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Abstract: Crowd analysis becomes the most active-oriented
research in computer vision .now a days, a wide attention has
been paid to crowd control and management in the intelligent
video surveillance area. In this paper, Graph theoretic approach
based Crowd Behavior Analysis and Classification System
method is used to identify crowd behaviorsin visual screen. We
focus on the motion trajectories to observe the crowd behavior of
the personnel in the crowd and Optical flow methods are used to
acquire the streak lines and path lines of the crowd personnel
trajectories. Streak flow is obtained by combining path line and
streak line. The frames of the surveillance videos are analyzed
using graph theoretic approaches. The convincing results
obtained from the experiments on datasets demonstrate that the
proposed method obtainsfor crowd behavior analysis.
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1. INTRODUCTION

Videos of crowd scenes present challenging problemsomputer
vision. High object-densities in real-world situats make individual
object recognition and tracking impractical; undmsgling the crowd
behaviors, without knowing the actions of

individuals, is often advantageous. Automated digtecof crowd
behaviors has numerous applications, which may halpid
unnecessary crowding and discovery of abnormal\betrsaor flow,
which may help avoid tragic incidents. .The need dotomated
systems to classify the movements of crowds orctledbnormal
activity can be considered as an open research.igsarowd can be
considered as a collection of people distributedrahe region of
interest. Tracking of human activity or personnelting within
video surveillance systems has been researched fop@ome time
now. The open research issues that exist and eeqttiention with
respect to crowd analysis can be listed as modelimgnowledge
extraction from crowd patterns [7-8] and crowd heébaanalysis.
Limited work is carried out to classify the behaviaf crowds in
surveillance systems. The research work presentethis paper
introduces the Graph theoretic approach based CrBeldavior
Analysis and Classification System. To achieve aateur
classification results the behavior of the persbim¢he crowd needs
to be analyzed first. The behavior of the persoimméehe crowd can
be analyzed based on the motion or trajectory iiesvobserved.
Based on the behavior of the personnel analyzednitbe classified
into normal or abnormal activity. Abnormal activigetection is

achieved by observing unusual behavior of persoonejroup of
personnel within a crowd. Activities like instanémus disbursement,
sudden convergence or fighting are classified a®@hal activities.
The work carried out so far by researchers, prijmaoncentrates on
analysis of activities amongst a few personnel greén the crowd
only, and do not take into account the inter pensbractivities for
classification. To overcome this Graph theoretiprepch based
Crowd Behavior Analysis and Classification System diaok
thepresented in this paper considers inter personciglitees for
analysis. The inter personnel activities are maadothrough the
motion vectors observed. To obtain the behaviorattars of
personnel in the crowd video an optical flow istially computed.
Based on the optical flow the path lines and sttieas are obtained.
The path lines, streak lines are used to derivestitgak flow vectors
which define the potential and personnel flow. Bvesame of the
video is analyzed using graph theoretic approachhbs. proposed
method considers each frame as a graph with sythgraill the
frames are analyzed and the cumulative varianamiisputed. the
cumulative variance is greater than a thresholdatttévity of the
personnel in the crowd is classified as an abnoatidVity.

The rest of this paper is organized as followstiSe two
discusses the literature review. The Graph theoagiproach based
Crowd Behavior Analysis and Classification Systendigcussed in
section three of the paper. The experimental stoolyducted to
evaluate the performance of the Graph theoreticcamh based
Crowd Behavior Analysis and Classification Sysisndiscussed in
the penultimate section of the paper. The concafuaind future work
is discussed in last section of this paper.

. Graph theoretic approach based crowd behavior analysis
and classification system

A. system model
In this paper, we are considering a surveillanaeeF xn. The
video represents a setiframes and the dimension of each image
is a x b pixels. Let us consider a framReat thet'” time instance
andP € F. Similarly the frame at the(t + 1)t" time instance is
represented a3 .The frame F! € F is split into a number of blocks
and a mesh based structure is created for compushtease. Let the
set 1 cJ? represent the crowd personnel to be observed én th
surveillance video spag¢é. The sef consists oM personnel. The
trajectory of thent™" personnel i.em € M at the time instancécan
be represented as (t:t; m;). At the initial instance i.ei = 0 the
trajectory is represented as(t: tomy). The trajectories is utilized
for optical flow] computations. From the optical flows the streak
linesA and path lineX of the personnel in the crowd are computed
frame wise. The streak flolvis then derived which is used for
analysis. For analysis a graph theoretic approactadopted in
theGCBACS . Each frame is considered as a gr@&amd analysis is
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carried out on the similarity and deviations arseskied. Cumulativ
variance is computed considering all the previous frames thi
current frame. If the variance is greathan the threshol then
abnormal activity is said to be detected. The proposed in
this paper can be understood basedhe model shown in Figure

OPTICALFLOW [ mrHIE (K), M\ | STREAKFLOW
Ij COMPLTATION
> cou?lmlo\ \ sekine (A) /\ I
VIDEO COMPUTATION V (f)
(FFrames)
NORMAL
BEHAVIOUR f COMULATIVE
A THRESHOLD ({p) A v / m\.fémm\.
<\ BASED < ‘ cowprzaTioy | < : c ;
ABNORVAL [ CLASSIFICATION F) (&)
BERAVIOLR
Figure 1: model overvie\

B. Optical flow computation
In Graphtheoretic approach based Crowd Behavior Analysis
Classification Systemthe Lucas &anade based methodology
used to compute the differential optical flow oethrowd vectors
The optical flow enables trajectory detection ofspanel in the
crowd. Let the velocity field defined over the ¢ be represented
as . The velocity satisfiethe continuity in time and
continuity in space domain to obtain smooth optical flows.
achieve optical flow computation a hierarchical ggrastructure i
considered to represent the video . Let the levels of the graph
be defined as . If represents the velocity then t
optical flow residual vector is used to minimizes the functit
vector Similarly the matching functic can be
minimized using the residual vector. The primaryguess for the

level of the optical flow is denoted as . The value
of is obtained by optical flow computations fr to
The frame and can be represented on the basis of the of
flows computed at all the levels and is descriaed

1)

(@)

Where are two integer values andand represent the

previous two framesBased on the above equations it can

observed that there exist a domain definition déffee betwee
and . The optical flow representation of the fra
is defined over the window size

instead of using

displacement vector is

Consider that th
and image positio
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. The vectc
. The function

vector is
function

minimizes the matching
is defined a

3)

An iterative Lucas kanade method isadopted to solve the
function and is represented

(4)

Note that -
derivative at the point

is the temporal frame image
. The point is defined

(5)
The derivative at is defined a
(6)
In Equation 5, — — is thegradient vector and can be
defined as
- (7)

The derivatives and can be computed directly from the ime

in the , Which is a neighborhood of

the point independently from the next ime . The

derivative images satisfy the expressi
and can be defined

(8)

)

-— (10)

(11)
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Considering,y, , it is evident that (a, b) contains information of
the gradients in theandb direction ofN. Let W represent the
number of iterations required ati > 1. Based on the optical flow
computations from1,2,3,-- (W — 1) the initial guessj %! for
pixel displacementjis obtained. The initial guess is given
asJ W1 = [J¥-1W-1T_ If Qy, represents the new image based
onjW=1 | provided V(a,b) € [pg — Wg, Pa + Wa] X [Pp — Wp,

pp + wy] then

Qw(a,b) =Qa + J' b + '™ (12)
Using the optical flow methodology iGCBACS the residual pixel
trajectory vector and mismatch vectors are obtained
C. Streak lineflow computation

In Graph theoretic approach based Crowd Behavior y&igland
Classification System the use of streak flow to oles¢he trajectory
of the personnel in the crowd is considered as dtieak flow
methodology enables instantaneous change observatiben
compared to particle flows.

Let us consider a particle at positidhin the tt" time instance,
present in thé& frame and it is represented @g (t), bY (t) ). The
advection of the particle is achieved by

al(t+1) = a¥(®) + Jo(a¥ (@, ¥ ), 1) (13)

b (t+1) = b () + Jo(af (®), b (©), 1) (14)
WhereJ,,], are obtained from the optical flow vectors. For thé
framesF and time t = 1,2,3...T using particle advection we can
obtain a vector matrix.. In this pap&? (¢, T) is used to represent the
path lines. Based on the streak lines the beha¥itireopersonnel in
obtained. Therefore, the streak flow is computedliardefined as

L= Ua)" (15)
The streak line computation is realized by intageatthe optical
flows J computed and forming extended particles. To compute
J$ and J§ have to be computed. let us consider a vegior [JL] to
obtain the streak flow in thedirection. The extended partidig has

three pixels as its neighbors which forms a trianffl is considered
as the interpolations of the neighboring pixels Bncbmputed by

Ji = aJiiy) + axJi(iz) + as/5(is) (16)
Using the interpolation method the parametgy§;),/5(i,) and

J5(i3) are obtained. For all the vectorsJp and based on Equation
16 we can state

LJs= I 17)
Where as,, are the elements of the matfixUsing J; and J; the
streak flowT is obtained.

D. Graph Therotic Mechanism

Let us consider a grapt (V,E) obtained from the streak
flow T'z . The vertices of the graph are the number of pael
vector observed and is defined as

V = {vq, vy, ...t} (18)
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The edges of the grafihcan be represented as

em} (19)
The streak flowI' computed represents a planar field, afid=
I'. + T, based on the decomposition defined by Helmhbijtis
the incompressible part afid is the irrotational part of the vector
field. The stream functioa and the velocity potential functighare
computed using Fourier Transforms as described 2i2]. [ The
functions ¢ andp are defined as

E = {el, €3, i

b
ala,b) = ag+ %X f(]g(a, s) +J5(0,5))ds
0

a (20)
— 3% [ U560 + s, 00)es
0
1 a
plab) = fo+ | 3% [ Ualsib) + 7565, 00)ds
y (21)

b
1
+ 3 X f(]g(a,s) +]g(0,s))ds
0

The functiona provides details of the steady motion vectors
andp provides the details of the random motion changésated. By
combining the @ andp vectors the potential functions of the video
frame is computed and the edgeBetan be defined as
E = {a,B} (22)
To detect abnormal behavior analysis of consecufiagnes is
considered i.e. grap&;_, and graplG;. The local differences in the

sub sets are measured to analyze the finer movemetie graphs
and is computed using

o

Wheref (x) is a function that defines the matching betweensilie
sets Gi* and G{“?. Where yis a predefined integer. The
cumulative variance observed till tFé"* frame can be defined as

F
IF—VZZIFV
x=1

If the value of the cumulative variance is gredtem a predefined
threshold ¢ then abnormal event is detected in the video and it
assigned the class 1 else 0. The classificatiorbeatefined as

{

1. Results and Discussion
This experiment evaluates the performance of thapksrtheoretic
approach based on Crowd Behavior Analysis and Cleasdn

(GSub

f(G22, G&)

(fMax _fMin) (23)

(24)

Feiass =0, If]F_V <e¢

v 25
Feass =1, If Fy 2 ¢ ( )
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System and  on Scenario 1 and Scenario is shown in Figure

the figure the use of bars is considered to repiebe results wher

the green bars represent normal crowd activity Hre red bar:

represent abnormal crowd activity. From the figitrés clear the

proposed Graplheoretic approach based Crowd Behavior Anal

and Classification Systeaxhibits better accuracy when cpared to
the system proposed i.e. . The nearly follows the
ground truth bar shown in the figure.. The misdfastion is

reduced as the proposed metlaaidpts the streak line flow to captt

the behavior of personnel in the scenario videosidered. Based ¢

the results it can be concluded that the proposed in this
paper can be efficiently adopted ferowd behavior study ar

analysis under varying conditions i.e. indoor antswle scenaric

Figure 2 Comparison results of crowd behavior recognitiad classificatiol
for sample videos in Sequence 1 and Sequel

The results are evaluated using receiver operating achenistic
curves ( ). The curve obtained for scenario 1, scenario
shown in Figure 3 and Figure 4.. Considering Scendriit is

observed that the area under the curve for is 0.89 and
0.68 for the The area under t curve for
and is 0.97 and 0.79, considering scenario 2. E
and exhibit better results when the indoor scenaris

considered as the motiorf the personnel in this video is relative

uniform. The motion trajectories of personnel iersario 1 is errati

and random. In both the scenarios the area und curve of
is more than the area under the curve fol

RECEIVER OPERATING CHARACTERISTIC PLOT

1.0

09 1 ]
08 % E
07+ E
06 1 E
05 1 E
04 ]
031 ]

TRUE POSITIVE RATE

02+ ]

0.1+ B
—&— GCBACS
T

00 1 1 1 1 1 B L
00 01 02 03 04 05 06 07 08 09 10

FALSE POSITIVE RATE

Figure 3 ROC Curves for Crowd Activity Classification based
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Figure 4 ROC Curves for Crowd Activity Classification based
GCBACS and VFF for Scena

V. Conclusion and Futurework

In this paper, we introduceCrowd Behavior Analysis and
Classification Systerfor surveillance video crowd behavior &
analysis. The Crowd Behavior Analysis and Classificati
Systenconsiders the use of streak flows to attdhe crowd
personnel behavior. The streak flows are obtaimeth fthe streal
lines and path lines. Optical flow methods are ugedbtain the
streak lines. The potential field variations captlby the strea
flows are analyzed using graph theoretic oaches. A threshold
based scheme is adopted to classify the cumulataeation
observed in all the frames of the video. The croaafivity is
classified as normal and abnormal behavior basedthen inter
personnel activity. The experimental results ented in this paper
validate that the proposetiethod can be utilized for analysis of
indoor and outdoor crowd surveillance videos. Tasults validate
that the proposed methodtperforms the existing methods used
crowd behavior analysis and clascation. The future of the research
work presented in this paper is to validate thefgoerance o
in varied datasets.
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