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Abstract. This paper presents a method for crowd motion segmenta-
tion and generating dominant motion patterns at the macroscopic crowd
level, where a crowd is treated as an entity. In this approach, the domi-
nant motion patterns, as a base for behaviour analysis of a mass of people,
are the focus of interest. Dominant motion patterns are generated based
on meta-trajectories. A meta-trajectory is defined as a set of tracklets
and/or trajectories of entities in the crowd. The entities are particles
initially organized as a uniform grid which is overlaid on a flow field. To
estimate the flow field, a dense optical flow is used. Based on advection
of the particles, tracklets/trajectories are obtained. They are grouped by
a graph-based clustering algorithm and meta-trajectories are obtained.
By overlapping meta-trajectories with the quantized orientation of the
average optical flow field dominant motion patterns are obtained. The
preliminary experimental results of the proposed method are given for a
subset of UCF dataset, a subset of Crowd Saliency Detection dataset, our
own FER dataset and computer crowd simulation videos of characteristic
behaviour.

Keywords: macroscopic crowd level · crowd analysis · optical flow ·
particle advection · meta-trajectory · dominant motion pattern

1 Introduction

Nowadays, video surveillance is widely used in ensuring security in places where
large numbers of people gather. A large number of people situated in the same
environment and sharing a goal is considered as a crowd [1]. Recently, automatic
crowd analysis is getting more attention as a research area in computer vision
[2–4]. Crowd analyses may be performed at the following levels: i) microscopic;
ii) macroscopic and iii) mesoscopic [3]. Conventional computer vision methods
are not appropriate for macroscopic level [3]. The solution are a continuum-based
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or physics-inspired approaches such as fluid dynamics, force models, energy and
entropy-based [5].

A method proposed in the paper is crowd motion segmentation represented
by meta-trajectories and generating dominant motion patterns at the macro-
scopic crowd level based on the flow field. The dominant motion patterns are
obtained based on meta-trajectories – the sets of tracklets or trajectories of
particles which are initially overloaded on the flow field. The flow field is esti-
mated with dense optical flows. By the advection of particles in a video clip,
tracklets/trajectories are obtained and these tracklets/trajectories are grouped
into several meta-trajectories using the graph-based minimum spanning tree
clustering. By combining the meta-trajectories and information extracted from
a quantized orientation of the average optical flow (obtained from the video
clip), dominant motion patterns are determined. The main novelties might be:
i) a meta-trajectory generator that combines particle advection and particle
tracklets graph-based minimum spanning tree clustering; ii) the determination
of dominant motion patterns based on overlapping meta-trajectories with the
quantized orientation of the average optical flow field; iii) the assignment of a
velocity vector to each dominant motion pattern.

2 RELATED WORK

A physics-inspired approach to treat a human crowd as a flowing continuum, and
modelling crowds as a physical fluid with particles or a particle flow was pro-
posed by Hughes [6]. The notation of a particle flow was introduced in computer
vision-based crowd analysis by Ali and Shah [7]. They proposed a Lagrangian
Particle Dynamics model for the segmentation of high-density crowd flows and
detection of flow instability. Mehran et al.[8] combined particle flow and the
Social Force Model (SFM) to detect and localize abnormal crowd behaviours.
The regions of abnormalities in the frames were localized using interaction forces
obtained based on the SFM. Solmaz et al.[9] used trajectories of particles that
represent motion in a scene to locate regions of interest. Ullah and Conci [10]
presented a method for crowd motion segmentation which combines foreground
extraction based on a Gaussian mixture model, motion extraction by block-
based correlation, and trajectories of particles (which are obtained by optical
flow) on a foreground region. Motion segmentation is obtained by using the min
cut/max flow algorithm. Jodoin et al. [11] proposed a meta-tracking method
for surveillance video analysis to determine dominant motion patterns and to
find the entry/exit areas. The method consists of 4-stages. At the first stage, a
motion histogram is computed for each pixel using sparse optical flow. At the
second stage, motion histograms are converted to orientation distribution func-
tions. Third stage performs meta-tracking using particles to detect the dominant
flow. Fourth stage clusters meta-tracks to find dominant motion patterns and the
entry/exit points. Zhang Y. et al. [12] presented a procedure for constructing a
group-level representation of a crowd which organized the crowd motion patterns
based on graphs and provided characteristics to gain an insight into crowd be-
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haviour. They used particle advection for trajectory extraction and Mean Shift-
based trajectory clustering. Bag of trajectory graphs is used for understanding
behaviour patterns. Dehghan and Kalayeh [13] used a meta-tracking approach
to understand pedestrian dynamics in crowded scenes. The method includes
the steps: i) a scene is split into hexagon patches and two-dimensional orienta-
tion distribution functions are learned for each patch; ii) a Time Homogeneous
Markov Chain Meta-tracking method is used to find sources, sinks and dominant
paths in the scene; iii) based on the 3-term trajectory clustering method, the
entry and exit prediction is made for each individual. Zhang L. et al. [14] pre-
sented an approach to crowd motion pattern segmentation based on trajectory
tracking and prior-knowledge learning. The approach also used an orientation
distribution function-based cumulative probability model to construct a parti-
cle flow field. Then, the obtained trajectories of particles are clustered, and the
number of clusters is estimated by using prior knowledge. A. S. Hassaneina et al.
[15] introduced a clustering method for the identification of motion pathways in
highly crowded scenes. Pairwise similarities between motion tracklets, obtained
based on particle advection, are estimated using a novel similarity measure in-
spired by line geometry. The similarity measure effectively captures the spatial
and orientation similarity between tracklets. To obtain the motion pathways, the
authors used two hierarchical levels of an adaptation of the distance-dependent
Chinese Restaurant Process (DD-CRP) model. The authors extended DD-CRP
clustering adaptation to incorporate the source and sink gate probabilities for
each tracklet. In [16], the authors presented an approach to estimate the flow of
people in crowded scenes by using a post-processing method that can be coupled
with any baseline optical flow technique. Plane homography is used to project
the calculated optical flow to world coordinates. Subsequently, the flow is filtered
based on Generalized Social Forces and projected back to the image domain. The
method was tested in conjunction with three baseline optical flow algorithms.
The results showed that the post-processing method improved the crowd flow of
all tested algorithms. The paper [17] presents survey of motion estimation (ME)
methods using fluid dynamics (FD). The survey states that conventional ME
methods fail at high-density crowds, while FD-particle flow and FD-streakflow
are appropriate for high and very high crowd density. Recently, in [18], the au-
thors described two approaches to common pathway detection in crowd scenes.
The first approach is the conventional computer vision method based on collect-
ing tracklets, and hierarchical clustering. The second proposed approach is based
on deep learning to tackle the problems and limitations of the first approach.
It is based on LSTM units, which detect scene common pathways. The LSTM
approach assumes knowledge of the scene entrance segments and then predicts
complete trajectories.
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Fig. 1: Overview of the proposed method: flowchart of the entire method

Fig. 2: Interpretation of each step of the method

3 OUR METHOD

Fig. 1 depicts a flowchart of the proposed method. It consists of eight main
steps. Fig. 2 illustrates the intermediate result of every step of the method.
Initially, particles are uniformly distributed throughout a whole frame, creating
a grid of particles (W

n , H
m ), where W and H are width and height of an image (in

pixels) respectively, m and n are steps which define density of particles, and they
are experimentally set. A dense optical flow is calculated by using the method
proposed in [19] for every pair of successive frames in the video clip. An average
optical flow field is calculated over T frames in the video clip to minimize the
influence of fluctuations and small errors in the optical flow. Particle advection,
based on an average optical flow field, is used to create tracklets of particles in the
video clip. The procedure for obtaining a tracklet based on particle advection
is described below. Video sequence is split into video clips consisting of T
consecutive frames. Each video clip is represented by a tensor of a size T×W×H
, where T is the number of frames and W×H denotes the frame resolution. There
are two matrices representing average values of the optical flow field components
u(x, y), and v(x, y), where x = 1, 2, ..,W and y = 1, 2, ..,H respectively, i.e. the
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dimensions of the matrices correspond to the dimensions of a frame:

u(x, y) =
1

T − 1

T−1∑
t=1

u(x, y, t)

v(x, y) =
1

T − 1

T−1∑
t=1

v(x, y, t)

(1)

where u(x, y, t), v(x, y, t) is the optical flow at time t at the position (x, y) com-
puted by the Farnebäck method. Let us suppose that a particle is at the initial
position (xt, yt) at t = 1, i.e. (x1, y1). The new position of the particle at t = 2
is obtained by x2 = x1 + u(x1, y1) and y2 = y1 + v(x1, y1). Iterative calculation
of the final particle position at t = T is based on:

xt+1 = xt + u(xt, yt)

yt+1 = yt + v(xt, yt)

1 ≤ t ≤ T − 1

(2)

A particle tracklet is approximated by a straight line with starting point (x1, y1)
and end point (xT , yT ). All particles whose advected path√

(xT − x1)2 + (yT − y1)2is shorter than a threshold ρ are removed from further
consideration. The threshold ρ depends on the type of video sequence and is
experimentally determined. In order to find meta-trajectories, particle tracklets
are grouped by minimum spanning tree graph-based clustering as follows:

i. Calculate the matrix of the HU distances [20] between all particle tracklets.
This is computed as the average Euclidean distance between points on two
trajectories:

DHU (Fi, Fj) =
1

L

L∑
k=1

√
(xi,k − xj,k)2 + (yi,k − yj,k)2; i 6= j (3)

where Fi and Fj are particle tracklets, i, j = 1, 2, . . . , N , where N is the
number of particle tracklets, k is the index of a point of a tracklet, x and y
are the coordinates of a point of a tracklet, and L is the number of points of a
tracklet. In our case, L = 2 and k = 1, 2. The HU distance function is selected
because it relies on similar trajectories having the same point distribution
with consecutive points in corresponding tracklets in spatial proximity.

ii. Based on the matrix of HU distances, construct a complete graph with
weighted edges, where weight corresponds to the distance between the par-
ticle tracklets Fi and Fj ; i, j = 1, 2, ..., N .

iii. Find a minimum spanning tree (MST). The MST is selected due to its close
conformity to the proximity principle of perceptual organization.

iv. Build a histogram of the weighted edges of the MST and find the threshold
value for the inconsistent edges [21]. A histogram is used to find a set of
inter-cluster weighted edges and a set of intra-cluster weighted edges. The
threshold value corresponds to the ”valley” between the histogram’s peaks.
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v. Split the MST into subgraphs, which correspond to the clusters, by delet-
ing the edges that have values higher than the threshold. This step of the
clustering method is selected because it supports the Gestalt principles of
perceptual 2D data organization.

vi. Delete clusters whose size is smaller than the predefined threshold τ . The
reason for this step is to eliminate clusters with a small number of tracklets.
The threshold τ is experimentally determined. In such a way, the clusters
with a small number of tracklets are treated as the results of ”noisy” particle
trajectories which do not correspond to dominant motion patterns.

The subgraphs represent meta-trajectories. Orientations of the average opti-
cal flow field are quantized into eight different intervals shown as an orientation
graph (Fig. 2). To obtain the dominant motion patterns with velocity vectors,
overlap the meta-trajectories represented as a binary mask (1s correspond to the
trajectories) with the quantized orientation of the average optical flow field. A
velocity vector vi = (ui[

pixels
Tframes ], vi[

pixels
Tframes ])′ assigned to a dominant motion

pattern i is obtained based on its average optical flow calculated for T successive
frames in a video clip.

4 PRELIMINARY EXPERIMENTS

Experiments were preformed on the subsets of UCF dataset [7] and the Crowd
Saliency Detection dataset [22], which are often used for crowd analysis, as well
as, on our own FER crowd video sequences [23] and computer crowd simulation
videos of characteristic behaviours [24]. The experiments setup details are are
given in Table 1.

Fig. 3 depicts the comparative qualitative results of meta-trajectories for
the Marathon video sequence. The Figure also includes the results of a recent
technique based on the post-processing (filtering) of optical flow obtained by
the Farnebäck method [16]. Fig. 4 displays the comparative results of meta-
trajectories with other methods [7, 11, 14]. The first four rows in Fig. 4 were
taken from [14]. The last row represents the results of the proposed method.
The meta-trajectories are displayed with different colours. The previously men-
tioned parameters ρ and τ are determined as follows. The value of the threshold
ρ depends on the nature of a crowd scene and the camera position. For example,
close-up crowd scenes require a bigger value of the threshold ρ. The values for ρ
are given in Table 1. Fig. 5 shows the results of the meta-trajectories for different
threshold values ρ used in the testing. Clearly, this should be learned or exper-
imentally specified for each type of scene, because this depends on the distances
of the objects (people), camera movement, and zooming. The threshold τ is ex-
perimentally determined and is set on 5% of the biggest cluster size for all video
clips. Fig. 6 displays dominant motion patterns obtained by overlapping of the
meta-trajectories with a quantized orientation of optical flow. Figures 7, 8 and
9 illustrate the obtained results for the video clips from the FER video dataset:
Bottleneck, Two groups walking towards each other and Split. The clusters of
tracklets, i.e. meta-trajectories, correspond to the perception and interpretation
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of a human. The meta-trajectories for three clips of a video sequence of a com-
puter crowd simulation are represented in Fig. 10. The last column in the Figure
displays the dominant motion patterns with average velocity vectors.

Table 1: Experiment setup
Number

of
frames

Frame
resolution

Number of
clips/number
of frames T

Number of initial
particles (W

n
,H
m

)
m = n = 10

Advected
path

threshold
ρ

UCF dataset video sequences

Marathon 450 360 × 202 15/30 720 5

Mecca 200 360 × 202 6/30 720 10

Crowd Saliency video sequences

Hajj 34 160 × 120 1/30 192 1

Bridge 450 240 × 180 15/30 432 5

FER crowd video sequences

Bottleneck 1050 1310 × 736 35/30 2390 10

Two walking
groups

480 1920 × 1080 16/30 5035 10

Split 330 1594 × 896 11/30 3537 15

Computer Crowd Simulation video

Bottleneck 210 377 × 358 7/30 1295 10

(a) (b) (c) (d) (e) (f)

Fig. 3: Comparative qualitative results of meta-trajectories for Marathon video
sequence (a) original frame, b) [14], c) [7], d) [11], e) our method. The figure
also includes the results of recent technique based on post-processing (filtering)
of optical flow obtained by Farnebäck method f) [16].
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(a) (b) (c)

Fig. 4: Meta-trajectories: a) Hajj, b) Bridge, c) Mecca. Rows of the figure in the
following order (from up to down) represent: original frames from the video se-
quences, results from [14], where the authors used trajectory tracking and prior
knowledge learning, results produced by particle flow and FTLE field segmen-
tation from [7], and results obtained by meta-tracking by [11]. The last row
represents the results obtained by our method.

(a) (b) (c) (d)

Fig. 5: Meta-trajectories for different threshold values ρ; a) ρ = 1; b) ρ = 5; c)
ρ = 10; d) ρ = 15
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(a) (b) (c) (d) (e)

Fig. 6: Dominant motion patterns overlapped with the original frame: a)
Marathon, b) Hajj, c) Bridge, d) Mecca

(a) (b) (c)

Fig. 7: Bottleneck sequence; a) original frame; b) meta-trajectories; c) dominant
motion pattern with velocity vector v = [21,−7]′ overlapped with a)

(a) (b) (c)

Fig. 8: Two groups walking towards each other; a) original frame; b) meta-
trajectories; c) dominant motion patterns with velocity vectors (v1 = [55,−2]′

for blue meta-trajectory and v2 = [−25, 1]′ for white meta-trajectory) over-
lapped with a)

(a) (b) (c)

Fig. 9: Split sequence; a) original frame; b) meta-trajectories; c) dominant motion
patterns with velocity vectors (v1 = [−26, 6]′ for blue meta-trajectory and v2 =
[38, 0]′ for white meta-trajectory) overlapped with a)
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(a) (b) (c)

Fig. 10: Dominant motion patterns with velocity vectors for three clips of a
video sequence of crowd simulation: a) original frames; b) meta-trajectories; c)
dominant motion patterns with velocity vectors overlapped with original frame:
first row - clip 3 (frames 61 - 90; v1 = [22,−34]′ for blue meta-trajectory and
v2 = [−15,−52]′ for white meta-trajectory); second row - clip 4 (frames 91 -
120; v1 = [−5,−45]′ for blue meta-trajectory); third row - clip 6 (frames 151
- 180; v1 = [27,−51]′ for blue meta-trajectory and v2 = [−2,−40]′ for white
meta-trajectory);

5 CONCLUSION

The paper proposes a method for generating meta-trajectories of crowds and
dominant motion patterns with velocity vectors at the crowd macroscopic level.
The method uses particle advection, where particles are initially organized as a
uniform grid which is overlaid on the optical flow field. Video sequences are split
into video clips, each 30 frames. Based on the advection of the particles in the
video clip, tracklets are obtained. To extract the meta-trajectories, the particle
tracklets are grouped with graph-based clustering by using the HU distance and
the minimum spanning tree algorithm. The clustering method is selected because
it supports the Gestalt principles of perceptual 2D organization. Dominant mo-
tion patterns are obtained based on overlapping meta-trajectories with the quan-
tized orientation of the average optical flow field. A velocity vector is assigned
to each dominant motion pattern. The preliminary experiments were conducted
on video sequences of real-world crowd scenes and computer crowd simulation
dataset. The obtained results are compared with state-of-the-art methods.

In future work, the extracted meta-trajectories and dominant motion pat-
terns with velocity vectors through a sequence of video clips will be used to infer
crowd behaviours in scenes at the macroscopic level.
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