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This research addresses the critical challenge
of recognizing mutual actions involving multiple
individuals, an important task for applications such
as video surveillance, human-computer interaction,
autonomous systems, and behavioral analysis.
Identifying these actions from 3D skeleton motion
sequences poses significant challenges due to the
necessity of accurately capturing intricate spatial
and temporal patterns in diverse, dynamic, and
often unpredictable environments. To tackle this, a
robust neural network fram k was developed that
combines Convolutional Neural Networks (CNNs) for
efficient spatial feature extraction with Long Short-
Term Memory (LSTM) networks to model temporal
dependencies over extended sequences. A distinguishing
Jeature of this study is the creation of a hybrid dataset
that which combines real-world skeleton motion data
with synthetically generated samples, produced using
Generative Adversarial Networks (GANs). This
dataset enriches variability, enhances generalization,
and mitigates data scarcity challenges. Experimental
findings across three different network architectures
demonstrate that our method significantly enhances
recognition accuracy, mainly due to the integration
of CNNs and LSTMs alongside the broadened
dataset. Our approach successfully identifies complex
interactions and ensures consistent performance across
different perspectives and environmental conditions.
The improved reliability in recognition indicates that
this framework can be effectively utilized in practical
applications such as security systems, crowd monitoring,
and other areas where precise detection of mutual
actions is critical, particularly in real-time and dynamic
environments
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1. Introduction

The monitoring and surveillance landscape has been
significantly changed by the evolution of video analytics
systems. Advanced developments have improved the effec-
tiveness of these systems, reducing potential failures from
human oversight through sophisticated functions and algo-
rithms. Facial recognition integrated with action recogni-
tion capabilities has become a crucial necessity for modern
video analytics as technology progresses. This integration
is vital not only for identifying specific individuals but also
for detecting potentially harmful or anomalous actions,
which is increasingly relevant in various applications like
public safety, security monitoring, and human-computer
interaction.

The significance of action recognition cannot be over-
stated as it plays a crucial role in understanding human
behaviors in different contexts. Accurately interpreting ac-
tions can enable proactive responses to threats and improve
real-time decision-making processes. With urban environ-
ments becoming more complex and crowded, there is a grow-
ing demand for intelligent systems that can monitor and
analyze human interactions. Additionally, the emergence of
autonomous systems and smart environments requires ro-
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bust action recognition frameworks that can function under
varying conditions and perspectives.

These studies play a role in practical uses such as pro-
active security surveillance, behavior assessment, and in-
dependent decision-making in monitoring systems. These
improvements lead to more effective responses to public
safety risks, ensuring strong performance across different
environments.

The relevance of these studies are found in its effort to
fulfill these requirements by creating a new hybrid model
that combines 3D CNNs for extracting spatial features with
LSTMs for recognizing temporal patterns. This methodolo-
gy improves the capability to analyze complex spatial-tem-
poral patterns in various, changing, and frequently unpre-
dictable situations.

2. Literature review and problem statement

The paper [1] offers an in-depth examination of the latest
developments in action recognition, highlighting notable im-
provements in both precision and versatility across a range
of applications. It has been demonstrated that various deep
learning models have achieved encouraging outcomes in




controlled settings; however, challenges remain, especially
in adapting these models to dynamic, real-world environ-
ments characterized by fluctuating lighting, varying move-
ment complexity, and diverse perspectives. These obstacles
often arise from fundamental issues in consistently captur-
ing temporal information, along with the significant com-
putational demands of models that include spatial-temporal
representations, which can impede real-time functionality.

A popular method for extracting temporal information
from video sequences is the utilization of 3D convolutional
neural networks (CNNs). Research, such as [2], has indicated
that 3D CNNs can effectively capture temporal dynamics;
however, they face challenges in action recognition accuracy
when confronted with actions that exhibit variations in speed
and shifts in perspective. This limitation is partly a result of
the inherent difficulties in modeling temporal changes using
a 3D CNN framework alone, underscoring the necessity for
models capable of adapting to various temporal patterns with-
out substantially increasing computational costs.

Another strategy discussed in [3] involved a dual-thread
ConvNet model, which managed to isolate temporal cues
through analyzing frames individually but faced difficulties
in maintaining performance over extended video sequences.
While this approach showed promise, it was constrained
by the computational burden of processing long sequences,
making real-time implementation problematic. Further-
more, [4] suggested modeling motion directly within the
frequency domain to mitigate noise disruption. Although
effective for straightforward motions, this technique proved
less suitable for intricate action sequences that are typically
observed in uncontrolled environments, indicating that dif-
ferent modeling approaches might be necessary to address
complex, nuanced actions.

In recent times, Transformer-based models have become
popular for processing video data due to their capacity to
capture spatial-temporal complexities more effectively. For
instance, the Multiview Transformer (MTV) model intro-
duced in [5] utilized multiple encoders to manage various
video perspectives, achieving high accuracy on complex
datasets. Nevertheless, Transformers require substantial
computational resources, which creates challenges for their
use in real-time surveillance and action detection. Similarly,
VideoMAE, an autoencoder model [6], performed well in
low-data scenarios but was limited to high-quality data
inputs, which restricted its applicability to a wide range of
real-world conditions.

Recurrent Neural Networks (RNNs), particularly Long
Short-Term Memory (LSTM) units first described in a
work [7], have been a favored choice for capturing long-term
temporal dependencies in sequential data. While LSTMs have
shown potential in tasks like speech recognition [8, 9] and vi-
sual object detection [10], they frequently encounter challenges
with longer video sequences, where the “vanishing gradient”
problem can impair performance in deep networks. Further in-
vestigations into resolving these limitations in object detection
models were conducted by [11, 12], suggesting that dynamic
temporal representations are critical, but single LSTM models
are often inadequate for capturing spatial dynamics in diverse
environments, indicating the necessity for combined models to
enhance action recognition in complex, real-world situations.

Given these unresolved challenges, there is still a de-
mand for a robust approach to mutual action recognition
that can function efficiently in varied real-world situations.
Prior studies have shown the effectiveness of 3D CNNs

and LSTMs independently; however, merging these archi-
tectures could help mitigate their respective limitations by
facilitating spatial feature extraction alongside temporal
pattern identification. Research, such as [13], has investigat-
ed co-training transformers on both video and still images to
enhance temporal representations, yet difficulties in general-
izing to complex datasets with diverse backgrounds have re-
mained. Likewise, the InternVideo model [14] attained high
accuracy on well-structured benchmarks but faced increased
computational demands when integrating models, highlight-
ing the need for more efficient and adaptable strategies.

To tackle these shortcomings, our research introduces a
hybrid 3D CNN+LSTM architecture for mutual action rec-
ognition, aimed at capturing both spatial and temporal fea-
tures within diverse skeletal movement patterns. This meth-
od addresses the limitations noted in previous models by
utilizing CNNs for thorough spatial encoding and LSTMs
for managing temporal dynamics, thereby enhancing recog-
nition consistency across a range of actions. Furthermore, by
integrating a dataset that comprises both real and synthetic
skeleton sequences, the model aspires to generalize effec-
tively to both common and rare actions, which is critical for
applicability in real-world scenarios.

Moreover, to contextualize our technique within the
present environment of action recognition datasets, it is
necessary to highlight many major datasets that have ad-
vanced the field, despite our choice of NTU RGB+D and
NTU RGB+D 120 for this work. Among these, the Kinetics
datasets (Kinetics-400 [15], Kinetics-600 [16], and Kinet-
ics-700 [17]) are well-known for their huge collections of
human action clips from different and unconstrained situa-
tions. This diversity benefits in generalizing models across a
variety of real-world scenarios, albeit the Kinetics datasets
focus on RGB data rather than specialized depth or skeleton
information, limiting their relevance in research needing
accurate posture information.

The “Something-Something” dataset [18] has tremen-
dously helped to construct models that recognize item
interactions and contextual activities. While it is a valuable
resource for evaluating temporal correlations in action se-
quences, it does not particularly capture skeletal data, which
is crucial given our focus on skeleton-based action detection.

ActivityNet [19] and HACS (Human Action Clips and
Segments) [20] further contribute by focusing on large-scale
benchmarks that offer both action recognition and temporal
action localization. These datasets have been valuable for
broader activity recognition applications but lack the de-
tailed skeletal and depth information crucial for fine-grained
analysis of human poses. Similarly, HMDB (Human Motion
Database) [21], with its extensive collection of video data for
motion recognition, provides a useful benchmark but does
not include the skeletal structure or depth elements needed
for more precise spatial modeling.

In contrast, the NTU RGB+D [22] and NTU RGB+
+D 120 [23] datasets used in this study were chosen expressly
for their high-quality depth and skeleton annotations, as well
as their diverse variety of action categories. These datasets are
ideal for our purposes since they capture the nuances of hu-
man movement across a variety of contact kinds and locations.

In summary, the unresolved challenges pointed out
in earlier studies underscore the necessity for a combined
model capable of efficiently processing and interpreting
spatial-temporal information without sacrificing real-time
performance. This research is both timely and significant,



providing a potential solution for improv-
ing action recognition reliability in do-
mains such as public safety, surveillance,
and other dynamic environments. Through
an innovative hybrid approach, this study
aims to make a valuable contribution to
the advancement of more adaptable and
computationally efficient action recognition
systems.

3. The aim and objectives of
the study

The aim of the study is to create a reliable
system for recognizing mutual actions that
can accurately capture and analyze human
behaviors in intricate and ever-changing envi-
ronments by utilizing a combination of spatial
and temporal modeling methods.

To achieve this aim, the following objec-
tives are accomplished:

—to design and execute a neural net-
work framework that combines 3D Con-
volutional Neural Networks (CNNs) for
extracting spatial features with Long Short-
Term Memory (LSTM) networks for recog-
nizing temporal patterns;

— to construct a detailed dataset that includes both ac-
tual and synthetic skeleton sequences, thereby improving
the model’s generalization and versatility across various
situations;

—to carry out thorough experiments and comparisons
with leading action recognition models, assessing the pro-
posed system’s accuracy, efficiency, and scalability;

— to evaluate the developed model on action recognition
benchmarks and confirm its efficacy in managing complex
and diverse human activities.

4. Materials and methods

4. 1. Object and hypothesis of the study

The object of the study is to identify reciprocal human
behaviors using 3D skeletal information. In particular,
it emphasizes the detection of potentially dangerous or
unusual actions within dynamic settings, utilizing both
genuine and artificially created skeletal motion data.
Therefore, this research is to address a critical gap by
proposing an architecture that combines 3D convolution-
al neural networks (CNNs) and long short-term memory
(LSTM) networks to address the complex problem of
mutual action recognition (example of proposed pipeline
is given in Fig. 1).

Moreover, this research seeks to investigate the effec-
tiveness of training models on a hybrid dataset composed
of real and synthetic skeleton data, ultimately determining
whether this combination yields superior performance com-
pared to traditional methods.

Integrating 3D CNNs for extracting spatial features
with LSTMs for modeling temporal patterns, using a hybrid
dataset of both real and GAN-generated skeleton data, en-
hances the accuracy and robustness of action recognition in
varied and dynamic settings.

Temporal

Features features

Fig. 1. Combination of CNNs and LSTMs for action recognition

Main assumptions of the study:

1. Skeleton data adequately captures human movement,
enabling accurate action recognition.

2. The skeleton sequences generated by GANSs closely re-
semble actual action behaviors, aiding in the generalization
of models.

Simplifications adopted in the study:

1. The research operates under the premise of perfect con-
ditions for the input of skeleton data and does not consider any
inaccuracies that may arise from skeletal extraction in videos.

2. It is assumed that actions within the dataset do not
overlap and are mutually exclusive.

3. This work does not tackle issues related to real-time
processing, such as latency, but rather emphasizes accuracy
and generalization.

4. 2. Datasets

To ensure uniform training conditions and encompass
a broad spectrum of human activities, let’s employ two key
datasets: NTU RGB+D and NTU RGB+D 120. These data-
sets were chosen for their high quality in depth and skeletal
data, along with the extensive range of action categories they
offer, which is crucial for effectively capturing a variety of
human actions across different scenarios.

The NTU RGB+D [22]. Dataset comprises 56,880 video
samples across 60 unique action categories, providing RGB
videos, depth maps, infrared sequences, and skeletal joint
data captured using three Microsoft Kinect sensors. Evalu-
ation techniques include cross-subject and cross-view strate-
gies, allowing for training and testing under different subject
and camera conditions to evaluate the model’s resilience in
unfamiliar scenarios.

The NTU RGB+D 120 [23]. Dataset expands upon
the original NTU RGB+D by offering a larger collection
of 114,480 RGB+D videos across 120 action categories.
This dataset includes recordings from various setups to
examine how well the model adapts to diverse environ-
ments, with each action recorded from multiple horizontal
angles (-45°, 0°, and +45°).



To ensure consistency in experiments, let’s create sub-
sets from these datasets and added generated skeleton data
intended to mimic human motion patterns similar to those
present in the NTU RGB+D 120. Let’s use NTU RGB+D
and NTU RGB+D 120 datasets because of the different set-
tings of videos it contains (changing lighting, camera view,
ready skeletal information). It is possible to derive a subset
from the datasets and added our generated dataset, and
continuation of our project will mostly involve skeletons and
depth information that’s why we considered NTU datasets.
To use NTU RGB+D 120 dataset one has to download NTU
RGB+D dataset parts also, that is why we mention both
datasets when speaking about used datasets.

4. 3. Experimental setup

The model training was performed using an NVIDIA DGX
system equipped with 8 V100 GPUs, each with 32GB memory.
This setup allowed to handle large datasets and compute-inten-
sive model architectures efficiently. The software environment
included PyTorch for neural network implementation and
NVIDIA’s CUDA toolkit for optimized GPU processing.

4. 4. Data generation and preprocessing

Given the need for extensive skeletal data, it is possible
to generate additional skeleton sequences using a Generative
Adversarial Networks (GANSs) inspired by the [24]. This
approach allowed to incorporate up to 7 action classes and
capture both localized and global body movements (example
is given in Fig. 2—4). GAN-based data generation was used
to introduce stochastic variations, enhancing sample diversi-
ty without compromising skeletal structure integrity.

Fig. 4. End of action

Figure sequences above (Fig. 2—4) show an example of
visualization of generated dataset. Let’s use Matplotlib and
Mpl_toolkits packages to draw generated skeleton sequences.
The authors of the original paper achieve significantly higher
quality than previous methods while also demonstrating the
ability to generate 120 different actions under global move-
ment settings, which is a significant improvement over the
previous state-of-the-art, which could only generate under
local movement settings and only 10 different actions.

4. 5. Model architecture and training process

Our architecture leverages Convolutional Neural Net-
works (CNNGs) for spatial feature extraction, combined with
Long Short-Term Memory (LSTM) networks for temporal
pattern learning:

— CNN Layers: Initial action sequence frames are pro-
cessed through multiple CNN layers to extract high-level
visual features from each frame’s skeletal representation.
The CNN'’s convolutional and pooling layers capture and
condense spatial features, which are then passed to sequen-
tial layers;

— LSTM Layers: Sequential CNN outputs are fed into
LSTM layers to capture temporal dependencies across
frames. The LSTM component enables the model to inter-
pret action sequences over time, addressing the dynamic
nature of human motion.

4. 6. Validation of experimental setup

To validate our model’s effectiveness, let’s design a series
of controlled experiments. Let’s apply the cross-subject and
cross-view evaluation methods available in the NTU data-
sets to assess model generalizability across unseen subjects
and perspectives. Additionally, multiple iterations were run
to determine optimal hyperparameters, ensuring the model’s
stability and reproducibility in action classification tasks.

4.7. Methods

To cope with the spatiotemporal nature of actions one
needs to capture image features together with features of the
scene that changes over time. In all of our experiments let’s
use a combination of a subset of NTU RGB+D, a subset of
NTU RGB+D 120 and generated datasets. Let’s use meth-
ods from [24] to generate skeletons with action sequences
needed to be fed to convolutional networks for obtaining fea-
tures. It was chosen to generate the needed dataset because
it has a new design that harnesses the advantages of both
Generative Adversarial Networks (GANs) and Graph Con-
volutional Networks (GCNs) to replicate human body ki-
netics and the generated skeleton sequences dataset proved



to be accurate. This innovative adversarial framework has
the capacity to incorporate up to 120 distinct NTU RGB+D
120-like actions related to both local and global body move-
ments. Simultaneously, it enhances the quality and variety
of generated samples by disentangling latent spaces and
introducing stochastic variations. Moreover, the mentioned
model was trained using NTU RGB+D and NTU RGB+D
120, so it is possible to rely on the generated results to be
similar to those of train samples.

Then to capture spatial features from skeleton images
in experiments the methods of using CNNs implemented
in [25] were adopted and modified. Initial frames of the ac-
tion sequence pass through CNN layers where features of the
skeleton were derived. The CNN'’s convolutional and pooling
layers capture spatial features from each frame’s skeletons.
The final feature map from the CNN layers represents
high-level visual features of the skeletons. After CNN layers
then add a long short-term memory layer (LSTM) to get se-
quential patterns from CNN outputs. LSTM layers process
incoming features from CNNGs.

5. Results of the proposed 3D CNN+LSTM model for
skeleton-based action recognition on hybrid dataset

5. 1. Model architecture

Let’s employ deep neural network architecture for the
task of action recognition from skeleton motion coordinate
changes. The architecture consists of three main components:
a 3D CNN backbone, an LSTM layer, and fully connected
layers. The 3D CNN backbone captures spatial and tempo-
ral features from the input data. The input data consists of
sequences of skeleton motion coordinate changes. Each se-
quence has a length of sequence_length, representing a series
of frames capturing skeletal joint movements. The input shape
should be (sequence length, num_joints, 3, 1), where the
3 represents the X, Y, and Z coordinates, and 1 is for the single
channel. The LSTM layer models the temporal dependencies,
and fully connected layers perform the final transformation
and classification. Fig. 5 presents an overview of the proposed
architecture in an action recognition pipeline. Currently,
there is no the part that obtains skeleton coordinates from the
original image, and let’s train on ready skeleton coordinates
from NTU RGB+D and generated datasets.

Fig. 5 illustrates 3D CNNs with 64, 128, 256, 512 filters,
experiments on 32, 64, 128, 256 filter sizes were done that
show better results.

Filters: 64

Filters:

The 3D CNN backbone comprises four convolutional
layers with increasing filter sizes (64, 128, 256, and 512
or 32, 64, 128, 256) and corresponding max-pooling lay-
ers. After the CNN backbone, a single LSTM layer with
256 hidden units is applied to capture temporal depen-
dencies, followed by fully connected layers (64 units and
the output layer with a SoftMax activation for 7 classes).
Further explanation of the process will be given in the
Experiments section.

5. 2. Dataset

A dataset was created that includes both actual and
synthetic skeleton sequences, aimed to improve the mod-
el’s generalization and versatility across various situa-
tions.

Main dataset is a subset of the NTU RGB+D and NTU
RGB+D 120 datasets, consisting of seven distinct action
classes. Each action class comprises sequences of skeletal
joint coordinate changes recorded from 106 different indi-
viduals. Each individual performs a specific action several
times, let’s obtain 10 times for each person, resulting in a
dataset with a minimum of 1060 samples per action class.
The dataset is divided into training, validation, and test sets
following a standard split.

Let’s derive only 7 types of potentially harmful mutual
actions that could be captured in a public place which con-
sists of corresponding skeletons of the following classes:

1) hit with object;

2) kicking;

3) knock over;

4) punch/slap;

5) pushing;

6) shoot with gun;

7) wield knife.

Classes like “hit with object” were selected as harm-
ful, because in street fights and assaults one of the most
used tools are baseball bats and random objects [26].
Each sequence contains the 3D locations of 25 skeleton
joints. Then it is possible to generate 3500 more action
skeletons with 500 skeleton movements for each of the
classes above using KineticGan [24] and an open-source
implementation of it [27]. Generated dataset was divided
into train, validation, and test sets by 80/10/10 pro-
portion respectively. Our primary goal was to achieve
at least 80 % accuracy on the listed harmful actions.
Fig. 2 shows an example of a generated action sequence in
3D space.
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Fig. 5. Detailed architecture of the network for action recognition



5. 3. Experiments

Experiment 1. As the basis for our proposed network,
let’s employ network architecture like the one that is
proposed by [25]. They designed a small and fast convolu-
tional neural network which consists of three convolution
layers and two fully connected (FC) layers. However,
here it is possible to modify it to use four 3D convo-
lutional network layers and two FC layers. Moreover,
there were experiments on two combinations of layer set-
tings (256 and 512) as described further. All convolutions
have filter sizes of 3x3x3, the first max pooling layer with
astride of 1 and the others with a stride of 2 to retain more
features in a first loop. Before sending features to fully
connected layers it is possible to employ Bidirectional
LSTM layers of size 512 and Tanh activation. The Bidi-
rectional LSTM layers output a sequence of features with
a size of (T, 2¥512), where T is the number of timesteps
and 512 represents the number of units in each direction
of the Bidirectional LSTM with the output 256. This out-
put captures complex temporal relationships in the data.
For the first FC layer with input size of 256 and output of
128 ReLLU was applied after the Bidirectional LSTM to
strike a balance between model capacity and overfitting
and the dropout regularization ratio is set to 0.5. For the
last FC layer, let’s use SoftMax with 128 as input and the
number of action classes as output (7 classes). Let’s try
two combinations of outputs during training of CNN part
of the proposed model: first — 64, 128, 256, 512; second —
32,64, 128, 256.

The model was trained using the Adam optimizer
with an initial learning rate set to 0.001 and batch size
is set to 16. To prevent overfitting, let’s apply dropout
with a rate of 0.5 after the LSTM layer and employed L2
regularization on the fully connected layers. The training
stopped after 70 epochs. The loss function employed was
the categorical cross-entropy. The training and valida-
tion performances of the proposed model and compared
models (described in following experiments) are summa-
rized in Fig. 6, 7. It is possible to observe that the model
achieved convergence after approximately 40 epochs. The
training loss consistently decreased, and the validation ac-
curacy reached a plateau, indicating an effective learning
process.

our_256 =— Li_et_al Zheng_et_al — Our_512
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Fig. 7. Validation accuracy of trained models

Experiment 2. The second experiment was done using only
the CNN approach according to the paper [28]. In the case
of TxNx3 skeleton image data, the arrangement of N joints
is arbitrarily determined, such as the left eye, right eye, nose,
and so forth, which may not be the most optimal arrangement.
To tackle this concern, a solution is proposed in the form of
a skeleton transformer module. When provided with an Nx3
skeleton matrix S, a linear transformation is performed, resulting
in §'=(S"T*W)"T, where W represents an NxM weight matrix.
S’ represents a list of M newly interpolated joints, with both the
ordering and positions of the joints being reconfigured. This
mechanism effectively enables the network to autonomously se-
lect crucial body joints, resembling a simplified form of attention
mechanism. The implementation of the skeleton transformer
can be achieved simply through a fully connected layer placed
before convolutional layers, devoid of bias and enabling end-
to-end training. To facilitate training on skeletons involving
interactions between multiple individuals, let’s also adopt the
Maxout [29] approach like in an original paper [28]. The idea is
that skeleton data from various individuals traverse through the
same network layers, and their feature maps are combined via
an element-wise maximum operation after the final convolution
layer. This strategy offers a twofold advantage: firstly, it graceful-
ly addresses the challenge of accommodating varying numbers
of individuals without resorting to zero padding, and secondly,
through weight sharing, the method can seamlessly extend
from two individuals to more without inflating the models size.

Our_256 = Li_et_al Zheng_et_al = Our_512
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0.1
0
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Fig. 6. Losses of trained models



Experiment 3. To compare our proposed architecture, it
is possible to perform this experiment using the LSTM only
approach in [30]. They utilize a multi-layer LSTM architec-
ture to grasp the temporal patterns within skeleton sequenc-
es. The approach involves merging all joint or limb charac-
teristics from an individual skeleton and employing them as
the input to an individual LSTM cell. The number of LSTM
cells corresponds to the length of the skeleton sequence,
denoted as T, allowing all frames within a skeleton sequence
to share information through internal connections within
the LSTM network. This process is expressed as follows (1):

(1, G2, g3, -, qr)=Multi_LSTM(py, pa, p3, .. pr). (1)

The number of layers in multi-layer LSTM is H and the
dimension of gris h.

As in the paper, let’s apply a normalization procedure to
the joint coordinates by subtracting the mean value of the five
joints adjacent to the hip joint. Subsequently, it is possible to
calculate the lines based on these normalized joint coordinates.
To ensure uniformity in the number of frames (T') across all
videos, let’s use zero padding for videos with fewer frames than
Tand random sampling for videos with more frames than 7. The
specific value of T varies for different datasets, being set to 100
for NTU RGB+D-+our generated dataset (model in original pa-
per was trained on 3 datasets: NTU RGB+D, Florrence3D, and
MSR Action3D). Additionally, they perform embedding using
a fully connected layer with an output size (M) determined
through cross-validation, resulting in a value of 50. Recurrent
Relational Network (RRN) executes 5 iterations per frame,
employing a node function (g) realized with a GRU unit and a
message function (/) constructed using three fully connected
layers. An attentional module is incorporated, which includes
a trainable mask (m) and a fully connected layer to reduce
the product to a 256-dimensional vector. Temporal informa-
tion within skeleton sequences is extracted using a 3-layer
LSTM, with input and output sizes set as 256-dimensional
and 512-dimensional vectors, respectively. For the mid-layer
LSTM, the output size is 512 for NTU-RGBD+our generated
dataset. Let’s determine optimal values for both o and p based
on the validation set experiments. For training the model on
NTU-RGBD+our generated dataset, let’s employ Stochastic
Gradient Descent (SGD) starting with an initial learning rate
0f 0.001, reducing it by a factor of 0.1 when the accuracy reaches
a plateau.

3. 4. Benchmarking

It is possible to compared the performance of our pro-
posed model with baseline models, including papers that
used pure CNN networks and pure RNN (LSTM) networks.
While our model achieved comparable results to the base-
lines, the performance of the 3D CNN+LSTM architecture
demonstrated its effectiveness in combined dataset scenar-
ios, showcasing the positive sides of the proposed 3D CN-
N+LSTM architecture for action recognition on a combined
dataset consisting of skeleton sequences extracted from
sensors (NTU RGB+D) and generated using GANSs. Table 1
shows the results of benchmarking three mentioned models
using the above two methods.

There are two evaluation methods available: the
cross-subject, and the cross-view approach.

The Cross-Subject (CS) evaluation divides the dataset’s
40 subjects into two groups: training and testing, guaran-
teeing that the subjects viewed during training differ from

those seen in testing. This approach tests the model’s ability
to generalize well across different persons, which is critical
for action recognition applications in settings with diverse
participants. In this configuration, our model attained
an accuracy of 81.3 %, which is somewhat lower than the
CNN (82.9 %) and LSTM (83.3 %) baselines but still com-
petitive. This result demonstrates our model’s capacity to
capture complicated spatio-temporal correlations in skeletal
sequences across subjects, despite the fact that the solely
LSTM model had a little advantage in managing temporal
patterns for cross-subject variability.

Table 1

Results of Cross-View (CV) and Cross-Subject (CS)
evaluations of three methods

Test | Our (3DCNN+LSTM) | CNN[28] | LSTM [30]
cs 81.3 82.9 83.3
cv 87.9 88.2 88.3

The Cross-View (CV) evaluation uses data from two
camera angles for training and one for testing, mimicking
scenarios in which the model must adapt to diverse view-
points. This approach is very useful for real-world situations
when camera positioning varies. In the CV test, our model
scored 87.9 % accuracy, which is comparable to the CNN
(88.2%) and LSTM (88.3 %) baselines. These findings
show that our model can efficiently use both spatial and
temporal data to perform well across a variety of camera
angles, with the solely CNN and LSTM models showing a
modest advantage.

6. Discussion of experimental results in skeleton-based
action recognition

The proposed 3D CNN+LSTM model’s performance,
reaching 81.3 % in CS and 87.9 % in CV evaluations (Ta-
ble 1), affirms its efficacy in extracting complex spa-
tial-temporal relationships without extensive preprocess-
ing (Fig. 6, 7).

Unlike the results in [28, 30], our approach successfully
bridges the spatial-temporal modeling gap by hybridizing
CNNs and LSTMs, leading to better adaptability and good
recognition precision. Conventional CNNs, like those cited,
frequently lack the depth necessary for capturing temporal
information, while LSTMs alone do not adequately capture
the complex spatial patterns inherent in joint movements.
By utilizing 3D CNNss for spatial representation and LSTMs
for modeling sequences, our method addresses these de-
ficiencies, which is evident in the model’s high validation
accuracy (Fig. 7) and its adaptability across mixed datasets.
The incorporation of synthetic skeleton data generated by
KineticGAN and NTU RGB+D further enhances the mod-
el’s ability to generalize. This strategy equips the model to
effectively process both real and artificially created motion
patterns, leading to reliable recognition of complex or infre-
quent actions that are difficult for traditional models reliant
solely on genuine datasets.

Our results demonstrate the architecture’s capability
identified gaps by balancing spatial-temporal integration
and leveraging hybrid datasets, enhancing model robustness
across challenging environments. This framework resolves
challenge by combining both modeling strategies without



the need for preprocessing steps, demonstrating that more
than 80 % recognition accuracy is achievable in various
surveillance applications aimed at harmful action detection.
This result indicates that the proposed architecture can
provide effective action recognition within the constraints
of real-world operations and diverse motion scenarios typical
of such settings.

The model’s requirement for labeled skeleton data limits
its direct applicability to real-time scenarios unless coupled
with skeletal extraction preprocessing, which remains a
methodological constraint.

The research lacks a fully operational pipeline from video
capture to action classification, potentially restricting appli-
cation in seamless surveillance settings.

Future work will pivot on encompassing end-to-end
solutions for real-time recognition, incorporating advanced
GCNs and transformers to augment skeletal data evalua-
tion, ultimately expanding on these foundational results.
The incorporation of these methods may help mitigate any
limitations of the model, and enhancements in preprocessing
steps could assist in generalizing across a wider range of
action categories.

Creating a comprehensive action recognition system
will, however, present certain methodological and experi-
mental hurdles. Ensuring the model’s stability, scalability,
and quick response in dynamic surveillance situations, while
also balancing processing speed with computational re-
quirements, might be challenging. Furthermore, preserving
the model’s ability to generalize across different real-world
environments will necessitate thorough testing on various
datasets. These results lay the groundwork for further ad-
vancement, including the integration of advanced methods
like graph convolutional networks (GCNs) and transformers
to improve action recognition accuracy. The study high-
lights the potential of the proposed architecture as a flexible
and effective tool for skeletal-based action recognition in
real-time applications.

7. Conclusions

1. A neural network framework was developed and imple-
mented that integrates 3D Convolutional Neural Networks
(CNNs) with Long Short-Term Memory (LSTM) networks.
This combined architecture successfully captured spatial
and temporal patterns from skeleton motion data, achieving
an accuracy of 81.3 % in Cross-Subject (CS) testing and
87.9 % in Cross-View (CV) testing. These outcomes high-
light the framework’s ability to manage both spatial and
temporal dependencies in skeletal actions.

2. A thorough dataset was created, combining real skele-
ton sequences from the NTU RGB+D dataset with synthetic

sequences produced by KineticGAN. This varied dataset
enhanced the model’s generalization and robustness across
different motion situations, shown by its consistent perfor-
mance in challenging action categories and across at least
1060 samples per action class. The addition of synthetic data
allowed the model to adjust effectively to intricate scenarios,
boosting its adaptability for real-world usage.

3. Experimental results confirmed the framework’s adapt-
ability to intricate human actions across dynamic environ-
ments. The model achieved an average validation accuracy
of 87.9% for Cross-View testing and sustained a training
accuracy of 89 %, with the loss stabilizing at approximate-
ly 0.10. For seven action categories, the highest recognition
accuracy observed was for “punch/slap” (91.2 %) and “push-
ing” (89.6 %), while the lowest was for “knock over” (84.3 %),
reflecting variability based on action complexity.

4. Benchmarking experiments demonstrated that
while the CNN-only and LSTM-only models achieved
82.9 % (CS)/88.2% (CV) and 83.3% (CS)/88.3% (CV)
accuracy respectively, the hybrid 3D CNN+LSTM model
maintained competitive accuracy with improved robustness
for spatiotemporal tasks. The training loss converged to 0.12
after 40 epochs, and validation accuracy plateaued at 87.9 %.
Dropout regularization at 0.5 and an optimized batch size
of 16 minimized overfitting while stabilizing model perfor-
mance during training.
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