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Abstract

Crowd behavior analysis research has revealed a central role in helping people to find safety
hazards or crime optimistic forecast. Thus, it is significant in the future video surveillance
systems. Recently, the growing demand for safety monitoring has changed the awareness of
video surveillance studies from analysis of individuals behavior to group behavior. Group
detection is the process before crowd behavior analysis, which separates scene of individuals
in a crowd into respective groups by understanding their complex relations. Most existing
studies on group detection are scene-specific. Crowds with various densities, structures, and
occlusion of each other are the challenges for group detection in diverse crowded scenes.
Therefore, we propose a group detection approach called Collective Interaction Filtering to
discover people motion interaction from trajectories. This approach is able to deduce people
interaction with the Expectation-Maximization algorithm. The Collective Interaction Filtering
approach accurately identifies groups by clustering trajectories in crowds with various
densities, structures and occlusion of each other. It also tackles grouping consistency between
frames. Experiments on the CUHK Crowd Dataset demonstrate that approach used in this
study achieves better than previous methods which leads to latest results.
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1. Introduction

There is a rapid installation of closed-circuit television (CCTV) cameras in streets and

businesses around the world for safety monitoring. However, manual effort of studying a large
number of crowd phenomenon data is difficult. Therefore, automated understanding of crowd
behavior using surveillance videos is a pronounced focus in computer vision.

Crowd is difficult to be analyzed, but worthy to be understood as the event is likely to be
limited to the results of interaction between members of the same group [1]-[4]. Division of
crowded scenes can done into two clusters: structured and unstructured scences according to
the movement of the crowd [5]—[7]. In structured crowded scenes, most of the people move
consistently and follow common direction, and each dimensional position of the scene devises
a key crowd behavior [5]-[7]. Examples of structured crowded scenes include marathon race,
processions, and military parade soldiers march. In unstructured crowded scenes, people
appear to be random, with different actors moving at different times in diverse directions, and
each dimensional position has several crowd behaviors [5]-[7]. Examples of unstructured
crowded scenes include exhibitions, people walking on the zebra crossing in the opposite
direction, and crowds in airports, railway stations, and shopping centres. The structured and
unstructured crowded scenes are the challenges to detect groups of people in crowded scenes.
Besides that, various densities and occlusion of each other are also challenges for group
detection. Therefore, most existing studies on group detection focuses on scene-specific which
resulting in model overfitting, and thus are hardly useful for other scenes.

Motion feature is the input for group detection. While shape-based, color-based, and
texture-based are important visual features [7]-[8], motion feature is the fundamental study
area in this paper. Trajectory or tracklet is the motion representation for group detection which
is calculated based on a moving object tracks. The complete trajectories are hard to gain in
crowded scenes due to occlusion. Hence, Zhou et al. [9] suggested tracklet is a short temporal
segment of a trajectory. Cluttered background or occlusion affects the terminations of tracklets
[9]. Trajectory or tracklet motion feature researches achieved relatively better performance for
structured and unstructured crowded scenes [1], [2], [4], [10]. However, object tracking can
hardly achieve good accuracy in cluttered scenes and as the number of people increase cause
the occlusion [1], [2], [4], [10].

The current group detection approaches which applied in identify groups by clustering
trajectories suffer from the following problems. First, the existing grouping techniques are
ineffective in division of detection features points into groups in order to form a dynamic
group detector. These weaknesses in occlusion caused by the amount of points changes [1], [2],
[11], [12]. Second, the group detection approaches cannot support crowds with various
structures and densities [1], [5], [7], [13]. Third, most previous studies [1], [10], [12], [14]
emphasis on the motion correlation of individuals within a local region and limited to grouping
consistency between frames.

In addressng the above limitations, we propose a novel group detection approach called
Collective Interaction (CI) Filtering. Below are our main contributions:

e The key person which remains consistent between all frames in each cluster over

time-varying dynamics in crowded scenes is explored to handle grouping consistency
between frames.
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e We introduce distance, occurrence, and speed correlations of each person with the key
person as a matrix to deduce the people's interaction in a tracklet clusters with
Expectation-Maximization (EM) algorithm to handle the occlusion.

e \We propose group refinement threshold based on the results gathered through the
inferences on human relationships in order to tackle the crowds with various densities
and structures.

This paper is prepared as follows. Current studies of group detection issues are discussed
from different perspectives in Section 2. Section 3 explains the proposed group detection
approach in detail. Section 4 describes information on CUHK Crowd Dataset [1] for group
detection. Section 5 provides a detailed discussion on experimental results for group detection.
Section 6 has concluded with a summary and future directions.

2. Related Work

Motion pattern segmentation which is used in crowd analysis is able to analyze the motion
patterns and achieve insightful interpretation [15], [16]. It creates clustering difficulty in group
detection studies [7]. The process involves detection and extraction of motion features,
followed by grouping the features into similar categories through some resemblance measures
or probabilities [7].

Cheriyadat et al. [17] apply a distance measurement based on longest common
subsequence for feature trajectories. The method involves optical flow tracking in tracking
low-level features individually, followed by clustering these trajectories into a smooth motion.
Spatio-Temporal Driving Force Model [18] which based on trajectory information of multiple
objects tracking is used to model segmentation into offensive and defensive pattern groups.
The proposed model simplifies the segmentation algorithm from diverse period instants and
detects the main person with the most likely match. Ge et al. [19] uses bottom-up hierarchical
clustering of trajectories based on pairwise objects’ distance and speed to detect small groups.
Cosar et al. [20] apply group tracking algorithm to detect group. The defination of group is
where two or more individuals whose distance near each other with the same direction and
coherent movement. All the above motion pattern segmentation methods are categorised as
similarity model-based clustering. The advantage of similarity model-based clustering is its
speed to measure of the similarity between the tracks. However, the cluster parameters need to
be fine-tuned for changes of camera viewpoint. The feature point tracking may be affected by
noise. Similarity model-based clustering is generally suitable for low-density of structured and
unstructured crowded scenes.

The following similarity model-based clustering methods are suitable to be applied in low,
medium, and high density of diverse crowded scenes. Zhou et al. [14] propose the Coherent
Filtering (CF) algorithm, which is a clustering technique to detect coherent motion from the
time series data. It is based on characterization of the interaction between the individual local
spatio-temporal called the Coherent Neighbour Invariance. KLT [21] feature point tracker to
extract tracklets and then grouped to form trajectories. CF detection cannot be shared across
the group dynamic modelling neighbourhood in measuring coherent movement [1]. It is thus
sensitive to tracking failure [1]. In addition, CF is first detected based on a coherent motion
between successive frames, and then the group is associated through the whole video clip, so
its error is accumulated [1]. Trojanova et al. [12] use k-nearest neighbor graph to characterise
the topological point of trajectories collected in crowd. The data-driven graph segmentation
and clustering can be applied to groups with different scales and arbitrary shapes in
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overlapping motion patterns [12]. The results of Trojanova et al. also show groupings
consistency from frame to frame.

Probability model-based clustering can be implemented for crowd motion pattern
segmentation [7] and overcomes the limitation of similarity model-based clustering. Pellegrini
et al. [22] employ Conditional Random Field to predict the trajectories and estimate group
connections as potential variables in a short prior. The Random Field Topic model which is
based on the motions of objects has been used in semantic area analysis in crowded scenes [9],
[23]. Zhou et al. [9], [23] model presume that fragments of trajectories or tracklets are detected
in crowded scenes without learning semantic region from complete trajectories or from optical
flows. Lu et al. [24] suggest an enhanced floor field cellular automation model based on
leader-follower rule to study pedestrian group behaviors. The proposed model is valuable for
crowd evacuation. All of the above-discussed researches concentrating on scene-specific
which resulting in model overfitting. Hence, these methods are difficult to be applied for other
scenes.

Methods suggested by Shao et al. [1] and Solera et al. [2] tackle the limitation of identify
groups by clustering trajectories in extremely crowded scenes. These methods also can be used
to diverse crowded scenes with dynamic viewpoints and scales. Shao et al. propose Collective
Transition (CT) prior algorithm for group detection in diverse crowded scenes. The key idea is
to discover group members which fit well within the video clip. Moreover, it relies on the
temporal relations between local and related speed of a group member. The methods similar to
[1] was suggested by Solera et al. [2] in discovering group of people in diverse crowded scenes.
Solera et al. propose a new Correlation Clustering algorithm based on people trajectories for
social group detection in diverse crowded scenes. The similarity between crowd members is
learned by Structural Support Vector Machine based on their physical and social identity [2].
Grounded on the similar principle, Solera et al. [25] propose a tracking groups technique in a
multicamera situation. They apply the Correlation Clustering [2] based on long and consistent
trajectories to detect group. The clustering technique is built within a planned learning
framework [26] to learn a likeness measure appropriate for group articles. However, [2] and
[25] methods focus on sparse trajectories rather than dense trajectories. Therefore, [2] and [25]
methods based on sparse trajectories are inappropriate for analyzing scenes of a crowd with
dense trajectories.

3. Group Detection

Trajectory or tracklet is the motion feature that used for group detection in diverse crowded
scenes [1], [27]-[29]. Trajectories are extracted by KL T [21] feature point tracker from each
video clip. KLT [21] feature point tracker is suitable to be used to detect and track objects that
are in stable shape, and in enviroment with brightness constancy. KLT [21] feature point
tracker is often applied in short-term tracking. There is loss of features points due to occlusion,
when the feature point tracker algorithm developes over time. Besides that, moving into
shadows causes change of some features points appearance over time. The goal of this method
is to extract tracklets and then group them to form trajectories. The features point I(x, y, t) in
first frame. x and y are the position coordinates features point, and t is the time stamp for the
position information. It moves by distance (dx, dy) in the next frame taken after dt time as Eq.

).

I(x,y,t) =1(x+dx,y+dy,t +dt) @
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Group detection input is trajectories and the output is the groups identified by clustering
the trajectories. Cl is a proposed clustering method to discover people motion interaction from
trajectories in order to deduce people interaction with the EM algorithm. It is fit for group
detection in low, medium, and high density of diverse crowded scenes. The Cl is based on the
algorithm used in Shao et al. [1] with few amendments. The first difference is formation of a
new equation to determine the key person in every cluster that is generated by the CF [14], in
order to handle grouping consistency between frames. The second difference is in the
definition of the EM algorithm which is based on weight computed from distance connectivity,
DC, occurrence connectivity, OC, and speed connectivity, SC, to deduce the people's
interaction in every cluster that is generated by the CF in order to overcome the crowd scene
occlusion. Third difference is a new equation for group refinement threshold to tackle the
crowds with various structures and densities. As shown in [30], the DC, OC, and SC are not
based on key person in every cluster. The detail steps of the Cl are explained as follows:

3.1 Create coherent filtering clusters

CF [14] is used to find out a set of initial tracklet clusters, {C}. These clusters are not
accurately in line with the view of the group, but they can still be used as a basis for seeking the
final group tracklet, {G}. The first limitation of the CF is sensitive in tracking errors because it
detects coherent motions just by considering neighbour interactions, not the whole dynamics
of the whole group. The second limitation of CF is that it only requires coherent motion
detection over a short duration (4 or 5 successive frames in a norm) [14] which associates with
the group. Therefore, its group detection errors will be accumulated. CF works well in
crowded scenes but not in situations when the group merges or splits. The third limitation is
that CF fails to capture the subtle differences in the movement of points.

3.2 Determine the key person in every cluster

Duplication scheme begins by randomly selecting a cluster, C; and find the key person, K;
consistency from the start frame, f; to the end frame, f, using the novel Eqg. (2).

K; = Xo4[Gi.max Xy_1{zr 1 }] )

G; is the each group that surrounds a set of tracklets, Z?:dzf,k} in every cluster detected by a
tracker. r is the total tracklets’ length for each group generated by CF. CT as proposed by Shao
et al. [1] find that the key person in every cluster based on the long duration and low variance
of trajectories. Therefore, the key person with long duration has more chance to get together
with individuals on his or her pathway and generates a group surrounding him or her. Besides
that, for low variance is unusual speed rarely occur within a group such as running and sudden
stops. An individual with high speed or velocity variance cannot last as a member of a group.
However, CT only emphasis on the motion correlation of individuals within a local region and
limited to grouping consistency between frames. The proposed Eg. (2) solves the limitations
of CT by considering key person consistency from the start frame, f; to the end frame, f,.. For
example (Refer to Fig. 1 for CT found the key person in the detected cluster based on the long
duration of trajectories), index 1 to 7 of trajectories belong to the first cluster in frame 1. The
key person is index 6 because the highest of total tracklets’ length, 41. The index 3 to 11 of
trajectories belong to the cluster 1 in frame 2. The key person is index 10 because the highest
of total tracklets’ length, 45. The further steps of CT are based on the motion correlation
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between key person and members in cluster within a local region and then cause grouping
inconsistency between frames.
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3.3 Compute the degree of connectivity of each person with the key person

CT discovers the seeding tracklets based on the high speed correlation with key person in
every cluster. Each feature in current frame and search for matching feature within
neighbourhood in next frame. Difference in positions is called displacement. Speed is
displacement over the frame difference. The threshold for seeding tracklets not suitable for the
crowds with various structures and densities. It affects the accuracy of learning CT with EM.
EM based on weight computed from DC, OC, and SC are the proposed method to overcome
the limitation of the CT.

For each person, p and the key person, K; in cluster, C;, W(p, K;), a weight which is a
degree of connectivity between people with the key person, K; in cluster, C; from the start
frame, f; to the end frame, f, is computed. DC, OC, and SC are the new measurements
proposed for approximating the degree of connectivity for each person with key person, K; in
cluster, C;.

DC measures the degree of distance each person, p with the key person, K; in cluster, C;
from the start frame, f; to the end frame, f, using the novel Eqg. (3).

TPy [Opie)?
DCpy, = —i—

n
Zf:l FpKL-

3)

where F,, is the number of frames containing person, p and the key person, K;. D, is the
distance of person, p and the key person, K;.
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OC measures the occurrence of each people, p with the key person, K; in cluster, C; from the
start frame, f; to the end frame, f,, using the novel Eqg. (4).
_ Z?=1NPK1'

OCP,Ki - MAX(Np,Nk,) (4)
where Ny, is the number of frame containing person, p and the key person, K;. N, and Ny,
are the number of frames containing only person, p and the key person, K;.

SC measures the speed correlation of each person, p with the key person, K; in every
cluster, C; from the start frame, f; to the end frame, f, using the novel Eg. (5).
_ L1 Spx XSk,

SCp.Ki - Z}lzlspl(i (5)
where Sk, is the same speed of person, p and the key person, K;. S, and Sy, are the speed of
person, p and the key person, K;.

DC, OC, and SC are the three main features to compute the degree of connectivity for each

person, p with the key person, K; in every cluster C;, as shown by Eqg. (6).

2x DCPK,: X OCPK,: X SCPK,:

W, K;) = DCpk;+0Cpk;+SCpk; o

Adjacency matrix is used to deduce the people's interaction in a tracklet clusters with the EM
algorithm and group refinement.

3.4 Deduce the people's interaction in a tracklet clusters

Deduce the interaction, Ryk, for each person, p with the key person, K; in cluster, C; with the
EM based on weights store in an adjacency matrix to handle the occlusion. R, x, will be used to

seek the final group tracklet, {G}. EM [31], [32] is a frequentative method to obtain maximum
probability estimates.

3.5 Group refinement

Fix value of threshold was applied in CT group refinement [1]. The fix threshold cannot tackle
the crowds with various structures and densities. Therefore, a new equation for group
refinement threshold is proposed to solve the above problems. The group refinement threshold,
«a is defined as

1, XY WipES
a = g X f (7)
All of the R, x, < a, tracklets need to retain to create the final tracklet groups, {G}. y is the
total members of a group in a tracklet clusters, C; Substandard tracklets will need to go
through the frequentative process repeatedly in order to reflect different groups. S is the weight
of connectivity each person, p with the key person, K; in cluster, C; from the start frame, f; to
the end frame, f,,.
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The algorithm of group detection (CI) is shown in Table 1.

Table 1. CI Algorithm

919

CI Algorithm

Input:
e Tracklets, T in a video clip.

Output:

e Tracklet groups, {G}

Method:
(1) for each (f) € T do // Tracklet for each frame in a video clip.
initial tracklet clusters {C}= CF(f); // Create coherent filtering clusters
end for

(2) for each (i) € {C} do // for each tracklet cluster.
Key person, K € { C; }; // Determine the key person in every cluster using Eg. (2)
end for

(3) for each (p, K;) € {C} do // for pairwise members in each cluster
W(p, K;) = WeightFormula(DC(p, K;), OC(p, K;), SC(p, K;));
/lcomputing the distance connectivity, DC(p, K;) using Eq.(3)
/lcomputing the occurrence connectivity, OC(p, K;) using Eq.(4)
/lcomputing the speed connectivity, SC(p, K;) using Eq.(5)
/lcomputing the W(p, K;) weight using Eq.(6)
end for

(4) for each (W,,) € {C} do // for each tracklet cluster.
RpKi = EM(WPKL');

/I EM - Deduce the people's interaction in a tracklet clusters with weights store in an adjacency matrix

end for

(5) foreach (p, K;) € {C} do// for pairwise members in each cluster
if Ry, < a then
remove (p) € {C}; // Group refinement using Eq.(7)
end if
end for

return final tracklet groups, {G}
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4. Crowd Dataset

We used the CUHK Crowd Dataset [1] to compare our results with CF [14] and CI [1]
methods. It comprises 474 video clips from 215 different scenes of crowded people. 419 video
clips were collected from Getty Image and Pond5. The 419 video clips were existing crowd
datasets from Ali and Shah [33], Zhou et al. [10], and Rodriguez et al.’s [34] researches. 55
video clips were captured by Shao et al. [1]. The dataset covers crowd videos with diverse
angle scales, densities, and diverse crowded scenes where the pedestrians move to occlude
each other or blocked by non-human items. Video resolutions are different, varying from 480
x 360 to 1920 x 1080.

The video clips can be categorized into structured and unstructured crowded scenes. The
pedestrians from 215 diverse crowded scenes are divided into 9 categories such as military
parade, crowd protest, streets, shopping malls, ports, stations, crossing a zebra crossing,
marathon, and escalators. Reference to [35], the low, medium, and high crowd density ranges
are defined as shown in Table 2. Low density is 1 to 30 people in crowd boundary. 31-100
people in crowd boundary are classified into medium range density. More than 100 people are
classified into high range density.

Table 2. Crowd density ranges

Classified Range Low Medium High
Crowd boundary 1-30 31-100 >100
(people)

Fig. 2 illustrates the detailed information of dataset. 185 of video clips are categorized into
unstructured crowded scenes and 289 video clips are categorized into structured crowded
scenes. The breakdown consisted of 122 video clips under the high density, 246 video clips
under the medium density, and 106 video clips under the low density. Of the 185 unstructured
crowded scenes video clips listed, medium density has the highest video clips (118). The rest
are 21 video clips under the high density and 46 video clips under the low density. The
crossing a zebra crossing category has the highest video clips (84) from the unstructured
crowded scenes. The ports category only has 3 video clips from the unstructured crowded
scenes. Of the 289 structured crowded scenes video clips listed, medium density has the
highest video clips (128). The rest is 101 video clips under the high density and 60 video clips
under the low density. The escalators category has the highest video clips (142) from the
structured crowded scenes. The streets, ports, stations categories only have 6 video clips from
the structured crowded scenes.
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Fig. 2. Detail information of dataset

5. Experimental Results and Analysis

The proposed group detection approach, Cl was evaluated by performing extensive
experiments on CUHK Crowd Dataset [1] (refer Section 4). The CUHK Crowd Dataset
provides 300 video clips tracklets manually descanted into groups. Members of the same
group are in the same direction, and the formation of the standard collective motion. Tracklets
that do not belong to any group are descanted as outliers. Normalized Mutual Information
(NMI) and Rand Index (RI) [1] are applied to obtain the accuracy of the proposed group
detection approach. In this research, we only compare our group detection approach with the
techniques that are closest to the current approach, respectively explained in [14] and [1].
These methods are known to tackle crowds with various densities, structures, and occlusion in
diverse crowded scenes. The proposed group detection approach is implemented with
MATLAB. The results are measured on an Intel(R) Pentium(R) CPU G4400 @ 3.30 GHz
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processor with 4.0 GB RAM.

The quantitative comparison is presented in Fig. 3. The technique used in this paper
accomplishes better than the CF [14] and CT [1] by achieving 0.55 for NMI and 0.83 for RI. ClI
increases 30.9% for NMI and 13.7% for Rl compared to the CF. ClI increases 14.6% for NMI
and 6.4% for Rl compared to the CT.

NMI RI

ECF mCT mCl

Fig. 3. The quantitative comparison of group detection methods

Fig. 4 shows the examples of ground truth, CF, CT, and CI group detection results for
indoor crowded scenes while Fig. 5 shows the group detection results for outdoor crowded
scenes. Groups are distinguished with colour and white circle indicates outliers. The first row
in Fig. 4 shows people on an escalator. CF and CT indicate people with the same direction into
different groups because of their limitations to detect global consistency. The second row in
Figure Fig. 4 shows people in a shopping mall. CF and CT indicate the last group member as
outlier for the green marked group because they fail to capture the subtle differences in the
movement of points. In the third row in Fig. 4, CF combines two groups mobilising in diverse
directions into one. Subsequent from CF’s mistakes made in single frames and the errors are
accumulated. Conversely, CT divides a group mobilising in the same pathway into smaller
groups. The last row in Fig. 4 shows people in a station. CF and CT indicate people with the
same direction into different groups. The same error also happened in all rows from Fig. 5.
CF’serror is due to it detects coherent motions just by considering neighbour interactions, and
not the whole dynamics of the whole group. CT is undependable to find an appropriate
threshold for the crowds with various structures and densities.
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Fig. 5. Examples of ground truth, CF, CT, and CI group detection results for outdoor crowded scenes

The quantitative comparison of CF, CT, and Cl methods in low, medium, and high density
crowded scenes is shown in Fig. 6. The CF, CT, and CI methods are suitable in low, medium,
and high density crowded scenes. It is clearly seen that Cl method is higher than others in low,
medium, and high density crowded scenes. Cl method is able to accurately identify groups by
clustering trajectories in crowds with various densities, structures and occlusions. It also able
to tackles grouping consistency between frames.
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=@ CF @ CT cl =@ CF @ CT cl

Fig. 6. Quantitative comparison of CF, CT, Cl methods in different crowd densities

Fig. 7 and Fig. 8 illustrate the quantitative comparison of CF, CT, and Cl methods in diverse
crowded scenes in NMI and RI. The average accuracy of Cl method for military parade, streets,
shopping malls, ports, stations, crossing a zebra crossing, marathon, and escalators scene
categories achieves more than and equal to 0.52 for NMI and 0.80 for RI higher than others.
The pedestrians in the escalators scenes category achieves 0.69 for NMI and 0.90 for RI,
which is the highest average accuracy for CI method. Mostly people's motions in escalators are
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collective and coherent without stationary motions, which improve the detection results.
However, the crowd in the protest scene category achieves the worst average accuracy of Cl
method results, 0.31 for NMI and 0.68 for RI. CF and CT also achieve the worst average
accuracy than other categories. The reason is CF, CT, and Cl methods are not able to discover
trajectories extracted from non-human moving objects such as banners and flags that causes
tracking noise.
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0.4 \ ==
0.3
0.2

0.1
0
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Fig. 7. Quantitative comparison of CF, CT, CI methods in diverse crowded scenes in NMI
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6. Conclusion

In this study, we recommend a group detection approach called Collective Interaction Filtering.
Collective Interaction Filtering is able to determine the key person which remains consistent
between all frames in each cluster over time-varying dynamics in crowded scenes as well as to
handle grouping consistency between frames. Besides that, the proposed approach form an
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inference about human interactions using Expectation-Maximization grounded on distance,
occurrence, and speed correlations of each person with the key person to handle the occlusion.
Finally, a group enhancement threshold constructed on the results gathered through the
inferences on human interactions is applied to tackle the crowds with various structures and
densities. The proposed approach shows significant improvements in accuracy of the CUHK
Crowd Dataset compared to Coherent Filtering and Collective Transition prior methods.

We would like to explore a technique that able to handle stationary motions and moving
objects in our forthcoming work.
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