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Abstract Understanding crowd behavior using automated video &nalig a relevant re-
search problem in recent times due to complex challengesoimitaring large gatherings.
From an automated video surveillance perspective, estimat crowd density in particular
regions of the video scene is an indispensable tool in utateting crowd behavior. Crowd
density estimation provides the measure of number of peoggiven region at a specified
time. While most of the existing computer vision methods siggervised training to arrive
at density estimates, we propose an approach to estimatel density using motion cues
and hierarchical clustering. The proposed method incatpsroptical flow for motion esti-
mation, contour analysis for crowd silhouette detectiom elustering to derive the crowd
density. The proposed approach has been tested on a datfiseted at the Melbourne
Cricket Ground (MCG) and two publicly available crowd datiss—Performance Evalua-
tion of Tracking and Surveillance (PETS) 2009 and Univgrsit California, San Diego

(UCSD) Pedestrian Traffic Database—with different crowddiées (medium to high den-

sity crowds) and in varied environmental conditions (in pinesence of partial occlusions).
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We show that the proposed approach results in accurateatstiraf crowd density. While
the maximum mean error of & was received for MCG and PETS datasets, it waé for
UCSD dataset. The proposed approach delivered superiarpance in 50% of the cases

on PETS 2009 dataset when compared with existing methods.

Keywords Video surveillance crowd - density estimation people counting crowd

monitoring- optical flow- clustering.

1 Introduction

Monitoring crowd and understanding its behavior has beenairthe foremost research
frontiers currently. One of the objectives of crowd moriitgris to ensure safety and secu-
rity of the individuals in public gatherings (music con&rtpublic shared spaces (shopping
malls), roadways (pedestrian crossing, urban streetsjsport facilities (in airports, public
transport terminals), sporting events (such as in stadljamics), and importantly, in the
case of emergency evacuations (in the event of fire, terreathnatural disaster, building
collapse etc.). In the event of emergencies such as fire psiden eruption of violence etc.,
we require an estimate of crowd density in different spabsiual counting of the people
from several live streams of videos at a centralized looatiecomes tedious, which is the
current and widely adopted approach. Often, personneldvexperience fatigue with con-
tinuous monitoring of these feeds and it becomes impossibheonitor several streams in
case of emergencies.

To help alleviate the problem of manual counting, severapfgdetection, counting and
tracking systems have been proposed with some commerdizdroes. A comprehensive
survey of human activity recognition and behavior can badbin [80]. Often these systems
fail in occluded scenarios due to either unavailability mformation about the occluded
object during detection or the inability to establish therespondence upon reappearance
of the same object during tracking. People counting basasldcmonitoring systems detect
and locate the individuals to arrive at the number of peopla scene, whereas density
estimation based approaches, without locating indivelyaiovide a mapping of the group
of people to the crowd density in the scene (in a specific arsiag certain features. For
monitoring the crowd in public spaces, counting people biecteng the individuals and

then tracking is infeasible because of the occlusions arndhimg the reappearances.
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One of the primary objectives of monitoring the crowd in palspaces is to provide a
reasonable estimate of people for emergency evacuatiansath planning. Zhaet al. [92]
and Jacques Jt al. [41] have provided the importance of crowd analysis and tiygplica-
tions (public space design, creation of virtual environtagnisual surveillance and intelli-
gent environments) in managing large crowds. Crowd manigasystems face the difficul-
ties in detecting motion from the scene due to varying emwvitental conditions. Nonuni-
form illumination, cast shadows, nonrigid human movememd occlusions are some of
the major challenges [90]. The challenges associated wetiplp detection and tracking
are mainly ascribed to the nonrigid human body motions. Hhevas nonrigid objects, in
general, fall under the category of elastic and fluid moves§ 45]. The challenges in
object detection and tracking include [90] : (a) loss of infation (from 3D to 2D), (b)
presence of video noise, (c) nonrigid (articulated) objactions, (d) inter-object occlu-
sions, self-occlusions, partial occlusions and full osiduas, (€) random object motions, (e)
nonuniform scene illumination, and (f) near real-time @sgng requirements.

Most of the existing visual monitoring systems are appliediétect and track vehi-
cles (particularly cars) by the police to patrol highwaysariy crowd monitoring systems
do exist, but they face challenges and problems during tjie-é&nsity crowded scenarios.
Detecting and tracking a single object is relatively lesalleimging when compared to the
multi-object and high-density circumstances. Additibyyad further degree of difficulty is
added for the human detection and tracking because of th&gitbhody movements. Non-
rigid body movements imply that the movements of an objedtésherent and different
parts of the body move differently (varying directions ardioeities); whereas, rigid body
movement (such as vehicle) follows coherent motion (hdidsgparts of an object together).
Consequently, the techniques developed for vehicle deteand tracking would be inap-
plicable without modifications to the pedestrian tracking¢cluded scenarios. Hence, it is
of utmost importance to study, analyze and develop algostthat are specifically targeted
at monitoring the crowd.

In this work, we collected data from the Melbourne Crickeo@rd (MCG) as a means
to estimate crowd density at entry and exit points of the oarge. Six locations were cho-
sen for monitoring crowd movement. Fig. 1 shows the schenmagip of the MCG camera
locations and their view. The goal of this research is tawsste the crowd density without
using supervised video subvolume features or classifitatie@stimate the density. In this

work online refers to the way the processing of frames argezhout. The proposed ap-
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proach does not require all the frames; instead, the deissitstimated framewise. Offline
processing refers to batch processing where the processingimenced after the availabil-
ity of the complete video. The key differentiating factawrir the existing works is that most
of the methods are offline: use features that are extraabadtie the entire video sequence,

trained and classified to arrive at the estimate.

Fig. 1 Crowd monitoring at MCG: a small section of the concourse usedl as experimental testbed. This

figure shows the schematic view of six camera locations geplat the MCG.

In this regard, we present an optical flow based approachréevacdensity estimation.
The optical flow motion estimation is used as a primary basigéducing all the outcomes.
Different signal processing blocks, filters and mathenadtigols are analytically and effi-
ciently combined to provide the estimate of the density & $hene. We believe that this
work provides the necessary foundation for motion trackang analysis in the crowded
scenarios, and also a basis for future research in crowdvizehanalysis. The proposed
approach has been tested on MCG dataset—with low lightreeezlusions, perspective
distortion and low-quality video. To validate the proposggbroach, the method was tested
on two papular public crowd datasets—PETS 2009 and UCSDshéte Database—with
medium to high density crowds in the presence of shadows eridsions. These datasets
contain only humans and hence it is assumed that detectioljextts refer to humans only.
For identification of vehicles, humans, animals and othgeab, the proposed approach
requires addition of detection and classification stepsgtinguish these objects, which is
not pursued in this work. The advantages of the proposedapprare: (a) use of motion

features to calculate the crowd density as opposed to bagkdrmodeling, model-based
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approaches and texture methods and (b) estimation of gaasinline as opposed to of-
fline.

Section 2 provides a review of relevant background modelingtion estimation, hu-
man modeling, head detection and crowd density estimapiproaches. Section 3 provides
the flow of the proposed approach. Section 4 provides thebtiggection using motion esti-
mation and contour analysis. Section 5 describes the crendity estimation problem and
the proposed approach. Section 6 provides the completsedatad implementation details

followed by results and discussion, and with Section 7 aatiog this work.

2 Related Work

The primary requirement in object detection is to separatenhoving objects from the
background. Intuitively, one of the ideas is to model thekigasund of the scene and then
classify the objects that do not belong to the backgroundetasi foreground (objects). A
review of such background modeling schemes is providedéti®e2.1. The other approach
to extract the foreground is the motion estimation schenticiwestimates the inter-frame
motion information based on the pixel displacements. 8e@i2 provides the review of
motion estimation schemes. The second step in the objesttd®t is to ascertain that the
detected objects are indeed humans. A review of model bagedrhdetection is provided
in Section 2.3. Others prefer head detection to ascertaildimans. Section 2.4 provides
a review of head detection based approaches and finallyoBez# provides a review of

relevant density estimation approaches.

2.1 Background Modeling

In the process of motion detection and estimation for oljeackking, the separation of the
object is the most critical of all. Frame differencing, aibagpproach to detect the changes,
can be obtained by performing difference of two frames orakmyg difference between
a reference frame and the current frame [25]. The resultifigrence can be binarized
based on global thresholding [46] or multiple threshold.[8dditionally, the accumulative
difference image is an another way to segment the backgrirondthe foreground [42].
Pfinder [85] used a single-Gaussian multi-class statigizal-based model that maintains

the pixel values using the Gaussian model and thus toletladespontaneous pixel noise.
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The notion of adaptive background modeling was introducdguthe Mixture of Gaussian
(MoG) [26, 74]. Each pixel value was modeled as a MoG of rdgatiserved pixel values
(most probable background pixels will have more weight i thixture). A new Gaussian
was created by replacing the least probable Gaussian fraspemended list of Gaussians
to incorporate the new pixel value. Depending on the mearvaridnce of the pixel values,
the pixel that did not fit into any of the Gaussians was labaketbreground. This is one of
the most popularly adopted approach in background modeling

MoG was generalized using the Kernel Density EstimationEX[21], where the recent
values of the pixels were modeled as kernel. Up to this pailyt the intensity values were
used to model the background. Color Gaussian distributicach pixels was modeled to
exploit the color information by [95] inspired by [85]. It ¥gorth noting that color informa-
tion may change significantly when cast shadows and normmmifdumination are present,
particularly in monitoring crowd in the unconstrained eomment. Others have used the
eigenvalue decomposition for background subtraction. [E@jenvalues represent the vari-
ance in the decreasing order. Hence, eigenvalues of a refjgirels identify those pixels
with the higher fluctuations. Some have adopted to the rgn@iaussian average [98], spa-
tial correlation of pixels [69], or the bimodal distributief pixel values (either foreground
or background) [27—-29] for modeling the background. It $tidae noted that all of these
approaches use recent pixel observations. In contrast],ifof each pixel (in a given color
space), a set of sampled values were taken from the pastvailels or from the neighbor-
hood and the Euclidean distance between the new pixel valdehe set of samples were
computed and stored. The downside of modeling backgroutidgaisthe systems need to
learn the model of the scene. In general, learning the scemkeindepends on the learn-
ing rate and the sample frames (with no objects). Furthegmehen the background has
the wide dynamic ranges due to the presence of large numidedieidual objects and oc-
cluded objects, modeling the background would require apewatively longer time than

when only a few objects are present and are not occluded.

2.2 Motion Estimation

In contrast to the background modeling schemes, motiomatitin comprises of estimat-
ing the 2D pixel velocities between frames. Motion estimatieduces movements in the

scene based on the apparent motion of the objects in the.90gtieal flow is one such
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approach to estimate the motion (measuring velocity) carapts of objects in the scene.
Based on estimating the 2D flow vectors, motion estimatiohnigues can be grouped into
four categories [8]: (a) gradient-based techniques, @iprebased technigues, (c) energy-
based techniques and (d) phase-based techniques. Gradgsut techniques [34,50,59,79]
derive pixel velocities using the spatio-temporal deixed. Region-based technigues aim
to match the pixel intensities in a regional window by maximg the similarity scores [5,
70]. Energy-based techniques use the spatio-temporalowmand texture features in the
Fourier (frequency) domain to estimate the power specttheofvindow and calculated the
optical flow velocities [33,32]. Phase-based techniquespede the velocity vectors based
on tracking contour phases [82,23]. Dense optical flow [3fsiders the global view of
the scene and estimates the motion, where estimation obmegictors are smooth because
of regularization. Sparse optical flow [50] averages thelpimlues in a window and then
estimates the motion. The drawbacks of the motion estimaaproaches is that the tech-
niques developed are applicable only when there is a mdtiorases of object positioned

at a particular location for a long period of time, the objgeés undetected.

2.3 Human Modeling

To overcome the difficulty of incoherent motions of the husmfj, shape-based analysis of
the detected regions are widely used to the address prolflaom@n detection and classi-
fication. In [93] and [49], the problem of segmentation (hancaowd with occlusion) was
handled using the three-dimensional models and shapetetpriet the foreground. In [94]
and [96] both shape and appearance-based (color featuoelgisrwere maintained. Tem-
plates were used to represent the human shape informafip?4,120, 97] and wavelet-based
templates were also been employed [61]. Part-based mgtofethods include the prior ob-
ject shape information such as head, hands, torso, legscebe matched with the detected
shapes [18,91,78,16]. Shape models may also include tméspailhouettes, articulated
shapes [10], and skeleton models. Active Appearance Mdé&é$1) use both the shape
(spatial) and local (texture, color, edge) features [4339%7]. AAMs are suitable for face
recognition, eye tracking and medical image segmentalienertheless, matching the hu-
man models require definite models, object structuresgpeesiined color and reproducible

features.
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2.4 Head Detection

In most of the surveillance and tracking systems, it is agslithat the humans are walking
upright. One of the prominent features to track humans iseted the head. Since most
of the body parts follow articulated motion, head maintarstable shape for each of the
individuals. In this regard, people tracking and countiggtams have employed head de-
tection approaches [29,40, 36,57,58,55, 39]. Head detebtised methods are also used in
estimating the crowd density. Head detection assists alilong the individuals in crowded
scenarios. Global head detection and 2D Gaussian kernetl vagression was employed
in [66] to estimate the density in crowded scenarios. Istgueints based on the orientation
of the gradients were used to form a binary image. In [75], LéRannels, intensity of the
gradient channels and six orientation of the gradient chiznmere used as features for head
detection. However, the visibility of the heads depend endéimera angle and the severity
of occlusion. Complete top-view would always provide betegsults using the head de-
tection, whereas tilted cameras suffer from the occludtamther, other density estimation
approaches based on head detection will be dependent ordheaey of detected heads

and the detection rate is currently low.

2.5 Density Estimation

Most of the crowd density estimation schemes use eitheettiare features on the local and
global levels or extract the foreground pixels using theiaminformation. The extracted
features of the foreground pixels are then mapped to theccdemsity in a given region.
Texture features such as Gray Level Dependence Matrix (G),DMihkowski Fractal Di-
mension (MFD), Translation Invariant Orthonormal ChelaxsiMoments (TIOCM) were
used to classify the crowd density into five classes (very low, moderate, high and very
high) using Self Organizing Maps (SOM) [64]. GLDM was usetbatl and global levels as
features and Support Vector Machine (SVM) as classifietferbnormal crowd density de-
tection [86]. Kanade-Lucas-Tomasi (KLT) [50] tracking fiees were clustered to estimate
the crowd density in public venues [3]. Statistical textomeasures such as contrast, homo-
geneity, energy, entropy, Gradient Orientation Co-o@nwe Matrix (GOCM) were used

in conjunction with thev-Support Vector Regressiow+{SVR) for estimating density [53,
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52]. Gaussian regression process to density estimatioig ggometrical, edge and texture

features can be found in [12].

Background modeling based approaches can also be foune iltdhature. Features
such as blob area, Harris corner, KLT feature points, cantormber, contour perimeter,
ratio of contour perimeter to area, Canny edge and fractaédsion were treated as inputs
to multi-variable linear regression model [54]. Combinimeural networks with foreground
pixels and morphological operations, the crowd density @ggnated in [37]. Density was
also estimated by accumulating foreground pixels over fiolewed by the use of tex-
ture features such as the four orientatiorfs:45°, 90° and 135 to create the Gray Level
Co-occurrence matrix (GLCM) and statistical features fgyeentropy, homogeneity, and

contrast) [73].

In contrast, crowd modeling was also performed using magistimation followed by
Markov Random Field (MRF) to locate the objects’ positionsl application of the least-
squares method to reduce the neighborhood search spacd-{8#jermore, motion fre-
quency using the Discrete Cosine Transform (DCT) coefftsiamd SVM to estimate the
density was proposed [38]. Using moving Speed Up RobustFeébURF) points and their
clusters as input features for tleeSVR, density estimation was performed in [17]. Most
of the aforementioned approaches to density estimationinedraining. Consequently, a
change in the scene or camera or orientation requires mitgadf the system, which is

undesirable as an end user.

In this paper, we propose the crowd density estimation usioiipn estimation followed
by the hierarchical clustering. Willick and Yang [83] indted that Horn and Schunk’s mo-
tion estimation scheme [34] performed better compared tgeRawork [59]. Additionally,
since the selection of window size in Lucas-Kanade [50]cff¢he flow vector determina-
tion, nonrigid human motion may generate noisy vectors @egto dense optical flow.
Therefore, in this work, we use the dense optical flow for progstimation by Horn and
Schunck [35]. Fig. 2 presents an overview of the developed@monitoring system. The
system is divided into five major blocks (see Fig. 2): (a) cammeputs, (b) prepossessing
filters, (c) people tracking, (d) motion tracking, and (e)wed events. In this work, the path
chosen to estimate the crowd density is: input from camerayreprocessing filters:2»
multiple objects:3— density estimation:4- people count:5. We assume that the video data

from cameras are directly accessible, the cameras areataliband only human objects are
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present. Sample frames from the three datasets (MCG, PEQ% aAid UCSD)are shown
in Figs. 3, 4, and 5.

Camera Preprocessing People Motion Crowd
Filters Detection Tracking Events
( Single \ | People X
[ Object ]_ Tracking Walkl_ng
- Running
Noise Removal No l Loitering
Input from lllumination Falling
camera Shadows i People ighti
Occlusion Fightin
@ Direction @ [ ] [Count ®] Mgrging
Morphological Yes l T Splitting
Edge Enhance Dispersion
[ Multiple @] [ Density ® Evacuation

Objects | Estimation

Fig. 2 Overview of crowd monitoring system

3 Flow of the Proposed Approach

Let | pxq represent an area in the frarhg,y), wherep,q € Z,. represent the number of

pixels. The problem of crowd density estimation then trares to
filpxlqg€R?— f(lpxq) €N, @)

where f (I pxq) is the crowd density irhy.q of I(X,y). Thus, the goal of the crowd density
estimation now turns to estimating number of people in argiegion. In other words, the

function maps the number of moving objects to the region énftimeground.

1. Atfirst, nonlinear distortions introduced such as basrgdincushion distortions by low-
cost optics are rectified by applying lens correction prda@ileach of the frames. Addi-
tionally, theperspectivity introduced in imaging from 3D to 2D to central projection are
fixed by perspective correction.

2. Next, the video frames are pre-processed to remove amp vidise such as chroma
noise, blurred scene and speckle noise or so by applyinabdeffilters.

3. Later, motion vectors of the scene are computed from thieaddlow to narrow the
search space (of foreground pixels) for estimating the drdensity. In other words, we
do further computation on motion vectors and their locatiohthe video scene in the

current scene instead of the entire video scene.
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(d) 16S.11,C4

(f) 16S.11,C6

Fig. 3 Sample frames from MCG dataset for different cameras

4. Motion vectors corresponding to the zero angular ori@naare eliminated. We con-
sider only those motion vectors that have both horizontdl artical motion compo-

nents. This step provides a means of filtering the speckigeregjuivalent generated by

the motion vectors.
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(a) S1-L1, Timestamp: 13-57, Viewtb) S1-L3, Timestamp: 14-17, View-
001, Frame #130 001, Frame #090

(c) S1-L2, Timestamp: 14-06, View-
001, Frame #090

Fig. 4 Sample frames from PETS 2009 dataset [22]

(c) vidf1_33.008, Frame #001

Fig. 5 Sample frames from UCSD Pedestrian Database dataset [13].

5. Contours are drawn for each of the connected regions.stesdemarcates the crowd
region and provides as a input to the next level of procesSimgemarcate these regions

truthfully to crowd regions only, step 2 is essential.
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Input Lens Distortion Correction Motion estimation,

Region of
Interest (ROI)

Clustering Crowd

Contour Analysis, Motion Cues Density

Motion cues

Video Perspective Correction,
Prepocessing

Fig. 6 Flow of crowd density estimation by clustering motion cuaghe Region of Interest (ROI), the actual
number of people were 2. One can notice that this is a lowt-tiggion. The proposed solution estimated the
density to be 3.

6. Refine the motion cues by spatially filtering the motionteexusing the median filter
to reduce rapid changes in motion information. Motion vecia a space of the video
region can posses high variance in case of crowd due to katiclmovements of people.
This variance is reduced by means of median filter and asgjghe filtered value to all
the elements of the block.

7. Finally, foreground pixels are mapped to the crowd dgnisjt clustering the motion
cues hierarchically. The association of the crowd densita region is a function of
block size and the motion information obtained from spbtifitered motion vectors.
Clustering the motion vectors is tantamount to localizimg inovements corresponding

to grouped objects and thus providing an estimate of theaaensity.

The complete flow of the proposed crowd density estimatigmasided in Fig. 6.

4 Object Detection

In this section, the building blocks of detecting the movaigects for density estima-
tion are described. The preprocessing block, estimatdseatie motion in the scene from
two consecutive frames using optical flow, and finding thet@ars and their analyses are

presented in the following subsections.

4.1 Lens Distortion Correction

Most of the optical devices introduce nonlinear distorsiolm case of image formation in
a camera, two main types of distortion are introduced: fati&ortion and tangential dis-

tortion. Radial distortion introduces barrel and pincoshéffects, whereas the less-severe
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tangential distortion arises when the image plane and tieegiane are not parallel. Radial
distortion proves to extremely distort the images comp&wadngential. Tangential distor-
tion is attributed to the manufacturing defects. Consetiyiein this work, only the radial

distortion is considered. The radial distortion is coregcby determining the coefficients

(K = {k1, ko, k3}) regulated by the'®-order polynomial equation [51, 30]:
f(r) =21+ kir? 4 kor® +kar® )

where f(r) is the functional withr = x? +y? and (x,y) forming the image coordinates.
When f(r) < 1, the barrel distortion arises and pincushion effect sedawhenf (r) >
1. Fig. 7 shows the barrel and pincushion distortions andd=sfpows an example of “barrel”

distortion present in one of the frames of MCG dataset ancbitsection.

(a) Barrel distortion (b) Pincushion distor-

tion

Fig. 7 (a) Barrel distortion and (b) pincushion distortion due émiinear optical effects of a camera lens [63].

(a) 16S.11,C2 (b) 16S.11,C2

Fig. 8 (a) Presence of the barrel distortion in C2 is more clearjblé towards the left edge of the frame

where the vertical structure appears to be bent outwardgbdmtistortion corrected frame.

4.2 Perspective Correction

During image formation, the light from the 3D projective spdP?) is projected onto a 2D

spaceP? through the fixed centre of projection. If we dengXeY,Z, 1) as a point irl?® and



Estimation of Crowd Density by Clustering Motion Cues 15

(x,y,1) in P2 in homogeneous coordinates, then the perspective prajedamera matrix)

can be written as:

X fx Sk Xo Ri11 Ri2 Ria tx
Y| = |0 fyyo Ro1 Rz Ros ty
1 001 R31 Rs2 Rss tx

®)

N < X

N~
image plane intrinsic parameters extrinsic parameters — =~
world plane

= K[RY]

N < X

where(fy, fy) are the focal lengths of in thi,y) directions of the image in terms of pixel
units, (Xo, Yo) is the principal pointsk is the skew parameter are the 5 intrinsic parameters.
The extrinsic parameters indicate the rotati®) and translationt] between the camera
coordinates and the external world.

However, projective transformation introduces perspectistortion through central
projection mapping. This distortion projects objects elfo® camera to appear bigger and
objects far away from the camera to be smaller. The distoiticorrected by estimating the
projectivity or collineation or homography from points to points, from lines to lines, from
PP? to P? [31]. The homography matrikH) is a non-singular matrix and hence invertible.

The homography is estimated by using Direct Linear TramsfLT) given by:

X h11 hiz hag| |X
S|y| = |h21 2 hos| |Y 4)
1 a1 hgz hag| | 1
v
—Hl|y
1

wheres is a nonzero scalar. The matik has 8 degrees of freedom and hence requires 4
point correspondences between images. An example of irepeorrected frame from

MCG dataset is shown in Fig. 9.
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(a) 16S.11,C1 (b) 16S.11,C1

Fig. 9 (a) View of C1 and (b) its perspective corrected view for thE®dataset.

4.3 Preprocessing

Let (x,y) denote a pixel in a framé(x,y). In this work, x axis indicates the horizontal
axis of the frame and thg axis represents the vertical axis of the frame. At this stage
every frame is first bilaterally filtered to preserve edgesr@auce variations in color pixels
with gq = 5 andg; = 10. Bilateral filtering is applied to boost the sharpnessefftames
while maintaining perceptually strong colors and edgestNkese frames are converted to
grayscale. The grayscale frames are then low-pass filtergdrinate high frequency noise.
This is accomplished using two-dimensional Gaussian fiitr 1t = 0 andoy = gy = 0.1.

The filtered frames are then used for motion estimation usiagptical flow [34].

4.4 Motion Estimation

For a given sequence of frames, the motion is computed us@nggtical flow approach. The
brightness at poinit(x,y) is denoted b¥E(x,y,t), wheret represent the time. Assuming that
a moving object retains the constant brightness, estimationotion between two frames
of a video sequence is given by optical flow [34]:

JEdx JEdy JE
Sra T ota At ©)
Further,

whereu = g—>§ andv = 3—{’, represent the velocities of matching pixels in two frangmatially,
for each pixel locationgx,y), the resultant velocity vector of two-dimensional motion (

u(xy) = g—;‘ andv(x,y) = g—{’ ) with time is calculated. The matrix of resultant vectors’
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magnitude and directions are given by:

lr(xy) = \/ (U(XY)2 +V(xy)?) (7)
and
_ v(xy)
Ip(Xy) = arctan( iy) ) (8)

wherelr(x,y) andIp(x,y) together indicate the presence of moving objects. Matriges
andlp are used to detect the object boundaries in contour analgierithm 1 shows a

pseudocode of preprocessing and motion estimation.

4.5 Contour Analysis

Contour analysis includes demarcating the boundarieseopdissible object detected from
the previous steps. Both the magnitudig) (and direction kp) matrices are used for this
analysis. For each iteration of the optical flow between ks, the direction matrix

comprises of vector directions for each of the pixel movetsiefihe angle of these vectors

are confined td0, 360) degrees. To segment the motion of objetssis binarized for only

Algorithm 1: Initialization
Data: initialization(video, perspective point correspondesidens profile)

Result: opticalFlow (o)

/* Correct radial lens distortion */
lensProfileCorrection(video);

/* Initialize video frames */
totalNumberOfFrames- numberOfFrames(video);

processingFrame = 1;

while processingFrame < total Number OfFrames do

/* Perform perspective correction */
currentFrame = perspectiveCorrection(currentFrame);

nextFrame = perspectiveCorrection(nextFrame);

/* Remove noise */
currentFrame = preprocessing(currentFrame);

nextFrame = preprocessing(nextFrame);

/* Compute optical flow */

| o = computeOpticalFlow(currentFrame, nextFrame);

end
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(@) 16S.11, C2, MCG(b) S1-L2, Timestamp:(c) S1-L3, Timestamp:
Dataset 14-06, View-001, Framel4-17, View-001, Frame
#136, PETS 2009 dataset#090, PETS 2009 dataset

(d) vidf1.33.000, Frame #003,(e) vidf1.33.007, Frame #003,
UCSD dataset UCSD dataset

Fig. 10 Examples of contour analysis: (a) Contours detected for Mia@set, (b)-(c) PETS 2009 dataset,

and (d)-(e) UCSD dataset. (Note: perspective correctionnishown here for image clarity)

those pixels withlp(X,y)| > 0. The speckle noise in the foreground pixels that may origi-
nate either due to presencewbr v component is eliminated. The binarizégl is further
smoothened using ¢/ 7) median filter to reduce any speckle noise. Morphologitaging

is performed to enhance the motion segmentation. Next,dhtoarsC = | J{'c; are deter-
mined for each of the nonzero foreground components. Fopl&ity, the subscript is
dropped in future contexts. Fig. 10 shows the examples efctled contours following pre-
processing step (without perspective correction) inclgdinotion estimation and filtering
of the flow vectors for MCG dataset, PETS 2009 and UCSD dat8#&®ilar results would
be obtained with the inclusion of perspective correctioowiver, the size of the objects

would be normalized in the latter case. Algorithm 2 showsetkieaction of contours.

5 Crowd Density Estimation

5.1 Foreground Mapping

Each object occupies certain area (region of foregroundlpilzelonging to an object) in
the foreground due to its motion. In case of single objeet fthheground region correspond-

ing to the object will be less when compared to multiple otsjenoving together at same
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Algorithm 2: Contour analysis
Data: contourAnalysid(p)

Result: contoursl ¢

/* Extract contours */
if Io then
IR(%Y) = /(U Y)2+V(%Y)?) ;

V(x,y) )
u(xy) /'
while not end of frame do

Ip(X,y) = arctan(

/* Apply region of interest mask */
Ir(X,Y) = Ir(X,Y) AND RO,

Ip(%Yy) =Ip(x,y) AND ROI;

if In(x,y) == 0then

‘ IR(xY)=0;
else
‘ IrR(xY)=1;
end
end
/* Extract contours from boundaries */

Ic = findContoursir(x,Y));

end

scale. The contour of the multiple unoccluded objects foapsyvalleys between objects—
Zhaoet al. [94] provided silhouette projections of multiple objecthave one can observe
valleys) in the foreground mapping, whereas, the contoarmdrtially occluded group fills

these gaps to a major extent (this was the phenomenon thdbwad in case of partially

occluded objects). Now, the problem is to learn the crowasitgorresponding to the fore-
ground regions. Motion cues has been used for mapping themmmts of the objects to the
foreground pixels, median filter of the motion vectors tcateethe blocks in the foreground

regions and the hierarchical clustering to map the foragtoegions into the crowd density.

5.2 Selection of Motion Cues

Most of the methods describing density estimation in Secicequire training to deduce a
function that provides crowd density in the scene. Briefhycenthe contours are extracted,
the region of interest (ROI) is binarized to generate a aanmaaskcmaske The optical flow

magnitudel g corresponding to thenas are processed for density estimation. Bounding
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box information is derived for each of the contours. The hig box region of thdg
(corresponding t@ . is divided intob x b block. In order to alleviate the flow noise,
for every block, the pixel values in each of the blocks ardasgd by median filterly(x b)
output. The resulting matrix is termed a®tion matrix M, is a matrix with the blocks of
sizeb x b for every contour and each block corresponding to the mediares of original
Ir. In this approach, since perspective correction is usedblibck size is fixed to 32 32.
Block size for uncorrected perspective scene can be detediy the height and width
of the objects obtained during camera installation andcation process. For each of the
contours inC, the contour widthGyig, contour heighttheigh, contour orientatiorcangie
contour starting point, andcy are obtained. Average single object szeand object area
O, are determined using contour dimensions. The block Isizedetermined by using the

single object contour size in the scene. The block kizegiven by:

1
T, ©
SO

wherecsq,q;, andCsq,q, are height and width of a single object contour, akg = 3 is

chosen such that at leds$o blocks cover the width of a single object.

Algorithm 3: Motion cues
Data: motionCued()

Result: Motion cues(lyv)

whilelc do

/* Compute motion matrix */
M =createBlockd();

for each blockin M do
| Mpxp = mearfMpyp)

end
/* Derive motion cues */
_ _(M=Mpin)
IM T (Mmax—Mpin)
end

5.3 Clustering Motion Cues

Let Myin and Mpyex denote the minimum and maximum ®&. The motion cue ma-

trix or motion cues |y is obtained by relatively scaling the motion informationlgs=



Estimation of Crowd Density by Clustering Motion Cues 21

(a) Current frame (b) Motion vectors’ signature for 5 people in the

scene

(c) Gaussian shaped distinct points for 5 people

Fig. 11 Refining and clustering motion cues to estimate densitytgNaerspective correction is not shown

here for image clarity)

% Fig. 11 shows an example of the motion information matriki{out blocks).
We see that relatively high magnitude motion informationnfoa 2D Gaussian-shaped
points. The distinct points (highlighted points) corresgpdo distinct number of people
in the scene. As a result, one can generalize that the matiemmatrix|y highlights the
regions in the scene that approximately correspond toifgfang individual objects i.e. if
there areN people in a scene, then there would approximateliNlm®rresponding distinct
points. Thus, we can deduce the density of the people in #reesitom the motion cues.

In order to deduce density, isolation of distinct points écessary. A natural way to
achieve this is by clustering the motion cues. At first, diskrity matrix of the motion cues
is obtained a® = I " | y. Spectral clustering methods such as Principal Componeat-A
ysis (PCA), Singular Value Decomposition (SVD) requireubhpbout topd eigenvalues,
which limits our ability to determine the number of clustpresentK —means clustering

requires the desired number of clusters, which is unaiteaédr our purpose. However, on
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the other hand, hierarchical clustering provides us a migisslate distinct points that cor-
respond to number of people in the scene. This forms the basibe use of hierarchical

clustering of motion cues.

Intuitively, the idea is to form the clusters of motion vestoepresenting the foreground
objects as patterns of crowd. Thg provides a natural 2D Gaussian model for forming
clusters with peak values indicating the highest velogitiethe center of the objects and
decreasing values as moved away from the center. In casewfled scenes, the inter-
cluster variance, a property of clustering algorithm, isduto cluster different objects in
the scene. AX-means tree representing the clusters of motion vectorddwmei an ideal
approach; however, we do not know the density of the crowdfaridermore, the density
changes with time and hence we cannot fix the number of cludtestead, we use hierarchi-
cal clustering where we use agglomerative clustering tilbe clusters (bottom-up). The
dissimilarity matrix consists of features from spatidilyered median motion vectors. In the
process of clustering, the most similar blocks are mergeldtemprocess is continued across
the scene. In agglomerative clustering process, singkagdje clustering is used (nearest-
neighbor clustering) as the motion vectors belonging totgaab will be similar to its centre
and also the dissimilarity increase with increased distamz] peaks at the interface between
two objects. This process identifies the distinct motioriaegin the scene. Minimum span-
ning tree is constructed using single-linkage clusterind the computational complexity
of the clustering amounts 16(N?). Average-linkage and complete-linkage computational
complexities are of the orde?(N®). Since we are using 2D plane for the scene analysis,
Euclidean distance is used as a metric to perform clustdysiagwhere inter-cluster and
intra-cluster variance are used simultaneously to deterrtiie formation of the clusters.
Algorithm 3 provides the pseudocode for obtaining motioescirom contours and Algo-
rithm 4 describes the procedure of clustering to extratirdispoints. The nearest-neighbor
or the single-linkage would create a minimum spanning toeer¢ate clusters where the
blocks are distinct since the clusters are formed by linkhrggymotion signatures through
edges that are distinct. Algorithm 5 provides a brief ovamwbf process to estimate crowd

density.
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Algorithm 4: Clustering motion cues
Data: motionCues

Result: clusters

/* Initialize cluster */
m=0;
/* Initialize sequence number for clusters */
s=0;
/* Initialize hierarchical level of cluster */
level(m) = 0;
while clusters do
/* Find minimum of all dissimilarity blocks */
d(i, j) = argmin||D; - Dj ||, = argminHIMi —Iwm, Hz;
/* Increment the sequence number */
s=s+1,;
/* Merge the clusters to form a new cluster and assign level */
level(m) =d(i, j);
/* Renew the Iy with new cluster */
/* Repeat until all elements are clustered */
end

Crowd
Density

EN

Input Video Motion signature Gaussian formation Clustering
filtered motion cues

Fig. 12 Overview of clustering motion cues. (Note: perspectiveextion is not shown here for image clar-

ity).

6 Performance Evaluation

The implementation of the proposed crowd density estimadjaproach was carried out in
OpenCV 23 on a Virtual Box Linux machine (32-bit Ubuntu 12.04 LTS) guped with
1.5GB RAM and Inte® i7 — 2600 CPU running at.8GHz. The proposed approach was
tested on the MCG dataset and two popular crowd datasetsS RBU9 [22] and UCSD

Pedestrian Database [13].
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Algorithm 5: Crowd density estimation
Data: crowdDensity=(video, perspective point correspondsnlems profile)

Result: crowdDensity

totalNumberOfFrames: numberOfFrames(video);

processingFrame: 1;

while processingFrame < total Number OfFrames do

if (currentFrame AND nextFrame) # NULL then

/* Correct lens distortion */
lensProfileCorrection();

/* Correct perspective distortion */
currentFrame = perspectiveCorrection(currentFrame);

nextFrame = perspectiveCorrection(nextFrame);

currentFrame = preprocessing(currentFrame);

nextFrame = preprocessing(nextFrame);

/* Compute optical flow */
|0 = computeOPticalFlow(currentFrame, nextFrame);

/* Extract contoours */
Ic = contourAnalysid(p);

/* Select motion cues */
Im = motionCued(c);

/* Identify objects */

crowdDensity= clusteringMotionCues(dissimilarith,_, ));
dse

End of video reached or error in reading frames;

end

end

6.1 Dataset

Table 1 provides detailed information about the three @dsa$/CG dataset was originally
collected in Advanced Systems Format (asf) from six camandeur different days of Aus-
tralian Football League (AFL) matches held at MCG. The data eollected during the start
and end of the games. We collected a total of nearly 6 hoursitaf ger camera from each
camera at 30 fps (equivalent to 36 hours of data at 30fps at)t&tor the purpose of crowd
density estimation, four cameras were chosen (C1, C2, C46% l@-line with standard

public datasets, one minute of video from each camera wasotat during the peak crowd
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movements and converted to JPG format for analysis. Theefrsire is 640« 480 and in
RGB format. The ground truth was generated manually usistpaized software.

PETS 2009 dataset images are in JPG format with a size of B@8. View 001 is con-
sidered for the density estimation for sequences S1.L125ind S1.L3. Different environ-
mental conditions such as shadows, overcast, medium ahchogrd density were present
with both walking and running events. The crowd density isngsted in regions RO, R1
and R2 as shown in 10 for sequences S1.L1 and S1.L2. For Sdeb8ijty is estimated in
region R1. The ground truth information for PETS 2009 ddtasavailable in [56]. In the
PETS 2009 dataset, the regions RO, R1 and R2 had been marlhd gtaset providers.
The dataset has three roads (surrounded by green lawns dtieatienal campus) intersect
at a point. From View-001, R1 oversees one of the roads arndtémsection point. The road
from R1 leads to another road where R2 overlooks that roagioR&R0 encompasses not
only regions R1 and R2, but also other regions including liivel toad and walkable area
where there is a possibility of peoples movement. The sizeebbjects in R1 is compara-
tively larger than in R2. Furthermore, R1 is more occludeahgared to R2 because of the
camera view and angle.

UCSD dataset contains walking events and comparativel\llsngzed objects. The
images are with a resolution of 238158 in grayscle and PNG format. UCSD dataset is
challenging in terms of smaller object size (less motiomrimfation and reduced texture
features) and techniques dependent on color informatiaridyperform poorer because of
lack of color information. Initially, using empirical kndedge the block size was set to 6.
The ground truth information for UCSD Pedestrian Databadas®t is available at [13].

6.2 Results and Discussion

Performance of the density estimation is measured usinghMdzsolute Error (MAE),
Mean Relative Error (MRE) and Root Mean Squared Error (RMSBE, MRE and RMSE
can be calculated using (10), (11) and (12):

MAE = % IA(i) — P(i)] (10)
1 JAG) =P
MRE = N2 A (11)
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Table1l MCG 2011, PETS 2009 and UCSD Pedestrian Database datasdtsuhis work. Details of each
dataset and video sequence with their conditions are pdvidCG dataset sequences are in (RGB) JPG for-
mat (640x 480). PETS 2009 sequences are in (RGB) JPG format and hafrarthe resolution of 768 576.
UCSD Pedestrian Database dataset sequences are in ((gpyd& format and have the frame resolution
of 238x 158

Frame rate  No. of people

Dataset Sequence View Environment Event Frames
(fps) Min Max
Low density crowd .
16S.11 Ci1 Walking 302 6 1 6
Low light
N High densi d
i ensity crow
2011 165.11 c2 g y Walking 313 6 4 15
Occlusions
Medium density crowd .
16S.11 C4 Walking 303 6 0 11
Low light
High density crowd .
16S.11 C5 Walking 296 6 5 13
Low light, Occlusions
Medium density crowd .
S1.L1,13-57 001 Walking 221 7 0 19
Overcast
PETS Medium densi q
edium density crow:
2009 S1.L1,13-59 001 ty Walking 241 7 0 20
Overcast
High density crowd .
S1.L2,14-06 001 Walking 201 7 0 21
Overcast
Medium density crowd
S1.L3,14-17 001 Bright sunshine Running 91 7 0 22
Shadows
vidf1_33.000y - Medium density crowd Walking 200 10 12 22
vidf1_33.001y - Medium density crowd Walking 200 10 20 27
vidf1_33.002y - Medium density crowd Walking 200 10 19 25
UCSD vidf1_33.003y - Medium density crowd Walking 200 10 11 21
Pedestrian yidf1 33004y - Medium density crowd Walking 200 10 11 23
Database
2008 vidf1.33.005y - High density crowd Walking 200 10 20 40
vidf1.33.006y - High density crowd Walking 200 10 32 45
vidf1_33.007y - High density crowd Walking 200 10 29 45
vidf1_33.008y - Medium density crowd Walking 200 10 21 31

vidf1_33.009y - Medium density crowd Walking 200 10 17 24
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N
RMSE = \/éiZWi)—P(i)z (12)
()

wherei indicates thei" frame, A(-) is the ground truth crowd density ar®{-) is
the predicted density. MAE provides a measure of how wellp@dormance is in terms
of absolute error i.e. the absolute difference between theaameasured values (ground
truth) and the predicted values for each frame and averagethé given sequence (all
the frames). MRE provides a percentage relative error i@.ratio of absolute error for
each of the frames to the actual value expressed in pereentag gives us a measure of
how good the prediction is relative to the size of the act@dlle. RMSE provides a mea-
sure about variations in predictions and will always be methan or equal to MAE and
MAE < RMSE< +/N-MAE [84]. In other words, closer the RMSE values to MAE, bette
the predictions results are. Although, these three meaianee been used in literature com-
monly, comparison among different approaches are mairdiuated based on MAE. This
is because of the nature of the application (crowd dendisf)is more meaningful in terms
of MAE for a given sequence and the way the density is estidniatdifferent for different
approaches.

MCG dataset was collected indoors, whereas PETS and UCS®ag#ected outdoors.
As a means to validate the proposed approach, it was validateETS and UCSD datasets.
Further, we provide the comparison with respect to the iegsnethods on PETS 2009
dataset. Table 2 provides the results for MCG dataset. FFee thut of four sequences, the
MAE error was less than 2 and less than 4 for the entire daféaele 3 shows the results
for the PETS 2009 datset. For region RO, the MAE was less thRAE was less than 4 in
region R1 and less than 1 for region R2. Table 4 shows thetsefeulUCSD dataset. The
MAE for four sequences were less than 1, three sequenceth&s? and three sequences
(the MAE and MSE for pedestrian movements using supervisedmses for the UCSD
dataset can be found in [14]). The results demonstrate libgiroposed method provides a
reasonably good estimate of the crowd density.

The prediction error plots for the three datasets have begaded in Online Resource.
The prediction error plots include ground truth, prediatesults and the error. Furthermore,
for each sequence, mean and standard deviation per persmvided. Most of the meth-
ods have provided the mean error for the entire sequencealfftihe frames). However,
we believe that such a measure would not provide adequateviafion about the density

since the error during increased or decreased crowd densitipe averaged over the en-
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Table 2 Results for MCG Dataset. MAE, MRE and RMSE measures have tabeated.

) Prediction Error
Dataset Sequence View

MAE MRE RMSE

16S11  Cl 0122 29.34%  3.30
MCG ~ 16S11  C2 03.62 32.72% 574
2011 46511 c4 0195 6231%  3.93

16S11 C5 0182 20.78% 467

Table 3 Results for PETS 2009 dataset (View-001). MAE, MRE and RMSfasares have been tabulated.

Prediction Error

Sequence  Timestamp

RO R1 R2
Zgggs MAE MRE RMSE MAE MRE RMSE MAE MRE RMSE
S1lL1 13-57 02.78 21.89%  03.93 02.97 38.29% 02.86 00.75 6%2.6  02.63
Si.L 13-59 02.14 31.65%  03.78 02.15 16.97% 04.19 00.58 3%.6 02.78
S1.L2 14-06 02.95 40.72%  04.68 03.62 34.13% 03.35 00.83 028.5 02.10
S1.L3 14-17 - - - 01.40 19.40% 01.35 - - -

Table 4 Results for UCSD Pedestrian Database dataset. MAE, MRE &f8ERmeasures have been tabu-
lated.

Prediction Error
Sequence

MAE MRE RMSE

vidf1.33.000y 01.34 42.26%  05.38
vidf1.33.001y  00.63 13.32%  04.54
pﬁdiif’ﬂan vidf1.33.002y 00.54 13.28%  04.41
Daztgct))gse vidf1.33.003y 01.15 22.50%  04.01
vidf1.33.004y 01.76 34.76%  05.02
vidf1.33.005y  02.66 14.63%  03.63
vidf1.33.0068y 02.29 23.64%  04.14
vidf1.33.007y 02.97 12.25%  03.74
vidf1.33.008y 00.47 07.25%  02.87
vidf1.33.000y  00.87 24.11%  04.95

tire sequence. Instead, we have provided the predictiam erterms of density that clearly

highlights the trend of the system error. MCG dataset resdve been presented in Online
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Table5 Results for PETS 2009 dataset. In this table, results ofriééqus works presented in [75] has been

tabulated for comparison in the regions RO, R1 and R2. Fdr sequence in the regions RO, R1 and R2, the

best MAE results have been highlighted.

Prediction Error

Approach Methods Sequence  Timestamp R2
MAE MRE MAE MRE MAE MRE
Background S1.L1 13-57 06.17 35.00% 02.27 21.00% 02.95 36.00%
. Yao and Odobez o o o
Modeling [44] S1.L1 13-59  02.08 14.00% 01.64 18.00% 01.02 16.00%
D*ét"e'ﬁfi‘gn + Subburamaet al. [75] S1.12 14-06 03.01 13.00% 02.35 14.00% 01.42 10.00%
S1.L3 14-17 - - 02.21 15.00% - -
Backgrgund Barmich and S1.L1 13-57 05.95 30.00%01.90 29.00% 02.50 32.00%
Modeling Droogenbroeck [7] S1.L1 13-59  02.08 11.00% 01.86 18.00% 00.86 11.00%
ngﬁﬁgn + Subburamaet al. [75] S1.12 14-06 0240 12.00% 01.40 10.00% 01.70 01.70%
S1.L3 14-17 - - 01.89 10.00% - -
S1.L1 13-57 04.80 25.00% 02.40 32.00% 03.40 42.00%
Head Subburamaet al. S1.L1 13-59 04.70 35.00% 02.60 47.00% 01.10 21.00%
Detection [75] S1.L2 14-06 0500  60.00% 03.10  74.00% 0330  23.70%
S1.L3 14-17 - - 02.88 56.00% - -
Motion S1.L1 13-57 0278 21.89% 02.97 38.29% 00.75 52.66%
Estimation S1.L1 13-59 02.14 31.65% 02.15 16.97%0.58 57.63%
+ Density Proposed
L S1.L2 14-06 02.95 40.72% 03.62 34.139%90.83 48.50%
Estimation
S1.L3 14-17 - - 01.40 19.40% - -

Resource Fig. 1 and Fig. 2. PETS 2009 results are depictedlinédOResource Figs. 3-6.

UCSD dataset results are presented in Online Resource-E. The mean error increases
as the density crosses 10 for MCG dataset, 15 for PETS 20@&etaind 10 for UCSD

dataset. The error is attributed to the heavy inter-objectusions.

Various methods have been proposed by research commumitiBETS 2009 dataset.

The proposed method is compared with the results provided i, 75], tested on PETS

2009 dataset, and [12] tested on UCSD dataset. Table 5 po@domparison of previ-

ous work [75] and the proposed work. The table highlightspgteliction error in terms of
MAE and MRE for the regions RO, R1 and R2. Table 5 provideslainmeasures (MAE

and MRE) compared to the others in regions RO and R1. Sincestfien R2 consists of
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Table 6 Comparison of results for PETS 2009 dataset.In this tabflts of previous works presented in [4,
17,75] has been tabulated for comparison of individual eeges. For each sequence, the best MAE results

have been highlighted.

Prediction Error

Method Albiol et al. [4] Conteet al. [17] Subburamart al. [75] Proposed
Learning Supervised Supervised Supervised Semi-supervised
Type Approach Approach Approach Approach
Detection People People Head People
Type Detection Detection Detection Detection
Sequence MAE MRE MAE MRE MAE MRE MAE MRE
S1.L1,13-57 2.80 12.6% 1.92 08.70% 5.95 30% 2.17 37.61%
S1.11,13-59 3.86 24.9% 2.24 17.30% 2.08 11% 1.62 35.41%
S1.L2, 14-06 5.14 26.1% 4.66 20.50% 2.40 12% 2.47 41.11%
S1.L.3,14-17 2.64 14.0% 1.75 09.20% 2.20 10% 1.40 19.40%

single-object cases for larger extents of time, the MRE mmesis skewed. Hence, the MRE
measure in R2 shows higher error rate. In [75], Subburaghahused gradient features and
training for arriving at the results. The proposed appraasd motion features for determi-

nation of density.

Table 6 provides a comparison of previous work [75] and thased work for individ-

ual sequences rather than the regions RO, R1 and R2. ResH$} fvas obtained from [17]
and [75]. For the purpose of comparison, we have averagedliamed measures (MAE
and MRE) in the regions RO, R1 and R2 to obtain the MAE and MREefch sequence.
Considering the supervised approaches [4,17,75], theopeabapproach provides similar
results and is the best in case of S1.L3 (Timestamp: 14-1F5dnl 1 (Timestamp: 13-59)
with the MAE measures 0f.40 and 162. The proposed method performed better in 2 out of
4 sequences. In sequence S1.L1 (Timestamp: 13-57) peopie finoon right to left, where
people are partially occluded and boundary between grongpeai clearly demarcated. In
S1.L2 (Timestamp: 14-06) people move from right to left aggle group with occlusions.
In contrast, in S1.L1 (Timestamp: 13-59), people move irugsafrom right to left such that
groups as well as individuals are well separated and oarlasire very limited. In sequence

S1.L3 (Timestamp: 14-17), people move across the scenel&fro right while running.



Estimation of Crowd Density by Clustering Motion Cues 31

During the running event, people are individually sepataldne better performance of our
purposed approach in 2 out of 4 cases compared to othersiimggt to the fact that dur-
ing limited occlusions, the proposed method performs he@eclusion handling will be
addressed in future for enhancing the system.

Noise induced at the low-level due to the nature of digitadge formation can at many
times introduce erroneous results in the high-level prsiogs The noise would generally
be small variations in the pixel values in a given neighbotholhough these variations
are undetected by human perceptions (because our visuehsys filtering these varia-
tions), these small variations will result in high-amplieunoise at higher-level processing
in the digital image domain. As a result, filtering or redgrihe noise at the low-level of
video processing forms one of the key building blocks of tisee® analysis. Filtering in this
context implies that reducing variations among perceptsihilar colors and maintaining
edges to determine the characteristic features. Bilafiéigalis one such state-of-the-art fil-
ter that was first proposed by Aurich and Weule [6] as “nhon<Sian” filter in 1995 and
later reintroduced by Smith and Bardy [71] in 1997 and by Tsinamd Manduchi [76] in
1998. Tomasi and Manduchi [76] coined it as “bilateral” filend remains the most pop-
ular edge-preserving even today. The biggest advantagedhe bilateral filtering is that
it maintains colors and edges that are perceptually meanitg humans, which mainly
imitates human vision system. In other words, the filter r@ins geometric and photomet-
ric closeness of neighborhood pixels. In the proposed,htagsbeen applied on the input
color frames. Application of bilateral filter to optical floestimation can be found in [87,
68]. While preservation of edges are essential, presencriitiple object boundaries invite
large number of edges that degrade the high-level proggssithe case of crowd move-
ments. On the other hand, Gaussian filter is a low-pass filggrdliminates high-frequency
signals (edges) by averaging the pixels in the local neidtdml according 2D Gaussian
function [76]. In the proposed approach, Gaussian filterdegs added on top of bilateral
filter to ensure that high-amplitude edges are suppresdad the combination of filters
yield smooth object surfaces and simultaneously, reduiggddmplitude edges for smooth
motion estimation.

The proposed approach is suitable for sparse camera (siryig networks where such
networks form the essential components of surveillanctesys[72]. Counting people us-
ing tracking may be accomplished in sparse camera networkiermse camera networks.

In case of dense camera networks, multi-view invariantuiest assist to help resolve oc-
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clusions with the combination of trackers. The challengesparse camera networks are
that only single-view features are available and that theufes must be invariant. Gradient-
based optical flow, used in this work, is one of such invarfi@atures. Furthermore, perspec-
tive normalization in dense camera networks provide atewrlaject sizes. In sparse camera
networks, only camera calibration parameters are availdbmust be noted that most of
the existing methods apply weight to the features to cormgierfer perspective distortion.
In these cases there is an assumption that features aratdedir all the detected objects.
Additionally, it is assumed that features are consistenbédh objects nearer to the camera
and farther from the camera. Most of the Optical CharacteoBeition (OCR) systems and
License Plate Recognition (LPR) systems employ perspectvrection [77,89]. However,
the features available for the farthest object decreassimdrease in perspective distance
away from the camera [77]. Indeed, research indicates #appctive corrected images
yield more accurate results. For instance, a study by @ezak [15] regarding visual image
registration based using Scale-Invariant Feature Trams(8IFT), SURF and optical flow
indicated that the two natural features, SIFT and SURF dediy poor performance. With
the inclusion of optical flow and perspective correctionaiiance properties were achieved
delivering superior results. Therefore, detecting prantrfeatures without correcting the
perspective distortion will not yield accurate resultsjathhas been the major trend in the
existing approaches. In this work, we have explicit 2D-2Drgetric mapping that compen-
sates foiperspectivity.

In literature, many methods employ the background modelpmroach to segment the
foreground objects and map the foreground pixels to the eurobobjects. Others extract
the texture, color or intensity features and then use tleitigaand classification using clas-
sifiers while assuming that the objects are available. Coedp® these methods, in general,
the proposed method uses motion estimation and contowsas &b extract the foreground
objects without training. For instance, Chetral. [12] use temporal subvolume of the video
to extract features. A similar video-temporal subvolunasdsl approach was proposed us-
ing motion only features by Raet al. [65], in which several frames were considered. An
improvement in this work is that the density estimation isdghon individual frames rather
from several frames (except for motion features where tamés are required), as this was
our primary goal of the proposed approach.

An analogy can be drawn between the crowd monitoring systeows in Fig. 2 and

human visual system for density estimation. In human visigstem, rods and cones act as
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sensors in capturing the visual images. Rods are sensitigevtlight vision, provide coarse
information and fast, whereas cones require minimum luméeaprovide fine details and
are slow in response. Ganglion cells aggregate informaiigmals from rods (many-to-one
mapping) and cones (one-to-one) for sending it to Lateraicdate Nucleus (LGN), which
acts a carrier of signals for higher level processing. Tigaads from LGN are projected
into visual cortex for object recognition, registrationdaracking. Edge, direction, spatial,
temporal and chromaticity information are clubbed (lobi8&ID/OR) and a decision is
made at higher dimensional to accurately identify the dbjewariance of scale, space and
identity [19,81,48]. In the proposed approach, camera odsvis tantamount to rods and
cones; preprocessing filters to ganglion cells and LGN; [@edptection, motion tracking
and density estimation are equivalent to functions of \lisagex.

Although the overall results are impressive, slow movesiant shadows limits the ef-
fectiveness of the proposed algorithm. If the objects areimgoslowly such that the optical
flow is unable to determine the apparent motion, then thecobjetection, contour extrac-
tion and density estimation may not be accurate. One suctasods when the people start
to gather at a point and the people at the center do not movhbisiiscenario, only the ex-
terior of the crowd has the movements while the interior ef¢lowd has zero movements.
In those cases, use of area information from motion cuesdvoglvaluable to deduce the
crowd activity. We used background modeling based on MextfrGaussians (MoG) [26,
74] to handle such scenarios. Furthermore, the dense biiiwavas used to obtain smooth
vectors globally. Sparse optical flow methods are limitedstmall movements and in case
of articulated movements of people, dense flow handlesudated movements smoothly.
The results of density estimation can be greatly improvet thie incorporation of explicit
shadow handling method. However, it should be noted thatétuded scenarios, formation
of shadows are less likely and also the presence of shadow wopact less on count-
ing because of occlusion. There are several instances whelgsion causes the number of
foreground detected regions that do not match with the hctoavd density of the scene.
In such cases tracking of the people coupled with densitsnatibn correction would be an
ideal solution. Again, either the full body detection or tread detection, and tracking de-
pends on the number of distinguishable features and tradkeiency. Most of the trackers
assume that the heads of the people are visible. In case obUiatset, even head detec-
tion may also become inefficient because of lack of featuse®l(-sized objects) and the

frames provided are purely grayscale.
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The future work includes handling explicit static crowd rament, resolving ambiguity
during occlusions without tracking and shadows during cesvscenarios. One possibility
to handle crowd occlusions would be to adopt the concept aicgavideo as described
by Sand and Teller [68]. However, the dynamics of crowd mamis must be taken into
account, which necessitates further study in this directikaddition of texture information
will add another dimension to addressing problems withicstabwd movements. Whether
the texture information provides any improvement in harglibcclusions and shadows in
crowded scenes need to be investigated. Additionallyhé&urstudy is required whether tex-
ture information is necessary or to the degree to which gdsindant with respect to motion

and vice versa, and how well can the combined features bédpplcrowd monitoring.

7 Conclusion

Understanding the crowd behavior using an automated videlytics is a relevant research
problem from a video surveillance perspective. Crowd dgrestimation in a video scene
is necessary in understanding the crowd behavior. Mosteog#isting density estimation
methods use the supervised training schemes to arrive detisity estimates. In this work,
we proposed crowd density estimation based on clusterintgomoues. The proposed ap-
proach results in accurate estimates of the crowd densiglivered superior performance
in 50% of cases on PETS 2009 dataset when compared withnexisiethods. While the
maximum mean error of 3.62 was received for MCG and PETS elfstais was 2.66 for
UCSD dataset. The maximum mean error was found to be nonminastimating crowd

density.
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