they obtain a

poor fit such as converging to a straight line.

The function returns an object which comprises several statistics. The most notable
statistics we also used are: mu is the matrix that contains d-dimensional mean of each
k component. d is the dimension of the data. sigma is the covariance of each
component. p is the mixing proportions for each component, in which the default is
equal proportion. The function also returns model selection criterions that are Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC). AIC is
computed for each k between 1 and 10. Then, the GMM with the least AIC value on

the training dataset is selected.

After obtaining parameters through gmdistribution.fit(X,k) function, using
gmdistribution(mu,sigma,p) function of Matlab, a Gaussian mixture distribution is
constructed. mu and sigma values are set using the best GMM obtained from
gmdistribution.fit(X,k) according to AIC value. After Gaussian mixture distribution
object is created, the pdf of the training data comprising ‘normal’ part is calculated
using the created distribution. The pdf values are calculated using pdf(name,X)
function where name is the output object generated by the gmdistribution function
and densities are evaluated at the values in X.
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Algorithm 1 The pseudo code of fitting the training dataset into Gaussian model

and learning the normality of the train data:
________________________________________________________________________________________________________________________|]

Inputs: X, data points, k, number of components

Outputs: M, the learned model

1 Mkémodel with k components

AICkévaIue of kth component
nké number of parameters of the model with k component
Lkémaximized likelihood of the model with k component

mu< means of components in the learned model
sigma<-covariance matrices of components in learned model
fork< 1,2...10do

Mké EM(X,K)

9 AleGan — 2ln(Lk)

10 end for
11 minAIC_index < index of minimum value of AICk

O~NO O B~ WDN

12 mu< mean of minAIC_index
13 sigma<- covariance matrix of minAIC_index
14 M<N(mu, sigma)

Finally, we aim to obtain a threshold pdf value which will be able to differentiate
between ‘normal’ and ‘abnormal’ data points. When we find the probability that a
given data point is less than this threshold value, abnormality alarm is given. In order
to decide the threshold, perfcurve function of Matlab is used [89]. This function is
used for computing Receiver Operating Characteristic (ROC) curve. For determining
optimum threshold value for abnormal behavior detection, the training data’s pdf
values for each observation including both normal and abnormal data and actual
label of the data are necessary. The inputs of the function are labels, scores and
posclass. labels is the actual label of the data. The observations in the dataset are
labeled as 1 or 0. The ones that are labeled with 1 are the abnormal frames and the
ones that are labeled with 0 are normal frames. scores can be any score returned from
a classifier or a fitting function and it is not necessary that the score should be scaled
between 0 and 1. Hence, in this case, scores are the pdf values of the observation in
the training dataset. posclass is the positive class. In this dataset, it is 0, since positive

class should be the class whose pdf values are higher than the threshold value. After
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that, the function returns three vectors which are X vector that holds the false
positive rates for different cut off points, Y vector that holds the true positive rates
for different cut off points and T vector that holds the threshold values. X, Y and T
have the same size. True positive and false positive rates are calculated using
threshold values in T. T is a vector that holds the pdf values between [min(scores),
max(scores)]. According to [89], score threshold values are used to label ROC graph.
If the pdf value of an observation of training dataset is less than or equal to threshold
and is labeled as a positive class, it is accepted as false positive (FP). If the pdf value
of an observation of training data is more than threshold and is labeled as a positive
class, it is accepted as true positive (TP). If the pdf value of an observation of
training dataset is less than or equal to the threshold and is labeled as a negative
class, it is accepted as true negative (TN). If the pdf value of an observation of
training dataset is more than threshold and is labeled as a negative class, it is
accepted as false negative (FN). This process is applied for all threshold values in T.
Then the true positive and false positive rates are calculated using above values. At
the end, a matrix of true positive rates (Y) and false positive rates (X) are obtained.
Using these values, a ROC curve is drawn and the optimum TP rates and FP rates are
detected. The detail algorithm of this calculation can be found in [90]. Optimality can
be defined as a value with a high TP rate and a low FP rate. The threshold that is

used in the tests is the threshold value in T that gives the optimum TP and FP rates.

In addition, a frame count threshold FCT is determined for labeling a given frame as
abnormal. If the number of the observations (frames) whose pdf values are less than
the threshold pdf value, is more than this frame count threshold, than it means that
abnormality is detected. This threshold is determined as 10 frames. The number is
determined in an ad hoc manner by observing the training dataset. Due to the noises
in the frames, it is possible to mark a frame as abnormal even though it is not true.
To prevent it, FCT is necessary. Another frame count threshold FCT_normal is set
for labeling a given frame as normal. After labeling a frame as abnormal, if the pdf
values of new observations are higher than the threshold pdf value, the number of
consecutive observations whose pdf value is higher than the threshold should be

greater than FCT_normal.
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Algorithm 2 Threshold decision:
________________________________________________________________________________________________________________________|]
Inputs: X, data points, M, learned model, N, negative labeled data with actual label,
P, positive labeled data with actual label
Output: Threshold
X<&train data
M<learned model
mu,<mean of kth component in M
sigmay < covariance matrix of kth component in M
k<number of components
wi < weight of kth component
pdf,<pdf value of observations (frames) in X
for each observation x € X do
pdfy P (XIM) € X X_, wi N(x; muy, sigmay,)
0 end for
1 Ti<vector that holds pdf threshold values that ranges between [min(pdfy),
max(pdfy)] to use to label ROC curve
12 FP<false positive rates
13 TP<true positive rates
14 N<-actual negative labeled data in X
15 P<-actual positive labeled data in X
1 for Ti= min(pdfy) to max(pdfy) by increment do

PP O00~NO OO, WNPE-

2 FP<O0

3 TP&O0

4 for x € X do

5 if pdfy > T; then
6 if x is a positive labeled data then
7 TP&ETP+1
8 else

9 FP<FP+1
10 end if

11 end if

12 end for

13 /ITPR, FPR data to create ROC curve

14 TPR;<TP/P

15 FPRi<FP/N

16 end for

17 TPRgpy< the optimal TPR; value from ROC curve

18 FPRgy< the optimal FPR; value from ROC curve

19 pdf_thresh< the threshold in T that corresponds to index of TPRopt,
20 FPRTqpt
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Algorithm 3 Abnormality detection:
________________________________________________________________________________________________________________________|]
Inputs: Xes, test data points, M, learned model, pdf _thresh, pdf threshold for
abnormality detection
Output: Abnormality alarm
1 <€ mean of kth component in M
2 ox<covariance matrix of kth component in M
3 k&number of components
4 w<weight
5 pdf<pdf value of observations (frames) in Xiest
6 count_abnormal<count of consecutive observations whose pdf
7 value is less than the threshold
8 count_normal<-count of consecutive observations whose pdf value is
9 more than the threshold
10 FCT<frame count threshold for abnormal frames
11 FCT_normal<frame count threshold for normal frames
12 count_abnormal <0
13 count_normal <0
14 state_abnormal <0
15 for each observation X € Xiest d0
16  //pdf calculation
17 pdf&P(XIM) € Xkoy wieN (x; 1, , 0%)
18 if pdf<thresh_pdf

19 count_abnormal++
20 count_normal <0

21 else

22 count_normal++

23 count_abnormal <0
24 endif

25 if count_normal >=FCT_normal
26  state_abnormal <0

27 endif

28

29 if count_abnormal >= FCT

30  state_abnormal<1

31 endif

32 end for

This threshold is set to 10. Both of these thresholds are set to the same value
determined in an ad-hoc fashion by observing the performance of the training set.
These thresholds might also be chosen automatically for obtaining an optimum
threshold. The FPR and TPR rates could be calculated for different threshold value
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and the threshold that gives the optimum FPR and TPR values could be chosen as the

optimum threshold.
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CHAPTER 4

EXPERIMENTAL RESULTS AND COMPARISONS

4.1. Overview

In this part, the proposed method is evaluated using benchmark datasets and the

results are demonstrated.

In this section, first dataset of University of Minnesota (UMN) [91] is introduced.
Then, environments for testing and implementation are presented. Finally,

abnormality detection results on UMN dataset are discussed.

4.2. Dataset

In this thesis, publicly available UMN dataset is used. From UMN dataset, we used
11 videos in total in which there are 2, 6 and 3 videos for scene 1, scene 2 and scene
3 respectively. The scenarios of the selected videos are very similar to each other:
Several people walk around in an environment and then they start to run to one
direction or several directions. The abnormality begins when all people start running
in the scene. Abnormality appears in the overall scene not in a specific region of the
scene. That is why this dataset is chosen for this thesis whose aim is to detect global

abnormalities in a given scene.

In each scene, the first video in each scene is used as training data. As a result, 3
training video datasets are employed. The rest are reserved as testing datasets. These
videos are named as V1.1 or V2.1 in this thesis where the number to the left of the
decimal point shows the scene number and the number to the right of the decimal

point implies the video number in the specified scene. For instance, V2.1
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indicates the first video in scene 2 that is reserved for training. V2.2 denotes the
second video in the scene 2 which is used for testing. This process is carried out in

line with the literature.

Table 5: The dataset details used in the experiments

Number of frames The frame # where abnormality starts
V1.1 (Training) 612 506
V1.2 (Testing) 801 675
V2.1 (Training) 508 306
V2.2 (Testing) 664 585
V2.3 (Testing) 604 524
V2.4 (Testing) 529 442
V2.5 (Testing) 892 746
V2.6 (Testing) 575 450
V3.1 (Training) 640 548
V3.2 (Testing) 665 571
V3.3 (Testing) 768 719

In the datasets, abnormality alert is given a little bit later than the moment when the
abnormality actually starts. Hence, in this work the abnornormality start frame is
accepted as the actual frame when the abnormal behavior starts. For instance, in
Figure 15, people starts running, but there is no “Abnormal Crowd Activity” alarm
on the upper left corner on the frame. Another study that applies the same approach
is [3].
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Figure 15: People start running, but abnormality alarm is not given in ground truth
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Figure 16: The training videos. (A) irst scene, (B) Second scen, (C) Third scene.
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4.3. Test and application environment

In the implementation of SIFT, C++ and CUDA code implemented in the Visual
Studio 2008 is used [65]. There is another implementation of SIFT-GPU using
OpenGL. However, CUDA implementation is faster according to the results of [65].
The proposed methods for velocity and direction count calculation introduced in
chapter 3.2. Step 2: Pre-processing are also implemented in Visual Studio 2008 C++.
In the visualization such as pointing out the coordinates of SIFT feature points on the
frame, OpenCV is used (Figure 17).

Figure 17: Scene 1 frames and moving pixel maps

The statistical tests that are introduced in 3.2. Step 2: Pre-processing are
implemented using Matlab. CUDA is a parallel programming platform that is
developed by NVIDIA. It benefits from the efficiency of the graphical programming
unit (GPU). The GPU card that is used is NVIDIA GeForce GTX 670. CPU is Intel
Core i7 2.8 GHz.

4.4. Experimental results
After the data is trained using the proposed method, the true/false positive/negative

alarm numbers are computed.
The tests are repeated with five different feature vector combinations:

(1) all-features: all feature vectors (velocity, direction frequency and feature
point count). For the videos in scene 3, V3.x, the feature vectors of

velocity in direction 0, 1 and 6 and feature point count are discarded. For
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V2.x and V1.X, the feature vectors of velocity in direction 5 are
discarded. For VV2.x, the feature vectors of direction count in direction 7 is
discarded. The detailed reason of this elimination can be found in 3.2.1.
Test 1: Stationarity measure section.

(i) velocity-features: velocity feature vectors of the dataset. For V3.x, the
feature vectors of velocity in direction 0, 1 and 6 are discarded. For V2.x
and V1.X, the feature vectors of velocity in direction 5 are discarded.

(iii)  direction-count-features: direction count feature vectors of V1.x, V2.x
and V3.x. For V2.x, the feature vectors of direction count in direction 7 is
discarded.

(iv)  feature-point-count-features: feature point count feature vectors V1.X,
V2.x and V3.x.

In our method, if the abnormality is detected at least for 10 consecutive frames, these
frames are labeled as abnormal. In the methods that we compared with, such a
threshold is not used as abnormality detection is already localized unlike our method.
Hence their classification scores do not increase suddenly as our pdf results, i.e
Figure 18 in [4] and our method’s pdf value results, Figure 19. As seen in Figure 19,
in our pdf graph, pdf value may suddenly decrease even in the normal frames, in
which the pdf value should be higher than threshold. In order to prevent false
positive alarm in this frames, we set a frame count threshold which is 10. If the pdf
values are under the threshold for 10 consecutive frames, it means that abnormality
starts. The reason of this sharp decreases of pdf in normal frames may be because of
the false matched SIFT features. Although the pre-processes that are described in
3.2.4. Choosing the pre-processing technique applied, there might still exist some
false feature point matching and this may cause the decrease in pdf value and as a
consequence, cause the false positive alarms. However, in other method’s
classification score plots in Figure 18, there is no such sudden decrease. This may be
because of the training and testing methodology. The authors of [4] partition the
videos into clips with T frames in both testing and training and this may cause the

smooth transition of pdf values between normal frames.
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First, normal part of the data is trained and tests are applied according to the training
parameters. For each feature vector combination, the tests are repeated. After the
tests, receiver operating characteristic (ROC) curve’s area under curve (AUC) is
calculated. The AUC is calculated as follows: The test is repeated for five times and
the TP rate and FP rate are calculated for each time. Then using these calculated rates
a ROC curve is drawn and the area under this curve is calculated. Total AUC value is
calculated by summing TP, FP, TN and TN values of all scenes for five run and
computing TPR and FPR values using these summations. The ROC AUC results are
compared with the results of [5], [4] and [3] which use UMN dataset. The resulting
AUC values are shown below. In [4], trajectories of the crowd behavior are extracted

using particle advection method on 2x2 sub windows in each 10-frame clip. From
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these trajectories chaotic features are extracted. Test videos are also divided into 10-
frame clips. In [5], Spatial-temporal Co-occurrence Gaussian Mixture Models
(STCOG) is applied. They split the video frames into non-overlapping local areas of
20x20. The behaviors in these areas are modeled. In [3], Social force model is
applied to characterize the crowd behavior. 10-frame clips with 5x5 patches are used
in training and testing. In this thesis, each frame is modeled in training and labeled as

abnormal and normal in test phase.

Table 6: AUC result of different feature vector combinations and scenes.

Scenel Scene2 Scenes3 Total

all-features 0.99 0.66 0.82 0.73
velocity-features 0.99 0.95 1 0.97
direction-count-features 0.96 0.84 0.57 0.78
feature-point-count-features 1 0.7 0.88 0.87

In the Table 6, AUC values for different feature combinations are displayed; hence
the best feature combination can be selected by looking at this table. The best results
are obtained for velocity data. In the feature-point-count-features, first, rate of
change calculation applied data is tested. However, the detection rate is around 0
most of the time for this data. Although, the abnormal and normal parts are different
according to distribution difference test, according to the pdf values, the threshold
value chosen by perfcurve function that is described in Model Fitting section is not
enough to detect abnormalities. Therefore, this data does not give any information
about the crowd behavior (Figure 13). Then, unprocessed feature-point-count-
features data which is not stationary for scene 3 is used (Figure 20). The result in the
table belongs to that data. The reason of non-stationarity is that moving area
detection algorithm is running in a wider space since people are entering or exiting
from the different place of the scene 3 (Figure 21). On the other hand, in other
scenes, the movement is happening in specific places (Figure 22). The increase in the
area of movement causes the SIFT detecting more matching feature points and

increase in the feature point count.
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For scenel, the AUC values are very high for all feature combinations. For scene 2,
The AUC value of all-feature is lower than other scenes’ AUC value. On the other
hand, direction-count-feature’s AUC value is higher than all-features’ in scene 2.
However, when the pdf values of direction-count-feature are observed, the pdf

values are not consistent. In addition, in feature-point-count-features combination of
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scene 2, although AUC value is not very low, TPR is very low which is 0.41. For
scene 3, direction-count-features combination has the lowest AUC value among
other scene’s AUC values. Therefore, it can be concluded that counting the feature
points in each direction (direction-count-features) and counting the feature points in
a frame (feature-point-count-features) does not give steady information about the
crowd. Moreover, it is observed that, the AUC value of these feature vectors are very
dependent to the moving pixel area which can be increased or decreased using the S
of equation 4. As a result, velocity data is the most suitable data to detect global
abnormalities. The reason of these results can be observed in data plots in
FigureFigure 23 23. In the velocity plot Figure 23-a, the differences between
abnormal and normal parts are observed clearly. Since the Euclidean distance
between the matched feature points between consecutive frames are getting larger
when people start running, the sudden increase seen in the plots in velocity plots like
Figure 23-a is expected. Hence, due to this obvious distribution differences of the
abnormal and normal data, the abnormalities are detected easily using only velocity
data. In order to make direction count feature a more suitable data for abnormality
detection, instead of quantizing the direction information into 8 bins, the bin numbers
may be increased in order to obtain a more precise information about crowd

direction.
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Table 7: Precision, recall, AUC value and frame per second (fps) comparison with

[5]
Method proposed in [5] Our method, velocity-features

Scenes | Precisio | Recall | AUC | Proce | Precision | Recall | AUC | Process

n ssing ing

speed speed

Scene 1 0.99 0.95 0.94 8-9 0,86 1 0.99 28.93
Scene 2 0.86 0.96 0.78 fps 0,93 0,93 0.95 fps
Scene 3 1 0.92 0.97 0,89 1 1
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Table 8: AUC value comparison with state-of-art methods

Social Force[3] Optical Chaotic Our Method,
Flow[3] Invariance[4] velocity
features
Training 5x5x10 10-frames clips | 2x2x10 volumes Global
method volumes for are used for for trajectory behavior in
training. training. extraction. each frame is
modeled.
Testing | Each frameis | Eachframeis | 10-frame clips are | Each frame is
method labeled as labeled as labeled as normal labeled as
normal or normal or or abnormal. normal or
abnormal. abnormal. abnormal.
Real-time Not stated Not stated Not stated 34.57 ms/frame
28.93 fps
AUC 0.96 0.84 0.99 0.97

In the Table 7 and Table 8, the comparison of AUC values of our method with
different methods are demonstrated. In Table 7, the precision and recall values are
also compared with the values of [5]. Since in other methods [3] and [4], precision
and recall values are not given, comparison for these values is only made with [5]. In
this table, AUC values can be compared for each scene, since an overall AUC value
for all scenes is not given in [5]. In Table 8, overall AUC value for all scenes are
compared with other methods’ overall AUC result, since, in these methods, scene by

scene AUC values are not given.

The best results are obtained when only velocity feature vectors are used. When
these results are compared with [5], our method outperforms this method. In
addition, except in the videos of scene 2, our method gives close results to the
method that use chaotic invariance [4], which is a very effective method for crowd
behavior analysis. This method uses trajectories as features and they preserve spatial
information of these trajectories while in this thesis, we don’t make use of spatial
information not used completely. This finding indicates that the proposed method
could have better performance, if the spatial information is used also. Moreover,
according to Table 8, the proposed method outperforms Social Force and optical

flow implementations’ of [3].
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Moreover, the computational performance of the current algorithm is measured in
order to prove that the proposed method is able to run in real time. The test is applied
on 320x240 UMN videos. If it is assumed that a camera process 25 frames per
second, one frame should be processed in 1000 millisecond/25=40 milliseconds (ms)
at most. The computation of SIFT-based features (velocity, direction frequency and
feature point count) is implemented in Visual Studio C++. In this implementation,
SIFT method is implemented in GPU-CPU hybrid way by the author of [65] and the
computations that are added by the author of this thesis are implemented in CPU.
Since Matlab contains implemented data mining functions, the pdf computation of
test data is implemented in Matlab. Hence the time measurement is done in Matlab
for this part. The training part is not measured since it is done once at the beginning

and once the parameters are learned; there is no need to run this part again.

Table 9: Time measurements of the proposed method

SIFT-GPU | VSAM+Movning pixel | Pdf calculation and | Total

[65] map extraction [72] abnormality detection

33.73 0.14 ms/frame 0.7 ms/frame 34.57 ms/frame
ms/frame (28.93 fps)

According to [5] results, they state that they archived 8-9 fps running on an Intel Duo
2.33GHZ CPU. Proposed method’s fps value is 28.93. Hence, proposed method
outperforms the method of [5] in terms of computation speed. However the
computation environments are different. The proposed method’s is measured in a
much faster computer (Intel Core i7 2.8 GHz CPU) and GPU is used for
parallelization of some part of the method. In addition, the proposed method is only
measured for the video frames with the size of 320x240. In addition, the crowd’s
density in the videos is not very high. Therefore, the proposed method may not run in
real-time for video frames with size higher than 320x240 and more congested
crowds. Other compared methods do not give any information about their

computational performance and whether real-time operation is possible or not.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

According to AUC results, the most promising feature is the velocity of the crowd
while detecting the global abnormalities using SIFT features. However, even in that
case, some false negative alarms occur as seen in scene 2. The reason of the high
false alarm rate in scene 2 is due to the rough blob extraction in those frames and this
occasion causes to wrong SIFT feature matches between consecutive frames. In other
scene where the crowd blobs are more precise, better results are obtained. Hence, for

scene 2, the blob extraction process must be done more carefully.

Moreover, direction frequency data would be more useful if it is used with local
information. The generalization of this data by counting in overall frame does not

give much information for detecting the crowd abnormal behavior.

In this thesis, although no spatio-temporal information is used which is a common
method that is applied in the state-of-art techniques; the close results to those
methods are obtained in global abnormality detection. Hence, it proves that SIFT
feature tracking is a promising method for detecting abnormalities in crowd.
However, this work also shows that there should be done more investigation on how

to use these SIFT features.
The contributions of this thesis:

e We proposed a method which enables real-time crowd abnormality detection.
According to the test result, the real-time operation is possible.
e The justifiability and repeatability of the methods can be observed in

Methodology chapter. All pre-processing techniques are applied according to
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the result of the statistic. As opposed to the other methods in literature, most
of which require manually selected parameters, the proposed technique is
adaptive and does not require any preset rules to be set.

e The result of the proposed method are comparable those of more complex

ones in the literature.

For future work, local information also should be used. The frame could be divided
into spatio-temporal patches and the SIFT features in those volumes might be used to
model the behavior in those patches. This method might be investigated to
understand how precise information will be captured about global and local crowd

behavior.

In addition, feature point count data should be dealt in a different way. Instead of
using the feature point count in abnormality detection directly, the abrupt change in
density of feature point count could be used as additional information for the
detection of abnormal situation. Moreover, for direction count data, direction

information could be quantized in a higher number of bins for better precision.

Moreover, the methodology could be automatized more by get rid of the remaining
thresholds like FCT and FCT_normal as described in Model Fitting section.

Also, in the matching descriptor algorithm of SIFT method, taking neighborhood
constraint of feature points into consideration can give more accurate feature
matching results. Therefore, the Euclidean distance threshold, which is used in
velocity and direction count calculation for eliminating noisy feature points, may not
be necessary. Additionally, the algorithm’s computational performance may be

increased by applying SIFT method in only the moving pixel areas.

The size of the training dataset may be increased. The high false positive rate in
scene 2 indicates the need of more data for training. If the current datasets are not
enough to create training models for global and local abnormalities, simulated data

may be helpful in this case.

60



APPENDIX

QUALITATIVE RESULTS
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Figure 24: Qualitative results of V1.2, black parts are the normal frames and red
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ODTU
ENFORMATIK ENSTITUSU

YAZARIN
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TEZIN ADI (ingilizce) : AUTOMATED CROWD BEHAVIOR ANALYSIS FOR
VIDEO SURVEILLANCE APPLICATIONS

TEZIN TURU : Yiiksek Lisans  ...X.... Doktora .......

1) Tezimden fotokopi yapilmasina izin vermiyorum

2) Tezimden dipnot gosterilmek sartiyla bir boliimiiniin fotokopisi alinabilir

3) Kaynak gosterilmak sartiyla tezimin tamaminin fotokopisi alinabilir

Yazarin imzast — coceeeeveeeeeeeeeeenaens Tarih ....




