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Abstract: The recognition of group activities (GAR) is of significant importance in the field of computer vision as it facilitates the
investigation and understanding of patterns of human behavior. Existing methodologies mostly concentrate on interactions at the
interpersonal level within a group. However, sociological research has emphasized the significance of individual characteristics,
interactions at the multi-person level, and the overall structure of the group in recognizing group activities. Hence, in this research, to
represent the relationships between people’s locations and appearances, adaptable and effective multi-person relational graphs (MRG)
have been developed for the aim of GAR. Graph Convolution Network (GCN) with sparse temporal sampling is applied to efficiently
infer multi-person relational graphs. The proposed network distinguishes group activity from individual interaction via relational
reasoning. The use of a GCN for identifying group activities comes after the implementation of a deformable CNN to collect features and
categorize individual actions. For multi-level interaction reasoning and group structure modeling, visualization samples and experimental
results show that this approach works better than the best methods currently available. These findings highlight the necessity of taking
into account multi-person relational graphs (MRG) representations for recognizing group activities.
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1. Introduction the yellow bounding boxes (M) and (N) and disregarding
their surroundings may reveal that they are simply standing
about. To fully understand a group’s activity, it’s important
to include all members of the group, including their
positions and surroundings. To understand group
dynamics, it’s important to consider both the individuals

and their settings.

The multimedia community has shown significant interest
in GAR [1] due to its wide range of practical applications
in areas such as intelligent surveillance, sports video
understanding, and social behaviour analysis. Several
previous studies have shown that it takes a lot of attention
to tell the difference between actions done by a single
person or complicated human activities in a video [2]. Jak0d
Understanding social interactions and behaviour in real-
world scenarios requires the ability to identify group
activities. In the field of computer vision, identifying group
activities is a challenging task since the objective is to
evaluate and understand the collective behaviours of
multiple people [3] [4] [5] [6] [7]. To identify activities
that involve several individuals, it is essential to capture

Queueing

both the interactions between persons [8] and the
spatiotemporal information at the individual level.
Recognition is classified into two types: activity

recognition and group interaction recognition. Activity activity (M) # activity (N)

recognition identifies an individual’s actions, whereas
group interaction recognition identifies group interactions.
Group activity recognition approaches integrate activity
and interaction detection to better comprehend group
behaviour. Figure 1 [4] depicts a group of people standing
stationary within a frame. Observing only one person in

Fig. 1. Interaction among people in group activities:
Talking and Queuing

In summary, the primary contributions of this study are as
follows: 1) A deep learning model was proposed to
improve the accuracy and computing efficiency of the
GAR. This GAR framework takes into account the context
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of interactions between multiple people in order to capture
both group and individual activity. The performance of
individual action recognition is enhanced by proposing a
Deformable Convolution MobileNet4 CNN. 2) To depict
the relationships between people’s locations and
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appearances, adaptable and effective multi-person
relational graphs (MRG) are constructed for the aim of
GAR. It possesses the capacity to distinguish between
distinct activities that include groups of individuals. 3)
Effective actor relation graph inference is achieved through
the use of GCN with sparse temporal sampling. The
proposed framework uses relational reasoning to
distinguish group activities from individual interactions.

2. Literature Survey

The process of identifying and classifying human activities
that occur in a group setting is referred to as group activity
recognition, such as in a meeting, sports game, or
surveillance. This section offers a comprehensive review
of the many strategies that are currently used to identify
group activities. Recognizing group activities precisely can
be challenging due to the complicated interactions and
interdependencies between group members. Most human
activity recognition reviews have focused on individual
action recognition [9] [2] [10] [11]. In [12] presents group
activity recognition in smart buildings, and [13]
investigates various facets of human activity, although they
only present conventional approaches. Group activity
recognition was most recently surveyed in [14]. It
emphasizes handcrafted methods, while [15] discusses
deep learning approaches as well. Recently, a growing
interest has been in developing intelligent systems that
automatically recognize group activities. Recognizing
group activities is difficult due to the complexity of group
dynamics, the variety of human actions, and the
environmental variability. Researchers have looked into
both handcrafted traits and deep learning techniques to
help with the recognition of group activities. With the
increasing popularity of deep learning, many researchers
have been using deep learning methods to recognize group
activities. This section discussed various hand-crafted
feature-based and deep learning-based group activity
recognition techniques Traditional approaches [8], [16],
and [17] often use custom features and set rules, which
may not accurately reflect the complex temporal dynamics
and interactions within the group. CNN-based Human
Activity Detections using Profound Learning (HADPL) is
a method presented in [18] this paper that detects HARS
from acquired accelerometer data. The use of a transfer
learning CNN model along with a Rol pooling layer in
[19] this study shows how action recognition can be
improved. Recent advancements in deep learning
techniques have demonstrated encouraging results in the
field of video-based group activity recognition. These
methods typically use a two-stage recognition technique,
as described in [20]. In the first stage, a convolutional
neural network (CNN) is used to extract person-level
information. Next, a global module has been created to
aggregate these distinct images into a feature at the scene
level. When the two-stage deep temporal model from [21]

is used, an LSTM model is used to record patterns of
individual activity while data is collected at the individual
level. A unified framework for identifying and detecting
numerous people’s simultaneous activities is proposed in
[22]. Using a hierarchical relational network that assigns a
linked description to each individual was proposed [23].
Furthermore, some studies [6] [24] look at the usage of
structured recurrent neural networks to represent the scene
environment or generate captions [25]. A novel approach
in deep learning research involves integrating graphical
representations with deep neural networks. To address
these constraints, researchers have utilized deep learning
methods, specifically Graph Convolutional Networks
(GCNs), [26], to enhance the accuracy of group activity
recognition. However, to create a graph that is fully
connected over the whole video frame, it would be
impractical to compute all of the pairwise relationships that
exist throughout all video frames. Construct a multi-person
graph according to their relative locations. Moreover, for
enhanced learning, suggest integrating GCN with a method
of temporal sampling [27]. Develop a multiperson graph
based on their relative locations. Furthermore, for
improved learning, consider combining GCN with a
temporal sampling method [27]. Based on other factors,
such as the similarities in their looks or the positions they
hold for one another, it is acceptable to assume that the
individuals in question are related to one another. To
recognize collective activity in a situation involving
multiple people, it is necessary to model individual
interactions. Because they can handle changing times,
recurrent neural networks (RNNs) are often used to model
how video frames change over time [21]. These models
can be costly to compute and may not accurately reflect
group activity variations. However, [28] solely analyzed
actor interactions and did not consider explosive
relationships between individuals when identifying group
activities. In  recent times, deep learning-based
methodologies have exhibited encouraging outcomes in the
domain of group activity recognition from videos [5], [29].
To begin, the Convolution Neural Network (CNN) is
responsible for gathering information at the actor level.
Using a recurrent neural network (RNN) or other
aggregation module, the generalized autoregressive model
(GAR) can make group-level representations. This is done
by combining actor-level features with an RNN. The nodes
provide a visual representation of each actor, while the
edges display their interactions. An actor relation graph
(ARG) that takes into account the connections between
actors based on both their appearance and their location
was created in response to this idea [28]. The attributes of
each node cannot be dynamically updated via graph
reasoning, though, because the matrix of relations in an
ARG is fixed. ARG does not incorporate motion contexts
from other modalities, such as optical-flow images, while
creating graphs; instead, it exclusively employs visual cues
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from raw RGB frames. Video group activities naturally
incorporate a variety of visual contexts, including motion
patterns and appearance signals. [30] Using a self-attention
technique known as a transformer, RGB, optical flow, and
posture presentations were altered to identify group
activities [31]. This method essentially uses a late fusion
mechanism to build prediction scores from multiple
modalities without recording actor-level associations. Prior
group-activity identification algorithms have been
demonstrated to improve visual tasks, but they only make
use of local visual context and fail to use global
embeddings that rely on conceptual labeling relationships.
To recognize group activities, this study investigates the
problem of recording the relationship between people’s
locations and appearances. The major objective is to create
a more flexible and effective model of individual
interactions, which will enable efficient inference for
group activity recognition as well as automatic learning of
the graphical connections between actors from video data.
The primary objective is to create an individual
relationship model that is more flexible and effective,
enabling the efficient execution of inference as well as the
automatic learning of the graphical connections between
actors using video data. A deep learning model is
suggested as a backbone network to increase processing
speed. This deep learning architecture consists of two
stages: Graph Convolutional Networks (GCN) are used in
stage two to distinguish group activity from multi-person
relational graphs (MRGs), while stage one uses CNN to
extract person attributes from video frames of collective
activities. Utilizing a GCN to identify group activities
comes after using a deformable CNN (Cheng 2020) to
collect features and categorize individual actions. The
suggested MRG uses representational modeling on the
combined visual graph to get context-aware information
about each person’s attributes and figure out how they
normally interact with others. Following this, a multi-user
visual context module is constructed utilizing two-stage
aggregation techniques to dynamically modify node
properties. They acquire meaningful representations by
propagating information across nodes, utilizing the graph
topology. GCNs use graph convolutions to capture both
local and global dependencies in the graph. GCNs
effectively model group relationships and interdependence
when recognizing group activities.

3. Action Recognition Framework

The approach includes a pre-trained CNN model with
transfer learning. Pre-trained layers extract visual
characteristics and allow for weight updates to improve
action classification. The transfer learning approach as
shown in Figure 2 demonstrates the use of a pre-trained
CNN architecture for feature vector extraction. In video
sequences with numerous people, the CNN deep model is
used to recognize individual actions. This research uses

pre-trained transfer learning models with modified layers,
such as VGG16, InceptionVV3, and MobileNet. MobileNet
outperforms other prominent CNN models in recognizing
individual actions. The MobileNet model optimizes for
individual action aspects, resulting in great efficiency and
accuracy.

‘ Sample Videos
I
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Video Converted to Frames ‘

- ‘

Queueing ‘ ‘ Walking [ Talking | Crossing
[ ]
— )

Pre-processing blob Detection

[ Deformable cNN (VGG16, InceptionV3,MobileNet) ‘

|
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— e
Action Recognition

Fig. 2. Action recognition framework
3.1. DCNN-Based Feature Extraction

Individual action recognition is not very accurate since
[100] only uses the region of interest and CNN to achieve
action identification; instead, it largely focuses on group
activity detection. As shown in Figure 5.1, this study
suggests using a deformable convolution neural network
(DCNN) to fine-tune the main network and make
predictions for both individual and group activities more
accurate. A key process in deep learning, especially in
CNNs, is convolution. It entails applying filters or kernels
to modify an input image or feature map. CNNs use
convolutional layers to apply filters that extract important
features from the input. Detecting human actions in videos
presents numerous difficulties. The temporal and spatial
variations that take place inside actions present a
significant problem. The human body may deform in these
variants in ways including bending, stretching, or
occlusions brought on by other things. The insignificant
capture of these deformations by conventional
convolutional layers results in inadequate action
recognition ability. However, they are computationally
expensive when regions are multiplied deeper into the
network. Deep convolutional neural networks (DCNN) can
get around the problems that regular convolutional layers
have by adding spatial deformations to the convolutional
process. Instead of assuming a fixed receptive field,
deformable convolution lets the network learn the sets for
sampling the input characteristics in a way that is best for
them. The sampling locations of the convolutional filters
are set by offsets, which are extra parameters that can be
learned in deformable convolution. These offsets are
determined depending on the input features during the
training stage. Better adaptation to spatial deformations in
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human actions is possible with deformable convolution.
3.2. Implementing Deformable Convolution

Deformable convolution can be used to recognize human
actions by adding layers to existing CNN structures. These
layers can be substituted for or used in addition to regular
convolutional layers in the network. The model can be
trained to make use of the advantages of deformable
convolution by fine-tuning the network on action
recognition datasets. The proposed approach makes use of
DCNN to solve the previously mentioned issue. As shown
in the formula that follows, this makes it possible to
combine information between a specific pixel position and
its surrounding pixels.

y(@, ) = Xij i P(xi.y;)
1)

For each frame, the sample expression for the (i, j)
position, where y(i; j) stands for DCNN, w; ; describes the
weight, and P(x;,y;) is the value of the pixel. The model
selects diverse features by obtaining information about
offset pixel position and creating a deformable feature map
structure. The accuracy increases with the amount of
information added to the classification because more pixel-
level data collected during the pooling process is
combined. Deformable convolution offers various
advantages for human action recognition systems. First, it
improves the ability to record fine-grained spatial
information and local deformations, resulting in more
discriminative action representation. Second, it strengthens
action recognition models against occlusions and
viewpoint alterations. Finally, it improves generalization
by accommodating different action speeds and scales.

4. Recognizing Group Activities Using The GCN Model

It is necessary to model interpersonal interaction to
identify collective behaviour in a multi-person setting. The
goal of this approach is to effectively learn about the
discriminative relationship between people using deep
models. Inferences on MRG can be easily carried out using
regular matrix operations, and MRG connections can be
automatically learned by GCN through group activities.
Furthermore, for efficient video modelling, localized and
temporally randomized MRG provides effective
sparsification techniques.

In Figure 3, the CNN model is proposed for individual
actions, followed by a graphical convolution neural
network (GCN) [32] for group activity recognition. The
Deformable Convolution module is recommended in this
work to improve CNN’s transformation capabilities. This
module can effectively learn several geometric
transformations from video frames.

CNN CNN CNN
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Fig. 3. Framework of group activity recognition using
GCN

The foundation of this method is adding offsets to the
spatial sample locations. Back-propagation combined with
deformable convolutional networks makes it robust to train
with the backbone CNN model. The major goal is to
recognize group activity in a scene using relational
information [33], [32], and [5]. To accomplish this
objective, developed a multi-person relational Graph
(MRG) that represents the interaction between several
individuals. Subsequently, relational reasoning on this
graph through GCN model is implemented to recognize
group activity. The system framework is illustrated in
Figure 5.2. This framework’s deep learning model consists
of two stages. The first stage uses CNN as its backbone,
the model extracts personal feature vectors from video
frames in stage one. Subsequently, GCN is employed in
stage two to identify group activity from multi-person
relational graphs. The DCNN technique used to extract the
features for each person’s bounding boxes from the frame
feature map. To obtain an n-dimensional vector of features
for every individual, an FC layer is applied to the matching
features. The total number of bounding boxes in V frames
is denoted by M. An individual’s feature vectors are
represented by the M*n matrix as R. Next, build
multiperson relational graphs with each node representing
an actor based on their unique qualities. Each edge in the
graph reflects a scalar weight determined depending on the
multiperson aspect and position. Multiple relation graphs
are created from the same set of features to represent
different relationship information. Individual and group
activities are recognized through learning and inference.
GCN is used to calculate relational context based on MRG.
After that, the graph convolution and MRGs are merged to
create the M*d dimension matrix R, which represents
individual relationships. To improve individual action
classification, add a fully connected layer to each person’s
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representation. Max-pooling multiperson representations
results in scene-level representations. A fully connected
layer above it detects group activity.

5. Development of Multi-Person Relational Graphs

The graph structure is employed to represent multi-person
relational information. The relational reasoning applied to
GCN was inspired by [28] [33] to classify group activity.
In the graph structure individual is represented as node
I=wWdullx=1,.... P), where P is the number of
people,

ufeR?® is individual Xx’s aspect feature and center
coordinate of individual x’s within bounding box is u$ =
(bi,b)). The graph GeRP*Pconstrue to represent multi-
person relational context among people and G, indicates
a relational graph. To represent the relationship between
multiple people aspect features and position information
must be taken into consideration. Furthermore, the
conceptual characteristics of the aspect and position
relations are distinct. To that purpose, need to describe the
appearance and position relations explicitly. The following
combination function defines the relational context value
in (2).

Gry = k (fu(ug, uf), £ (us, u5)) @

where f,(ug,u%) indicated the aspect relation among
people and position relation is estimated by fc(u,i,u;).
The function k combines the appearance and position
relational context feature into a scalar weight. In the
experimentation, the following function in (3) is used to
estimate the relational context.

. - Fe(uiu)exp(fa(ugug))
Y eh o fe(ubu§)exp(fa(ufug))

©)

where in, to ensure optimal results, it is necessary to
normalize the input data before applying the SoftMax
classifier. Normalization is the process of transforming
data to a standard scale, eliminating variations, and
bringing all features or variables onto a similar range. It is
particularly important when dealing with datasets
containing attributes with different scales, units, or
distributions. Normalizing the data, makes it easier for
learning algorithms to process and compare the features
accurately.

5.1. Aspect Relation

Aspects of human appearance are crucial for recognizing
group activities. These attributes offer significant insights
into the identities, activities, and interactions of individuals
within a group setting. Visual signals from the human
body, such as shape and posture, are vital for
comprehending group dynamics. Pose estimation
algorithms can recognize and track body joints, resulting in
skeletal structure representations. Skeletal structure

representations play a crucial role in skeleton-based action
recognition, a process that deduces the activities performed
from the movements and gestures of individuals. This
method is effective even in situations involving
challenging illumination conditions or partially occluded
individual appearances.

1. Dot-Product

The mathematical process known as the dot-product is
used to determine the degree of similarity that exists
between two vectors. Measurement of the degree of
similarity between various activity patterns and the
identification of commonalities among them are two of the
most important functions that it performs in the context of
GAR. Equation (4), which uses the dot-product to assess
the degree of similarity across activity patterns, enables us
to differentiate between various activities and recognize
group behaviours

@H"(u§)

fa(ug,ug) === @)
where a is the normalization factor.
2. Embedded Dot-Product

In the context of group activity recognition, vectors
represent activity patterns. These vectors are embedded
into a high-dimensional space using techniques such as
deep learning models or dimensionality reduction
algorithms as described in the equation. By computing the
dot-product [34] between embedded representations, can
assess their similarity and determine whether they belong
to the same group activity or not.

falug ug) = LR ©)

Where ¢ (ug) = wyuy + by,
wyeR{ is weight matrices and by, eR{ is bias vector.

3. Relational Graph

The relational graph is evaluated as given in equation

(5).
fa(u,‘}:u;) = ReLU(w[ll)(u,‘}),lp(u;)] + b) (6)

In equation (6) » and b are learnable parameters and ReLu
activation function introduces nonlinearity to deal with the
complicated representation.

5.2. Positional Relation

An essential component of action recognition involves
comprehending the positional relationship among
individuals. The concept of position relation relates to the
spatial configuration and comparative distances among
individuals. It imparts significant insights into the
intricacies of motion dynamics and patterns of interaction
throughout an action. By capturing and encoding the
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position relationship with precision, it becomes feasible to
distinguish between various actions and enhance the
overall performance of recognition. Identifying the relative
positions and movements of body components is essential
for action recognition algorithms. In human action
recognition, the Euclidean distance is a commonly used
metric to characterize the spatial relationships between
body components. Action recognition algorithms are
capable of acquiring the spatial information required by
computing the Euclidean distance between pairs of body
parts.

As per the observation, G, ,, set as per the threshold value
in (7)

fi(us:ug) = T(d(ug:uy) < 2) ™
Where = is the indicator performance and d (ug: u3).

Action recognition algorithms can discriminate between
action classes by evaluating spatial interactions and
extracting discriminative features. After localizing
individuals, pairwise Euclidean distances are obtained
between pairs. A hyper-parameter | serves as a distance
threshold and specifies the distance between the centers of
two distinct bounding boxes in Euclidean terms. The
encoding of Euclidean distance remains robust to changes
in orientation and posture. It enables the body part
arrangement to be the primary focus of the recognition
system instead of the absolute positions of the body parts.
The encoding of Euclidean distance remains robust to
changes in orientation and posture. It enables the body part
arrangement to be the primary focus of the recognition
system instead of the absolute positions of the body parts.

5.3. Multiple Relational Graphs

Based on various relationships of interest, many relational
graphs are built. For instance, one graph may show spatial
interactions between individuals, while another shows
temporal interdependence between actions. Hierarchical
group structures and social interactions can be represented
by additional graphs. Building a multi-person relational
graph (MRG) to store different kinds of relationship
information is important when looking at context
information between multiple people. The development of
several graphs on individuals is represented by the
equation G = (G',G?, ......,GP9) where P, is the number
of graphs. By fusing or combining the multiple relational
graphs, a unified representation of the group dynamics is
produced. The information from various graphs may be
merged via concatenation, averaging, or more complex
aggregation methods during this fusion procedure. A
relational graph is a visual representation that contains
distinct relationships or interactions, providing significant
contextual information. The integration of various graphics
provides an improved representation of the group context,

facilitating enhanced differentiation

activities.

among distinct

5.4. Temporal Modeling

One of the most significant challenges in the field of group
activity recognition is the identification of the temporal
dynamics and interactions that occur between individuals
across time. This article examines the importance of
temporal modelling in GAR and how multiple graphs
might improve recognition accuracy and robustness.
Capturing the temporal dynamics of events and
interactions over time is known as temporal modelling.
Insight into the temporal contexts, dependencies, and
sequential patterns necessary for precise activity detection
is made possible. Recurrent Neural Networks (RNNSs) are
extensively employed in the field of sequential data
modelling due to their ability to effectively capture
temporal dependencies among different graphs. This
enables the network to identify long-term dependencies
and make predictions based on the whole temporal context.
Sparse sampling is the process of randomly selecting
frames from the video to create the temporal graph. This
strategy reduces computation time and computation costs.
The proposed GCNs are deep learning models that
function with graph-structured data. They collect local and
global dependencies and aggregate information from
surrounding nodes using graph convolution algorithms.
Adding temporal information to GCNs made it easier to
come up with ways to model dynamic graphs and use
temporal reasoning in tasks like activity recognition

6. Graph Inference and Learning

In GAR, a collection of individuals is depicted as a graph,
with each individual serving as a node and the
relationships between them as edges. The mathematical
representation of a graph is given by the equation G =
(V; E), where V denotes the set of nodes (individuals) and
E denotes the set of edges (relationships). Graph
convolution aggregates information from surrounding
nodes in a graph. Graph convolution can be explained
mathematically using (8):

H®Y = 6(6G H' Wb (8)

This multiplication represents the flow of information
between nodes based on their relationships. Where
GeRWVXN) s the
H'eRMXD is a representation of a node’s features in the ™
layer and W'eR(@X9 js the weight matrix, which needs to
be learned as layerspecific. The weight matrix W
comprises learnable parameters that establish the
significance of neighbouring node information for every
node in the network. To improve model performance, these
parameters are adjusted throughout training. A weight
matrix enables the model to learn and adjust the most
important features for accurate group activity recognition.

graph’s  matrix  representation.
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The activation function is responsible for introducing non-
linearity into the graph convolution procedure, which
enables the model to acquire knowledge of intricate
patterns and complicated relationships. The activation
function o selected for the group activity recognition
assignment is determined by its particular characteristics
and requirements. In real life, several graph convolution
layers are stacked on top of each other to record
information about hierarchies and help the model learn
more general representations. Iteratively, each layer does
the graph convolution process, and the output of one layer
is fed into the input of the next layer. The iterative process
employed in this study enables the model to gradually
enhance its comprehension of group activities by
incorporating insights from both local and global contexts.
Following a number of graph convolutional layers, pooling
techniques can be used to collect data from various nodes
and identify the overall characteristics of the group
activity. Mean pooling and max pooling are two popular
pooling algorithms that combine the properties of the
nodes into a fixed length representation. After the features
are combined, the data is sent to a classifier, which could
be a fully connected neural network or a softmax layer, so
that the group’s activities can be put into groups. During
the classification process, the classifier either learns to map
the pooled features to the activity labels that correspond to
them or predicts the activity probabilities for various
classes. Consider the concatenation operation as a fusion
function as well in (9).

D — Z?’zgl U(Gi H! W(l,i)) 9)

Additionally, examine the concatenation operation as a
fusion function. Alternately, a process known as early
fusion can combine a collection of graphs into a single
graph. This implies that they can be summed up ahead of
the GCN process to combine them into a single graph. In
the concluding step, the output relation features from GCN
are aggregated with the initial features to produce the scene
illustration. As shown in Figure 3, the representation of the
scene is given as input to two different classifiers, which
then yield individual action and group activity predictions,
respectively.

6.1. Inference and Learning

The model learns to predict the activity label based on the
node properties and graph topology. Several techniques,
including gradient descent and backpropagation, are
applied during the training phase to maximize the model’s
parameter settings. The trained GCN model predicts the
label for a group activity based on its input graph. The
model successfully recognizes group activity based on
temporal dependencies and interactions. Cross-entropy loss
is a commonly used loss function in classification
applications, such as group activity recognition. It

measures the difference in predicted activity probabilities.
The model is driven to minimize the discrepancy between
the actual and predicted probabilities by the cross-entropy
loss. Backpropagation gradients are used to optimize GCN
model parameters, minimizing crossentropy loss.
Iteratively changing parameters based on gradients
improves the model’s effectiveness in recognizing group
activities. The final loss function is generated by
combining the standard cross-entropy loss with it in (10).

2=4,0%y%) + pt, ¥4 yH (10)

In equation (10) ¢, and ¢, are cross-entropy loss functions,
and p is utilised to optimize the training task over y© group
activity and y' individual action.

7. Experimental Results

Extensive experimentation was undertaken to validate the
effectiveness of the proposed methodology. The datasets
and implementation details utilized in the experiments are
presented. In contrast to state-of-the-art (SOTA)
methodologies, proposed experimental findings are
compared to various interaction modules. In conclusion,
we analyze and present visualizations of our findings to
intuitively demonstrate their efficacy.

7.1. Experimental Data Sets

The investigations utilize two distinct data sets: the
Collective Activity dataset (CAD) [4], and the Collective
Activity Extended dataset (CAED) [35]. In addition to the
pre-existing identifiers, we annotated the top-view
positions and orientations of the individuals in preparation
for MRG modelling. CAD: CAD is a collection of 44
videos organized into social scenarios. Each person has a
bounding box and labels for their activity and stance.
Action labels: NA, moving, waiting, queuing, and chatting.
Pose labels indicate specific orientations, such as right,
front-right, front-left, left, back-left, back, and back-right.
Each ten-frame video clip is labelled as a group activity
based on the majority of individual activities.

CAED: A CAD extension version is called CAED. It
updates the videos with more labels for jogging and
dancing. Pose labels are marked in the same way as CAD
and correspond to specific orientations.

7.2. Implementation Details

The experiments were conducted using the PyTorch
framework having CUDA cores on four NVIDIA
Professional Series Quadro P6000 RTX PCle 3.0 - 24GB
GPUs. Hardware machine with 2X Intel Xeon silver 16
cores processor, 128GB. The network is trained with a
dropout ratio of 0.3, a learning rate of 0.00001, and in 100
epochs with a mini-batch size of 32. In order to learn the
network parameters while keeping the hyper-parameters
fixed, make use of stochastic gradient descent using
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ADAM. The GCN parameter is selected as dk = 256, ds =
32, and the distance mask threshold of 1/5. Based on each
person’s ground-truth bounding boxes, extract a 1024
feature vector using the methods outlined in Section 5.4.
The default backbone CNN network, Inception v3, is
utilized for feature extraction. Additionally, the
experiments make use of CNN models that MobilNet
maintains. Fine-tune the pre-trained ImageNet model on a
single randomly chosen frame from each video, without
using GCN. Subsequently, adjust the weights of the
network’s feature extraction section, and continue using
GCN to train the network.

7.3. Comparison  with  State-of-the-Art

Methods

(SOTA)

The results of the experiments are shown in Table 1, 2, and
3. They show that our method achieves performance levels
that are comparable to the best existing techniques
(SOTA). In the subsequent section, we will explore the
benefits of our technique by analysing its distinctive
features in contrast to the state-of-the-art (SOTA)
methodologies. A deep learning model is offered as a
backbone network to enhance computing speed. This deep
learning framework consists of two phases. In the first
stage, the model utilizes Convolutional Neural Networks
(CNN) to extract characteristics of individuals from video
frames. In the second stage, Graph Convolutional
Networks (GCN) are employed to identify and understand
group activities based on the multiple-person relational
graph. In Table 1, you can see a summary of the first set of
activity recognition experiments and how well the CNN
backbone model did in terms of computation time and
accuracy. The MobileNet model is superior to the
InceptionV3 model in terms of action recognition
computation time. The efficacy of individual action
recognition is enhanced through the implementation of
DCNN transfer learning. When compared to models like
Inception V3, MobileNet exhibits quantifiable
performance improvements. Consequently, for group
activity detection, the DCNN MobileNet is suggested as
the foundational model for discriminating individual
activities from each video frame. Since [100] is
predominately concerned with the recognition of group
activities, CNN and the region of interest are insufficient
for accurate action recognition of individuals. The
proposed DCNN model enhances the accuracy of
individual action identification by fine-tuning the
backbone network MobieNet and including skeleton
extraction. Using deformable CNN allows for less data
augmentation, which is a benefit. Deformable convolution
allows the network to adaptively sample features from
different locations, capturing spatial deformations in
human actions. This enhances the network’s ability to
model complex motions and improves action recognition
accuracy.

Table 1. Results of stage one for action recognition

Overall Time
Accurac  Complexit
Backbone Network
y y
(%) (%)
InceptionV3 [33] 90.91 78.67
MobileNet [33] 89.37 87.91
DCNN Inception V3 95.41 79.02
Proposed DCNN 93.52 88.90

MobileNet

Conduct a comprehensive analysis of the CAD and CAE
datasets. For the backbone networks, relationship
modelling is suggested, and the assessment metric is the
precision of group activity prediction. The results of the
action recognition experimentation are presented in Table
2. Person action accuracy is used as the assessment metric
in the proposed backbone network.

Table 2. Performance of CNN model for action
recognition

Agcﬁlr)ac CAE
Backbone Network Accuracy
(%) (%)
Multistream CNN [33] 83.15 -
VGG16 88.68 89.02
Inception V3 95.41 95.82
MobileNet 90.02 90.04
ROI Pooing MobileNet 91.79 92.08
Deformable MobileNet 93.52 95.43

(proposed)

In the second step, a random selection of frames from each
training example is used to fine-tune the backbone network
that has already been trained. As the backbone network,
MobileNet is used for the tests. In step two, the weights of
the backbone network that is responsible for feature
extraction are fixed. The GCN network trains to use
integrated dotproduct to find the aspect and positional link
as MRG. According to Table 3, the proposed backbone
network DCNN MobileNet analyses the accuracy of group
action prediction by utilizing person action as the
evaluation measure.
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A substantial amount of testing is carried out on two
standard datasets for GAR. These datasets are known as
the CAD dataset and the CAED dataset respectively. The
performance of both datasets is considered to be state-of-
the-art. The suggested MRG (Multi-Relational Graph) can
effectively collect discriminative relational context
information for group activity recognition.

Several techniques were used by these systems, namely
RMIC [50], MLST-Former [37], P2CTMD [38], to reason
about interactions for GAR. . RMIC modelled interactions
at the person, group, and scene levels, while MLST-
Former [37] prioritized inferences between bodily areas
and individuals. Position information is utilized by
P2CTMD [38] to improve the learning of pairwise
relationships between individuals.

Table 3. Results of GCN model for GAR

Aiﬁll?ac CAED

Method Accuracy
(%) (%)
ARG CNN [28] 91.00 -
Improved ARG [33] 93.04 -
Fast Deep [36] 83.80 94.10
P2CTMD [36] 83.80 94.10
MLST-Former [37] 96.80 95.60
P2CTMD [38] 96.10 98.20
GCN(proposed) 97.40 98.20
However, these approaches failed to account for

interactions at the subgroup level and neglected to capture
the relationships of progressive reasoning across levels. As
a result, the proposed strategy functions more effectively
than conventional techniques by considering the relational
graphs created by analysing a person’s appearance and
their positional relations in video frames. The GCN model
is utilized to examine the multi-person relational graph-
based framework. As a result, of this, it is possible to
obtain higher levels of accuracy in recognizing individual
and group activities in the proposed framework. The GAR
framework combines individual and group actions by
considering interaction context among several persons.
Proposed Deformable Convolution enhances individual
action recognition performance.

" oas an 000
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Fig. 4. P2CTMD and the proposed method are compared
using the CAED (a) and CAD (b) datasets. The confusion
matrix for P2CTMD is (a) whereas ours is (b).
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Fig. 5. Visualization of interactions. Interactions are
enhanced among persons exhibiting similar actions.
Groups (), (b), and (c) are engaged in the activities of
moving, queuing, and dancing, respectively.

The exceptional performance of our method in identifying
speaking, dancing, and jogging activities is illustrated in
Figure 4 and compared with P2CTMD through the
confusion matrix. Our method recognizes crossing and
waiting actions more accurately and with less confusion.
This superiority can be achieved through the effective
utilization of the MRG modelling module, permitting a
robust understanding of spatial patterns within groups.
Specifically, in crossing groups, individuals are observed
to be centrally distributed along the road, whereas in
waiting groups, individuals are found to be distributed on
one or both sides of the road.

8. Visualization

People from the same group usually act in similar ways. As
shown in Figure 5, the pictures show person IDs and the
actions that go with them. The contact weights between
people are shown below the pictures. High interaction
weights mean that these people have similar subgroup-
level representations and tend to form groups that stick
together. The fact that this happened shows that the
interaction reasoning tool works to improve relationships
between people who do the same things.

There are certain individuals present in the scene who
abstain from participating in the main group activity.
Figure 6 depicts this scenario, with person IDs and actions
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on the left and partial interaction weights on the right.
Individuals traveling and queuing have lower interaction
weights, suggesting less interaction. In order to reduce the
possibility of misunderstanding between queuing and
moving activity, this purposeful suppression of interactions
stops messages from spreading between moving and
queuing throughout the graph inference process.

U\

087

0.
I °"’\\°’*\‘a
0.0.0

W: Walking

C: Crossing Q: Queueing

Fig. 6. Visualization of interactions. The degree of
interaction between distinct actions is diminished.

9. Conclusion

Group activity recognition is the process of identifying the
activity that a group is carrying out by looking at the
actions and interactions of various group members.
Conventional methodologies in this domain frequently
employ handcrafted features to recognize group activities.
Nevertheless, these techniques have difficulty capturing
interdependencies and temporal dynamics among
individuals. Applications in the real world have provided
evidence of deep learning’s efficacy in classifying group
activities. Multiple relational graphs have been developed
to represent various sorts of relationships and interactions
among group members through the deep model. The GAR
performance and computational speed were improved by
introducing the deep learning model CNN and GCN. By
incorporating a deformable convolution module into the
CNN layer for individual action recognition, the deep
model’s performance is improved, achieving an accuracy
of 93 : 52%. Finally, the GCN model is used to analyse a
multiple-person relational graph model for the recognition
of group activity, which improves the computational speed
of GAR and enhances the accuracy to 95 : 4%. Two public
datasets were used for experiments and comparisons. The
results showed that modelling both the individual’s
appearance and the interaction context information can
improve the accuracy of group activity recognition. Graph
Convolutional Networks (GCNs) perform well in
recognizing group activities by modelling complicated
relationships among individuals. GCNs use graph
structures to determine interactions and dependencies
among group members, improving representational
learning accuracy.
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