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ABSTRACT

The study introduces a gesture recognition system for the classic ''"Rock, Paper, Scissors' game, based on a
modified EfficientNetV2-B1 architecture. The dataset comprises 2,700 images, evenly divided among the
three classes: '"Rock', '"Paper', and ''Scissors'. Leveraging the efficiency and accuracy of the
EfficientNetV2-B1 model in image recognition tasks, the system was trained to classify these gestures
effectively, and after fine-tuning, it achieved an accuracy of 98.89% and an Area Under the Curve (AUC)
of ~1.0, indicating near-perfect classification across all classes. This performance highlights the potential of
EfficientNetV2-B1 for real-time gesture recognition, with applications in interactive gaming and other
gesture-based user interfaces. The proposed system also offers a foundation for further research and

development in gesture recognition technologies.
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I.  INTRODUCTION

Communication between humans and computers
increasingly relies on gesture recognition technology, which
plays a vital role in gaming systems, Augmented Reality (AR),
Virtual Reality (VR), robotics, and assistive technologies. At
the same time, the COVID-19 pandemic accelerated the
demand for such contactless interfaces, positioning gesture-
based systems as intuitive, hygienic alternatives to traditional
input methods [1]. Early hand gesture recognition systems
relied on vision-based techniques, including edge detection and
motion tracking, rather than skin color segmentation. However,

these classical methods were highly sensitive to changes in
lighting, hand orientation, and background conditions, leading
to inconsistent results. The introduction of deep learning and
machine learning significantly advanced gesture recognition in
Human-Computer Interaction (HCI), improving both accuracy
and efficiency [2]. In particular, Convolutional Neural
Networks (CNNs) have proven highly effective, as they
automatically extract robust image features and learn
hierarchical representations from raw visual input [3, 4].
Pioneering CNN architectures like LeNet and AlexNet
significantly boosted detection accuracy [5], with AlexNet’s
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success catalyzing widespread adoption of deep learning across
domains, including gesture recognition [6]. For dynamic
gestures, traditional machine learning approaches—like Hidden
Markov Models (HMMs) and Support Vector Machines
(SVMs) have also been applied to reduce variability in gesture
execution [7].

More recently, the EfficientNet family of CNNs has
garnered attention for achieving high accuracy with relatively
low computational cost. In particular, the EfficientNetV2-B1
variant stands out for real-time applications due to its
optimized architecture, which balances speed and accuracy [8,
9]. It improves upon its predecessor with compound scaling,
progressive image resizing, and integrated MBConv layers,
offering better performance with fewer parameters and faster
training [10-12]. These characteristics make EfficientNetV2-
B1 especially well-suited for real-time gesture recognition
tasks. Its lightweight and efficient design enables deployment
in resource-constrained environments, while maintaining low
latency and high classification accuracy [13].

This study presents a gesture recognition system based on
EfficientNetV2-B1 for classifying the three gestures in the
"Rock, Paper, Scissors" game, which is a simple yet widely
recognized gesture-based game that serves as an effective
testbed for developing and evaluating gesture detection
systems. The model is trained on a dataset of 2,700 images,
equally divided among the three gesture classes. The dataset
was curated to include a wide range of hand positions, lighting
conditions, and backgrounds to ensure robustness and
applicability in real-world scenarios.

II. PROPOSED METHODOLOGY

The overall architecture of the proposed gesture
classification system is illustrated in Figure 1.

A. Dataset

The dataset employed in this study comprises 2,700 images,
equally distributed among the three gesture classes: "Rock",
"Paper”, and "Scissors" [14]. With 900 images per class, the
dataset ensures a balanced class representation. From the
dataset, 2,160 (80%) images were used for training, 270 (10%)
images were used for validation, and 270 (10%) images were
used for testing.

The dataset incorporates a wide range of variations in skin
tone, hand size, hand orientation, image resolution, lighting
conditions, and backgrounds. Each image was carefully
annotated with its corresponding gesture label to support
supervised learning. Figure 2 presents representative examples
from the three gesture classes.

The gestures used in the "Rock-Paper-Scissors" game have
practical implications beyond gameplay, particularly in the
design of gesture-based interfaces:

e Rock (Clenched Fist): Commonly associated with selection,
confirmation, or "click" actions in contactless interfaces and
gaming systems.

e Paper (Open Palm): A widely recognized gesture used for
stopping actions, pausing operations, or requesting attention
in AR/VR environments and interactive platforms.

e Scissors (Two Extended Fingers): Often used in directional
commands, gesture-based navigation, and even sign
language recognition, making it valuable for assistive
technologies and touchless user interfaces.

Proper recognition of these gestures is critical in a range of
applications, including gaming, AR, VR, sign language
translation, and HCI systems [15].

Input Dataset FPreprocessing ——» Feature Extraction
v
EfficientMetV2-B1 —» Proposed Model
p -
- “t‘_'——';.:‘ﬁ B
|I 1
! I
! I
! | w h 4 h 4
| - 1 - ~ p ~ - ~
T
| I | Rock Paper Scissors
1
| | " . A - =
i Yy v 4 v v ¥ I
| F & O o 2 o o |
= o @ [=
B8 B g8 2 8 !
| B == Ld =9
T B &z = '
| g = = 5
- o 5 @ !
! = ~ 8 3 '
[n=] 3 =3 ]
=3 E=
N
o ?";— - -
Fig. 1. Proposed methodology.
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Fig. 2. Dataset classes.

B. Preprocessing

Preprocessing plays a critical role in preparing the dataset

for effective training of the gesture recognition model. The
following steps were applied to standardize and optimize the
input data:

Image Resizing: All images were resized to 224 x 224
pixels, matching the input dimension requirements of the
EfficientNetV2-B1 model. This resizing ensures consistent
input size across all images and allows for efficient batch
processing.

Normalization: To scale pixel intensity values to a
consistent range, all pixel values were normalized to the
range (0, 1) by dividing each value by 255. This
transformation accelerates convergence during training and
improves model stability by keeping the input distribution
within a standard range.

Label Encoding: The categorical gesture labels—Rock,
Paper, and Scissors—were numerically encoded as 0, 1, and
2, respectively. This encoding format aligns with the
requirements of the model’s output layer for multi-class
classification [16].

Given the limited size of the dataset (2,700 images), data

augmentation was applied to artificially increase variability and
enhance generalization capabilities. Augmentation not only
simulates real-world diversity in gestures but also reduces the
risk of overfitting. The augmentation techniques applied are
summarized in Table I and include transformations such as
random rotations, horizontal flipping, zooming, and brightness
adjustments. These techniques simulate real-world conditions
like different hand orientations, backgrounds, and lighting
conditions, further strengthening the model's real-time

C. Model
Key features of the EfficientNetV2-B1 design are:

e Compound Scaling [17]: EfficientNetV2 employs a
compound scaling method that uniformly scales the
model’s depth, width, and input resolution. This
coordinated scaling delivers better performance compared
to the independent scaling of these factors. The B1 variant
was selected specifically for its balance of precision and
efficiency, making it ideal for lightweight applications like
gesture recognition on edge devices.

e Fused-MBConv Layers [18]: The model leverages Fused-
MBConv layers, which integrate squeeze-and-excitation
blocks with depthwise separable convolutions. These fused
operations reduce computational overhead while
maintaining high model accuracy, resulting in faster
inference speeds without sacrificing performance.

e Progressive Training: EfficientNetV2 adopts a progressive
image scaling strategy during training. Initially, the model
is trained in lower-resolution images and then fine-tuned
with higher-resolution ones. This process improves
generalization while significantly reducing training time
[19].

The architecture consists of 8 stages, each comprising
multiple MBConv blocks optimized for efficient inference,
presented in Table II. Furthermore, the key hyperparameters
used for training the model are detailed in Table III.

TABLE II. MODEL ARCHITECTURE

Layer Type Output Size Layers & Details
Input Layer 224 x 224 %3 RGB Input Image
Stem Conv Layer 112x 112 x 24 3x3 Conv, ReLU6
MBConvl 112x 112 x 24 1x1, 3x3 Depthwise, 1x1 SE
MBConv2 56 x 56 x 48 1x1, 3x3 Depthwise, 1x1 SE
MBConv3 28 x 28 x 64 1x1, 5x5 Depthwise, 1x1 SE
MBConv4 14 x 14 x 128 1x1, 7x7 Depthwise, 1x1 SE
MBConv5 7 x7x 160 1x1, 7x7 Depthwise, 1x1 SE
Global A_verage 1x1x160 Feature Compression
Pooling
Fully Connected 3 (Softmax) Classification Output
Layer

TABLE IIL HYPERPARAMETER OF THE MODEL

Hyperparameter Value Justification
Batch Size 3 Balancesj memory usage and
training stability.
Optimizer Adam Adaptive learning rate for better
convergence.
. 0.001 (reduced Prevents overshooting and
Learning Rate .2
on plateau) ensures smooth training.
Weight D.eca.y (L2 0.0001 Reduces overfitting.
Regularization)
Prevents overfitting by
Dropout Rate 03 randomly deactivating neurons.
Epochs 10 Achieved convergence within
10 epochs.
. Categorical Suitable for multi-class
Loss Function —
Cross-Entropy classification.

applicability.
TABLE L. AUGMENTATION TECHNIQUES
Augmentation Technique Purpose
Random Rotation (+ 15°) Accounts for different hand orientations.
Horizontal & Vertical Flip Ensures robustness in mirrored gestures.
Zooming (0.8x-1.2x) Simulates variations in hand distance from
the camera.
Color Jittering (Brightness, Helps the model adapt to different lighting
Contrast, Saturation) conditions.
. . Lo Reduces overfitting and enhances feature
Gaussian Noise Injection .
learning.
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D. Feature Extraction

Feature extraction in deep learning involves isolating the
most informative aspects of input data to make accurate
predictions. In the EfficientNetV2-B1 model, feature extraction
is performed through a series of convolutional and fused layers
that learn hierarchical representations of hand gestures from
image inputs.

At the initial stages of the network, convolutional layers
extract low-level features such as edges, textures, and simple
geometric shapes. These early feature maps act as the
foundation for understanding the structure of the image and are
particularly effective in distinguishing basic visual patterns
relevant to hand positioning and orientation. As the data
propagates deeper into the network, the Fused-MBConv layers
capture more complex and abstract features, such as the
contours and contextual shapes of specific hand gestures.
Before the last classification layer, a Global Average Pooling
(GAP) layer is applied to reduce each feature map to a single
value. This not only compacts the learned spatial features but
also reduces the risk of overfitting and lowers the number of
trainable parameters. Following this, the final dense layer
equipped with a softmax activation function outputs the
probability for each gesture class. The class with the highest
probability is selected as the predicted label, ensuring an
interpretable and confident final decision [20].

To visualize how the model processes and identifies
gestures, feature maps from both the first and last layers of the
EfficientNetV2-B1 model were generated:

e First Layer Feature Maps (Figure 3): These maps
emphasize simple low-level features such as borders, edges,
and textures, capturing the primary motion cues of the
hand. These form the foundational components for gesture
recognition.

e Final Layer Feature Maps (Figure 4): These advanced
representations combine information learned across all prior
layers, enabling the network to discriminate between
gesture categories effectively. The composite of high-level
features in these maps shows how the network interprets
semantic meaning and subtle gesture differences.

These visualizations demonstrate how the model
successfully leverages deep feature extraction to robustly
classify gestures in real-time.

Feature Maps After First Layer for Selected Images

% &

Fig. 3. Features after the first layer.

Feature Maps After Last Layer for Selected Images

Fig. 4.

Features after the last layer.

III. RESULTS

The EfficientNetV2-B1 model, optimized using the "Rock,
Paper, Scissors" dataset, was comprehensively evaluated to
assess its effectiveness in gesture recognition. Evaluation
metrics, including accuracy, precision, recall, Fl-score,
confusion matrix, and the Area Under the Curve (AUC), were
employed to measure performance across the training,
validation, and testing phases.

A. Training and Validation

Performance metrics, including loss and accuracy for both
the training and validation sets, were monitored over 10 epochs
(Figures 5 and 6).

Train_Loss & Validation_Loss

—— Train_Loss
—— Validation_Loss

0.20
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0.10 1

0.05

0.00 A

Fig. 5. Training and validation loss graph.

The training loss consistently decreased from an initial
value of 0.2372 to 0.0095 by the final epoch. Correspondingly,
the training accuracy improved steadily from 90.64% in the
first epoch to 99.69% in the last, indicating effective and
progressive learning throughout the training phase. Similarly,

www.etasr.com

Prabha et al.: Advanced Gesture Recognition in Gaming: Implementing EfficientNetV2-B1 for ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 3, 2025, 23386-23392 23390

the validation loss showed a clear downward trend, starting at
0.0229 and decreasing to 0.0038 by the end of training. The
validation accuracy started at 99.59% and ended at
approximately the same percentage by the final epoch. These
results underscore the model’s strong generalization capability
and its ability to perform exceptionally well on unseen data.

Train_Accuracy & Validation Accuracy

1.00
0.98 -
0.96 -
0.94 -
0.92 A
—— Train_Accuracy
—— Validation_Accuracy
0 2 4 6 8
Fig. 6. Training and validation accuracy graph.
B. Testing

The model's performance on the test set is shown in Table
IV. Across the majority of the metrics and for all three
gestures, the proposed model achieves a score of 99%

TABLE IV. PERFORMANCE MATRIX
Classes Precision Recall F1-Score Accuracy
(%) (%) (%) (%)
Rock 99 100 99 99
Paper 99 99 99 99
Scissors 99 98 98 99

Confusion Matrix

True Labels
Paper Rock

Scissors

"
Scissors

Rock Paper
Predicted Labels

Fig. 7. Confusion matrix.

The confusion matrix presents the counts of true positives,
false positives, true negatives, and false negatives, highlighting
potential areas of model weakness. The test set confusion
matrix is shown in Figure 7. The model demonstrates strong
performance, with high accuracy across all classes and a very
low misclassification rate. Specifically, there were three
misclassifications: one "Scissors" predicted as "Rock", one
"Scissors" as "Paper”, and one "Paper" as "Scissors".

Misclassification Rate (MR) is calculated as (1):

__ Number of Misclassified Samples

MR =

Total Samples 100 (1)
With only 1.1% of predictions incorrect, the model exhibits
high accuracy and reliability in gesture recognition.

Additionally, the AUC was computed for each gesture
category to evaluate the classification performance, shown in
Figure 8. The AUC values were 0.9993 for "Rock", 0.9987 for
"Paper”, and 0.9975 for "Scissors", indicating excellent class
separability and model accuracy.
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Fig. 8. ROC curve.

C. Comparative Analysis

Authors in [21] employed transfer learning using AlexNet
and achieved a validation accuracy of 99.54% on a dataset
comprising 2,188 images. In contrast, the proposed approach
achieved a validation accuracy of 99.79% on a dataset of
approximately 2,700 images. Both studies highlight the
effectiveness of deep learning models in gesture recognition
through transfer learning, even with relatively small datasets.
While AlexNet and EfficientNetV2-B1 each have their
strengths, the latter offers a more modern architecture with
improved scalability and adaptability, making it better suited
for a wide range of gesture recognition tasks [22-24].

Additionally, the proposed approach uses compound
scaling, which means that depth, width, and resolution are
scaled together, unlike traditional CNNs that scale them
independently. This balanced approach prevents overfitting and
ensures high accuracy while reducing computational overhead.
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Compared to AlexNet [21], VGG [25], and ResNet [26], this
results in fewer parameters while also achieving higher
accuracy, as shown in Table V.

TABLE V. STATE OF THE ART SUMMARY

Parameters Accuracy Computational
Model o) (%) Cost
AlexNet [21] 61 M 99.54% High
VGG-16 [25] 138 M 98.5% Very High
ResNet-50 [26] 25,6 M 99.1% Moderate
- Low
EfficientNetV2-B1 8.1M 99.79% (Best Trade-off)

IV. CONCLUSION

This study developed a gesture recognition system for the
"Rock, Paper, Scissors" game using the EfficientNetV2-Bl
variant. The system achieved a validation accuracy of 99% on a
dataset of approximately 2,700 images across three classes
("Rock", "Paper", "Scissors") and an Area Under the Curve
(AUC) value of ~1.0. These results demonstrate the model's
strong and precise motion-based classification capabilities,
which combine computational efficiency with high accuracy.

The findings suggest that EfficientNetV2-B1 is well-suited
for applications in virtual reality, gaming, and other human-
computer interaction interfaces where reliable and fast gesture
detection is critical. Highlighting the potential of powerful deep
learning models for real-time gesture recognition, this work
lays the foundation for future research aimed at expanding the
range of recognized gestures and integrating such systems into
more interactive technologies.
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