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ABSTRACT:In this paper we present a novel method to recognize crowd behaviors using Fisher kernel
combine with other spatio-temporal features. The method exploits these features to extract useful information
uniformly distributed on the video frame. The temporal features represent the rendering of trajectories traveled
by the individuals and the spatial features represent the density of neighboring individuals in the predefined
proximity. This formulation is used to model the behavior of the crowd. The feature extraction process is
computationally affordable, thus suitable to be applied in real-time applications for behavior analysis in
crowded scenes. The experimental evaluation is conducted on a set of benchmark video sequences commonly
used for crowd behavior identification. We show that our approach presents significant performance
considering these video sequences.
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I. INTRODUCTION

More than half of the people in the world live in densely populated areas [1][2][3][4]. Hence,
automated detection of anomalous events generated by self-organization phenomena resulting from the
interactions of many individuals, can cause significant hindrance in the flow [4][5][6]. This makes necessary to
provide more vigilant surveillance, possibly in lieu of, or as an assistance to, human operators. However, there is
a lack of empirical studies of crowded scenes where besides basic motion segmentation, also the analysis of
more structured behaviors, such as the formation of lanes, or the detection of oscillations at bottlenecks, is
decisive for the safety of people during, for example, the access to or exit from mass events, or in situations of
emergency evacuation [7][8][9][10]. Congested conditions can possibly trigger crowd disasters arising from the
maximum density and irregular flow of crowd [11][12]. Moreover, the behavior of the crowd may transition
from one state of collective behavior to a qualitatively different behavior depending on the density of crowd.
Such transitions typically occur when individuals in the crowd accumulate, propagate, or uniformly move with
the flow [13][14][15]. Activity analysis and scene understanding entail object detection, tracking and activity
recognition [16][17][18]. These approaches, requiring low-level motion features, appearance features, or object
trajectories, render good performance in low density crowd scenes, but fail in real-world high density crowd
scenes. Some recent works [19][20][21] presents an offline data-driven approach for crowd videos to learn
crowd motion patterns by performing long-term analysis[22][23]. The approach tracks individuals in dense
crowded scenes, showing typical and rare behaviors. Other related works [24][25][26] proposed an
interdisciplinary framework for the analysis of the crowd, which integrates benefits of simulation techniques,
pedestrian detection and tracking, dense crowd detection and event detection [27][28].

Considering the difficulty in performing detection and tracking in crowded environments [29][30], the
research has focused on gathering the motion information at a higher scale, thus not associating it to single
objects, but considering the crowd as a single entity [31][32]. These approaches often require low-level features
such as multi-resolution histograms [33][34], spatio-temporal volumes [35][36], and appearance or motion
descriptors [37][38][39]. In the work [40], the optical flow constraint is exploited to estimate a conditional
probability of the spatio-temporal intensity change [41]. Furthermore, motion estimation and segmentation are
integrated into a functional minimization strategy based on a Bayesian framework. In [42][43], authors used a
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mixture of dynamic textures to fit a video sequence and then assigned homogeneous motion regions to the
mixture components [44]. However, the methods presented in [45][46] are only targeted at addressing the cases
of simple motion patterns. In [47][48], motion segmentation is performed without relying on the optical flow. In
[48], a dynamic texture model is used to measure the similarity between neighboring spatio-temporal patches.
These patches are grouped by connected component analysis, resulting into over segmentation in presence of
low density crowd. In [53], the authors proposed a method to perform multi-target tracking in crowd using time
integration of the dynamical system defined by the optical flow.

Il. PROPOSED FRAMEWORK

The Fisher kernel/vector (FV) [49] is a function that measures the similarity of two patches or objects
on the basis of sets of measurements for each patch or object. In this process, the class for a new object can be
computed by minimizing, across classes, an average of the Fisher kernel distance from the new patch to each
known member of the given class. In fact, the FV is an object or patch representation obtained by pooling local
image features. It is frequently both as a local and global image descriptor in visual classification.

While the FV can be extracted as a special, approximate, and improved case of the general Fisher
Kernel framework, it is easy to demonstrate directly. Let | be a set of different dimensional feature vectors (e.g.
SURF descriptors) extracted from an image. Let ® be the parameters of a Gaussian Mixture Model fitting the
distribution of descriptors. The GMM connects each vector xi to a mode k in the mixture with a strength given
by the posterior probability:
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For each mode k, consider the mean and covariance deviation vectors as formulated below:
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where j=1,2,...,D spans the vector dimensions. The FV of the image I is the pooling of the vectors uk and then
of the vectors vk for each of the K in the Gaussian mixtures which is formulated below:
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To detect spatio-temporal events, Laptav [50] built on the idea of the Harris and Forstner interest point
operators [51][52] and detect local structures in space-time where the object or patch values have local
variations in both space and time. The spatio-temporal extents of the detected events are computed and their
scale-invariant spatio-temporal descriptors are calculated. Using such descriptors, events are classified and
video representation is modeled in terms of labeled space-time points. For the problem of behavior detection, we
illustrate how this method allows for detection of these behaviors in different scenes with occlusions and
dynamic backgrounds.

The motivation of the Harris interest point detector is to find locations in a spatial image where the
image values have high magnitude variations in both directions. For a given scale of observation, such interest
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points can be computed from a windowed second moment matrix integrated at a specific scale as formulated

below:
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The L’s are Gaussian derivatives as formulated below:
L3P(-; 0f) = 0z(9°P(+; af) * f*P)
LiP (5 of) = 9y(g°P (5 of) * £°P).
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In the equation, g is the spatial Gaussian kernel as formulated below:
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The concept of interest points in the spatial domain can be prolonged into the spatio-temporal domain
by requiring the object or patch values in space-time to have greater variations in both the spatial and the
temporal dimensions. Points with such characteristics will be spatial interest points with a unique location in
time corresponding to the moments with non-constant motion of the image in a local spatio-temporal
neighborhood.

I1l. EXPERIMENTS

To validate the performance of our approach, we have conducted the experiments on a set of 22 crowd
video sequences extracted from benchmark datasets, commonly used for crowd analysis, including videos from
PETS2009, UCSD, and UCF. We have also conducted experiments on video sequences from the UCD dataset, a
collection of video sequences acquired in the university campus. The UCD dataset contains video sequences
representing flows of students moving outdoor across two buildings. Furthermore, we also evaluated the
performance on two real-world video sequences and two synthetic video sequences downloaded from Youtube
in order to validate the generalization property of the proposed approach.

For the extraction of the spatio-temporal features for each particle, the resolution of the pixels in
original images is not changed. Additionally, each video sequence is partitioned into segments of fixed-length,
set at 160 frames (about 6 seconds depending on the frame rate). However, movement of individuals in 6 video
sequence is very swift, representing strong transitions between consecutive frames. Therefore, these video
sequences are partitioned into segments of 60 frames each instead. There numbers are determined empirically.

For each particle, a two-dimensional Gaussian filter, with variance 1 and size 11 x 11, is applied to
reduce noise and engender a consistent density map at the end of particle advection. To extract the features,
normalization is applied and the centroid of the image is recognized as a peak. The analysis of the extracted
peak shows lane behaviors as the crowd follows a straight path. In the ring/arch behavior, crowd exhibits
ring/arch behavior since individuals move in the curved direction. Similarly, in the bottleneck behavior, all the
individuals/vehicles converge to a single location.

To evaluate the performance of our approach, presented the results of our methods in the Table below.
As can be seen, out method present very good results for crowd behavior identification.

Datasets Lane Ring Bottleneck Our method (Correctly detected
behaviors behaviors behaviors)
PETS2009 25 0 5 Lane = 18, Bottleneck=2
UCsD 65 0 8 L=35, B=3
UCF 15 2 4 L=10, R=1, B=1
UCD 31 1 3 L=10, R=0, B=2
Youtube 13 5 6 L=8, R=2, B=2




American Journal of Engineering 2018

[1.
[2).
[31.
[41.

[5].
[6].
7.
(8l
[9].

[10].
[11].
[12].
[13].
[14].
[15].
[16].
[17].
[18].

[19].

[20].

[21].
[22].
[23].
[24].

[25].

[26].
[271.
[28].

[29].

IV. CONCLUSION
In this paper we present an approach for crowd behaviors identification using a combination of Fisher
kernel and spatio-temporal features. We conducted experiments on a large set of datasets consisting of three
important crowd behaviors including lane, ring/arch, and bottleneck. Our method shows very good results after
conducted experiments on the video sequences from these datasets. In our future work, we would like to extend
our method in order to consider other crowd behaviors including fountain congestion.
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