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ABSTRACT

The need for automated systems to aid law enforcement dur-
ing densely packed events arises from the inherent danger of
large crowds, evidenced by historical instances of stampedes
and crushes. Existing methods vary from basic crowd statis-
tics extraction to detailed anomaly detection in behavior clas-
sification, but often focus on single, pre-segmented scenes.
Our work addresses classifying crowd behaviors in environ-
ments where multiple behaviors coexist within a single scene,
defined as a multi-class crowd motion characterization chal-
lenge. We use a microscopic approach for scenes captured
by drones at varying altitudes, without prior manipulation.
This approach combines graph-based representations of indi-
viduals and flow images, facilitating classification of diverse
crowd behaviors in unsegmented scenes. Tested on a pub-
lic dataset, our method shows promising results in analyzing
complex crowd dynamics.

Index Terms— Crowd behaviour classification, Graph
neural networks, Drone video analysis

1. INTRODUCTION

In recent years, due to the overpopulation many cities are ex-
periencing, there has been a trend of trying to focus on im-
portant dangers related to mass social gatherings such as con-
certs, strikes, parades, political demonstrations etc. A prime
example of these risks can be found in [1], where Bauck-
hage analyzed the stampede that occurred in 2010 during a
musical event in Duisburg, Germany where dozens of peo-
ple tragically lost their lives. This is not an isolated case as
many more tragedies of similar proportions and characteris-
tics have happened, even in the near past, such as the Seoul
October 2022 crowd crush which resulted in a massive ca-
sualty rate during the Halloween festival or the 2017 Turin
stampede where three people died in Piazza San Carlo as a re-
sult of the incident. A first approach to preventing such cases
and mitigating the inherent risks of densely gathering mul-
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tiple people, comprise the installation of surveillance cam-
eras operated and monitored by humans. However, these have
been shown to be error-prone and inefficient solutions due to
the fact that humans posses limited proficiency in monitoring
multiple signals [2]. This is especially valid when one has to
keep an eye on several people which contribute in multiple in-
dependent groups that can have complex interactions among
them. These factors have contributed to the emerging research
on crowd analysis systems, in order to implement automatic
video surveillance systems able to assist security forces dur-
ing massive gatherings [3]. In the last decade, many methods
have been proposed in the literature to address the problem
of crowd behavior analysis. As extensively discussed in Sec-
tion 2, all these methods assume that there is an initial phase
of spatial and temporal segmentation of the scene, whose task
is to isolate the sequences to be classified. This is particularly
unrealistic in real-world applications where an automatic sys-
tem receives a raw video directly from the input device and
shifts elsewhere a very complex problem like the detection
and segmentation of flows, to focus on a less challenging as-
pect like classification. For this reason, the method we pro-
pose is structured in such a way as to operate on an entire
scene without presupposing any pre-processing phase. To the
best of our knowledge, this is a seminal work in this sense and
it stands out for its holistic and multi-dimensional approach,
integrating spatial and temporal analysis into a single frame-
work. Unlike traditional methods, it uses high-level graphs
and strategic division for accurate and detailed classification
of crowd behaviors, even in adjacent areas. A key element is
the integration of motion flow images, enriching the analysis
with dynamic data such as individual and collective move-
ments. Furthermore, our two-stream neural network model
processes both graphs and motion flow images, optimizing
data integration and enhancing the model’s generalization ca-
pacity, especially effective in complex and variable scenarios.

2. RELATED WORKS

An early contribution to crowd behavior analysis by Shao
et al. focused on identifying groups in crowded scenes. This
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work involved the extraction of four key descriptors from
each video to train a Support Vector Machine (SVM). This
SVM was capable of classifying group states in videos as
gaseous, solid, and fluid-like behaviors, further distinguished
between pure and impure fluid states, based on the movement
patterns and interactions of people within the crowd [4]. The
crowd behavior states initially described by Shao et al. were
further expanded in a study by Dupont, Tobias, and Luvi-
son. In this study, they introduced the Crowd-11 dataset, a
new resource for crowd behavior analysis [5]. This dataset
encompasses similar behavior definitions, such as gaseous
and fluid-like behaviors, and also introduces static motion
patterns. These patterns are categorized as either calm or
agitated and include interactions within crowds that lack a
defined motion flow. Furthermore, the authors demonstrated
the usefulness of these classes for anomaly detection tasks in
video analysis.

Building on the crowd behavior analysis frameworks previ-
ously mentioned, the method introduced by Su et al. focuses
on group state analysis and crowd video classification. This
method employs an unsupervised feature extractor using an
LSTM autoencoder, enhanced with a coherent regularization
term to capture spatio-temporal hidden features and nonlinear
behaviors [6]. In addition, the field has seen advancements
with neural network-based methods, notably the two-stream
convolutional architectures proposed by Bendali-Braham
et al. These architectures demonstrate the effectiveness of
pre-trained convolutional neural networks on datasets like
Crowd-11. Specifically, they fine-tuned a 3D convolutional
neural network (C3D) and a two-stream inflated neural net-
work for this dataset, employing a 5-fold cross-validation
approach that yielded enhanced accuracy compared to the
original methods [7].

Similarly, Wei et al. in [8] proposed the C-BMO crowd
model, which conceptualizes a crowd as a triad of Behavior,
Mood, and Organization. Their model distinguishes three
primary behaviors: heterogeneous, homogeneous, and vio-
lent crowds. To analyze these, they utilized a two-stream
convolutional neural network comprising a static channel for
RGB images and a motion channel for motion maps, both
using VGG-16 networks [9]. The resulting feature maps are
then merged to make a prediction. Furthering the two-stream
approach, [10] introduced a spatio-temporal method divided
into a spatial stream for individual frames and a temporal
stream for motion flow fields. The predictions from these
streams are combined through class score fusion. Recently,
the use of Graph Neural Networks in this domain has been
advanced by Behera et al. They developed a deep convolu-
tional graph neural network to classify crowds in surveil-
lance videos into structured and unstructured categories [11].
While previous studies such as those using the Crowd-11 or
CUHK Crowd datasets have focused on modeling behaviors
in pre-segmented scenes, our work diverges by addressing the
classification of crowd behaviors in scenarios where multiple
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behaviors coexist within the same, unsegmented scene. This
approach, namely GRAPHIC, is formulated as a multi-class
crowd motion characterization problem on scenes that are not
manipulated beforehand. GRAPHIC faces the challenge of
unknown segmentation of crowd flows and the complexity of
identifying behaviors that may only be present in parts of the
scene or change over time. The novelty of the method mainly
lies in:

The integration of spatial and temporal analysis — we em-
ploy top and bottom level graphs within a single framework,
enabling more accurate and specific classification of various
crowd behaviors, even in adjacent areas.

The incorporation of motion flow Images — GRAPHIC en-
riches the analysis with dynamic information like individual
movements and collective flows in a format easily processed
by neural networks.

A two-stream neural network model — we developed a model
that simultaneously processes graphs and motion flow im-
ages, optimizing data integration and enhancing the model’s
ability to generalize.

A new benchmark for crowd behavior analysis — by annotat-
ing different flows within the same scene in from a publicly
available dataset, we provide a novel training and testing
benchmark for the research community.

3. THE PROPOSED METHOD

GRAPHIC is designed to classify the behavior of crowds oc-
curring concurrently in different areas of a video scene, with-
out relying on predefined spatial or temporal segmentation. It
employs a graph-based representation, built using a bottom-
up approach, where each individual in the crowd is treated
as a distinct unit with properties like position, direction, and
speed. Static features, such as the position, are calculated rel-
ative to the upper left corner of the image, while dynamic fea-
tures, including direction and velocity, are determined consid-
ering a sequence of frames. Individuals with similar features
are grouped together, moving coherently, and these groups are
represented as graphs. Each group is defined by specific fea-
tures like location, density, and relative displacement within
the group, allowing for differentiation between various clus-
ters of people within the scene. This method facilitates the
identification of different areas within a scene and the types
of interactions occurring among the assembled people.

However, to classify the behaviour of people crowds, static
features are not sufficient and dynamic characteristics must
be considered, too. Temporal features are measured at the
scene level. Thus, the entire scene is partitioned into dis-
jointed tiles of fixed size. Moving within the scene, groups
may traverse one or more tiles. Each time a people group
crosses a tile, features of the corresponding graph are associ-
ated with the tile. Tiles that are not traversed by any group are
excluded from further processing, while the others are repre-
sented as nodes of a higher-level graph describing the entire
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scene. Each node of this scene graph encapsulates features
associated with the corresponding tile, while the arcs account
for the distance between tiles. In order to also take into ac-
count people who move individually, i.e. without constitut-
ing any group, but who nevertheless contribute to determining
flows in a scene, a motion flow image is also integrated into
the classification process. The graph representing the scene
together with the flow image feed a graph neural network that
assigns each node to a crowd behaviour class. The details of
the different steps constituting the pipeline of the proposed
method are discussed in more detail below.

3.1. The Bottom-level graph

Since the processed videos are acquired by drones at a vari-
able altitude, velocity and movement features require nor-
malization against drone height. This is done using an au-
tomatically estimated scale normalization factor derived from
pedestrian trajectories. Assuming pedestrians move at a fairly
constant speed over a fixed distance d, this scale is defined as
the frame count required for the most linearly moving pedes-
trian with least velocity variance to cover distance d. Indi-
viduals in a frame are represented as nodes with spatial posi-
tion (xp, y,) and estimated direction (d,, dp, ), velocity vy,
and movement ds,, computed over k subsequent frames. To
group similar behaviors, a k-Nearest Neighbors agglomera-
tive clustering in a 6-dimensional space aggregates all spatio-
temporal descriptors. The clustering space for frame f and
people set P is:

{(1‘1{’ y;; dgzv d£y7

vl,ds]) | p e P} (0

Euclidean distance is the metric for group identification, with
parameters number of neighbors Clyeighiors and distance
threshold C'l;;, determining each node’s maximum edges and
edge formation distance. This approach creates the bottom-
level graph for each scene frame.

Bottom-level graphs may have disconnected nodes or un-
connected node groups. Thus, for each bottom-level graph
(representing a frame), connected components are identified,
where each connected component C'C' represents a group of
persons. Groups are singularly analyzed to create collective
descriptors for group behavior. For a connected component
CC = {p1,...,pn} descriptors include group density and
nearest person distance, as well as an aggregation of the
previous features:

» For positional features, a pseudo-centroid ¢ is com-
puted over all members p of the group

c= (Zpecc Zp Zpecc Yp )
[ele/ R ele]
* The group resultant normalized direction is computed
using the parallelogram law
7 _ (ZpECC dpzvzpecc dl’y)
T 1 pece padpece Aoyl
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Velocities and movements are averaged among all
nodes of the component.

* An estimation of the group’s density is computed as

_ g d(c.posy)
P = pwa+od scale nd

— 1 d(c,posp) ;
o = \/\co\ szC’C( 2Pl — 11q)?, this measure
can be beneficial to distinguish cluttered scenes from
sparser distributions of people

_
where (4 = [aar Xpece

The scaled distance from the centroid of the group to
the nearest pedestrian is computed using a 1-Nearest
Neighbor search

* The number of people in the group |C'C| is also taken
into account and processed as a node feature

Each node of the resulting graph represents a group C'C' and
encapsulates the features of that group.

3.2. Top-level graphs

In order to take into account the dynamic aspect of a scene a
tiling is generated over video frames (see Fig. 1 (a)). Consid-
ering the frame resolution (W x H) a parameter [ controls the
side of each square. Moreover, in order to limit the computa-
tional cost, only tiles involved by people movement are con-
sidered, while all others are excluded (see Fig. 1 (b)). Given
tiles and a bottom-level graph for each frame of a scene, the
goal is to construct a top-level graph that also describes a
temporal portion of the video. For this purpose, considering
disjoint time spans composed of F' = {f;, ..., fi+x} frames
with ¢ = 1,k + 1, ..., for each tile ¢, a matrix M, contain-
ing the spatio-temporal features of the groups that crossed ¢
in any of the given time span is computed. Specifically, let be
g a group in F', the following rule has been implemented:

G={glgef A centroid(g) € t} = {¢gV,..., g™}
vfeF vt (2)

dgim dgy) ’Ug<1) ng(n pg(l) Cdg(l) npgm
Afp,t = :

d dggm Vgn) dSg(n) Pgn) Cdgm) MPgin)

3)
where F' is a time span consisting of a sequence of frames
fi» with i representing the index of frames in the timeline,
g represents a group of individuals in a given frame. More-
over, the columns of the matrix Mp; are: i) x-component
of the direction of group g in frame 4, ii) y-component of
the direction of group g in frame ¢, iii) velocity of group
¢ in frame ¢, iv) displacement of group ¢ in frame ¢, v)
density of group ¢ in frame ¢, vi) closest distance be-
tween the centroid of group g and any other individual in
frame ¢, vii) number of people in group g in frame q.
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Due to the nature of this aggregation, tiles may have features
of different sizes, depending on the number of groups that
crossed a tile. However, neural network models are designed
to have input of fixed shape. This brings the necessity of em-
bedding different matrices in a fixed-size space. This problem
has been tackled by applying the two-dimensional Discrete
Cosine Transform to the feature matrix Mp; of a tile. In
order to actually extract a fixed-size representation from such
a matrix, the first n. dct coefficients are sampled according
to a zig-zag scan, which ensures that low-frequency coeffi-
cients (i.e. coefficients resulting from the computation using
smaller cosine oscillations) are placed before high-frequency
coefficients [12]. If the original number of coefficients is
lower than n., it is padded with zeros. Each tile ¢, that has
been crossed by at least one group becomes a node that en-
capsulates the feature vector of the tile. Doing so, all graphs
share the same feature shape and can be used to define the
input layer of a graph neural network model.

In the video sequences used for training the classification
model, the different areas of a scene are labelled with the cor-
responding crowd behaviour class (see Fig. 1 (c)), so all tiles
falling in a labeled region assume the the label of that region
(see Fig. 1 (d)). In order to relate information together, edges
between tiles are generated based on their adjacency relation,
every tile has an edge with its eight surrounding neighbors
and their weights are defined as the Spearman correlation
between their feature vectors.

Crowd behavior classification is framed as a graph clas-
sification problem, with each graph depicting a group of
people. In unsegmented scenes, different behaviors might
occur in various areas, especially adjacent ones. The scene,
partitioned into tiles, leads to adjacent tiles representing dif-
ferent behaviors, connected as nodes by arcs in the same
graph, potentially having different labels. To manage the
varying behaviors within a graph, a graph splitting process
is implemented to maintain low cardinality and uniform la-
beling across nodes. Specifically, for each top-level graph’s
connected component, the node with the highest degree is
selected as the BFS source node, considering a depth limit 6.
This BFS identifies a node set V; reachable within § edges,
and the corresponding subgraph Gy, is extracted (see Fig. 1
(e)).

3.3. Motion Flow images

In an effort to give broader contextual information to the
model without introducing too many approximations by en-
larging graphs, the neural network adopted for classification
is designed in a two-stream fashion, using 3 channels images
representing the flow of pedestrians in every video. Each tile
is represented by a single pixel across three channels in a
motion flow image.

In particular, the first channel contains the cumulative number
of people present in each tile across all frames, the second
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represents the cumulative time, in number of frames, spent
in each square by every pedestrian and the third one contains
the cumulative curvature of the paths followed by people.
The last information has been extracted considering a path
as a sequence of points s, = {(z5", yS"), ..., (287, 45}
where, given a tile ¢, (xg), y,(f)) e tVie{l,...,n}. Using
a circle approximation of the path (like a least squares circle
fitting [13]), the curvature for s, is defined as Rls .

When processing a video, given a graph the C(;rresponding
patch is extracted finding the node in the graph with the high-
est degree, said node corresponds logically to a tile which
corresponds to a pixel in a motion flow image. Centered
in that pixel, the patch can be extracted expanding from its
center with an arbitrary number of pixels in every direction,
using a parameter to controls its size. Figure 1(f) shows an
example of motion flow image generated from a scene of the
training set.

®

Fig. 1. Some steps of the tile processing pipeline. From top
to bottom and from left to right respectively: a) all tiles gen-
erated for a frame, b) tiles traversed by people, ¢) manual an-
notation of regions with different crowd behaviour, d) tiles la-
belled according to the regions to which they belong, e) com-
ponents of the graph after splitting, f) flow image.

4. THE TWO-STREAM GRAPH NEURAL
NETWORK

The proposed model is a two-stream GNN which, during the
training process, takes as input a batch of graphs, in the form
of node and edge features, with their corresponding batch of
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patches. The first stream deals with graphs: each batch goes
through two graph convolutional layers, each one of these im-
plements the first two steps of the message passing paradigm
(aggregate and update), in addition to that, a GraphNorm [14]
layer has been introduced after each convolution. The con-

Convolutions+

BatchNorm+

MaxPooling

> Readout
Batch of patches

~—

Graph Convolutions+ Linear
GraphNorm+ [l
SkipConnections

Batch of graphs

b,

N—

—> |Flatten |Linear ——> °

Linear

|

Fig. 2. Illustration of the two-stream graph neural network
model used

catenation of the two convolutional layers batched results is
then fed into a readout (mean) operator to obtain a batch of
graph representations. This approach, which resembles skip-
connections, has been proven to improve networks general-
isation capabilities [15, 16]. The latter is then concatenated
to the batched feature maps obtained from the second stream,
which is composed of two convolutional layers followed by
max pooling and batch normalization [17] layers. Figure 2
shows a visual summary of the described model.

The model is trained by using the Stochastic Gradient Descent
(SGD) with momentum in order to optimise a cross entropy
loss using per-class probabilities extracted with the softmax
function. The loss function is weighted in order to reduce
the interference introduced by well represented classes over
under represented ones, that is each class is weighted by the
ratio of the total number of samples divided by the product
of the number of classes and the number of samples belong-
ing to that class. Moreover, the model weights are updated
according to the mini-batch rule, using batches of 512 graphs
and flow images.

5. DATASET AND EXPERIMENTS

All the experimens have been conducted on video sequences
extracted from the DroneCrowdDataset [18]. This dataset was
designed for crowd counting, tracking and localization and
was introduced by Wen et al. in 2021. It contains a total of 112
videos shot with different drones (DJI Phantom 4, Phantom 4
pro and Mavic) all at a resolution of 1920 x 1080@25fps. The
featured scenes comprise several scenarios such as markets,
parking lots, campuses etc, which are also variably crowded.
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For the testing phase, an evaluation dataset has been con-
structed by removing 20 videos (from a total of 112) from
the original data. These scenes have been chosen, after the
process of graph generation, to preserve the class distribution
across training and test set as much as possible.

The original dataset, having been designed to solve a task
which does not comprise behavioral information, only presents
annotations in the form of bounding boxes on each person. In
order to provide behavioral labels, the dataset has been man-
ually annotated in its entirety using the same class definitions
from the Crowd-11 dataset paper [5]. In particular, some
classes have been left out such as no crowd and interacting
crowd due to the nature of the scene. The labeling task has
been carried out using an open-source annotation tool called
Label studio. After this process, it has been immediately
noticed that the dataset’s behavioral annotations resulted to
be very skewed towards certain classes, while leaving others
under-represented. Table 1 illustrates the histogram of the
dataset’s annotations, particularly showing the very different
distributions of class instances among scenes.

Table 1. Annotations distribution throughout the dataset

Static Gas Static  Merging Crossing Turbulent Gas Diverging Laminar
Calm Jammed Agitated Flow Flow Flow Free Flow Flow

51 30 8 18 182 59 184 16 147

5.1. Experimental results

The unique nature of our proposed approach and the spe-
cific video annotation it requires mean that many standard
datasets for crowd behavior classification are unsuitable for
training/testing. This limits comparisons with existing meth-
ods, which typically analyze short sequences from various an-
gles and focus on singular behaviors. In testing our method,
we have conducted experiments across varying label speci-
ficities. The first experiment evaluated binary classification,
distinguishing crowds as structured or unstructured. The sub-
sequent two experiments delved into multiclass classification:
one assessing three classes based on the presence of none,
one, or multiple flows, and the other examining more detailed
classes as per dataset annotations.

5.1.1. Results for binary and multiclass classification

A binary classification is defined with respect to two classes
that are unstructured and structured crowd. Taking advantage
of the similarities of the flows considered in this work and
the analysis of similar crowd behaviors conducted by Behera
et al. in [11], annotations comprising gas free, gas jammed,
merging flow, diverging flow and static, where people move in
highly variable directions in a cluttered or sparse way, move
from a point to join in another, disperse from a source or
show little to no movement at all have been considered un-
structured, while behaviors characterised by distinguishable
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streams of people such as Laminar, Turbulent and Crossing
flows have been labeled as structured. Experiments result in
an F-1 measure of 0.71.

The second experiment is based on three classes which de-
scribe the number of flows present: class 0) represents no
flow with data points coming from gas free, jammed and static
where there is no noticeable stream; class 1) contains laminar
and turbulent flows which describe behaviors with a single
distinguishable stream of people either stable or turbulent due
to interference from other people; class 2) holds behaviors
with more than one flow like crossing, merging and diverging
flows. Experimental results conducted on this type of classi-
fication, show that the model is more error-prone on classes
with flows while it performs better on the first class. In fact,
F-1 scores on the three classes are 0.73, 0.59 and 0.56 respec-
tively, averaging at 0.63. The third experiment aims at testing
the predictive capabilities of the model on finer annotations
from the dataset. In this section, class indices, in order, cor-
respond to: (0) gas free; (1) gas jammed; (2) laminar flow;
(3) turbulent flow; (4) crossing flows; (5) static. As it can be
noticed from table 1, the imbalanced nature of the dataset re-
flects in classes being severely under represented. Due to this
reason, merging and diverging flows have been excluded from
this experiments, while static agitated behaviours have been
merged with static calm ones forming a single static class.
Referencing table 2, it is immediately noticeable that turbu-
lent flows are very problematic. In fact, they are often mis-
classified as laminar flows in scene where disturbances are
milder and crossing flows in the other cases.

Table 2. Metrics for second multiclass classification test

Metric Gas Free Gas Jammed Laminar Flow Turbulent Flow Crossing Flows  Static  Avg

0.62
0.70
0.62
0.65

0.30
0.19
0.29
0.23

0.69
0.48
0.69
0.57

0.007
0.074
0.007
0.013

0.61
0.54
0.61
0.57

0.66
0.39
0.66
0.49

0.48
0.40
0.48
0.42

Accuracy
Precision
Recall

F-1 measure

5.1.2. Discussion

Comparing this work with previous studies is challenging as
the existing approaches only work on pre-segmented scenes.
However, in order to compare Shao et al.’s method with
GRAPHIC, we divided the DroneCrowdDataset scenes into
multiple videos per scene, each representing a different flow
according to the corresponding label. This adaptation allowed
Shao et al.’s method to be applicable to the types of videos
it was designed for. On the contrary, GRAPHIC classifies
the original unprocessed videos. Despite not pre-segmenting
scenes or flows, our method surpassed [4] in most classes, ex-
cept turbulent flows, as summarized in Table 3. Results show
that incrementing the complexity of the classification, a per-
formance drop can be noticed, especially on less represented
classes. Indeed, when validating the approach on a simpler
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Table 3. Comparisons between our method and the one pro-
posed by Shao et al

Gas Free Laminar Flow Turbulent Flow
Shaoetal. GRAPHIC Shaoetal. GRAPHIC Shao et al.

Crossing Flows

Metric GRAPHIC  Shao etal. GRAPH]

1C

0.46 0.62 033 0.69 0.04
0.64 0.70 0.32 0.48 0.25
0.46 0.62 0.67 0.69 0.17
0.54 0.65 043 0.57 0.20

0.007 0.38 0.61
0.074 0.64 0.54
0.007 0.50 0.61
0.013 0.56 0.57

Accuracy
Precision
Recall
Fl-measure

binary task (structured/unstructured crowd), the model is able
to achieve an accuracy and F1-measure of 73%, while tests
on classes representing the number of distinguishable flows
in a stream of people show a noticeable performance drop
in accuracy and Fl-measure values that reach 63%, with the
first class (no flow) being the most reliably predicted. Finally,
using a finer labeling, performances particularly drop on tur-
bulent behaviours. The average score obtained reaches an
average accuracy of 48% and an average F1-measure of 42%
while still retaining similar performances when compared
to the other discussed tests with simpler settings, when only
considering well-represented classes such as gas free, laminar
flow, crossing flows and static (the class resulting from static
calm and static agitated behaviors): around 65+ 4% in accu-
racy score. Comparing our work with Shao et al.’s one shows
a promising starting point and proves that working with raw
scenes in crowd behaviour analysis is indeed possible.

6. CONCLUSIONS AND FUTURE WORKS

This work aimed at tackling tasks in the field of crowd behav-
ior analysis in a setting where videos were not trimmed be-
forehand, this constraint introduces multiple difficulties such
as an unknown a-priori flow segmentation and a rather am-
biguous definition of the behavior in portion of a scene.

The proposed method starts from clustering persons in each
frame of a video sequence based on their estimated features,
then extracts people movements in fixed length sequences of
frames and ends with constructing a graph based representa-
tion of the scene. In order to add more spatio-temporal con-
text, motion flow images built from pedestrian trajectories are
also considered. A two-stream network is feed with both rep-
resentations and provides a local crowd classification with re-
spect to a fixed number of different behaviour classes.
Results are encouraging. In particular, they show that a classi-
fication of crowd behaviour is possible without a prior spatio-
temporal segmentation of the scene. As expected, the com-
plexity of the classification problem increases proportionally
with the number of classes. In particular, the error is greater
for classes that are less represented in the data. Future work
will focus on ad-hoc data augmentation techniques for bal-
ancing the dataset. Given the nature of the annotations and
the specific type of input provided to the classification model,
this is a quite non-trivial issue.
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