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Exploring Coherent Motion Patterns via Structured
Trajectory Learning for Crowd Mood Modeling

Yanhao Zhang, Lei Qin, Member, IEEE, Rongrong Ji, Senior Member, IEEE, Sicheng Zhao,
Qingming Huang, Senior Member, IEEE, and Jiebo Luo, Fellow, IEEE

Abstract— Crowd behavior analysis has recently attracted
extensive attention in research. However, the existing research
mainly focuses on investigating motion patterns in crowds, while
the emotional aspects of crowd behaviors are left unexplored.
Analyzing the emotion of crowd behaviors is indeed extremely
important, as it uncovers the social moods that are beneficial
for video surveillance. In this paper, we propose a novel crowd
representation termed crowd mood. Crowd mood is established
based upon the discovery that the social emotional hypothesis of
crowd behaviors can be revealed by investigating the spacing
interactions and the structural levels of motion patterns in
crowds. To this end, we first learn the structured trajectories
of crowds by particle advection using low-rank approximation
with group sparsity constraint, which implicitly characterizes the
coherent motion patterns. Second, rich emotional motion features
are explicitly extracted and fused by support vector regression to
reflect social characteristics. In particular, we construct weighted
features in a boosted manner by considering the features’ signif-
icance. Finally, crowd mood is intuitively presented as affective
curves to track the emotion states of the crowd dynamics, which
is robust to noise, sensitive to semantic shift, and compact for
pattern expressions. Extensive evaluations on crowd video data
sets demonstrate that our approach effectively models crowd
mood and achieves significantly better results with comparisons
to several alternative and state-of-the-art approaches for various
tasks, i.e., crowd mood classification, global abnormal mood
detection, and crowd emotion matching.

Index Terms— Coherent motion pattern, crowd behav-
ior analysis, emotional motion feature, structured trajectory
learning (STL).

Manuscript received October 21, 2015; revised March 27, 2016; accepted
July 15, 2016. Date of publication July 20, 2016; date of current version
March 3, 2017. This work was supported in part by the National Basic
Research Program of China (973 Program) under Grants 2015CB351802
and 2012CB316400, and in part by the National Natural Science Foundation
of China under Grants 61402388, 61332016, 61133003, 61390510, and
61572465. This paper was recommended by Associate Editor T. Bouwmans.
(Corresponding authors: Lei Qin; Qingming Huang.)

Y. Zhang and S. Zhao are with the School of computer science, Harbin
Institute of Technology, Harbin 150001, China (e-mail: yhzhang @hit.edu.cn;
zsc @hit.edu.cn).

L. Qin is with the Key Laboratory of Intelligent Information Processing,
Institute of Computing Technology, Chinese Academy of Sciences, Beijing
100190, China (e-mail: lgin@jdl.ac.cn).

R. Ji is with the Department of Cognitive Science, School of Information
Science and Engineering, Xiamen University, Xiamen 361005, China (e-mail:
rrji@xmu.edu.cn).

Q. Huang is with the School of computer science, Harbin Institute of
Technology, Harbin 150001, China, and also with the University of Chinese
Academy of Sciences, Beijing 100190, China (e-mail: gmhuang@jdl.ac.cn).

J. Luo is with the Department of Computer Science, University of Rochester,
Rochester, NY 14627 USA (e-mail: jiebo.luo@gmail.com).

Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TCSVT.2016.2593609

I. INTRODUCTION

ROWD behavior analysis has attracted ever increasing
C research attention for various applications, such as video
surveillance and beyond. Analyzing the visual crowd behaviors
is challenging in recent advances and trends [1], mainly due
to the variations, e.g., complex interactions, subtle changes,
various semantics, and so on.

Research progress on crowd behavior analysis mainly
focuses on designing descriptive motion descriptors, for
instance, optical flow (OF) [2], [3], particle flow [4], [5], and
local space-time motion pattern [6], which merits in freeing
the burden of tracking individuals. To further compensate the
lack of high-level semantics, such features are typically com-
bined with some complex models for specific tasks, such as
crowd segmentation modeling [4], [7] and crowd collaborating
motion estimation [3], [8].

One important task in crowd behavior analysis is to describe
the social characteristics, which can be accomplished via
understanding the relationship and interaction among individ-
vals, from a mid-level perspective. To construct the useful
representations of the crowd behavior, classical sociology
[social force (SF) [9], [10]] and dynamics models (sparse
reconstruction cost [11] and dynamic texture [12]) with
vision-based features are considered. Many works explore
the structures of crowds through supervised learning models,
such as Bayesian model [13], graphical model [14]-[16],
and mixture agents model [17]. By incorporating a data-
driven learning method [18], better performance is reported
for crowd tracking based on motion patterns. However, the
crowd patterns described in these works use only low- or mid-
level features, which results in difficulty of digesting the high-
level crowd behaviors from a socially holistic perceptive. To
encode more semantic information, high-level representations,
such as group structure [19], streakline potentials (SPs) [20],
and energy potentials [21], are further proposed, in order
to discover more insightful structures for crowd analysis.
Compared with low-level motion features, mid-level features
aim at modeling object interactions while high-level semantic
features with rich prior information provide a powerful means
toward better describing and gaining a deeper understanding of
crowd behaviors. High-level representations integrate physics,
psychology, and sociology to increase the descriptive power
and diversity.

A. Goal
In this paper, we target at establishing a novel crowd
representation called crowd mood. Under the guidance of
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psychological research [22], [23], crowd mood attempts to
project different types of statistical motion features into the
emotion space, and further assign emotion labels to crowd
motion behaviors. Therefore, in this paper, we try to answer
What is the crowd mood? How to describe the mood of
crowd motion behavior? and What is the relationship between
different crowd moods? To the best of our knowledge, this is
the first work on modeling the emotion states of crowds for
behavior analysis.

B. Inspirations

Zeitz et al. [22] defined the crowd mood as: more practi-
cally, the term crowd mood has become an accepted measure
of probable crowd behavior outcomes. This is particularly
true in the context of crowds during protests or riots, where
attempts have been made to identify factors that lead to a
change of mood that may underpin more violent behavior.
It is further admitted in [22] that crowd mood hails from the
crowd type and is more of a psychosocial descriptor of crowd
behaviors. Crowd behavior is the demonstrable factor that
requires assessment and monitoring to underpin management
actions. Inspirations also come from modeling of flocking
behavior [24] that are controlled by three simple rules, i.e.,
separation, alignment, and cohesion. These principles make
the flock extremely realistic, creating complex motion and
interaction. The basic model is further extended to incorporate
the effects of fear and transmit emotion between animals [25].

As mentioned earlier, crowd mood can be regarded as a
high-level representation that essentially captures the status of
crowd behaviors. It is, therefore, a natural question that the
detection of crowd mood, if not impossible, can provide a
substantial benefit toward the analysis of crowd behavior. The
key barrier lies in the design of discriminative spatial-temporal
representation to precisely capture the crowd mood from video
sequences.

More particularly, we resort to analyzing the coherent
motion patterns to describe crowd mood. First, as a crucial
basis, coherent motion patterns are profiling the most repre-
sentative sketch of crowds that serve as the dominant visual
features, which benefits the descriptive ability of crowd mood.
Considering the definition of crowd mood, various emotions
of the crowd reflect different patterns of motion, which shows
implicit correlations between coherent motion patterns and
the types of crowd mood. Second, coherent motion patterns
are basic elements within crowds that describe both social
attributes and conventions of crowd dynamics [10], [21], [22].
Emotional information can be interpreted as social attributes,
which can reflect the changes of crowd behaviors. Similarly,
the interactions between individuals tend to activate crowd
emotion. As such, crowd mood is a demonstrable aspect of
groups’ feelings because of its capacity to explore semantic
patterns from coherent motion patterns. Third, statistic and
optical measures on the coherent motion patterns (variance,
entropy, heterogeneity, and saliency) [2], [3] are often studied
to describe the crowd dynamics, which could bridge the gap of
low-level features and crowd emotional states. In our context,
crowd mood would be a meaningful semantic measure of
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Fig. 1.  What is the crowd mood of different crowd motion behaviors?
As samples shown in (a), we propose a novel representation to define
and describe the mood of crowd motion behaviors in videos. To uncover
the relationship between crowd motion patterns and emotion, we adopt the
Thayer’s A-V emotion space [26] [as shown in (b)] to recognize the ambiguity
of emotion states and describe basic emotion classes in terms of A and V.
The emotion states of crowd motion patterns intuitively show that different
motion patterns reflect different crowd moods and they can transit from one
to another. More details can be found in text.

crowd behavior, derived from coherent motion pattern that
can also draw the discriminative characteristics and result in
greater understanding of crowd behavior.

C. From Motion to Emotion

Basic types of crowd motion can reflect representative
emotions of the crowd [22]. The mood of crowds at mass
gatherings has been measured with a simple matrix involving
the study of movement, participation, and behaviors [23].
In order to capture the subtle emotion changes that crowds
exhibit in terms of the motion patterns, the emotion state
is characterized in numerous latent dimensions [26], [27].
Thayer [26] proposed the arousal-valence (A-V) emotion
plane as a 2D emotion space for automatic and continuous
emotion recognition, which has been popularly applied to the
domain of emotion computation [28]-[30]. Arousal describes
the level of emotion activation and characterizes the strength of
emotional responses from passive to active. Valence represents
the type of emotional happiness, which demonstrates a degree
of emotional response from negative to positive. As shown in
Fig. 1(b), different sections of the A-V emotion space refer
to the emotion from active-positive to passive-negative. The
emotion plane can be viewed as a continuous space and each
point of the plane can be recognized as an emotion state.

Fig. 1(a) also shows that crowd mood can be evoked
from different crowd motion behaviors in various scenes and
contexts. For instance, motion patterns of pedestrians in the
shopping mall can reflect relaxed, parade ceremony, which
makes the crowd excited and active, and anxious or angry that
occurs when the crowd is in a scattering and fleeing pattern.
Accordingly, to capture the subtle crowd emotion changes,
this paper focuses on recognizing crowd mood associated
with emotion classes in the A-V emotion plane. In this way,
a continuous perspective of A-V model can be successfully
adopted to model the emotional responses of the crowds as
used in [31] and [32].

D. Our Method

Our method consists of three components (shown in Fig. 2).
The first component is structured trajectory learning (STL)
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Fig. 2.

Framework of the proposed crowd mood model for crowd behavior description and analysis. The crowd mood representation consists of three

components. (A) STL. (B) A-V motion feature extraction. (C) Crowd mood modeling.

to extract typical coherent motion patterns of the crowds.
We utilize a low-rank learning method to obtain compact
and coherent trajectories with a group sparsity constraint
incorporating spatial information. The second component is
A-V motion feature extraction to extract features for the A-V
dimensions by statistical analysis of the motion patterns. Here,
we adopt the Thayer’s A-V emotion plane [26] to express
the emotion states of the crowd behavior. Emotional motion
features are extracted corresponding to A and V dimensions.
The third component is crowd mood modeling to model
crowd mood by mapping the features into the emotion states.
By utilizing a boosting approach, the features become more
discriminative under the learned importance weights. The
learned weighted features are subsequently fed into a support
vector regression (SVR)-based model to produce the emotion
output. Crowd mood is intuitively presented as affective curves
to track the emotion states of the crowd dynamics, which can
represent and identify the crowd behaviors and be applied to
crowd analysis tasks. The outline of this paper is organized
to review related works and summarize social emotional prin-
ciples in Sections II and III. Sections IV-A-IV-C correspond
to components (A)—(C) in Fig. 2, respectively. Experiments
and analysis are discussed in Section V. Section VI concludes
this paper.

II. RELATED WORK

Crowd mood is proposed as a high-level representation
for crowd behavior analysis. Specifically, we explore dis-
criminative and compact emotional representation of crowds
via STL. We also point out the works close to ours in the
emotion modeling, which covers the relations and differences
with others. In this section, related works to the above
two directions are reviewed.

A. Representation of Crowds

Efficient representation is the foundation for modeling
crowd behaviors. The main difficulty lies in how to effectively
describe the structure of crowd motion patterns and represent
the typical classes of the crowd. Hierarchical representation

of targets from groups to individuals in crowds is proposed,
combining motion and appearance saliency features [33].
This paper differs from the works that directly describe
the motion patterns of crowd, such as spectral clustering
on the OF field [8], direction and velocity in the motion
flow [3], crowd kinetic features [2], coherent structure of
fluid dynamics [34], or deformable shape matching for crowd
modeling [35]. This paper is similar in describing the motion
of crowds by introducing the structural contexts [36], [37] or
high-level concepts [20], [21], yet from an emotion modeling
point of view. In the term of describing relationships and
interactions in crowds, crowd mood emphasizes imposing
different social hypotheses to model emotion states of crowd
dynamics, which also differs from the sociology model pro-
posed in [9] and [10]. We also learn the coherent motion
pattern of crowds in low-rank subspace. The technique of low-
rank approximation has been widely used to solve computer
vision problems, such as motion estimation [3], background
subtraction [38], and so on, due to its powerful capability to
analyze large-scale data. This paper is especially related to the
approaches that learn the structure of the original data [39].
We expand more suitable priors that not limited to low rank
for the STL.

B. Emotion Modeling

Emotion modeling and recognition draws extensively from
disciplines, such as vision, psychology, or cognitive science.
A significant amount of recent works explore the behavioral
characteristics involving different types of signals. Wang and
Cheong [40] develop a systematic approach to address emo-
tional understanding in films. A number of effective audio-
visual cues are formulated to help bridge the emotional gap.
Zeng et al. [41] propose audiovisual emotional recognition
on 11 emotional states for human—computer interaction appli-
cations. In [42], facial expressions are recognized through
a spatio-temporal approach and mapped to levels of interest
using emotional space.

Different from the works using behavioral modalities with
various emotional models, we are interested in the holistic
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crowd mood in videos rather than the observer’s personal
mood induced by the perceived audiovisual stimuli. Most
relevant efforts attempt to estimate positive or negative emo-
tions of a crowd based on simulated data using dynamic
probabilistic models, corresponding to behavioral changes
under different encountered situations [43], [44]. This paper
quantifies the emotion responses of the crowd based on
dimensional emotion plane [26], which conceptualizes human
emotions by defining where they lie in two/three dimensions.
So far, the most popular psychological model in the affective
content analysis is the A-V model [Fig. 1(b)] proposed in [26],
which is known as the dimensional affective model. It is
also commonly employed for emotion state representation and
modeling in the domain of emotional perception analysis.
Specifically, the model utilizes two components, i.e., A and V,
to represent affective responses. By dividing abstract emo-
tional states into two components, the A-V model has some
advantages: 1) complicated emotions can be expressed by
combining A and V in various ways and 2) the model is
very generic, which not only bridges between the emotions
and affective features, but could also be extended to different
video genres with different A and V description algorithms.
Due to such important features, the dimensional affective
model is utilized in this paper for crowd mood modeling and
representation. Representative works in [30], [45], and [46]
express the emotion states of video segments by the lin-
ear feature combination of A and V values. Unlike [47]
that exploits [26] for affective content analysis to infer the
observer’s mood, we emphasize detection of coherent motions
and extracting emotional features to characterize the emotions
that are actually evoked by the entire crowd.

C. Our Contributions

Compared with the previous works on learning and mod-
eling of crowd behaviors, we make the following major
contributions.

1) We propose a novel crowd behavior representation called
crowd mood, which considers the social emotional prin-
ciples by statistical analysis of underlying characteristics
of crowds. It provides an emotional description that
socially reveals the high-level semantic information for
crowd behaviors.

2) We put forward an STL approach in low-rank space
with group sparsity constraint, which utilizes alternating
greedy optimization to explore coherent motion pattern.

3) We investigate rich emotional motion features that are
weighted by Adaboost, and map them in the emotion
space by SVR.

4) Crowd mood provides a unified solution for representing
the semantics of crowd behaviors and intuitively tracks
the emotion states of the crowd dynamics as affective
curves, which achieves promising and robust perfor-
mances on several crowd applications in a variety of
crowd scenes.

III. SociAL EMOTIONAL PRINCIPLES

Recent studies [22], [48], [49] on crowd behavior have
confirmed the effectiveness of using psychological theories

in recognizing a variety of crowd events. Several reoccur-
ring themes have been revealed. In [22], crowd mood and
motion behavior were acknowledged as complex phenom-
ena influenced by social conditions, spectator personalities,
and situational changes of the environment. These properties
indicate that social emotional principles share joint character-
istics with social motion behaviors, allowing us to analyze
the implicit correlation between emotion states and crowd
behaviors.

In the crowd, people are driven by the SF of decisions
regarding destinations or desired directions, which is influ-
enced by the environment as well as the interactions between
other people. This is a common characteristic of social
behavior [9], [10], [21]. As discussed in [21], the interaction
potential between individuals is also explicitly presented as
the crowd emotion. From the intuitive observations of social
behavior, we make three reasonable hypotheses to sum up the
social emotional principles.

A. Spacing

People have a general awareness that prevents them from
colliding with each other in the crowd. This process can be
modeled by an energy potential minimization while trying to
maintain desired speed and motion direction [21]. The theory
of flocking behavior [24] also confirms that self-propelled
entities exhibit collective motion in crowds with basic spac-
ing rules. These are all related to the spacing interaction.
Individuals in the crowd modify the existing norms within
the neighborhood spacing. The crowd gradually builds up the
reacting emotion due to this spacing interaction.

B. Structure

Based on the self-categorization theory and social identify
theory [48], collective behavior and social influence are only
possible on the basis of shared self-categorization or shared
sense of identity. That means people with the same goal or
the same motion direction tend to keep the motion consistent.
They rarely repel each other while self-organizing into a
structured crowd, e.g., in a marathon race game or groups
of friends. The crowd emotion of groups is pleasant in such
structural motion. A chaotic situation in the unstructured
motion pattern causes the crowd to generate depressed and
bored moods without sharing the sense of identity [22]. The
structural level of motion pattern affects the emotion states in
terms of this hypothesis.

C. Statistics

It is clear that the motion pattern is an impacting factor
that describes the mood in the crowded scenes. In particular,
we obtain the OF as the basic motion patterns from the sample
frames in PETS2009 [50]. Fig. 3 shows a sample frame along
with the OF (visualization in HSV space). We also show
the comparison on the probability density and cumulative
distribution between the magnitude of OF and pixels values.
Intuitively, it shows that the coherent motion pattern has
sparse and structural statistical characteristics, which share
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Fig. 3. Motion distribution of the crowd motion patterns shows the sparse
and structural statistical characteristics, which is synonymous with Laplace
distribution. (a) Video frame. (b) Visualized OF. (c) Probability density of OF
magnitude (blue region) and frame pixels (green region). (d) Corresponding
cumulative distribution of (c).

a significant similarity with the Laplace distribution. Based
on the statistical observations, we discover: 1) motion value
is sparse in crowds, which means the sketch of the motion
is only located in a sparse portion of the scene and 2) high
motion value tends to be located in the patterns with the
structural property. Since the crowd videos are full of noisy
movements and lack of discriminative appearance cues, the
statistical property of the coherent motion pattern is useful for
quantitatively analyzing the crowd mood.

From emotion perspective, crowd mood can be reflected by
the motion patterns of crowd behaviors, which can be detected
by integrating different statistical feature channels. Therefore,
we construct the effective motion feature responses based on
social emotional principles in order to capture the semantic
crowd motion. Different from the previous works focusing on
spatial-temporal features or exemplars of the motion patterns,
our representation tries to mine coherent motion patterns
beyond the particle flow [5] and distinguish them in the
low-rank subspace. The process is conducted based on the
mentioned observations of the motion patterns. Crowd mood
is thus proposed as a statistical representation that accounts
for spacing and structure of crowd motion behavior. To this
end, compact and discriminative trajectories that reflect the
coherent motion are required in order to represent the basic
and structured patterns as a first step.

IV. CROWD MOOD REPRESENTATION
A. Structured Trajectory Learning

In a dense crowd scene, the particle advection
scheme [10], [20] is utilized to model crowd motion
behaviors by treating the individuals as particles. Meanwhile,
the particles are moving with the OF field that reflects the
property of the continuous evolution in the crowd motion.
To start with, a homogeneous grid of particles is placed on

the frame with an adaptive scale setting by investigating
the crowd density. Subsequently, along with a bilinear
interpolation of the OF field, velocities for each particle are
computed using the fourth-order Runge—Kutta algorithm. The
particles will follow the trajectories in a fluid flow under the
guidance of the average neighborhood.

Notations: Given a video sequence, k particles trajectories
are obtained over T frames during the particle advection
scheme. The trajectory of a particle p; in the flow field consists
of T coordinates

pi:[xil,yil,xiz,yiz,...,)Cl-T,yl.T]eRlXZT (1)

where x! and y! denote the position vectors of the particle i
at time ¢, which are obtained from the OF. The collection
of k trajectories in the dynamic motion can be represented by
the constructed trajectory matrix

T 11 T T\ T
P1 X1, X1,.M
Mo=|:| = : : e R (2)
1,1 T T
Pk Ko Vi X Vi

Note that M, contains all of the coordinates information in
a data matrix, in which the trajectory matrix is the typical
reflection of the dynamic motion of the crowd behaviors.
We then extract coherent motion from M,, which covers
a wide range of the flow fields and is more descriptive
for representing crowd behaviors. However, noises exist in
video frames, which may be caused by illumination changes,
distortions of video, or background motions. Thus, motion
patterns can be divided into foreground coherent motions and
noises that are caused by the elements above. Here, we target
at decomposing motion patterns into representative coherent
patterns and sparse noises, which can be formulated as the
following:

M, = Mcoherent + Mnoise (3)

where M, is the original trajectory matrixX, Mcoherent denotes
the matrix of coherent trajectories, and Mpeise refers to the
noise trajectory matrix. Obviously, it is difficult to find proper
Moherent OF Mpoise Without any constraint. We handle this issue
by proposing a low-rank approximation with group sparsity
constraint, which incorporates three effective priors to robustly
solve the problem, as follows.

Low-rank prior: Typical coherent motion subspaces can be
learned to represent the sketch of crowds. It inspires us to
compute a low-rank approximation to the coherent trajectory
matrix with representative subspaces.

Group sparsity prior: Another important prior is motivated
by the fact that the noises of trajectories are occupying struc-
tural portions of the scenes. Either background movements or
illumination changes occur as the structure of groups, which
means the noise patterns are in a high correlation within the
sparse groups.

Independency prior: We further constraint that the motions
of different trajectories are independent of each other, since the
movement of groups in crowd flow may not smoothly transfer
to each other.
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Based on the above priors and notations, we formulate our
objective function as the following equation:

~ ) )
M = argmin (”Mo — Mcoherent — Mnoise”F)
Mecoherent
p

s.t. rank(Mcoherent) < @, A D _ [li (Mnoise) 2 < bk (4)
i=1

where M oherent denotes the representative coherent motion
patterns following a low-rank a constraint. i(.) denotes the
ith group sparsity structure, which encourages sparsity across
the groups rather than encouraging sparsity within the groups.
Moise satisfies the group structural sparsity constraint, which
ensures that the noises are spatially sparse, so as to guarantee
that elements in each group unit are either zero or nonzero
together. The number of noise trajectories should be smaller
than a certain ratio b of all trajectories k, where b controls
the sparsity of noise trajectories. The number of trajectory
groups is up to bk. ||.||% is the Frobenius norm. A refers to
the balance parameter. The formulation takes the advantages
of low rank and group sparsity, which provides an important
clue for modeling typical coherent motion patterns as well as

the structural information of the noise motion patterns.
1) Greedy Optimization: Solving (4) is not a convex
optimization problem with respect to Mcoherent and Mpgise-

Alternating greedy optimization is utilized to solve
two unknown matrices by using two steps iteratively.
Step A has the following form:
7A : A A 2
Mcoherem = argﬂ;mn (H Mo - Mcoherent”F)
s.t. rank(Mcoherent) < @ (5)

where MOA = M, — Mpoise. For Step A, we use the Colibri [51]
to make a fast and space-saving low-rank approximation to
update Mcoherent While keeping Mygise fixed. To solve (5),
Colibri algorithm iteratively finds a nonredundant basis as
exemplars, while eliminating linearly dependent columns to
obtain time and memory efficiency. Specially, Mcoherent Can
be decomposed into three parts as the following:

M oherent = LUR (6)

where L refers to a representative motion subspace by select-
ing independent columns from Mcoherent that also satisfies the
independency prior. R is computed by LT M,. U is generated
by minimizing | M, — LUR|%.

For Step B, we assign Mcoherent as (6) and keep it fixed.
Then, Mpoise is updated by

B . B B 2
Mnoise = argﬂflnln (H Mo - Mnoise”F)
p
s.t. A D |li (Moise) Il < bk @
i=1
where Mf = M, — Mcoherent- In optimization, the itera-

tion reaches convergence when the matrix Mcoherent becomes
stable. For simplicity, we estimate the approximate group
structure by using threshold to preserve bk groups with the
largest values. The implementation of structured trajectories
learning is presented as Algorithm 1.

Algorithm 1 Structured Trajectory Learning

1 Input:Original trajectories M,;
2 Initialize L, U, R by Colibri Decomposition from M,;

. i i—1 ..
3 while HMéoherem — M, orent | > € and i < imax do
4 Step A:
. i—1
5 Fix Mé‘oherent :LiflUif}Rlifl;
1 — - .

6 Update Mnoise - M", - Mcoherent’
7 | Sort the S(m) = ||M], . (m,:)||2 by descend;
8 | if S(m) < bk then
9 | S
10 end

i D — .
11 et. Mnoil.se(m,.)_O StepiB.
12 Fix Mo operent = Mo — Mnoise’ . .
13 | Update M; by decomposing into L;, U;, R; using Colibri;
14 Iteration number i 4 +;

15 end
16 Output:Structured trajectories Meoperens -

Video frame

Fig. 4. Comparison between our proposed structured trajectories and the
original particle trajectories for the 50th frame (top row) and 70th frame
(bottom row). First column: video frame in PET2009 S3 [50]. Second column:
original particle trajectories. Third column: structured trajectories.

We test our structured trajectories (rank = 85) by com-
paring them with original trajectories (rank = 284) for
288 x 384 pixels video frames. As visualized in Fig. 4, our
trajectories can reflect structured and coherent motion patterns
of the crowds and are basically robust to the various noises,
such as illuminations, distortions, and background movements.
In most cases, especially in the crowd scene, the structured
trajectories can capture typical coherent motion patterns that
cover most individual movements with less noise. By the
means of STL, we obtain relatively pure subspaces that reflect
the coherent motion patterns for the crowd emotional motion
feature extraction.

B. Arousal-Valence Motion Features

After obtaining the compact and structured Mcoherent, Statis-
tical motion features (shown in Table I) are extracted from
Meoherent to model the statistical and spacing hypotheses.
Basic coherent motion features of time ¢ from trajectory i
include orientation and magnitude obtained from Mcoherent-
based feature channels, listed as

Mun{Gri, vi) = v/ (e — 272+ (0 =) ®)
t 1

t_
X, — X.
o ©)
1

Orit(x;, y;) = arctan —
Yi =Y
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TABLE I
EMOTIONAL MOTION FEATURES AND RELATED COMPONENTS

Component Extracted motion features
Arousal Kinetic Energy, Magnitude Entropy,
Orientation Entropy, Magnitude Variance
Valence MLCM Energy, MLCM Correlation,
MLCM Homogeneity, Orientation Variance

where x! and y! are the position of the trajectory p;. We obtain
the magnitude Mtn}(.) and orientation Ori}(.) from trajec-
tory p; at the time ¢t. We build the orientation histogram to
calculate the orientation variance and orientation entropy based
on Orii(.) with N bins in z (N = 36 in this paper)

H={h}Y,. (10)

We further obtain the orientation variance and orientation
entropy from the orientation histogram H, which are shown
as the following equations:
Ori_Var = std(H)
Ori_Ent = — Zhi logh;.

(1)
12)

Arousal dimension captures the strength of the emotion
state, while valence is the reflection of the types of emotion
states [26]. Motion intensity and uncertainty features are
closely related to arousal components, which typically describe
the strength of motions. The features we used for arousal
include: kinetic energy [2], magnitude entropy, orientation
entropy, and magnitude variance [3]. The values of arousal
features are increasing as the growth of the motion intensity,
which reflect the strength of the moods. In order to cap-
ture the types of motion patterns and underlying interactions
between groups, we extract texture statistics features to rep-
resent flow patterns. Magnitude related features are calculated
based on Mtn!. Particle magnitudes are mapped to the image
plane using bilinear interpolation to obtain the magnitudes
distribution values. The level of values is specified as eight
to quantize the magnitude value set Mag.

To that effect, magnitude level co-occurrence
matrix (MLCM) is created, which measures the quantity
of co-occurring magnitude values in the discrete-valued
magnitude set Mag. The definition is as follows:

MLCMG, j) = >0,
pel

13)

where p denotes a point of frame I, p’ = p + J is an offset
point of p, and

6, — [1 if [Mag(p)] = i and [Mag(p)l = |

0 otherwise

where 6, records general message of adjacent spacing and
amplitude of variation in the MLCM(i, j). Magnitude textural
statistics calculations use the contents of the MLCM that pro-
vides a measure of the variations in intensities. It reflects the
motion structure characteristics with location distributions and
can be used to distinguish different types of motion behaviors.

Algorithm 2 AdaBoost Feature Weight Selection

1 Input:Feature array f ea(k)(f eagk),... f eal(\],()) and ground truth
array G®, k =1..M of M video frames.;

2 Initialize the importance weight D; = {wi}f\’: | as %;

3for k=1to M do

4 fori =1to N do

5 Get weak classifier hf.‘:(f eal.(k) — {0, 1}) with the lowest
error in the pool € = Pri~p;;

6 Choose voting weight for the classifier hi.‘:
a4 = § In(1z%);

7 Update importance weights:
DYt = D exp(—a (G®) — 0.5)(h; — 0.5));

8 end

9 end
Output: Voting Weight ay.

—
>

Practically, we utilize the second-order statistical measure-
ment to express the magnitude of textures. By quantitative
observations, MLCM energy, MLCM correlation, and MLCM
homogeneity are relevant and descriptive enough to capture the
structures of different flow fields and obtain satisfied results.
The detailed implementation of calculations is shown in the
following:

MLCM_Egy = D MLCM(, j)
ij

mLeM_cor = 3 LBV = iy ov, ) )

0i0j

15)

i.j
MLCM_Hom = Z
ivj

SMLCM(, j)* (17)

I+G—))

where u; ; and o; ; denote the means and variances for rows
and columns, respectively. The values of textural features are
at relatively low values when motion structures are inhomo-
geneous with high local intensity variation, which represents
a chaotic motion pattern with unpleasant crowd mood. Oppo-
sitely, the high value expresses homogeneous patterns with
pleasant mood. The feature response is in agreement with
consistency and exclusion structure hypotheses. Besides the
MLCM texture features, we also add the orientation vari-
ance to describe the valence component. Finally, we employ
Gaussian normalization to normalize these features into (0, 1).

C. Crowd Mood Modeling

1) Adaboost Feature Weight Selection: Due to the com-
plexity of crowd behaviors and various types of motion
patterns, different motion features make relatively different
contributions to describing the moods of the crowd. Thus,
we conduct an implicit manner of boosting to seize essential
properties and balance the weights between features. The
ground truth of the emotion states is divided into a weight
selection part and model training part. The details of obtaining
the ground truth will be listed in Section V-A. The boosting-
based feature weight selection process can be summed up
as Algorithm 2.
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Fig. 5. Crowd mood curve (PET2009 S3 14-16). (a) Emotion state trajectory
for the crowd. (b) Visualized emotional color bar for the components.

2) Emotion State Regression: In our case, we utilize the
value of feagk) itself as the weak classifier 4 that are all
normalized to (0, 1), where i and k are the indices of the
features and frames. After extracting emotion features from
the crowd frames, the feature with selected weight a; x fea®
will be regarded as the balanced feature to be mapped into
the corresponding emotion states. In other words, we map
the input as a multidimensional vector into the output as an
emotional value between (0, 1) that could be solved as a
regression problem. Various regression methods, such as least
square, logical regression could, therefore, be applied. Due to
its fast implementation and better perdition on the unseen data,
SVR provides a better solution for the regression problem.
In our case, the A and V components are calculated with e-
SVR [radial basis function (RBF) kernels], which provides an
efficient solution for the regression problem. A and V models
are trained independently with the corresponding features and
the ground truth to map the multidimensional vectors to (0, 1)
following the steps in [30], [46], and [47]. By the means of
regression, the features are mapped into the related emotion
states through A and V models.

3) Crowd Mood Curve: We divide the space into four quad-
rants in which different regions represent different emotion
states of the crowd behaviors. The mapped emotion state of
each crowd video frame can be denoted as a 2D point in the
A-V space. We smooth the emotion points by quadratic fit
to avoid the errors and roughness caused by the regression.
We demonstrate the crowd mood curve result for PETS2009
S3 14-16 [50] [Fig. 5(a)] with the visualized A-V color bar
[Fig. 5(b)]. This affective curve presents the emotion state of
the crowd intuitively. In Fig. 5(b), gradual changes of the color
indicate the evolution change of the emotion components.
Note that the crowd state of the video first starts from
relaxed to anxious (1-50 frames), then returns back to peaceful
(51-150 frames), and finally to frantic again (151-200 frames).
From the crowd mood curve, we can intuitively observe
the evolution of the crowd motion behavior and predict the
changes of crowd emotions. Since the emotion states of crowd
are abstract, the crowd mood curve is sensitive and descriptive

enough to allow crowd analysis for practical use, because such
curve can intuitively reveal subtle changes of emotion states.

V. EXPERIMENTS

In this section, three groups of quantitative comparisons
are included to evaluate the effectiveness of crowd mood
representation, including: 1) characterizing different mood
types (in Section V-B), which aims to describe the effects
of each part to test the discriminations of our representation
for distinguishing the moods of crowds; 2) detecting abnormal
mood (in Section V-C), which equates to evaluating the capa-
bility of capturing the semantic changes of crowd abnormal
behavior; and 3) the performance of crowd emotional matching
(in Section V-D) that investigates how the visual content
affect the crowd mood and the robustness for the visual
changes. At the beginning, we provide the details of the data
set and ground truth for our tasks. The techniques of event
recognition and abnormal detection have been researched for
years. However, none of them were directed at the mood
of the crowd. Moreover, the proposed representation involves
coherent motion pattern extraction and feature weight selection
for modeling the emotional factors. Therefore, the discovered
crowd mood is basically generated from the motion patterns.
In other words, our representation operates on a motion
clue basis rather than a multiple clues basis. Admittedly,
a multimodal approach maybe more sufficient and robust due
to multiple clues, and a visual content-based method derived
from the motion patterns should always be easily applicable
to any crowd video.

A. Database and Ground Truth

In order to evaluate the effectiveness of crowd mood, we
conduct three experiments, including crowd mood characteri-
zation experiment, global abnormal mood (GAM) detection,
and crowd emotional matching. In the particle advection
scheme, every five pixels, we set a particle in the OF field and
the length of the trajectory T to ten frames. A total of approx-
imately 100 videos are retained for all experiments. Note
that we evaluate the proposed approach using clips containing
dense crowds rather than small groups of individuals, because
motion patterns are the most significant clue for analysis. Our
database contains UCF data set [10], UMN data set [52], and
PET2009 [50] for specific crowd tasks. To our knowledge,
these are the most frequently used and representative data
sets for crowd behavior analysis. Some samples of labeled
results are shown in Fig. 6. Apparently, it would be more
informative to model the crowd mood if we make use of
the appearances, expressions, and sounds in crowds. However,
most data sets for crowd analysis are missing audio informa-
tion and it is difficult to recognize faces under the resolution.
In general, it is unrealistic to expect an automatic algorithm
to provide the emotion of the whole crowd due to complex
semantics about the scene, event, and environment setting.
Given the challenges and ambiguities, we believe a third party
of ground truth would be valuable. To address this problem,
the third-party observers are made to record the common
response and understanding of the crowd. Therefore, the third-
party ground truth could represent the emotional information
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Fig. 6. Examples of the ground-truth labeling. First row: Frantic cases.
Second row: Excited cases. Third row: Peaceful cases. Fourth row: Bored
cases.

of the crowd mood in a video. In a sense, crowd mood is
aimed at providing a quantitative measure of crowd emotional
information in different crowd scenes associated with a video.
Besides, the third-party ground truth is commonly conducted
by the algorithms, which can be compared or judged for
effectiveness, e.g., for key frames extraction [53], sentiments
analysis [54], and emotion recognition [30], [45], [46]. We
note that it is generally possible for the third-party observers
to determine the mood of a crowd from visual cues, as shown
by the user study we conducted.

1) Subjective Test: The purpose of the subjective test is to
provide the ground truth of each video as the A-V values.
To accomplish this task, we invited ten volunteers (six men and
four women) into our research laboratory to manually label the
mood of crowd videos. Each of them is asked to watch video
samples from the aforementioned crowd database and to label
the A-V values from O to 1 in ten levels. They were required
to choose A and V component values to describe the emotion
states that they saw. The ground truth is generated from the
volunteers’ voting results by averaging the A-V values of
labeling. For the ground truth of the discrete crowd mood
class, it is inferred by which quadrant the A-V value falls
into. Note that the subjects were asked to label the emotion
based on their feelings of what the whole crowd was trying
to evoke, rather than the emotion that the subjects perceived
during the test. Since our crowd mood model is developed to
indicate visual motion type and strength through a coordinate
in the emotion plane, it is more natural and adequate that
the A-V values are correspondent with the crowd’s evoking
emotion. When the subjects labeled the crowd mood the first
time, we needed to inform them of the essence of the crowd
mood model, the purpose of the experiment, and several rules
of the subjective test, which follow this paper [46].

1) We showed the observers crowd videos, which have dif-
ferent levels of strengths and types of the crowd mood.

30 25

20

Number of Votes
Number of Votes

0 0.2 0.4 0.6 0.8 1 1.2 0 0.2 0.4 0.6 0.8 1 1.2
Arousal level of videos Valence level of videos

Fig. 7. Histogram of vote for the A and V level of all the videos. Different
color stands for the volunteers.

The evoking crowd mood indicated from the motion pat-
terns rather than the perceived emotion of the personal
feeling from the observers should be labeled.

2) We would like to have the volunteers’ general assess-
ment in response to scene, motion, and context of the
crowd. We did not attempt to ignore the influences of the
voice or expression (if possible to obtain in the crowd)
even though the related features were not yet considered.

3) There was no time limitation during the labeling process.
The subjects were allowed to watch the video as many
times as they wanted to ensure the labels truly reflected
the crowd evoking emotion.

2) Ground-Truth Consistency: Due to the quality of the
ground truth being central to the system performance, we also
evaluated the consistency of the labeled ground-truth data.
To identify the emotional types, we only need the aver-
age labeling to provide the generalized labels in four emo-
tional quadrants, including Frantic, Excited, Relaxed, and
Bored. In this paper, the given A-V values to the videos
by subjective test were mapped into the A-V emotion plane.
The histogram for the votes of the volunteers is shown as
Fig. 7. Ground-truth consistency of labels given by observers
for the same video was evaluated based on standard deviation
distribution of the labeled values [30], [46]. The larger the
standard deviation, the less representative the ground truth is.
The reason is that the ground truth is obtained by averaging
the labels of the subjects. The histograms of the standard
deviation for A and V values in the subjective test are shown
in Fig. 8 (left). Note that most standard deviations of the
labeled values are approximately 0.1. The maximum values are
less than 0.25 and 0.2 for A and V, respectively. Furthermore,
we also conduct the pair validation as a reliability study and
compute the absolute difference between a pair test during
a span of time of the same subject for the same video. The
histograms of the absolute difference for A and V values are
shown in Fig. 8 (right). Most of the values fall around 0.1,
which indicates that the labels given by the subjects were
reliable. Even if there is a little fluctuation, the labeled results
still remained in the same quadrant by the averaging operation
upon all the subjects. For further consideration, the mean
standard deviation and the absolute difference evaluation are
listed in Table II. We can see that the mean standard deviation
of valence is smaller than that of arousal. The mean absolute
difference of arousal is a little larger than valence but still
remaining small. A reasonable explanation is that negative and
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Fig. 8. Left: histogram of standard deviations for A and V of the subjective
test. Right: histogram of absolute difference for A and V of pair validation
in the test and retest reliability study.

TABLE 11

MEAN STANDARD DEVIATION AND ABSOLUTE
DIFFERENCE OF THE LABELED RESULTS

Mean Absolute Difference
Valence Arousal

0.1302 0.1650

Mean Standard Deviation
Valence Arousal

0.1012 0.1473

positive emotions maybe more sensitive for humans to dis-
criminate compared with low and high strength [46]. Overall,
the results demonstrate that the ground-truth labels are highly
consistent as reliable data for the following experiments.

B. Crowd Mood Characterization

To evaluate the effectiveness of our proposed crowd mood
on crowd mood characterization,! we validate our proposed
crowd mood method (combining the orientation and magnitude
features, see details in Section IV-C) and two alternative
methods: 1) orientation feature-based method, in which only
the orientation feature is used; and 2) magnitude feature-
based method, in which only magnitude features are used.
We predefine four representative moods for evaluating the
effectiveness of our proposed crowd mood method, including
Frantic, Excited, Relaxed, and Bored.> We investigate these
vital factors in modeling crowd mood: 1) performance of
different feature channels; 2) STL; and 3) Adaboost feature
weight selection (AFWS).

1) UCF Data Set: This data set consists of 90 videos,
which vary in view, resolution, and duration of high-density
crowds. The labeled results are as follows—Frantic: 23 videos,
Excited: 26 videos, Bored: 21 videos, and Relaxed: 20 videos.

2) Evaluation Protocol: We select and label 40 videos
(10 videos for each mood) of PETS2009 data set [50] as
our training set, and train the SVR models for crowd mood
characterization and other experiments. We also train the
orientation feature-based model and the magnitude feature-
based method using the same configuration. The crowd mood
of whole sequence is generated by averaging the coordinates of
crowd mood curve. The insights of the results are investigated
as follows.

I'To the best of our knowledge, this paper is the first attempt for representing
and characterizing the mood of crowds.

2In this paper, we only select this four representative moods to carry out
the experiments, and it is easy to expand to more moods.
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1) Effects From Different Feature Channels: Fig. 9(a)
shows the evaluation of results of alternative methods
for crowd mood characterization. All three methods
achieve more than 40% mood characterization accuracy,
and our proposed crowd mood achieves overall 74.4%
accuracy and outperform the other two methods. This
demonstrates that the structured motion field features
and crowd mood model are effective for characterizing
crowd mood. Different types of feature channels con-
tribute to the final improvement, which also verifies that
our regression fusion method is effective. Our results
can successfully infer different types of crowd moods
in video sequences with naive operation and achieve
impressive accuracy. It further indicates that additional
information can compensate for errors in distinguishing
events and that more types of mood can be estimated.
Fig. 9(b) shows a confusion matrix between different
mood categories. Our method effectively classifies dif-
ferent moods, while confusion occurs between cate-
gory pairs, e.g., Relaxed/Frantic and Relaxed/Excited,
which have very similar components. According to our
observation, Excited and Frantic overlap the most with
each other. Some results are predicted on the boundary
line of the emotional quadrants, which causes confusion
between these pairs.

2) Effects From STL: The analysis of emotion model-
ing [47] has concluded that e-SVR is excellent in
regression for emotional factors with error tolerance.
To test the efficiency of each scheme, we evaluate a
comparison experiment with two common kernels for
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mood characterization
Linear: K(x,y) =x'y
RBF: K (x,y) = e Ik =yI?

where x and y are the feature values and y > O.
As shown in Fig. 10, we replace the STL with the
OF and inconsistent trajectory learning that directly
derived from particle advection to obtain the motion
features. The results show that SVR with linear kernel is
less accurate due to unweight motion features, partially
because there are relatively few training videos to map
the multidimensional features to an emotional value.
Meanwhile, RBF as a nonlinear kernel maps training
motion features to the high-dimensional space, which
leads to better accuracy. Nevertheless, due to that STL
already obtains the coherent motions for distinguishable
representations, there is not much difference between the
accuracies generated by the linear and nonlinear kernels.
The result decreases to about 30% and 43% when the
motion features obtained by the OF and inconsistent
trajectories. This reveals the fact that our structured
trajectories capture the coherent motion patterns in a
consistent particle manner, which makes it superior to
the basic OF and nonstructured trajectories.

3) Effects of AFWS: The final accuracy of the AFWS-based
approach achieves 74.4% accuracy as in Fig. 10, which
gains approximately a 10% increase. The scheme of
AFWS uses each feature as a weak classifier to per-
sist the most discriminative motion pattern information.
The weighted features show the relative importance in
describing the emotional components. The performance
comes from the utilities of boosted feature weights on
the feature construction, which make it possible to select
the optimal combination to represent motion patterns.

C. Global Abnormal Mood Detection

We also conduct a set of experiments for GAM detection
to validate the effectiveness of crowd mood for capturing the
semantic changes of the crowd behavior. We define the Frantic
mood as the abnormal mood, which represents the abnormal
emotion states of the crowd in a panic escaping situation.
The goal of GAM detection is to find the abnormal mood
frame, which is caused by a burst of motion and different
from the neighbor frames. Similar to most global abnormal
event detection work on crowd behavior [6], [10], [12], [21],
we follow the same experiment configuration. To that end,
crowd mood directly reflects how the crowd behaviors change,
which is a natural advantage.

1) GAM on UMN Data Set: In this experiment, we utilize
the frame-level measurement [11] to test GAM detection on
the UMN data set [52].

a) UMN data set: It consists of 11 clips of crowded
escape video events acquired in three different scenarios,
including both indoor and outdoor scenes. Each video begins
with normal behaviors and ends with panic escaping. All the
video frames are resized to 120 x 160 pixels for computation
cost.

ROC curve for UMN dataset
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Fig. 11. ROC curves of abnormal detection in UMN data set compared with
the other state-of-the-art methods.

TABLE III
COMPARISON OF HIGH-LEVEL METHODS IN UMN DATA SET

Method | CM | IEP [21] | SF [10] | SP [20] | OF
AUC [0.993 | 0.985 0.96 090 | 0.86
TABLE IV

COMPARISON WITH OF IN PETS2009 DATA SET

Method
AUC

OF S1
0.8834

CM S1
0.9480

OF S2
0.9801

CM S2
0.9940

b) Measurement: The emotional motion features are
extracted from the structured trajectories. We get the mapped
A and V curve to represent the overall intensity and types
of the abnormality in the frames. Each frame is classified
as normal or abnormal mood by the type of Frantic. The
performance is validated by plotting the receiver operating
characteristic curve (ROC) curves obtained by a continuous
threshold.

c) Insights: Fig. 11 shows the performances of ROC in
the experiments compared with other state-of-the-art high-
level modeling methods. The ROC curves listed for compar-
ison are directly obtained from paper [10], [20], [21]. The
quantitative results are shown in Table III. The results show
that our method (CM) can achieve better performance over
available state-of-the-art methods, including interaction energy
potentials [21] (IEP), SF [10], SP [20], and OF. It comes from
the fact that our features not only capture the velocity strength,
but also identify the global velocity distribution, which is
competitive to improve the performance on GAM detections.

2) GAM on PETS 2009 Data Set: We give GAM detection
results obtained on PETS2009 S3 data set following the same
experiment configuration with UMN. This data set contains
visual content from walking to escaping, which is suitable for
testing the sensitivity of crowd mood on detecting the subtle
and evolutive changes.

a) Evaluation criterion: To verify the discriminative
capability for evolutive changes, we use f(¢) = (1 + e¢)71t0
compute an activation scoring function of ours (CM) and OF.
And ¢(CM) = A x (1 — V) and ¢(OF) = argmax M,,,
where A and V represent the value of A and V for frame-
level crowd mood. M,y is the OF magnitude at pixel (x, y).
We use continuous threshold as binary classifier by varying
the parameter to generate ROC curves.
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Fig. 12.  ROC curves of abnormal detection in PETS2009 data set in two
scenes compared with the OF.

b) Case study: Fig. 12 shows the ROC curves in the
two scenes with the quantitative results of the comparisons in
Table IV, which indicates our approach (CM) outperforms the
baseline OF method. Scene 1 (S1), which is more challenging
than scene 2 (S2), contains gradual traction from normal
to abnormal activity. Our method focuses on the issue of
modeling the intensity as well as the patterns of crowd motion,
which is more sensitive to gentle changes of abnormality. Our
representation is capable of detecting the changes with well
mapping dimensions, which makes the normal and abnormal
motion pattern more distinctive and sensitive. In addition,
based on statistical features of coherent motion pattern, the
desired abnormal moods with the structure variations are
captured with much more robustness by our approach, which
gain higher performance than the OF.

D. Crowd Emotional Matching

1) Task: In this experiment, we consider the emotional
matching for the global crowd pattern to investigate the
robustness of crowd mood for various conditions, including
the changes of view, illumination, occlusion, and so on. It is
informative to give the insights into how the visual changes
affect the crowd mood representation. The crowd emotional
matching focuses on the goal to match the emotion of crowd
pattern sequence in a certain video segment with other similar
pattern sequences.

2) Data Set: Different crowd patterns could be identified,
making use of the emotional curve cues. To validate our idea
of the emotional matching, we still conduct experiments on
the PETS 2009 S3. We denote crowd sequences 14-16, 14-27,
14-31, and 14-33 as Seql-Seq4, respectively. So we have four
sequences and each has four views. Each view of sequences
is trained as a pattern by our emotional model to match the
other sequences.

3) Evaluation Protocol: The crowd pattern under different
views for the same sequence should have the similar emotion
state curves. Fig. 13 shows the visualization of the similarity
matrix results across four views. Each view sequence is tested
to match the other view sequences using 1-nearest neighbor
method. As per our expectations, the views, which have
the largest similarity with views in the same sequence, are
regarded as a positive match. A dynamic time warping (DTW)
sequence matching method is employed to calculate the sim-
ilarity distance between pairwise emotional curves.

High
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Fig. 13.  Crowd pattern matching results. (a) Similarity matrix for four
sequences across four views. (b) Confusion matrix for four sequences with a
positive match if they have the largest similarity within the same sequence.

4) Discussion: Consequently, it is interesting to note that
our method performs much better within the same sequence
while indicates discriminative across different sequences.
Fig. 13(b) shows the confusion matrix corresponding to the
average matching results in Fig. 13(a). It is noticeable that
Seql and Seq4 share slight similarity with Seq3. This is
because Seq3 contains common patterns from walking to
splitting with smooth transitions, which would easily capture
similarity with others by the DTW algorithm. However, match-
ing results seem pretty promising with an overall accuracy
rate 87.5%, which is calculated from the confusion matrix. The
result shows our contribution in employing crowd mood curve
to capture the semantic shift of global crowd patterns. Note
that, crowd mood produces a more invariant representation
by affective curve, which demonstrates the robustness across
different views and perspectives, due to: 1) structured trajec-
tory reduces motion noise influence by considering motion
patterns in the low-rank subspace and 2) motion statistics
compensates the occlusion and illumination errors in dense
crowd in terms of importance feature selection. Overall, the
results reveal the high robustness of our representation, which
is tolerant to complex visual changes. It shows that crowd
mood can distinguish different motion pattern sequences under
the view and illumination changes. The experiment indicates
that crowd mood is capable of leveraging global motion pattern
as well as transitions between them. It provides a compact
representation for analyzing crowd motion behaviors. It greatly
facilities the understanding of the crowd motion behavior, and
can be served as indicators of transfer and evolution among
the crowd patterns.

VI. CONCLUSION

In this paper, we have presented a novel high-level crowd
motion behavior representation, crowd mood, to provide a
different viewpoint through which to describe the high-level
semantic information about crowd behaviors. We have devel-
oped a structured trajectories learning method to extract coher-
ent motion features (the components of crowd mood) that
effectively captures compact and discriminative motion pat-
terns. Boosting makes the motion features more discriminative
in describing the emotional components.

In contrast to existing features defined in crowd motion
modeling, our crowd mood is derived from social emotional
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evidences and explicitly characterizes types and structures of
crowds from an emotional perspective. The crowd mood curve
institutively shows the changes of emotion states in dimen-
sional emotion plane to demonstrate the transfer and evolution
of crowd patterns. A complete solution has been proposed
to detect the sketch of crowds by structured trajectories and
quantitatively measure emotional properties of crowds. The
preliminary evaluations have shown promising performance
in crowd analysis tasks. Crowd mood offers a promising
tool for representing the semantics of the crowd behaviors,
and is applicable to many crowd tasks. As a first research
attempt to leverage crowd moods, we hope it can inspire
more opportunities and extensions for better understanding
crowd behaviors. In the future, we intend to incorporate other
modalities, when available, to further improve the performance
of crowd mood analysis.
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