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Abstract. Hand gesture recognition has gained significant attention due
to its widespread applications in human-computer interaction, virtual re-
ality, and assistive technologies. However, the scarcity of large, labeled
datasets poses challenges such as overfitting and limited model general-
ization. To address this, we systematically evaluate 13 classical and six
state-of-the-art (SOTA) data augmentation techniques for hand gesture
recognition, conducting experiments on HGR1, OUHANDS, LIBRAS-
UEFS, and EgoHands using the HGR-Net CNN architecture. Our results
show that contrast-based augmentations (e.g., Solarize, Invert) improved
accuracy by up to 21.16%, while mixing-based methods (e.g., MixUp,
CutMix) often reduced performance, likely due to excessive distortion of
gesture structures. Additionally, combining the best-performing augmen-
tations was critical for maximizing accuracy across all datasets. However,
these combinations did not always produce additive improvements, un-
derscoring the importance of dataset-specific augmentation strategies for
achieving optimal model performance.

Keywords: Hand Gesture Recognition - Data Augmentation - Convo-
lutional Neural Networks - Model Generalization - Deep Learning - Clas-
sification.

1 Introduction

Gestures serve as a natural form of human communication, often complement-
ing speech to convey intentions, emotions, and commands [16]. This has driven
the development of gesture recognition systems for applications in virtual real-
ity, robotics, sign language interpretation, and touch-free interfaces [24]. Despite
advances in deep learning-based hand gesture recognition (HGR), a major lim-
itation remains: the lack of large, labeled datasets, which negatively impacts
model generalization and robustness.

Convolutional Neural Networks (CNNs) have become the leading approach
for computer vision tasks [19], excelling in feature extraction and pattern recogni-
tion. However, their performance is often limited by insufficient and imbalanced
training data, leading to suboptimal generalization in real-world scenarios. To
address this challenge, data augmentation techniques have been widely adopted
to artificially expand training sets by introducing geometric transformations,
contrast adjustments, and synthetic data generation [13,27,28]. In the field of
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hand gesture recognition, the lack of large publicly available datasets remains a
major obstacle, with few exceeding 10000 labeled samples [25], creating a signif-
icant bottleneck for training deep learning models.

This study aims to provide a comprehensive analysis by evaluating the effec-
tiveness of 13 classical and 6 state-of-the-art (SOTA) data augmentation tech-
niques in enhancing hand gesture recognition (HGR) performance. Unlike pre-
vious works focusing on individual augmentation methods, we compare multiple
approaches across four diverse datasets using HGR-Net [7], a state-of-the-art
convolutional neural network architecture. Our contributions include:

— A comprehensive benchmark analyzing data augmentation strategies in hand
gesture recognition.

— An evaluation across multiple datasets with varying backgrounds, lighting
conditions, and occlusions.

— Insights into dataset-specific augmentation strategies for optimizing deep
learning models in HGR.

By bridging the gap between augmentation theory and practical application,
this work provides valuable guidance for researchers and practitioners seeking to
improve robustness and accuracy in HGR systems.

2 Related Work

Extensive research has demonstrated that data augmentation enhances dataset
diversity and improves model generalization. Shorten and Khoshgoftaar [27] em-
phasized the benefits of geometric transformations, color space modifications,
and adversarial training, which introduce meaningful variations and mitigate
overfitting in CNNs. Pereira et al. [23] explored various augmentation techniques
to stabilize training in models exposed to noisy labels, a challenge that is highly
relevant to hand gesture recognition. Additionally, Fayaz et al. [9] validated the
effectiveness of CutOut [8], CutMix [29], and MixUp [30] in enhancing model
robustness, particularly in medical imaging applications. These findings suggest
that optimizing augmentation strategies for specific domains, including HGR, is
crucial for achieving improved performance and reliability.

Custom image generation has emerged as a promising approach to addressing
the limited availability of hand gesture datasets. Limonchik et al. [20] utilized
virtual 3D hand models to augment training data, improving classification accu-
racy with custom CNN architectures. Similarly, GAN-based augmentation has
been applied to dynamic skeleton-based HGR [26], demonstrating the effective-
ness of synthetic data in expanding training sets. Gomaa et al. [10] introduced
SynthoGestures, a framework leveraging Unreal Engine to generate realistic hand
gesture data, reducing overfitting risks in driving scenarios.

Hybrid augmentation strategies have been proposed to enhance dataset diver-
sity by combining traditional weak data augmentation with green-screen image
capture, generating synthetic background variations to improve ground truth an-
notation, as demonstrated by [1] and [4]. While these approaches focus primarily



Hand Gesture Recognition 3

on background replacement, our work extends the exploration to a broader range
of augmentation techniques, incorporating contrast-based transformations and
state-of-the-art (SOTA) methods such as AutoAug and AugMix to assess their
impact on hand gesture recognition models.

Spatial augmentations such as random cropping, rotation, shear, and zoom
have been widely applied in HGR research. Dadashzadeh et al. [7] utilized these
techniques to expand the training set four-fold, achieving state-of-the-art results.
Other studies have also demonstrated the effectiveness of these augmentations
in enhancing gesture recognition performance 14, 18|.

However, pixel-based and advanced augmentation techniques remain largely
underexplored in HGR models and datasets. This study addresses that gap by
analyzing the impact of both spatial and pixel-based augmentations, along with
their combinations, across multiple HGR datasets to identify techniques that
consistently improve recognition accuracy. By benchmarking a diverse set of
augmentations using a consistent CNN architecture, this research provides a
comprehensive evaluation of their effectiveness. These insights can guide the de-
velopment of custom datasets and optimize augmentation strategies for synthetic
data generation and real-world applications.

3 Data Augmentation for HGR

This section provides an overview of the data augmentation techniques evaluated
in this study, detailing their relevance to Hand Gesture Recognition (HGR) and
their expected impact on model performance. Additionally, we introduce the
HGR-Net architecture, explaining why it was selected as the benchmark for this
analysis.

3.1 Data augmentation:

The data augmentation techniques evaluated in this study are categorized into
basic augmentations and state-of-the-art (SOTA) techniques. These techniques
were selected to analyze their impact on HGR models, assessing their effective-
ness in improving recognition accuracy and model robustness. Below, we pro-
vide a brief overview of each method and its potential influence on hand gesture
recognition.

Basic Augmentations: We applied spatial-level and pixel-level transforma-
tions, often referred to as weak augmentations, to introduce controlled variabil-
ity in the dataset. These transformations can help improve generalization by
making the model robust to different hand positions, lighting conditions, and
background variations.

— Random Crop — Randomly selects a portion of the image and resizes it
to its original dimensions. It can enhance robustness to variations in hand
positioning and prevent overfitting to specific image regions.
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Horizontal Flip — Flips the image along its vertical axis. It might help the
model generalize across left- and right-hand gestures.

Rotation — Rotates the image within a specified range. It can simulate nat-
ural variations in hand orientation, potentially improving recognition across
different angles.

Translation — Moves the image horizontally or vertically. It can help ensure
the model remains invariant to slight shifts in hand position within the frame.
Shear — Tilts the image along one axis, distorting its shape. It might be
useful in helping the model recognize gestures from different perspectives and
viewpoints.

Invert — Reverses pixel intensity values (e.g., black becomes white, and vice
versa). It improves adaptation to extreme lighting conditions by forcing the
model to rely on shape rather than color.

Equalize — Adjusts the image’s brightness and contrast by redistributing
pixel intensity. It normalizes lighting differences, potentially making gesture
details more distinguishable.

Posterize — Reduces the number of color levels in an image. It simplifies
visual details, this could help the model focus on essential gesture features
rather than fine textures.

Contrast — Increases or decreases the difference between light and dark
areas. It can help with the visibility of hand features against various back-
grounds, improving gesture clarity.

Autocontrast — Automatically scales contrast to maximize the image’s dy-
namic range. It could help enhance feature distinctiveness while preserving
natural color balance.

Brightness — Adjusts the overall luminance of the image. It ensures the
model remains robust to varying lighting conditions which is common in real-
world hand gesture images.

Sharpness — Enhances or reduces edge definition. It can help make hand
contours more distinct, improving recognition of finer gesture details.
Solarize — Inverts pixel values above a certain brightness threshold. It helps
introduce controlled contrast variations, helping the model adapt to different
illumination settings.

SOTA Augmentations: We also evaluated six advanced augmentation tech-
niques, including automated and adaptive methods that enhance dataset diver-
sity and improve generalization.

— CutOut [8] - Randomly removes a square region of pixels from the image,

replacing it with a solid color (usually black or mean pixel value). It can help
the model become invariant to missing or occluded hand regions, improving
robustness to partial hand visibility.

CutMix [29] - Replaces a randomly selected region of an image with a patch
from another image, blending their labels proportionally. It encourages the
model to learn features from mized samples, improving generalization, but
may negatively impact gesture recognition where shape details are critical.
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— MixUp [30] — Creates a new training image by blending two images with
a weighted sum, generating a mixed-label output. It aims to improve model
reqularization and decision boundaries but may degrade performance in hand
gesture recognition by distorting gesture shapes.

— AugMix [12] — Applies multiple random augmentations to an image, then
blends them together using a weighted sum. It can enhance robustness to
distribution shifts and improve generalization but requires careful tuning to
avoid excessive distortion in hand gestures.

— AutoAug [6] — Learns an optimal augmentation policy from a predefined
set of transformations using reinforcement learning. It adapts augmentation
strategies for specific datasets, leading to improved recognition accuracy but
requiring dataset-specific optimization.

— RandAug [5] — Simplifies the process proposed by AutoAug by randomly
applying a set number of augmentations from a predefined list with varying
magnitudes. It reduces computational overhead compared to AutoAug while
maintaining strong performance, but requires hyperparameter tuning for best
results.

Figure 1 illustrates the effects of all methods on the original image, high-
lighting their impact on image transformation.

3.2 Convolutional Neural Network (CNN) - HGR-Net

HGR-Net [7] is a two-stage convolutional neural network (CNN) architecture de-
signed for robust hand gesture recognition, as illustrated in Figure 2. It integrates
hand segmentation and gesture recognition into a single pipeline, enhancing ac-
curacy and generalization.

— Hand Segmentation (Stage 1): The first stage utilizes a fully convo-
lutional residual network (FCRN) combined with Atrous Spatial Pyramid
Pooling (ASPP) to segment hand regions from the background. This ap-
proach is particularly effective in eliminating background noise and does not
require depth information, making it robust to illumination variations and
complex environments.

— Hand Gesture Recognition (Stage 2): The second stage employs a
two-stream CNN: One stream processes the original RGB image to extract
appearance-based features. The other processes the segmented hand image,
focusing on shape-based features. These feature representations are then
fused in a fully connected layer before classification, ensuring that both color
and structural information contribute to recognition accuracy.

Unlike traditional approaches that rely on handcrafted features, HGR-Net
automatically learns meaningful representations from segmented hand images,
leading to higher recognition accuracy and adaptability. Moreover, it operates
without requiring depth information, making it well-suited for the datasets used
in this study. Spatial augmentations have been shown to further enhance its
performance, as demonstrated by Dadashzadeh et al. [7].
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Fig. 1. llustration of the data augmentation techniques applied to the original image.
(b)-(n) represent basic augmentations, while (0)-(v) depict state-of-the-art (SOTA)
augmentations.
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Fig. 2. Illustration of the HGR-Net architecture [7], highlighting its two-stage approach
for segmentation and recognition.

Since this study focuses on evaluating the impact of diverse data augmen-
tation techniques across varied hand gesture datasets, a consistent and robust
model was essential. HGR-Net was selected as the benchmark architecture due
to its state-of-the-art performance, computational efficiency, ease of implementa-
tion, and strong generalization capabilities enabled by its two-stream recognition
architecture.

4 Methodology

This section provides an overview of the datasets used in this study and out-
lines the experimental setup, detailing the data augmentation strategies, CNN
configuration, and training process, along with the specific adaptations made to
optimize model performance.

4.1 Datasets

Four publicly available datasets with ground-truth hand masks were selected for
this study:

HGR1 [11,15,22] - This is a hand gesture recognition dataset designed for
gesture classification and shape analysis. It contains 899 RGB images from 12
individuals, featuring 27 distinct hand gestures. Collected in uncontrolled en-
vironments, the dataset ensures diverse backgrounds, lighting conditions, hand
orientations, and user variations, while avoiding face-hand occlusions. Due to its
small size and variability, HGR1 serves as a valuable benchmark for evaluating
the impact of data augmentation on extremely limited datasets.
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OUHANDS |[21] - It consists of 3,000 images depicting 10 distinct hand ges-
tures collected from 23 subjects, ensuring diversity. Each image is accompanied
by a segmentation mask, and the dataset was also captured under challenging
conditions, including variations in illumination, complex backgrounds, face-hand
occlusions, and diverse hand shapes and sizes.

LIBRAS-UEFS [3] - This dataset comprises 9,600 images featuring 40 dis-
tinct hand signs from Brazilian Sign Language (LIBRAS), captured from six in-
dividuals. It includes letters, numbers, and words that can be recognized solely
by hand configuration, excluding gestures requiring movement or body proxim-
ity. Each sign is represented by 240 images (50x50 resolution), with half being
grayscale gesture images and the other half binary masks. The dataset was col-
lected under controlled conditions, ensuring a standardized camera distance,
simple white backgrounds, and minor variations in lighting, hand postures, and
hand sizes.

EgoHands [2] - Unlike the other datasets in this study, EgoHands does not
focus on static hand gestures. Instead, it consists of 48 Google Glass videos
capturing first-person interactions between two individuals performing four ac-
tivities—Jenga, Chess, Cards, and Puzzle—across different locations. For this
study, 50 random frames were extracted from each video, generating 2,400 im-
ages with segmentation masks. The four activities were used as labels, ensuring
a diverse representation of real-world hand movements for training and testing.

4.2 Experimental Setup

The experiment implementation was structured into three key steps to ensure a
systematic evaluation of augmentation techniques on the HGR-Net model.

Step 1: Data Augmentation Implementation First, we applied data aug-
mentation techniques using predefined parameters and transformation magni-
tudes based on AutoAug [6]. To ensure that spatial augmentations enhanced
model generalization without introducing excessive distortions, each transfor-
mation was fine-tuned for hand gesture recognition, preserving critical gesture
details.

— Random Crop: The minimum crop size was set to 85% of the image length
to reduce the risk of excluding important hand details.

— Shear and Rotation: The distortion angle was limited to 15 degrees to prevent
unnatural transformations that could alter gesture structure.

— Translation: The displacement was restricted to 15% of the image size, en-
suring that gestures remained within recognizable boundaries.

These refinements allowed the model to leverage augmentation benefits while
maintaining the integrity of hand shapes, preventing excessive deformations that
could hinder recognition accuracy.

For state-of-the-art (SOTA) augmentations, additional refinements were made.
CutOut and CutMix were modified to limit the cut size to a maximum of 25%,
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minimizing the risk of removing critical gesture components such as fingers and
hand shapes. AugMix, AutoAug, and RandAug were primarily used with default
configurations from [6], but some transformation magnitudes were adapted to
align better with dataset characteristics. MixUp was applied with minimal inten-
sity to prevent excessive blending, ensuring that key gesture features remained
intact and recognition accuracy was not compromised.

We opted for offline data augmentation, applying all transformations before
training to ensure reproducibility and consistency across multiple test iterations.
To ensure consistency and preserve gesture integrity, spatial augmentations were
applied to both RGB images and hand masks.

This approach introduced variability without compromising critical hand fea-
tures. Given the small dataset sizes and the risk of overfitting, we designed the
experiments to closely resemble real-world conditions. To achieve this, we se-
lected the most challenging subjects and the most diverse image settings to
construct the test set, ensuring a rigorous evaluation of model performance.
Additionally, all images were resized to 320x320 to maintain uniformity and
streamline the training process.

Step 2: CNN Model Training Setup The second step involved configuring
the CNN model for training. HGR-Net operates in two stages, and we followed
its default setup, utilizing the cost functions and Adam optimization algorithm
as described in [7]. The learning rate was initialized at 0.001, with $; = 0.9 and
B2 = 0.999. We used the default batch size of 8 for the segmentation stage and
2 for the recognition stage, training all datasets for 200 epochs. To minimize
overfitting in datasets with rapid convergence, we applied learning rate decay
and an early stopping callback (patience: 20 epochs). While both network stages
were trained with augmented data, this study focuses exclusively on evaluating
the performance of the recognition stage.

Step 3: Dataset Splitting and Training For the final step, we split the
datasets to begin training. Initially, we trained the baseline models without aug-
mentation, allocating 70% of the dataset for training, 10% for validation, and
20% for testing. For experiments incorporating data augmentation, we expanded
the training set by adding augmented samples equivalent to 50% of the origi-
nal dataset size, ensuring that class distribution was maintained and preventing
imbalance.

When combining multiple augmentation techniques, additional augmented
samples were stacked on top of the original dataset, substantially increasing the
training set size. No augmentations were applied to the validation set, ensuring
an unbiased evaluation of the model’s performance.
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5 Results

The augmentation techniques were first evaluated individually on each dataset
to assess their impact on model performance. The results for all augmentations,
highlighting the best-performing ones, are presented in Table 1.

Table 1 shows that most augmentation techniques had a significant impact
on HGR-Net. Across the four datasets (HGR1, LIBRAS, EGOHANDS, and
OUHANDS), augmentation increased accuracy by an average of +7.74%, though
its effectiveness varied depending on image characteristics, background complex-
ity, and gesture diversity.

Among all techniques, contrast-based augmentations (Solarize, Invert, Au-
tocontrast) yielded the highest accuracy gains, with Solarize performing best
overall. This highlights the importance of contrast enhancement in gesture recog-
nition, as it improves feature distinction and makes hand shapes more distin-
guishable across diverse backgrounds.

In the LIBRAS dataset, a grayscale set with minimal background variation,
Autocontrast and Equalize significantly improved recognition by normalizing
brightness and skin tone variations.

Spatial augmentations (Translation, Rotation, Shear) were particularly effec-
tive in datasets with diverse hand positions (HGR1, OUHANDS). By introducing
positional variability, these transformations enhanced model robustness, ensur-
ing that minor shifts in hand placement did not degrade recognition accuracy,
thus improving adaptability to real-world conditions.

In contrast, MixUp reduced the accuracy across all datasets, likely due to
gesture blending that creates ambiguous representations, making classification
more difficult. Horizontal Flip had little effect on most datasets, suggesting that
mirroring gestures do not introduce meaningful variation. However, it was highly
effective in EgoHands, where first-person interactions inherently involve diverse
hand orientations, making flipping a valuable transformation.

Finally, CutOut, CutMix, and AugMix produced mixed results, suggesting
that aggressive transformations that modify hand shapes may not be well-suited
for gesture recognition. These techniques risk removing or distorting critical
gesture-defining features, potentially hindering model learning rather than im-
proving generalization.

The chart in Figure 3 illustrates the accuracy improvement trends for all
augmentation techniques applied to the HGR1, LIBRAS, EGOHANDS, and
OUHANDS datasets. Each bar represents the relative accuracy increase com-
pared to the original dataset, highlighting augmentation effectiveness based on
dataset characteristics.

The best-performing augmentation techniques were selected for a combina-
tion analysis, yielding higher accuracy across all four datasets (HGR1, LIBRAS,
EGOHANDS, and OUHANDS) compared to using individual augmentations, as
shown in Table 2.

For HGR1, combining the top two contrast-based techniques (Solarize and
Invert) with the best spatial transformations (Translation and Shear) resulted
in an impressive accuracy of 92.78%, marking a 24.96% improvement over the
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Augmentation | HGR1 (%) | LIBRAS (%) | EGOHANDS (%) | OUHANDS (%)
Basic Augmentations
Original 67.82 88.44 67.85 74.69
Random Crop 79.23 85.37 71.23 77.00
Horizontal Flip 67.19 86.25 80.00 73.50
Rotation 77.31 90.31 73.69 74.17
Translation 81.01 88.47 77.85 79.17
Shear 79.77 89.00 76.31 80.50
Invert 84.29 88.69 82.92 74.33
Equalize 81.98 90.81 71.54 77.67
Posterize 81.55 89.31 66.92 75.67
Contrast 76.11 87.44 66.92 74.50
Autocontrast 79.07 91.81 69.23 av
Brightness 77.93 85.75 73.23 78.17
Sharpness 82.10 88.13 71.54 73.50
Solarize 88.98 90.75 70.15 77.50
SOTA Augmentations
CutOut 81.49 87.12 72.77 72.67
CutMix 78.77 87.75 64.00 72.83
MixUp 61.85 86.50 63.69 68.00
AugMix 73.29 88.00 69.38 72.17
AutoAug 76.81 91.25 82.92 78.00
RandAug 80.92 90.50 71.38 av

Table 1. Accuracy results for all datasets with basic and state-of-the-art (SOTA)
Augmentations. Best results for each dataset are highlighted.

baseline (no augmentation). The LIBRAS dataset achieved the highest accuracy
overall (93.25%) when combining spatial augmentations and AutoAug, demon-
strating the effectiveness of adaptive augmentation policies.

OUHANDS exhibited moderate performance compared to the other datasets,
even when applying the best-performing augmentation techniques and combina-
tions. This suggests that further fine-tuning and dataset-specific optimization
are required to maximize its performance.

For EgoHands, where hand exposure is significantly lower compared to the
background, the dataset benefited greatly from contrast-based augmentations,
leading to substantial accuracy improvements compared to other augmentation
combinations.

Most of the techniques individually demonstrated strong performance, and
their strategic combination can further boost accuracy by expanding the train-
ing set and improving model generalization, confirming the impact of carefully
curated augmentation strategies on hand gesture recognition models. Based on
these results, we propose the following practical recommendations to optimize
augmentation strategies:



12 D. Souza et al.

Accuracy Improvement Trends Across Datasets

‘
= HGR1
20 ‘ i i i i T ; | mm— UBRAS
= EGOHANDS
=== OUHANDS

15 — 1 r
" | | II | Il ”

Accuracy Improvement (%)

5} o

L L

[

ey

SRR | a—— |

|

T e ST

-5 B AN (S I S — |

Q * & .& < e & o o 2 o R S o ©
SIS S R SR S U S . e s & &
Q& & & & K AN & IS N (,)o\ & e A N N o
S & LS & & ¢ ¢ &F & & @
N O
LSS

Augmentation Techniques

Fig. 3. Impact of Data Augmentation on Accuracy Across Different Hand Gesture
Recognition Datasets.

— Leverage contrast-based augmentations (Solarize, Invert) and spatial trans-
formations (Translation, Shear) to enhance feature distinction and improve
generalization.

— For datasets with minimal background variation, prioritize Autocontrast and
Equalize to normalize brightness and mitigate skin tone variability.

— For datasets where hand pose variation is not critical, apply Horizontal Flip
to improve recognition of orientation-diverse hand movements.

— Avoid CutOut, CutMix, MixUp, and AugMix, as they distort gesture struc-
tures, making classification more challenging.

— AutoAug and RandAug are highly effective but require dataset-specific op-
timization. When fine-tuned, they can significantly enhance model general-
ization, especially when combined with classic augmentations such as Trans-
lation, Shear, or contrast adjustments, further improving robustness in hand
gesture recognition tasks.

— Spatial-based augmentations must be carefully tuned to prevent the removal
of critical gesture features, ensuring that transformations do not hinder
recognition accuracy.

6 Conclusion and future work

In this study, we conducted a comprehensive and systematic analysis of classical
and state-of-the-art (SOTA) data augmentation techniques and their impact on
Hand Gesture Recognition (HGR) datasets.
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Augmentation HGR1 (%) | LIBRAS (%) | EGOHANDS (%) | OUHANDS (%)
Original 67.82 88.44 67.85 74.69
Classic Augmentation Combinations
Invert + Shear 87.22% 92.94% 88.92% 70.17%
Invert + Translation 88.89% 92.56% 77.85% 74.83%
Solarize + Translation 88.33% 90.56% 79.08% 75.67%
Solarize + Shear 85.56% 88.88% 56.62% 77.50%
Solarize + Invert 86.11% 91.81% 90.46% 80.50%
Shear + Translation 86.67% 90.13% 79.85% 76.50%
Solarize + Invert + Shear + Translation 92.78% 89.25% 82.31% 74.50%
Classic + SOTA Augmentation Combinations

Shear + AugMix 83.89% 88.19% 70.92% 77.33%
Shear + AutoAug 87.78% 91.25% 70.62% 76.33%
Shear + RandAug 86.67% 90.31% 74.92% 78.00%
Solarize + AugMix 86.11% 89.63% 75.38% 76.67%
Solarize + AutoAug 80.56% 90.94% 75.69% 75.17%
Solarize + RandAug 86.67% 89.81% 82.00% 78.00%
Solarize + Translation + AutoAug 88.33% 91.81% 75.69% 81.83%
Shear + Translation + AutoAug 89.44% 93.25% 68.31% 77.50%
Autocontrast + Equalize + AutoAug 91.67% 89.88% 68.46% 76.67%
Rotation + Contrast + AugMix 86.11% 87.44% 64.15% 78.33%

Table 2. Accuracy of Combinations Formed from the Best-Performing Classic and
SOTA Augmentations. Best results for each dataset are highlighted.

Our findings reveal that contrast-based augmentations (Solarize, Invert) out-
perform commonly used spatial transformations (Rotation, Translation, Shear).
Additionally, combining multiple augmentations is essential for achieving op-
timal results, as it enhances feature diversity, expands the training set, and
strengthens model generalization.

While data augmentation requires dataset-specific fine-tuning, certain tech-
niques consistently enhance performance in HGR applications. However, ad-
vanced methods such as CutOut, CutMix, MixUp, and AugMix should be ap-
proached with caution, as they often overdistort hand features, potentially de-
grading recognition accuracy.

Future research should extend augmentation techniques to dynamic gestures,
as this study focused on static gesture recognition. Incorporating online aug-
mentation strategies using adaptive state-of-the-art techniques such as AutoAug
and RandAug could further enhance model adaptability by dynamically apply-
ing transformations during training. Additionally, this analysis can be expanded
by integrating newly proposed augmentation methods, such as the three novel
techniques introduced by Kumar et al. [17], to assess their impact on gesture
recognition performance.
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