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ABSTRACT Descriptors are important for quantifying crowd behavior. The existing descriptors generally
provide information about crowd density, i.e., number of people/objects present in a defined spatial area.
However, other properties of crowd like speed, direction, shape, and merging probabilities (of different
crowds at group level) are also important for crowd analysis. In this paper, crowd descriptors (by mitigating
the effects of outliers) are introduced which can be used for crowds having various densities. The simulations
on various datasets show the applicability of the proposed descriptors.

INDEX TERMS Descriptors, crowd behavior analysis, outliers.

I. INTRODUCTION
Themost prominent characteristic of moving objects (people,
animals/birds, insects, micro-organism and vehicles etc.) is
their coherent motion. Moving objects are influenced by
their neighboring moving objects. Some examples of people
coherent motion include human crowds at stations, shopping
malls, zebra crossings etc. The shared destinations and syn-
chronized movements of individuals forms a general crowd
behavior [1]. Crowd direction and density descriptor can
locate the source and sinks of different crowd groups in
a scene. The motion of different crowd groups in a scene
helps in estimating their speed which in turn helps to prevent
any disastrous situation e.g. road accidents. The probability
of one group merging with other group can help in crowd
management and disaster control. Similarly to determine
how uniform a crowd is, the shape of the crowd can help.
Quantitative analysis of coherently moving groups is useful
in different applications (like crowd scene understanding,
video classification, group segmentation, visual surveillance,
homeland security, disaster prevention and behavior
analysis [2]).

Some of the existing quantitative descriptors include
collectiveness [3]–[7], uniformity and conflict [4], [5], sta-
bility [4], [5], [7], [8], excitement level [9], direction
and velocity [10]–[12], abnormal behaviors [13]–[15], Curl
and Divergence [16], density [17] (any italic word in this
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document represents a crowd descriptor). Competitive studies
on crowd analysis can be found in [18], [19], [19], [21].
The crowd collectiveness descriptor is estimated using local
spatio-temporal relationships, velocity correlations and col-
lective transition priors [3]–[5]. In [4], [5], stability, unifor-
mity and conflict descriptors using collective transition prior
is also presented. Another collectiveness descriptor has been
proposed by [6] using global spatio-temporal information.
However the use of velocity correlations effects the descrip-
tor’s results for static crowds. In [7] an online collective-
ness descriptor is defined based on a spatio-temporal feature
detector and Gaussian mixture models. They also calculated
stability, conflict and density of detected crowd. Lagrangian
coherent structures [8] segments the coherent crowd flows
and analyzed flow instability for videos. However the method
is not capable to segment incoherent motion and has signifi-
cant time delays.

In Conigliaro et al. [22] measure the overall excitement
of a crowd by detection and classification (set of predefined
classes) of different patches in the frame. Co-occurrence and
spatio-temporal dependency based model uses background
subtraction at pixel level for direct event characterization
and behavior analysis [23]. However the techniques do not
work for dynamic backgrounds. In [10] and [11], direction
and velocity are estimated by tracking of individual trajecto-
ries in non crowded scenarios. Computer vision techniques
are used to create realism by simulating crowd. However,
the simulation results are generated from a synthetic (rather
a real) scenario.
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FIGURE 1. Clustering results on public pathway dataset.

Crowd anomaly detection based on scale invariant fea-
ture tracking suffers from computational complexity [24].
Normal and abnormal crowd behavior classification based
on bag of words and social force model suffers from localiza-
tion anomalies [13]. Dynamic textures and appearance model
estimates crowd normality by detecting manually labeled
activities [14]. Local anomalies detection based on proba-
bilistic technique fails to detect global patterns [15]. Curl
and Divergence Trajectories descriptors (CDT) [16] uses
trajectory-based motion coding to measure the collective
motion patterns. A new texture feature based on completed
local binary pattern is used to estimate the crowd density [17].
The image in divided into blocks and each block is classified
as low, medium or high density based on a trained support
vector machine.

Overall the existing techniques use velocity correlations,
background subtraction or synthetic data, whereas we focus
on analyzing the crowd at group level.

Our contributions are outlined as
• The development of a new and effective approach, which
combines well-founded literature techniques in a novel
way to quantize the crowd at group level.

• The group properties speed, direction, shape and merg-
ing probabilities have been quantified in this paper.

• The proposed descriptors can deal with outliers
efficiently.

The aim of this paper is to quantify the group proper-
ties speed, direction, shape and merging probabilities in the
crowd. The proposed descriptors are capable of detecting
and excluding outliers. Note that the presence of outliers
can cause significant deviation and errors in the results.
Simulation using various datasets demonstrate the effective-
ness/applicability of proposed descriptors.

II. PROPOSED CROWD DESCRIPTORS
The crowd analysis use tracklets obtained by applying KLT
tracker [3]. Let I (t) be the t th frame in the video, the KLT
tracker is,

I (t)
∣∣∣T
t=1

KLT
−−−−−−→

Tracker

(
X ,Y

)
(1)

where the coordinate matrices X and Y with respect to time
(t = 1, 2, . . . ,T ) and tracklet number (p = 1, 2, . . . ,P)
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TABLE 1. Public pathway dataset.

are [3],

X =


x1(1) x1(2) . . . x1(T )
x2(1) x2(2) . . . x2(T )
...

...
. . .

...

xP(1) xP(2) . . . xP(T )

 (2)

and,

Y =


y1(1) y1(2) . . . y1(T )
y2(1) y2(2) . . . y2(T )
...

...
. . .

...

yP(1) yP(2) . . . yP(T )

 (3)

These tracklets are used to find initial clusters using the
coherent filtering [25] scheme. which are then refined using
group detection scheme [4] to obtain final cluster matrix.
In coherent filtering the local spatiotemporal relationships
of individuals in coherent motion is used to detect coher-
ent motion patterns. Accurate crowd clustering is performed

using voting based technique (which takes into account the
clustering information of previous frames). Let the cluster
matrix C be defined as,

C=


c1(1) c1(2) . . . c1(T )
c2(1) c2(2) . . . c2(T )
...

...
. . .

...

cP(1) cP(2) . . . cP(T )


where cp(t)∀(p,t) ∈ [1,N ] and N represents total number of
clusters.

which are then refined using group detection scheme [4] to
obtain final cluster matrix. In coherent filtering the local spa-
tiotemporal relationships of individuals in coherent motion is
used to detect coherent motion patterns.

A. CROWD DIRECTION
The crowd inmotion has some direction andwhere the people
are moving coherently in different directions. This descriptor
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FIGURE 2. Clustering results on shopping mall dataset.

helps to identify the direction/flow of the crowd. Conse-
quently, the sink/source and anomalies (i.e. motion in wrong
direction) in the crowd can be detected. The research closest
to our work is proposed in [12] but it is not directly compa-
rable to our work since they focus on the crowd as a whole
and finding the dominant motions in the crowd where as we
focus on the direction of different crowd groups in a crowded
scene.

To find the direction of nth group in a crowded
scene, the horizontal xn1u (t), xn1u (t − 1)and vertical yn1u (t),
yn1u (t − 1) coordinates of each point u, present at time
t and t − 1 are considered (to eliminate the effect of
outliers).

The direction θnu (t) for each point in cluster n at time t is
then given as

θnu (t) = tan−1
(
ynu(t)−y

n
u(t − 1)

xnu (t)−xnu (t − 1)

)
(4)

The final direction θn(t) is estimated by taking mean and
mode of the directions computed for each point.

θn(t) =
mean

(
θnu (t)

)
+ mode

(
θnu (t)

)
2

(5)

B. CROWD SPEED/VELOCITY
The crowd moving in a direction will have some
speed/velocity which provides the behavior of coherently
moving objects. The speed descriptor is applicable in detec-
tion of traffic violations, pedestrian and bacterial abnormali-
ties etc. The velocity of a crowd group at time t in a crowded
scene is estimated by the distance covered in a specific
amount of time δ i.e.,

Dn(t)=
1
Un

Un∑
u=1

√(
xu(t)−xu(t − δ)

)2
+

(
yu(t)−yu(t − δ)

)2
(6)
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FIGURE 3. Clustering results on Zebra crossing dataset.

where Un represents total number of points in the nth cluster.
The velocity νn(t) is defined as,

νn(t) =
Dn(t)
δ

(7)

Note that the descriptors are computed over a complete
group/cluster, therefore it is possible that some outliers can
change the results drastically. To detect the outliers, the mean
difference value of consecutive frames are compared with a
pre-defined threshold. If any outlier is detected, the group
is further divided into two sub-groups and the group with
maximum points is selected for computation of different
descriptors.

C. CROWD MERGING PROBABILITIES
The merging probabilities define how likely a cluster can
merge with its neighboring clusters at specific time. The
descriptor can be used to find any disastrous situations.
A huge crowd or crowd accumulating at a specific area can

be detected and managed before any disaster happens. To our
knowledge no such descriptor has been described in previous
studies. To calculate the merging probability, the distance
between all the points of two crowd groups/clusters are com-
puted. Let γn1n2 (u, v, t) be the distance of u

th and vth points
present in n1 and n2 clusters respectively at time t such that,

γn1n2 (u, v, t)=

√(
xn1u (t)− xn2v (t)

)2
+

(
yn1u (t)− yn2v (t)

)2
(8)

∀(cu(t) == n1& cv(t) == n2). The distance matrix 0n1n2 for
cluster n1 and n2 is defined as,

0n1n2 (t)

=


γn1n2 (1, 1, t) γn1n2 (1, 2, t) . . . γn1n2 (1,V , t)
γn1n2 (2, 1, t) γn1n2 (2, 2, t) . . . γn1n2 (1,V , t)

...
...

. . .
...

γn1n2 (U , 1, t) γn1n2 (U , 2, t) . . . γn1n2 (U ,V , t)


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TABLE 2. Shopping mall dataset.

The mean distance is computed as,

0̄n1n2 (t) =
1
UV

U∑
u=1

V∑
v=1

γn1n2 (u, v, t) (9)

and the merging probability between n1 and n2 cluster is,

φn1n2 (t) =
1+ e−β0̄n1n2 (t)

α
(10)

and for all clusters,

8(t)=


φ11(t) φ12(t) . . . φ1N (t)
φ21(t) φ22(t) . . . φ2N (t)
...

...
. . .

...

φN1(t) φN2(t) . . . φNN (t)


Note that φnn = 1 and φn1n2 = φn2n1 .

D. CROWD SHAPE
The groups in the crowd often have circular shape which can
be used to measure how uniformly the crowd group/cluster
is moving. Its application can be found in medical sciences
when the shape of cancerous cells is different from that of
neighboring cells. In human crowds it can be used in event
management e.g. Olympics, where they group the perform-
ers in different shapes. To our knowledge no other research

discusses the shape of the crowd groups in this context. Con-
sequently the shapes of different groups are estimated using
parametric equations of circle, ellipse and oval. The boundary
of group is computed by joining the outermost points in group
and the center of gravity (estimatedmean value) is calculated.
Shapes of different sizes with variable orientations and trans-
lations are placed on the cluster boundary. The mean absolute
error is minimized and the best parameters (center, radius and
orientation) define the shape of that specific cluster.

III. RESULTS AND DISCUSSION
We quantified four visual group properties in the form of
descriptors defining speed, direction, shape and merging
probabilities. The proposed descriptors are evaluated on
CUHK dataset downloaded from [4], [5]. It includes crowd
videos having variable crowd clusters and various densities.
The 474 videos in the datasets are captured in 215 different
scene environments like zebra crossings, malls, stations, and
parks. A direct comparison of these descriptors with any
other descriptors was not possible because of their novelty,
quantification and group level estimations.

Three different cases are discussed in the paper. In case 1
we have a public pathway where people are moving in differ-
ent directions. For the scene selected we have four clusters
with their cluster numbers shown in figure 1. Group descrip-
tors are evaluated for this case and are shown in table 1.
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TABLE 3. Zebra crossing dataset.

In figure 1, cluster 1,2 and 3 are moving in the same direction
while cluster 4 is moving in opposite direction which is
verified by a minus sign shown in table 1. The speed of
clusters remains almost constant from frame 32 to 37. But
as the clusters 1 and 2 are merged, the speed descriptor
value changes drastically which shows anomaly or ill defined
descriptor due to outliers. To cater the problem of outliers an
outlier correction is applied and the results are improved as
shown in table 1. The merging probabilities are low because
they are moving in the same direction and with a constant
speed. None of the cluster qualifies as circle, oval or elliptical
in shape so they have their error values. Lower error value
meansmore closer to the shape. In this case lower error values
are observed for oval shape at time 32 where all these clusters
are nearly oval which can be seen in the figure 1 as well.

In case 2, we have a moving crowd (see figure 2) with
three overlapping clusters numbered as 1, 2 and 3. Cluster 1
and 3 have motion in similar direction whereas cluster 2
has motion in the opposite direction which is shown by the
minus sign in the results table 2. The clusters are moving
with a constant speed as this scene is from a shopping mall.
Similarly the merging probability of cluster 2 and 3 is higher
because they are more closer to one another and opposite in
directions as shown in the figure 2 as well as in table 2. None
of the clusters have circular shape so we have higher error
values.

Case 3 shows a scene from a zebra crossing where pedes-
trians are crossing the road from both sides thus having two
clusters numbered as 1 and 2 (see figure 3). The direction of
cluster 1 is along positive axis while the direction of cluster 2
is along negative axis. The results are shown in table 3. Since
the distance between both the clusters is reducing with time
and they are moving towards each other with constant speed

so they have maximum merging probabilities as compared to
previous cases. In this case it can be clearly seen that clusters
are nearly circular or oval which is also verified in table 3.

IV. CONCLUSION
The quantification of crowded scenes can help in different
disastrous situations.Most of the work in literature focuses on
the crowd as a whole however the proposed technique focuses
at group level and presents new quantitative descriptors to
estimate speed, direction, shape and merging probabilities of
different clusters moving in the crowd.

Simulations on various datasets demonstrate the applica-
bility of proposed descriptors. Nonetheless, there is still much
room for further improvements. The proposed descriptors can
be extended for real time data. Similarly with time the size of
the video data is increasing and may develop a need for faster
algorithms in near future.
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