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ABSTRACT

This study presents a two-stream convolutional attention network for hand gesture recognition and
classification, with dual branches that effectively extract a range of spatial features. To further improve its
capabilities, Convolutional Neural Network (CNN), Residual Blocks (RB), Attention Mechanism (AM),
and Convolutional Block Attention Module (CBAM) are integrated, enabling the network to focus on
specific regions of the input while reducing background noise. This structure allows the model to capture
variations in hand gestures more effectively. Experiments utilized the Hand-Sign-Images Dataset (HSID)
and the Hand Gesture Dataset (HGD), each offering a diverse array of hand gesture patterns. The results
indicate that the model achieved high training accuracies of 100% and 98.68%, demonstrating its
effectiveness in recognizing complex hand gestures. The proposed approach not only enhances recognition
and classification accuracy but also offers strong adaptability, making it suitable for applications such as
robot control and assistive communication systems.

Keywords-convolutional neural network; attention mechanism; convolutional block attention module; hand
gesture recognition; hand gesture classification

and categorize data, enabling systems to interpret gestures
accurately [2-4]. As hand movements have become more
complex and varied, traditional methods have limitations in
recognition accuracy. In response, Deep Learning (DL) has
increasingly  improved classification and recognition
performance, driving significant progress in the field. In recent
years, DL has played a vital role in hand gesture classification

I.  INTRODUCTION

The development of hand gesture recognition methods
depends on hand shape analysis, along with image processing
and computer vision [1]. Early methods focused on analyzing
skin color, removing backgrounds, or identifying regions of
interest to describe features such as shape, position, and size,

particularly those related to palm contours or finger joints.
Feature extraction algorithms were also employed to cluster

and recognition, providing substantial benefits in managing
variations in data collection, background images, and hand
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shapes. These features enhance the efficiency of model training
and testing. In [5], proposed radar-based and vision-based
methods often suffer from environmental noise, illumination,
or background complexity. In contrast, wearable sensors offer
greater accuracy and reliability. This study proposes a
multimodal fusion framework that combines flex sensors with
gyroscope and accelerometer signals, employing various fusion
strategies. Experimental results show that multiple kernel
learning fusion achieved the highest performance, with
recognition accuracies of 99.87% for static gestures and
97.59% for both static and dynamic gestures, confirming the
effectiveness of multi-modal sensor fusion in practical gesture
recognition systems. In [6], a dynamic adaptive CNN is
proposed to handle variations in hand shape, size, and
orientation. Using the sign language MNIST dataset and
extensive preprocessing, data augmentation, and morphological
operations, the model achieved 99% recognition accuracy.

These results highlight the potential of adaptive DL
frameworks to enhance gesture recognition accuracy and
robustness in real-world HCI applications. In [7], the authors
proposed a 3D hand-gesture classification approach using
Mask R-CNN. This method comprises a backbone, a Region
Proposal Network (RPN), Regions of Interest (ROIs), a
network head, and a loss function. Specifically, it employs
ResNet50 paired with a feature pyramid network to facilitate
effective multi-scale feature extraction. In [8], the authors
proposed a framework employing surface electromyography
(sEMG) and an auto-label-refining CNN to address label noise,
thereby improving robustness to noisy datasets. In [9], a DL is
presented that integrates a continuous wavelet transform, a
CNN, and a Temporal Convolution Network (TCN) to extract
features from the time-frequency domain of VR-based
positional data, enabling accurate recognition of dual-hand
gestures in 3D virtual reality. In [10], a multichannel radar and
a multistream fusion 1D convolutional neural network were
proposed for frequency-modulated continuous-wave radar.
This approach processes raw radar data through four parallel
Inception branches to extract gesture features, followed by
LSTM (Long Short-Term Memory) layers and a dense layer
with a softmax activation function for multi-class gesture
learning and classification [11, 12].

The adaptation of publicly available networks to new
gesture datasets has been extensively explored using models
such as VGG16 [13], the deep residual network (ResNet) [14],
Inception-v3 [15], transformer networks [16], and transfer
learning approaches [17, 18]. Additionally, research continues
to focus on real-time hand gesture detection and classification
[19]. Collectively, these studies emphasize the importance of
creating deep neural networks with streamlined architectures
that balance model complexity and performance to enable
robust, adaptable gesture recognition systems. Research in deep
learning for hand gesture recognition has resulted in models
capable of handling increasingly complex data. Examples
include Mask R-CNN, which uses ResNet50 and a feature
pyramid network to extract multi-scale features from images
[7], and CWT-CNN-TCN, which combines time-frequency
features for gesture classification in virtual reality
environments [9]. While these models demonstrate strong
accuracy and learning ability, challenges such as network

complexity, high computational costs, real-time processing
limitations, and sensitivity to noise persist. To address these
issues, this paper introduces an approach for hand gesture
recognition and classification based on a proposed two-stream
convolutional attention network. The network architecture is
built on a CNN framework, enhanced with RB, AM, and
CBAM modules, which together improve the network’s
capacity to learn hierarchical and attention-aware
representations, as shown below:

e This study combines two-stream convolutional attention
networks for hand gesture recognition and classification.
The proposed model is fine-tuned using mini-batch learning
and trained to optimize accuracy across various gesture
patterns.

e This study combines RB, AM, and CBAM with CNN to
improve the network's ability to recognize and classify hand
gesture shapes.

II. RESEARCH THEORY

This section presents the theoretical foundations used in the
experiment, along with details of their implementation and
application in the study.

A. Convolutional Neural Network

The CNN focuses on processing and extracting features of
2D data [9, 14, 20]. It is a classifier that uses convolutional
layers with filters to detect spatial patterns and applies the
ReLU function to introduce nonlinearity, thereby helping
extract complex features. The feature map dimensions decrease
while retaining essential information. These extracted features
are then fed into fully connected layers for classification, and
the softmax function in the final layer produces -class
probabilities. The operational details are outlined as:

AGH =YL S I +mj+mK@mn) (1)

where I I is an image of size M x N and there is a filter Kof
size f x f, the output feature map value at position 4; ;is
calculated by sliding the filter K (m, n) across the image I(i, j).

An element-wise product is computed between the filter
and the corresponding region of the image, and the results are
summed to produce the feature value on the feature map.

B. Residual Blocks

Residual Blocks (RB) are designed to address the vanishing
gradient problem in DL, allowing Neural Networks (NN) to
learn deeper representations more effectively. In this study, RB
is used for its ability to retain important information across
layers and to reduce feature loss during training [21, 22]. The
operational details are described as:

y=Fx)+x 2)

where x is the input of the RB, it computes F(x) as learned
features. This skip connection maintains essential information
and improves learning in networks.

C. Convolutional Block Attention Module

The CBAM improves feature representation by sequentially
inferring channel and Spatial Attention Maps (SAM), enabling
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the network to focus on what and where to emphasize during
feature learning [23, 24]. The CBAM architecture consists of
two submodules: the Channel Attention Module (CAM) and
the SAM. The channel attention mechanism leverages inter-
channel dependencies by applying both Global Average
Pooling (GAP) and Global Max Pooling (GMP) to aggregate
spatial information into two descriptors, which are then
processed by a shared multilayer perception to generate the
CAM.

M,(F) = o(MLP(GAP(F) + MLP(GMP(F))) (3)

where o denotes the sigmoid activation function, F is the input
feature map, and M.(F) is the learned channel attention mask
that emphasizes informative feature channels.

Subsequently, the SAM focuses on where to emphasize by
aggregating channel information using both GAP and GMP
operations, followed by a convolutional layer with a 7x7 kernel
and a sigmoid activation to produce a spatial attention map.

M,(F) = o(ConV,y,([AvgP(F); MaxP(F)])) (4)

Finally, the refined feature map is obtained by sequentially
applying channel and SAM to the input feature map as:

F'=My(F) © M.(F) O F )

where © denotes element-wise multiplication. This sequential
attention mechanism effectively suppresses irrelevant
background features while enhancing discriminative
representations, thereby improving the recognition and
classification of hand gestures.

D. Attention Mechanism

The AM is a concept that allows NN to selectively focus on
the most relevant parts of input features while processing
information [25, 26]. Theoretically, it is based on human visual
attention, in which the brain focuses on significant areas rather
than processing all details equally. Mathematically, attention is
represented as a weighted sum of input features, with the
weights indicating the importance of each element. Given an
input sequence x = [x4, X5, ..., X, ]|the attention output as:

T
Attention(Q, K, V) = softmax <%> vV 6)

where Q,K and V represent the Query, Key, and Value
matrices, and d,, are the dimensionality of the key vectors used
for normalization. The softmax ensures that all attention
weights sum to one, forming a probability distribution over the
input elements. This helps the model focus on relevant
information and ignore irrelevant details, thereby improving the
representation of contextual dependencies and enhancing
overall accuracy and the model's ability to generalize.

III. PROPOSED APPROACH

This study proposes a two-stream CNN attention
architecture designed explicitly for multi-class hand gestures.
As shown in Figure 1, the input images are fed into Blocks A
and C, which serve as initial feature-extraction layers, as
described in Equation 1. Block A contains two convolutional
layers (32 and 32 filters) with 3x3 kernels and 2x2
MaxPooling, taking 50x50-pixel input images. The extracted

features are input into Block B, which was designed with two
convolutional layers comprising 64 filters each, a 3x3 kernel,
and a 2x2 MaxPooling operation.

Additionally, a residual block, as described in Equation 2, is
incorporated to retain the essential features identified in Block
A and to enhance the network's learning efficiency. The result
is then processed by a 64-filter convolutional layer with a 3x3
kernel, followed by a GAP layer that converts spatial feature
maps into compact feature representations. In the other branch,
Block C has two convolutional layers (64 filters each) with a
3x3 kernel and 2x2 MaxPooling, processing 100x100 pixel
input images. The features extracted are then passed to Block
D, which contains two convolutional layers (64 filters each)
with a 3x3 kernel and 2x2 MaxPooling, combined with
residual layers, as described in Equation 2, that receive feature
maps from Block C. The output is then processed through a
128-filter convolutional layer and the CBAM, as described in
Equations 3, 4, and 5. The CBAM modules act as spatial
attention mechanisms, using GAP and GMP to capture the
average and most essential features of the feature maps,
allowing the model to effectively focus on the most relevant
regions of the image. Attention-refined features are then
passed to the final GAP layer to produce the overall spatial
representations before proceeding to the concatenation stage.
The outputs from Blocks B and D are then merged through a
concatenation operation (Concat), combining feature maps
from both branches. In this context, the goal is to achieve
feature diversity, including spatial and channel features, so
that when learning new representations, the network can
improve overall performance by learning comprehensive
representations from various perspectives. Then, the merged
features are fed into the AM, as described in Equation 6; this
process emphasizes important features and suppresses
unimportant ones. This means they automatically assign
adaptive weights to features that help focus on spatial regions
and channels during the network's learning process. After this,
the attention-refined features are fed into fully connected
layers comprising two dense layers (with 512 and 128 nodes)
with ReLU activations, followed by a softmax for final image

classification and recognition.
-
B AM > Residual

Input Image
Maxp [l GaP W cBAM M Dense

Block A

Block B

l Concat

L

[ Convolutional size |l ReLu M Padding Softmax

Fig. 1. Proposed method.

IV. EXPERIMENTAL PART

A. Dataset

In this study, the Hand-Sign-Image Dataset (HSID), which
consists of 24 classes excluding J and Z due to their reliance on
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motion [27]. The dataset initially contained 27,455 grayscale
images, as shown in Figure 2. To cover the entire alphabet, the
dataset was augmented with 3,592 images of J and Z from [28],
resulting in a total of 31,047 images across all 26 classes.
Additionally, they included the Hand Gesture Dataset (HGD)
[29], which contains 38,219 images across 10 classes (see
Figure 3). The combined datasets were split using TensorFlow
into an 80% training set (60% for training and 20% for
validation) and a 20% testing set.

YUV EW BES
rWaﬂ®1ﬂ
Dhﬂ “2)”'3

B 7

Fig. 2. HSID sample images.
plam I fist fist moved thumb
index ok palm moved down
Fig. 3. HGD sample images.
TABLE L TRAINING PARAMETERS
Parameter Value
Image size 100x100x3, 50x50%3
Learning rate 103, 10, 107
Epoch 30
Batch size 64
Loss function Sparse categorical crossentropy
Optimization Adam

B. Experimental Setup

The experiments were conducted on a Windows-based
system equipped with an Intel Core i5-12400F processor and
32 GB of DDR5 RAM running at 5600 MHz. The proposed
network was trained using an NVIDIA RTX 4070 GPU with
12 GB of VRAM and 5,888 CUDA cores. The implementation
relied on NumPy and TensorFlow as the primary tools for
model design and training. All training and testing parameters
were standardized to ensure consistency, with details
summarized in Table 1.

V. EVALUATION

This study measures accuracy, precision, recall, F1, and
AUC in Equations 7, 8, 9, 10, and 11 to assess effectively the
model differentiates hand gestures. It also indicates learning
efficiency and is evaluated alongside loss to track error
reduction during training.

TP+FN
Accuracy " TP+FP+FN+TN 0
Precision = — (8)
TP+FP
Recall = —~ )
TP+FN
Fl= Prer:l:st:aanecall (10)
Precision+Recall
AUC = [ TP(FP)d(FP) (11

when true positive (7P) occurs when the model correctly
identifies a hand gesture, true negative (7N) is when the model
correctly identifies that no specific hand gesture is present,
false positive (FP) is when the model incorrectly predicts a
hand gesture that isn’t there and false negative (FN) is when
the model fails to detect an actual hand gesture and
misclassified.

A. Training Results

The training results of the proposed network using HSID,
as depicted in Figure 4(a), indicate that 10 results in
successful learning, reaching a training accuracy of 96.98%.
However, this is lower than the 100% accuracy obtained with
10, while 10° yields the lowest accuracy at 85.70%. The
validation accuracy in Figure 4(b) also confirms that 10*
delivers the best performance, highlighting its suitability for
enabling the model to effectively learn and retain gesture
patterns. This is further supported by the loss comparison in
Figure 4(c), where 10** yields the lowest loss of 4.8532x103,
indicating better learning stability. Figure 5(a) shows that while
a lower Learning Rate (LR) increases training time, 1073
completes in just 2 minutes and 33 seconds, and 10 takes 3
minutes and 38 seconds, 10 strikes an optimal balance
between training efficiency and time. Overall, the results
showed that 10* is the most effective LR for the proposed
network when trained with noise-including hand gesture data.
Additionally, the training results of the proposed network on
the HGD, as shown in Figure 4(d), indicate that higher LR
values of 10 and 10 enable the model to learn faster during
the initial training phase, but its final accuracy is slightly lower
than that with 10. The 10~ achieves the highest accuracy at
98.68%. In Figure 4(e), the validation accuracy peaks at
99.69% with 10, Figure 4(f) shows that the loss consistently
decreases across all LR, with 107 yielding the lowest loss of
0.0276, indicating better prediction stability than 1073, which
has the highest loss of 0.0425. Figure 5(b) shows that lower LR
results in longer training, 10~ completes in 6 minutes and 19
seconds, while 107 takes the longest at 7 minutes and 59
seconds. These findings suggest that smaller LR improves
model precision but requires more training time due to slower
weight adjustments.
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(d) Training performance of HGD

Fig. 4.
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(a) HSID result (b) HGD result
Fig. 5. Training time of HSID and HGD.

In Table II, the results from the HSID and HGD datasets
demonstrate the model’s exceptional performance during both
training and testing with LR at 10, achieving the highest
training accuracy. For the HSID, all metrics were 100%,
confirming perfect classification; for the HGD, precision,
recall, and F1 were 99.25%, and AUC was 99.99%, thus
assuring excellent generalization and stable convergence during
training. The proposed model achieved accuracies of 95.09%
and 98.98% on the HSID and HGD datasets, respectively,
during testing, confirming its robustness and adaptability to
unseen data.

B. Recognition Results

In Figure 6(a), the HSID for recognition of alphabet letters
shows strong performance, with accuracy ranging from 98% to
100%. This highlights the model’s ability to learn and

(e) Validation performance of HGD

— 107% 00425
104 00353
— 10°%0.0276

VYT

— 107 %963
10"* 9969
— 107%:99.08

2 % X 2 % X

Epochs

(f) Loss of HGD

Epochs

Comparative training performance.

effectively distinguish the unique features of each gesture.
Overall, the results confirm that the proposed network exhibits
high accuracy and strong potential for reliable hand gesture
recognition. Furthermore, as shown in Figure 6(b), the HGD
recognizes most gestures, achieving up to 100.00% accuracy in
several cases where the predicted and actual gestures match
perfectly. However, there are still a few instances of
misrecognition, for example, the model predicting “OK”
instead of the actual "Fist." These errors suggest that the model
can occasionally struggle with gestures that share similar visual
characteristics, particularly under challenging lighting
conditions or viewpoints where features overlap.

TABLE IL EXPERIMENTAL PERFORMANCE RESULT
Dataset Training (%) Testing (%)
Precision | Recall F1 AUC Acc
HSID 100.0 100.0 100.0 | 100.0 95.09
HGD 99.25 % 99.25 | 99.25 | 99.99 98.98

C. Classification Results

In Figure 7, the confusion matrices of HSID and HGD
show that most classes were correctly classified. For HSID, as
shown in Figure 7(a), the strong diagonal line indicates that the
model correctly predicted most gesture classes. For HGD, as
shown in Figure 7(b), the nearly perfect diagonal pattern shows
that the model is stable and reliable in recognizing different
hand gestures.
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Fig. 7.

D. Comparison Method

In this section, previous studies are compared, as shown in
Table III. Earlier research has employed various DL techniques
for hand gesture recognition, such as combining CWT with
TCN for VR interactions, which is still underexplored [9];
using CNN-based architectures like VGGI16, ResNetl8, and
InceptionV3 [13, 15]; integrating fuzzy logic with CNN
transfer learning [17]; applying hybrid CNN-RNN frameworks
[18]; and adopting reinforcement learning models such as DQN
and DDQN for gesture control [30]. These approaches have
achieved significant progress in improving recognition and
classification accuracy. In contrast, the two-stream CNN,
which integrates RB and CBAM to emphasize critical spatial—
channel features, allows the network to focus on discriminative

.a [}1

=

r
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Prec; Thumb (100.00% Pred: Fist (100.00%)
Actual: Fist

nnon

Pred: Thumb (100.00%)
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(b) Results of HGD recognition.
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Confusion matrix of HSID and HGD.

gesture regions. The proposed model attains accuracies of
98.68% and 100%, demonstrating that the proposed model is
not only competitive with existing methods but also capable of
delivering superior performance for diverse hand gesture data,
demonstrating its robustness and adaptability across different
applications In addition, the two-stream network captures both
fine and global information from various input sizes, providing
better generalization and higher recognition and classification
accuracy than the single-stream network [6, 9, 14-16, 18, 31-
33].

VI. DISCUSSION

The proposed two-stream CNN attention model employs
dual-scale feature extraction and an adaptive attention
mechanism to handle varying input sizes. This study uses
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50x50 and 100x100 hand gesture images, applying
convolutional layers, pooling, and RB to capture both detailed
and overall features. The CBAM module enhances both spatial
and channel attention, while concatenation merges the two
streams to increase feature diversity. The AM module
reweights important features before classification using dense
layers with ReLLU and softmax activations. The proposed
method aligns with those presented in [9] and [34].

The model achieved 98.68% and 100% accuracy on the
HGD and HSID datasets, respectively, surpassing or nearly
matching previous approaches such as DACNN [6], CNN-
RNN TL [18], and ResNetl8 with SVM [31]. These results
demonstrate that the proposed method generalizes effectively
and maintains stable learning behavior across different visual
features within each dataset. Additionally, the Grad-CAM
heatmaps, shown in Figure 8, visually illustrate how the
network makes its decisions. The highlighted regions primarily
cover the fingers and palms, indicating that the model correctly
focuses on key spatial areas defining each gesture. This
interpretability enhances the reliability of the proposed
architecture and supports its potential application in real-time
gesture recognition and embedded systems.

TABLE III. COMPARISON OF DEEP LEARNING MODEL
Paper Model Result
[6]/ 2024 DACNN 99%
[71/ 2021 Mask-RCNN with GH 88.16 and 88.19%
95.50, 95.85, and
[81/ 2022 ALR-CNN 85.58%
[9/ 2024 CNN combined with CWT and 98.73%
TCN
[13]/2024 VGGI16 96%
96.62, 93.85, and
[14]/ 2022 ResNet18 93.73%
[15]/ 2024 InceptionV3 83.66%
[16]/ 2023 Deep Transformer Network 88.22 and 99.10%
. 98.78, 97.94,
[17) 2024 | sy Logieand CANTransfer | g 36 90,46, and
g 98.34%
[18]/ 2025 CNN, RNN with Transfer Learning 99.01 and 96.84%
: . 99.16, 90.88, and
[30]/ 2024 ResNet18 with SVM 91.66%
83.26, 82.87,
[31]/ 2024 DQN and DDQN in HGR 91.95, and
91.98%
Proposed Two-stream CNN with AM 98.68% and 100%

VII. CONCLUSION

This research proposed a two-stream Convolutional Neural
Network (CNN) based on the Residual Block (RB),
Convolutional Block Attention Module (CBAM), and
Attention Module (AM) for detecting and classifying hand
gestures. The architecture is designed to obtain rich spatial and
relational features using convolutional operators, RB, and a
two-stream representation. The addition of CBAM also
enhances the network's ability to focus on information-rich
regions by sequentially applying channel and spatial attention,
enabling it to target important features and selectively reduce
background noise. Moreover, the AM combines the
functionalities of all the modules to support the integration of

coherent feature interactions and improve the overall efficiency
of the network. The experimental results show that the model
trained on different gesture categories accurately identified
more instances than the baseline models did on two datasets. In
this context, the proposed model achieved accuracies of
100.0% on the Hand-Sign-Images Dataset (HSID) and 98.69%
on the Hand Gesture Dataset (HGD), outperforming or
matching the performance of standard DL approaches.

(b) Grand-Cam heatmap of HGD

Fig. 8. Grand-Cam heatmap of hand gesture.

In the future, they recommend enhancing the network to
support real-time applications by optimizing its size for
deployment on embedded systems with lightweight
architectures. Additionally, further evaluation using larger and
more diverse datasets is suggested to reduce potential
overfitting and improve model generalization, as well as to
compare different Spatial Attention Block (SAB) techniques to
examine their impact on performance and training efficiency.
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