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Abstract

Sign language recognition (SLR) is crucial for improving communication and accessibility for people who are deaf or
hard of hearing, particularly in our aging population, which increasingly requires healthcare and inclusive environments.
Current SLR systems face significant challenges, such as dynamic hand gestures, real-time boundary detection, variable
lighting conditions, complex backgrounds, and a lack of diverse real-world datasets. To overcome these challenges, we
propose a patch-based network (PBN) that effectively leverages features from various channel patches to handle com-
plex sign language gestures. In addition, a new SLR dataset has been created using ultra leap motion technology that
contains 7800 samples related to 26 different classes with a resolution of (224 x 224 pixels). In addition, it offers various
contextually relevant information useful in health-oriented domains. Comprehensive experiments are conducted in terms
of ablation studies for optimal module selection, showing a remarkable performance of 97% on the ASL-A dataset and
98% on the Massey dataset. These SLR developments not only improve communication for people with disabilities but
also improve their overall quality of life and independence, highlighting the critical role of technology in supporting their
health and well-being.
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1 Introduction

In recent years, human-computer interaction (HCI) has
grown significantly due to rapid progress in computational
techniques, information processing, communication net-
works, hardware infrastructure, and related sectors [1, 2].
As user expectations become more sophisticated, technol-
ogy companies are increasingly investing in information
management and HCI research, particularly in areas such
as healthcare and assisted living [3], where the percentage
of individuals requiring support and a secure environment is
steadily rising. These investments are essential for enhanc-
ing user experiences, fostering innovation, and preserving
a competitive edge in a constantly evolving industry [4].
Improving communication for individuals who primarily
use sign language is a key area of research. As the demand
for healthcare solutions and assisted living technologies
grows in an aging society, sign language users also require
technological advancements to support them in medical
and social contexts [5]. In social, educational, personal, and
media contexts, the community relies strongly on sign lan-
guage for communication. Figure 1 illustrates the proposed
ASL recognition framework, integrating a hand detection
model (HDM), a cropped hand (CH), and a sign language
model (SLM) to enable accurate and efficient recognition.
Even with these developments, there is still a long way to go
before SLR can be used to facilitate communication in both
everyday and healthcare settings, including assisted living
environments. Therefore, creating user-friendly tools for
sign language translation is vital for both deaf individuals
and their social connections, as well as for their access to
essential healthcare and assisted living services [6].

Based on the core hardware, SLR technology can be
classified into two main types: camera-based gesture recog-
nition and data glove-based gesture recognition. The advan-
tages of glove-based SLR technology include high detection
rates, resistance to interference, and exact data collection.
However, it involves costly devices and requires users to
wear data gloves and supervision when communicating.
In contrast, camera-based SLR technology eliminates the
need for specialized equipment and provides a more nat-
ural interface between humans and computers by using

Fig. 1 Overview of the proposed

computer vision techniques [7]. Nevertheless, it is highly
sensitive to environmental conditions, necessitating con-
tinuous research to enhance computational approaches and
mitigate these limitations [8]. In interpersonal communica-
tion, gestures serve as a form of nonverbal language, often
complementing verbal communication. For the deaf and
mute community, gestures are the primary mode of interac-
tion with others [9, 10]. Deep learning, a rapidly advancing
field in information processing, has made significant strides
in machine vision and natural language[11] understanding
by aiming to replicate the complex functions of the human
brain through multi-layered neural networks [12]. However,
the application of deep learning algorithms for gesture rec-
ognition is still relatively limited in performance and poses
the following major challenges that need to be overcome.
Major challenges:

e Mainstream approaches often employ well-established
CNN models, where the entire image is processed by
the network to extract features. These models apply fil-
ters of varying sizes to capture information related to the
region of interest. However, effectively learning these
patterns can be challenging due to the presence of both
foreground and background elements, particularly when
the target object is small relative to the surrounding ir-
relevant pixel information.

e Existing SLR systems are limited by several factors, in-
cluding the variability of dynamic hand gestures, diffi-
culties in real-time gesture boundary detection, fluctua-
tions in lighting conditions, and the presence of complex
and cluttered backgrounds. Additionally, the lack of di-
verse, real-world datasets impedes the system’s ability
to generalize across different environments and users,
further limiting performance and precision.

Accomplishing these objectives will contribute sub-
stantially to the progress of American Sign Language—
based recognition and communication technology for
the deaf and hard-of-hearing community and serve as
a basis for further studies in gesture recognition sys-
tems. The main contributions of this study include:
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Main contributions:

e We introduce the PBN framework, specifically designed
for American Sign Language (ASL) recognition, embed-
ding cross-patch attention instead of the standard soft
attention in vision transformers. This allows the model
to focus on relevant foreground information while sup-
pressing irrelevant components. Additionally, advanced
channel processing enhances feature learning, improv-
ing classification accuracy.

e We built a comprehensive ASL alphabet dataset using
ultra leap motion in a Unity-based virtual reality envi-
ronment, capturing high-resolution hand gestures. This
dataset accurately reproduces the complexity and varia-
tion of ASL signs, providing a valuable resource for fu-
ture research and facilitating scalable dataset generation.

e We conducted experiments comparing different CNN-
based architectures and the proposed transformer-based
PBN. Ablation studies and performance analyses dem-
onstrate the effectiveness of our approach. Furthermore,
we evaluated the system’s practical applicability, high-
lighting its potential for real-world ASL recognition
tasks.

Research objectives

e To create robust solutions for addressing challenges in
ASL recognition through the application of deep learn-
ing, computer vision, and advanced image processing
techniques. By synthesizing these artificial intelligence
technologies, the aim is to significantly improve the ac-
curacy and operational efficiency of image-based ASL
interpretation systems within the context of assisted liv-
ing applications.

e To enhance the attention module of the current vision
transformer network for ASL recognition. This refine-
ment aims to prioritize the foreground elements of sign
language gestures, thereby reducing the influence of
redundant or extraneous information on the model’s
performance in scenarios involving healthcare and
rehabilitation.

e To create a comprehensive and high-quality collection
of ASL alphabet gestures, captured using Ultraleap de-
vices, to enable rigorous evaluation and comparison of
various deep learning models for improved ASL recog-
nition accuracy and performance that supports effective
communication in assisted living environments.

The rest of the paper is organized as follows: Sect. 2 is
devoted to a deep review of state-of-the-art SLR approaches.
Then, the technical details of the proposed framework are
provided in Sect. 3, while Sect. 4 outlines the experimental

setup, including datasets and ASL assessment metrics.
Finally, Sect. 5 concludes with some final remarks and men-
tions future directions.

2 Literature review

Gesture recognition research has advanced significantly
through the integration of vision-based techniques with
artificial intelligence methodologies, resulting in enhanced
accuracy and efficiency in gesture interpretation. Research-
ers have tested different structures, including Inflated 3D
and CNN, to accurately identify gestures in sign languages
such as ISL, ASL, and Turkish. Despite progress, challenges
remain in standardizing datasets and developing real-time
systems, highlighting the necessity for realistic solutions in
real-world scenarios. Additional information about the lit-
erature review can be found in the sections below.

3 Deep learning approach for SLR

In recent years, major improvements have been made in
SLR through the application of deep learning methodolo-
gies, making significant progress in improving accessibility
for people with disabilities. Kumar al. [13] have focused on
several aspects of SLR, such as integrating deep learning
with text-to-speech technology to improve the identifica-
tion of ASL. Convolutional neural networks (CNNs) are
explored for the feature extraction and classification, where
they achieved 80% accuracy. In comparison, comparably,
Aly et al. [14] proposed a Hybrid Transformer-CNN model
for ASL gesture recognition, combining CNN-based local
feature extraction with a Vision Transformer for global
context. The model achieves 99.97% accuracy on the ASL
Alphabet dataset, runs at 110 FPS, and is computationally
efficient (5.0 GFLOPs), using feature fusion and advanced
augmentation to enhance robustness. For instance, Carneiro
et al. [15] developed a relatively inexpensive SLR system
that uses handcrafted descriptors in conjunction with a deep
learning architecture, achieving an improvement of 7.96%
in accuracy on the AUTSL dataset. Kumar et al. [16] pro-
posed a VGG16-based CNN with an attention mechanism
for Indian Sign Language recognition, achieving high accu-
racy (99.8%) in real-time without using gloves or external
sensors, thereby facilitating efficient communication for
hearing-impaired users.. Similarly, Khan et al. [17] pro-
posed a Hybrid Efficient Convolution (HEC) model com-
bining EfficientNet-B3 with custom dense layers for isolated
dynamic Bangla sign language recognition. The model
achieves 93.17% accuracy on a 6000-video dataset while
handling cluttered backgrounds and illumination variations

@ Springer



192 Page 4 of 23

International Journal of Machine Learning and Cybernetics

(2026) 17:192

efficiently. Seong et al. [ 18] enhances sign language transla-
tion performance by combining transformers with 3D-CNN
to improve recognition accuracy, demonstrating comparable
efficiency to existing models using the PHOENIX-Weather-
2014T dataset. Table 1 provides an overview of these main-
stream approaches for gesture recognition, summarizing
the methods, accuracies, and key contributions discussed
above. A three-stream hybrid model for dynamic hand ges-
ture recognition. Rahim et al. [19] utilized deep learning to
improve the detection and classification of sign language
gestures. Furthermore, the augmentation of sign language
poses through deep learning models, particularly focusing
on specific body parts, has been explored by Kim et al. [20]
to enhance recognition. The development of all- encompass-
ing datasets designed for languages such as Bengali, as well
as their integration into recognition models, Khan et al. [17]
demonstrated a growing interest in the development of all-
encompassing systems. While these advances are remark-
able, problems remain, such as the need for larger datasets
and the integration of complex inputs. These challenges
indicate potential areas for further research. Beyond vision-
based techniques, recent studies have explored alternative

Table 1 An overview of mainstream approaches for gesture recognition

input modalities such as surface electromyography (SEMG),
which captures muscle activity signals for gesture classifi-
cation. Rezaee et al. [21] proposed a hybrid deep learning
framework combining BiLSTM with metaheuristic opti-
mization and a U-Net-MobileNetV2 encoder, achieving
an average accuracy of 90.23% across six datasets. Simi-
larly, Singh and Chaturvedi et al. [22] developed a machine
learning pipeline using EMG sensors and ensemble feature
selection to recognize American Sign Language gestures,
reaching up to 99.91% accuracy. These biosignal-based
approaches offer promising alternatives in scenarios where
visual data may be unreliable due to occlusion, lighting vari-
ability, or privacy constraints. Incorporating such modalities
could enhance the adaptability and precision of future SLR
systems. These problems can be the result of the advanced
accuracy and efficiency of SLR systems, hence developing
their availability to a larger user population.

Furthermore, to address recent developments in hand
gesture recognition, several notable contributions should
be highlighted. Cheok et al. [23] offered a foundational
review outlining gesture recognition systems across multi-
ple stages, including data acquisition, segmentation, feature

Refs. Method Accuracy Key contributions Refs. Method Accuracy Key contributions
[13] CNN for fea- 80.0% CNN-based spatial [14] Hybrid CNN 99.97% Combines CNN for local
ture extraction, feature extraction and Transformer features and Transformer
classification classification for global context; feature
fusion with element-wise
multiplication; efficient (5
fIFLOPs, 110 FPS); robust
via contrastive learning
and domain adaptation
[16] Vggl6 CNN with 99.8% (with Achieves high accuracy in  [18] 3D CNN inte- 93% Application of vision
attention mechanism at- tention), real-time ISL recognition grated with Vision transformers to enhance
for ISL classification 97.5% without sensors or gloves; Transformer sign language translation
(without leverages transfer learning performance
atten- tion)  and attention mechanism
to enhance performance
[15] Hybrid CNN-RNN  7.96% Low-cost system combin-  [20]  CNN with pose- 93% Improved accuracy
with handcrafted ing handcrafted features augmented training through targeted pose
triangle features with deep learning using domain augmentation
knowledge
[17] Hybrid Efficient 93.17% High accuracy; robust to [28] CNN for real- 99.75% Achieves high real-time
Convolution clutter and illumination time Bengali Sign  (with recognition accuracy for
(HEC) combining variations Language digit rotation), Bengali digit gestures;
EfficientNet-B3 with recognition (custom 94.17% image rotation improves
custom dense layers feed-forward CNN  (without performance; uses binary
for dynamic Bangla with Conv2D, rotation) and grayscale images
Sign Language MaxPooling, Flat-
recognition ten, Dense, Dropout
layers)
[29] DeepSign: Deep 97% Detects and recognizes [30] Leap Motion 95.0% High-accuracy recogni-
learning-based ISL gestures from video input+ Euclidean tion system for Javanese

model using sequen- frames; feedback-based

tial LSTM and fIRU sequential learning
layers (1 LSTM+1 enhances recognition;
fIRU) effective on 11 different

signs

Distance with k-NN sign scripts
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extraction, and classification, and emphasized existing chal-
lenges in real-world generalization. Dey et al. [24] proposed
an attention-driven C3D-BiLSTM model that specifically
targets Wh-question gestures in video streams, incorporat-
ing multi-head attention to capture intricate spatial-temporal
cues, achieving state-of-the-art results on the AQSVd data-
set. Additionally, Dey et al. [25] developed an attention-
based DC-GRU model for recognizing umpire signals in
cricket, demonstrating the domain flexibility of such archi-
tectures in complex visual environments. These works align
with the core motivation of our proposed PBN to enhance
recognition precision through attention-based and patch-
wise feature extraction. While recent studies such as [26]
and [16] have advanced real-time SLR using deep learning,
they primarily rely on traditional 2D visual input and do
not leverage depth-based motion tracking. These limitations
affect spatial understanding and generalization in complex
environments. Our work addresses this gap by integrating
ultra leap motion for 3D gesture capture with a PBN using
cross-patch attention. This combination enables better focus
on gesture-relevant regions and improves recognition accu-
racy, distinguishing our approach from existing methods.
Leiva et al. [27] proposed a real-time, cost-effective sign
language recognition system for Pakistan Sign Language
(PSL) using a wearable glove equipped with flex sensors
and an MPU-6050 inertial sensor. The system captures hand
and finger movements in 3D space and employs machine
learning classifiers, achieving up to 97% accuracy. This sen-
sor-based approach demonstrates strong potential for real-
time SLR in resource-constrained environments.

4 Sign language gesture recognition using
leap motion

The Leap Motion Controller (LMC) has enabled signifi-
cant improvements in SLR in the past few years. LMC can
enhance communication for hearing-impaired people. For
example, Asiri et al. [31] investigated the use of LMC to
recognize Arabic sign language. The study classified both
the potential benefits and difficulties of achieving high
accuracy in gesture recognition. In a study, Faisal et al.
[32] LMC was combined with CNNs to recognize sign lan-
guage in real-time, particularly in virtual meeting platforms.
Ganesh et al. [33] show how technology may assist people
with hearing impairments to communicate more effectively,
investigating the use of LMC for robot control. This study
found that LMC can accurately capture complicated finger
movements, making it useful for sign language comprehen-
sion. Li et al. [34] created an interactive gesture control sys-
tem with LMC that can teach and recognize sign language,
leading to better user interaction with digital information.

In another research, Galvan-Ruiz et al. [35] created a sys-
tem for detecting Spanish sign language using four types of
word groupings and datasets. The evaluation of their system
used a dynamic time warping classifier and used 276 fea-
tures over 176 words. In a correlational finding, Umut and
Kumdereli et al. [36] proposed a new wearable system based
on LMC and verified in real-time sign language recognition
(SLR), which expanded applications of LMC and provided
a portable, efficient way to realize sign language recogni-
tion. Han et al. [37] proposed a dual-stream STGCN-LSTM
model to jointly capture spatio-temporal features, including
hand shape, position, orientation, and motion trajectory, for
Chinese Sign Language recognition. This resulted in the
high recognition accuracy for the SRL500 dataset. Using
UltraLeap to create an ASL detection system, the basis of
the model here is to extract the fine-grained features, and the
spatio-temporal information of this network could be useful
in determining ASL gestures based on subtle details in hand
and body movements. Rodriguez et al. [38] Accuracy of the
system was 92% for static signs and 86% for continuous
signs. This work highlights the potential for improving rec-
ognition accuracy, which can be applied to ASL recognition
systems, particularly when using skeletal data from devices
like UltraLeap. Next, Sesli et al. [39] used deep neural net-
works to analyze complex gestures for human-robot inter-
action, achieving a remarkable accuracy rate of 88.44%%.
Nasir et al. [30] focused on safeguarding cultural heritage
through LMC-based gesture recognition, achieving a 95%
accuracy. Saraswathi et al. [40] presented a comprehensive
survey of real-time optical motion detection systems, focus-
ing on sign language recognition with Leap Motion inte-
gration. The study compares multiple recognition pipelines
and emphasizes the effectiveness of multimodal approaches
that combine visual and inertial data for robust gesture
detection. The survey also highlighted the importance of
LMC in achieving high precision in complex, dynamic sign
gestures, recommending its application in multilingual,
real-world scenarios. These studies collectively advance
gesture recognition with the LMC, improving techniques
and understanding in the field. Recent studies continue to
push the boundaries of Leap Motion—based SLR. Myagila
et al. [41] proposed a CNN-GRU model with ELU acti-
vation for dynamic Tanzania Sign Language recognition,
achieving 94% accuracy and highlighting the challenge of
signer independence. Tian et al. [42] emphasized the role of
multimodal Al and ethical design in inclusive SLR systems,
advocating for real-world deployment strategies. Batool et
al. [43] developed a stacked LSTM model for dynamic ASL
translation using Leap Motion skeletal data, achieving high
accuracy across custom datasets. Enikeev and Mustafina et
al. [44] introduced a cooperative deep learning model with
input prediction for Russian Sign Language, improving
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fingerspelling recognition and user interaction. Addition-
ally, open-source contributions such as the GitHub-based
Sign Language Detection project reflect growing commu-
nity engagement and practical experimentation with Leap
Motion—driven models. However, one significant limita-
tion of previous research on gesture recognition with the
LMC is that they were often conducted in controlled set-
tings that may not accurately reflect the diverse conditions
where these systems are deployed. Models often struggle
to adapt to new scenarios or datasets, making scalability
and generalization persistent challenges. Furthermore, it’s
essential to information management and prioritizes user

[ Captures gestures J

[ Preprocess Data ]

[ Generate Image patches ]

{ Extract Features (PBN) ]

[ Classify Gesture

~—/

[ Show ASL Output ‘

[ Evaluate Performance

Fig. 2 Proposed methodology flowchart: From gesture capture to ASL
output using the PBN-based recognition pipeline

@ Springer

experience and interaction design to ensure intuitive inter-
faces. Addressing these challenges should motivate further
research into developing more adaptable, scalable, and user-
friendly gesture recognition systems [45].

5 Proposed methodology

Mainstream approaches have explored deep learning meth-
ods, specifically CNN-based approaches that analyze pixel
information of an image for learning. In this research, we
develop a PBN to leverage its unique capabilities for hand
gesture recognition (HGR), particularly for SLR. The PBN
effectively handles long-range dependencies and global
contextual information, which enhances information pro-
cessing and is essential for developing real-time systems for
sign language recognition that cater to the needs of assisted
living environments. Furthermore, we explore a diverse set
of innovative deep learning models, ranging from Efficient-
Net variants to well-established architectures like Inception
and ResNet. Our PBN approach capitalizes on the strengths
of these architectures, potentially leading to improved per-
formance and robustness in real-time systems for Ameri-
can Sign Language (ASL) classification tasks aimed at
enhancing communication for individuals in healthcare and
rehabilitation settings. Through this endeavor, we aim to
contribute to advancing sign language research and pave the
way for more effective communication technologies for the
hearing-impaired community.

5.1 PBN for ASL recognition

The PBN structure is illustrated in Fig. 2, which employs
solely the encoder block inspired by the original Trans-
former, directly connecting the header for classification
to the encoding’s final output. We modified the traditional
transformer self-attention block into cross-patch attention
followed by additional channel information [46]. The image
is divided into uniform patches of fixed size without over-
lapping, and a linear embedding is applied to each patch.
Next, we incorporate positional embedding into these vec-
tors before feeding them into the encoder. Moreover, a clas-
sification header is appended to the Conclusive output of the
encoder to assist in the classification task. This entire pro-
cess involves iterating the encoder block L times. For two-
dimensional (2D) images, image preprocessing is required
because the transformer model’s core version only works
with one-dimensional (1D) sequence token embeddings.
Consider a dataset of NV sign language images, denoted by
Q= {(x,,y)}". For each image x,, a label y, from the collection
of labels is associated. The PBN aims to learn the mapping
between a series of image patches and their corresponding
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labels y,. The sign language image x € RF*XWXC g 20 = [Telass; 2y B; 22 E) 4 Epos, E € R(P*OxD, (1)
divided into N non-overlapping 2D patches, identified as  Epos =RWHEDXD B 00 = sin (75550575

z, € REXFPXC The dimensions of the image are Hx W,
The total number of channels is C, with each patch having
a resolution of Px P. There are N= % patches in all. We
establish P=16 or 32 and H=W=224. Each patch is lin-
early projected onto a D-dimensional vector using a train-
able embedding matrix E by feeding the patch sequence into
the encoder.

The sign language image, represented by y in PBN, is
then represented by concatenating this resultant embedding
with the sequence of embedded patches. Positional data is
encoded into the patch embeddings in order to preserve the
spatial relationships of the patches within the original sign
language image. Equation (1) describes this all-inclusive
procedure, while Eq. (2) specifies how positional informa-
tion is encoded. The patch position is denoted by “pos” in
this case, and the position inside the D-dimensional vector
is indicated by “I”. The detailed architecture of the patch-
based framework is presented in Fig. 3, showing tokeniza-
tion with patch tokens, cross-patch attention mechanisms,
skip connections, and a classifier head for classification
tasks.

Transformer Encoder with Cross Attention Layer

To elaborate, each image € R”*WxC is partitioned into

N= %-non—overlapping patches, as illustrated in Fig. 4 each
of size Px P. Bach patch z, € RF*P*C is then flattened
and projected into a D-dimensional embedding using a
trainable matrix E € R(Z2C)xD

For example, if H=W=224, P=16, and C=3, we
get N= (2%1)2
D="768-dimensional vector.

=196 patches, and each is projected into a

Epos,Zi = COs (%) (2)
The sequence of embedded patches with positional infor-
mation, denoted as z, is passed through a stack of L identi-
cal encoder layers. Each encoder block comprises a layer
normalization followed by multi-head cross-patch attention,
a residual connection, another normalization layer, and a
multilayer perceptron (MLP) with GELU activation. Spe-
cifically, the output of each encoder layer is computed in
two stages:

First, multi-head scaled dot-product attention is applied:

Transformer Encoder

)

Classifier-
Head

No of 2
Classes |

Transformer
Encoder

[0]+]2] 1

Tokenization with Hyperspectral Patch tokens

Qkv M QKV -:» QKV I QKV E QKV I QK V
W T
Channel Flatten of the 16X16
I Token

QKYV Cross Patch Attention

Multi-Head
Cross Patch
Attention

|LayerNo£l
| Embedding |

| —

Fig. 3 Detailed architecture of a patch-based framework for hyperspectral data processing, incorporating tokenization with patch tokens, cross-
patch attention mechanisms, skip connections, and a classifier head for classification tasks.
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Fig. 4 A 224 x224 image is split into 16 x 16 patches by employing a
convolutional kernel with dimensions of 16 x 16.

Z] = MSA (LayerNorm (Z;,_1)) + Z;_1 3)

Then, the output is passed through an MLP and another
residual connection:

7 = MLP (LayerNorm (7)) + 2, @)

Finally, after L such layers, the output corresponding to the
class token is used for classification:

y = LayerNorm (Z£0)> (5)

The MLP consists of two fully connected layers separated
by a non-linear activation function. We employ the Gauss-
ian Error Linear Unit (GELU), defined as:

GELU (z) = 0.5z (1 + tanh Wz (z+ 0.044715373)} ) (6)

This allows smoother activation and improves convergence
over ReLU in our setting.

5.2 Cross patch-attention

In a variety of tasks related to image processing and natu-
ral language processing (NLP), attention mechanisms have
become essential components. They are frequently com-
bined with CNNs to achieve certain goals. A module of
attention is defined by its attention weight, which is the sum
of all elements in the matrix Z € R¥*P. Cross-patch attention
computes the scaled dot product of query and key interac-
tions to calculate these attention weights. Cross-patch atten-
tion determines attention weights by analyzing the scaled
dot product among query-key-value interactions. Using
a trainable matrix U € RP3PK, defined in Eq. (7), self-
attention (SA) generates its query (Q), key (XK), and value
(V) for each element in the input sequence. The Q-vector

@ Springer

of one element and the K-vector of another are used in the
dot product to determine the link between two items. The
resulting dot product is normalized and passed through
the SoftMax layer, which uses Eq. (8) to describe how the
sequence’s patches are ordered by relevance. Moreover, Eq.
(9) represents the SA module.

[Q’K’V]:ZUQKV7ZERNXD,UERDX3DK 7

Unlike traditional self-attention, which models every pair-
wise interaction across all patches, our proposed cross-
patch attention selectively emphasizes spatial dependencies
between non-overlapping regions of interest, such as hand
postures in ASL Our method reduces redundant interactions
and computational complexity by restricting receptive fields
to relevant patch areas, as illustrated in Fig. Sa.

T
A = softmax <§%) ,A e RVXN (8)
SA (Z) = A-V, where A € RV*V Q)

In this context, D, refers to the dimensionality of the key
vectors. Traditional self-attention, as used in Vision Trans-
formers (ViT), models the relationship between every pair of
input patches within the same image. Each patch computes
an attention score with all other patches, including itself,
resulting in comprehensive but computationally expensive
intra-token interactions. Conversely, soft attention refers to
more lightweight attention mechanisms often used in RNN-
based architectures, where attention scores are typically
derived from a learned compatibility function applied to
intermediate hidden states, without explicit query-key-value
projections. In our proposed model, cross-patch attention
is designed to focus on gesture-relevant patches by avoid-
ing exhaustive all-pair relationships. This contrasts with
soft attention, where attention weights are derived using a
compatibility score without structured projection into key-
query-value space. Cross patch-attention leverages spatial
regularity and yields improved performance on sign- heavy
inputs. The model learns meaningful inter-patch relations
by computing scaled dot-product attention between local-
ized key-query pairs, enabling precise recognition of subtle
hand pose differences. Compared to self-attention, which
may dilute focus through uniform relevance, cross attention
enforces focused token dependencies, especially beneficial
when foreground hand regions occupy small image areas.

5.3 Multi-head cross attention

Extending the standard transformer framework, our multi-
head cross-attention mechanism incorporates multiple
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Fig.5 Attention mechanism. a
Integrates cross-patch-attention
modules. b The multi-headed Q K
cross-attention module. l l
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attention heads (denoted /), each learning unique inter-
patch relationships, as shown in Fig. 5b. The functional
structure is given by:

N[SA (Z) = [SAl (Z) 3 SAQ (Z) Jee ey SAh (Z)} EMSA (10)

where each S4; is a scaled dot-product attention head and
Ensa € RPPEXP s a projection matrix mapping the
concatenated output back to the model dimension D. This
allows each head to focus on different spatial cues across
the image, promoting rich feature learning. By leveraging
multi-headed interactions, the model is capable of capturing
subtle spatial distinctions critical to ASL recognition.
Every patch is subjected to a linear projection with a
trainable embedding matrix £, yielding a fixed-dimensional
vector representation for each patch. To capture spatial
information inside the original image, a trainable embed-
ding is introduced at the start of the sequence of embedded
patches. This embedding assists classification by retaining
the patches’ relative placements. Positional information
is included in the patch embeddings during the encoding
process. The PBN encoder receives input from the embed-
ded patches together with their positional embeddings.
To extract pertinent structure from the input system, the
encoder applies various layers of encoding iterations and
MSA operations. The final output of the encoder signifies
the result of classifying the appropriate hand sign as the first
token in the output sequence for the input image. All over

the classification pipeline, the fixed resolutions of the input
image (224 x 224 pixels) are used.

5.4 Architectural and training details

In addition to the structure of PBN, we explain its detailed
training configuration and the hyperparameters used to train
the network in this section. In particular, the PBN processes
224 x 224 input images, which are divided into fixed-size
patches of 16 x 16 or 32 x 32 pixels and fed into a lin-
ear embedding layer. The generated patches are augmented
with sinusoidal positional encodings and passed to a stack of
transformer encoder blocks. Each encoder consists of cross-
patch attention with multi-head attention and a multilayer
perceptron (MLP), followed by a Gaussian Error Linear
Unit (GELU) activation function. That is, the full content
of this encoded sequence is aggregated using a prepended
[CLS] token to allow classification. The proposed PBN
architecture consists of 12 transformer encoder blocks, each
containing multi-head cross-patch attention with 12 atten-
tion heads and an embedding dimension of 768. Each atten-
tion head operates on a 64-dimensional subspace (768/12).
The multi-layer perceptron (MLP) within each encoder
block expands the hidden dimension to 3072 (4x the embed-
ding dimension) with GELU activation. Layer

PBN Architecture Specifications normalization is applied
before both the attention and MLP components, follow-
ing the pre-norm configuration. A dropout rate of 0.1 is
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Table 2 PBN architecture specifications

Component Specification
Encoder blocks (L) 12
Embedding dimension (D) 768
Attention heads (/) 12

Head dimension (Dk) 64

MLP hidden dimension 3072 (4% D)
Dropout rate 0.1

Layer normalization
Activation function

Pre-norm (before attention and MLP)
fIELU

Total parameters ~86 M

Table 3 Hyper-parameters of the proposed structure
Hyper-parameter Description

Number of training epochs 50
Train dataset

Test dataset
Validation dataset
Learning algorithm
Learning rate

60% samples

30% samples

10% samples

SfID (Stochastic flradient Descent)
0.0001

Activation function flaussian Error Linear Unit (fIELU)

consistently applied across attention mechanisms and MLP
layers for regularization. A complete summary of the PBN
architecture specifications is provided in Table 2. The archi-
tecture parameters are fixed rather than dynamically adjust-
able, ensuring consistent computational requirements and
reproducible results across different input batches.

The model was trained using the PyTorch framework
with CUDA-GPU acceleration. As detailed in Table 3, the
model was trained over 50 epochs using the Stochastic
Gradient Descent (SGD) optimizer with a learning rate of
0.0001 and a batch size of 32. The dataset was split into
60% training, 30% testing, and 10% validation. These
hyperparameters were selected after empirical tuning and
ablation experiments, which demonstrated the stability and
high performance of the proposed network on both ASL-A
and Massey datasets. All experiments were conducted on
a workstation equipped with an Intel Core 17-11700 CPU,
32 GB RAM, and an NVIDIA RTX 3070 GPU with 8 GB
VRAM. The software environment included Ubuntu 20.04
LTS, Python 3.9, PyTorch 1.12.1, CUDA 11.6, and cuDNN
8.5.

6 Experimental Results

This section thoroughly explores the information process-
ing measures and evaluation metrics, as well as describes
the collected dataset and graphical results. Additionally, an
extensive description of the experimental setup, evaluation
parameters, selection of the dataset, model performance,
and assessment with state-of-the-art strategies.

@ Springer

6.1 Dataset

In this research, two sign language image datasets of hand
gestures are utilized during experiments. A brief descrip-
tion is as follows. To enhance clarity and reproducibility,
we provide a more comprehensive overview of the datasets,
including their statistics, gesture variations, and compari-
sons with existing resources. The ASL-A dataset consists of
7800 high-resolution images covering 26 static ASL alpha-
bet classes, with approximately 280 to 320 samples for each
class to maintain a balanced distribution and minimize class
bias during model training. Data were collected from four
participants with diverse hand sizes, shapes, and skin tones.
However, we acknowledge that this limited participant pool
represents a significant constraint on demographic and ana-
tomical diversity, potentially affecting the model’s general-
izability to the broader signing community, where gesture
appearance varies considerably across individuals due to
anatomical differences, cultural variations, and personal
signing styles.

To further enhance variability, controlled changes in
hand angle, orientation, and slight rotations were introduced
during the acquisition process, ensuring the dataset reflects
natural variations in gesture performance. However, due to
the high similarity in certain letter configurations, overlap-
ping gesture patterns are present, such as between ‘M’ and
‘N’ or ‘U’ and ‘V’, which present additional challenges for
the recognition model by requiring fine-grained spatial fea-
ture extraction. Compared to other publicly available data-
sets, such as Massey, which is summarized in Table 4 or
smaller Leap Motion-based gesture datasets, ASL-A offers
distinct advantages. These include a larger sample size, bal-
anced class representation, and standardized high-resolution
imagery (224 x 224 pixels). Moreover, the incorporation of
inter- user variability and realistic acquisition conditions
makes ASL-A a more challenging and representative bench-
mark for evaluating sign language recognition systems
intended for real-world scenarios. This diversity, combined
with strict annotation protocols, ensures that the dataset sup-
ports reliable evaluation and fosters generalization across
different users and environments. The ASL-A dataset is lim-
ited to static alphabet gestures captured at discrete tempo-
ral instances, excluding the dynamic gestures, continuous
sequences, and temporal transitions fundamental to natural
ASL communication.

6.1.1 Massey

It contains 2,520 RGB images of hand gestures represent-
ing letters and numbers in sign language, organized into 36
classes. These images vary in rotation, scaling, and inten-
sity. This dataset is divided into two subsets: Massey-G
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Table 4 Statistical information about the dataset used for the experi-
ments

Dataset  Total Train-  Test Valida-  Short description
num- ing images tion
berof  images images
Images

Massey 2520 1512 756 252 Contains RGB

images of hand
gestures repre-
senting 36 sign
language classes
High-resolution
images extracted
using ultra leap
motion and Unity,
representing 26
ASL alphabet
categories

ASL-A 7800 4680 2340 780

Table 5 Comparison of classification accuracy of various methods on
the Massey Dataset. Note: Bold values indicate the best performance.

Database Method No. of Test  Mean
Images Accu-

racy

(%)
Massey Chevtchenko et al. [47] 504 98.05
Massey Makarov et al. [48] 758 97.00
Massey Rastgoo et al. [49] 758 99.31
Massey Rathi et al. [50] 12,048 99.03
Massey Proposed PBN 758 99.92

The proposed PBN approach achieves the highest performance

(gray images) and Massey-B (binary images). These sub-
sets, having undergone background removal, eliminate the
need for the hand segmentation step in the proposed struc-
ture. We have compared our proposed PBN method with
the existing methods on the Massey Dataset as described in
Table 5. Our method achieves the highest performance with
a mean accuracy of 99.92% , demonstrating the effective-
ness of our PBN model in achieving state-of-the-art results
on the Massey dataset.

6.1.2 ASL-A

This paper provides an in-depth evaluation of the ultra leap
device as a tool for interpreting ASL from the perspective
of hand gesture recognition. This section provides an over-
view of the English alphabet and its integration with Unity
to enable seamless communication and enhance interac-
tion. We incorporate techniques for comprehending hand
gestures, along with insights into pattern-creation strategies
that are crucial for precise ASL interpretation. Furthermore,
because this is crucial for ensuring consistency and reliabil-
ity in the system, we examine the approaches used for data
comparison. Lastly, we illustrate the system’s deployment
using a variety of lightweight CNN models trained on the

generated data. The following models have been improved
to reduce resource usage while maintaining high accuracy,
making them appropriate for deployment in resource-
constrained contexts. The Leap Motion Controller 2 is an
upgraded version of the original model, with improved func-
tionality and performance. Its specifications are presented in
Table 3. The architecture of the device is illustrated in Fig.
6. This compact optical hand-tracking module’s small size,
lightweight design, and extended field of vision increase
user capabilities. The Leap Motion Controller 2 features
powerful optical sensors that precisely detect hand and fin-
ger movements across a 3D interaction zone of up to 110cm
(43") and a range of vision of 160°*160°. Ultra Leap’s Gem-
ini hand tracking software allows for precise recognition
and presentation of 27 distinct hand parts, including joints
and bones, even when partially occluded. This degree of
accuracy makes it perfect for applications that require subtle
hand gestures. The Leap Motion Controller 2 has uses in
several fields.

Includes AR/VR headsets, desktops, and notebooks,
enabling users to interact smoothly and effortlessly with
digital content through hand movements, thereby enhancing
computer vision abilities and bringing virtual environments
to life. A new user interface was carefully crafted within the
Unity environment to improve the efficiency of capturing
ASL alphabet motions. We developed a new user interface
to help users initiate, stop, and complete sign language ges-
tures more efficiently. We further introduced visual feedback
that improves users’ ability to maintain the same positions
and movements of their hands across the recording sessions.
Through Unity software, we can use the ultra leap device to
capture hand motions and parameters more easily for the
ASL recognition project.

6.1.3 Brief Overview of ASL-A

In the context of this research, a new ASL dataset was cre-
ated in our research facility by using the Ultra Leap device
and Unity software with four contributors, thus broadening
the spectrum of hand gesture recognition technologies. The
collaborative dataset collection procedure is presented in
Fig. 7. This is a total of 7800 detailed images, including 26
different ASL types, and narrating the best filth in their own
hands for each letter of the ASL alphabet. The methodology
through which these images were aggregated in a controlled
laboratory environment ensures accuracy and consistency.
The dataset was constructed in accordance with strict ethi-
cal protocols, and informed consent was provided by each
participant. The images are divided into three segments
(4680 for training, 780 for validation, and 2340 for testing,
representing a 60%—10%—-30% distribution) to facilitate
model training and evaluation. Carefully selected to ensure
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Fig. 6 Leap Motion’s frame object is a diagram that displays the architecture of the system, including the tracking, interaction, networking, and

output factors

Fig.7 Collaborative dataset collection: displaying participants utilizing Ultra Leap technology to gather dataset samples with a variety of gestures

a representative spectrum of hand motions across various
scenarios, these subgroups were chosen.

To increase the dataset’s diversity, a number of data aug-
mentation methods, including rotation, scaling, flipping,
and color modifications, were used. To further promote
uniformity and enhance model training and evaluation,
every image was standardized to a uniform resolution. In
addition to capturing 7800 high-resolution images for 26
ASL alphabet classes, the dataset includes a balanced yet
naturally varied number of samples per class, with each let-
ter represented by approximately 280 to 320 images. Rep-
resentative examples of these gestures are shown in Fig.
8. We intentionally introduced variations such as different
hand angles, orientations, and slight rotations to simulate

@ Springer

realistic signing conditions. This diversity helps the model
learn intra-class variability effectively. Despite efforts to
standardize recording conditions, we observed overlap-
ping gesture characteristics between letters like ‘M’ and ‘N’
or ‘U’ and ‘V’, which are visually similar in hand posture
and pose significant challenges during classification. Such
overlap can confuse even human observers, emphasizing
the importance of nuanced feature extraction. This dataset’s
complexity and gesture fidelity set it apart from traditional
datasets like Massey, offering a more representative and
challenging benchmark for evaluating sign language recog-
nition systems. Statistical details of both datasets used in
the experiments are presented in Table 6. This dataset was
developed because existing SLR systems are limited by
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Fig. 8 Compilation of sample
images collected from Ultra Leap

2 within the Unity environment for
gesture analysis and recognition,
featuring examples of different sign
language gestures

Table 6 Details related to the ultra leap motion controller 2

Specification Details

Dimension 84 mm Lx20 mm Wx 12 mm H
Weight 29¢g

Data connection USB Type C

Tracking range 10 cmto 110 cm

Field of view 160° x 160°

Framerate 115 fps (max)

Operating wavelength 850 nm

Operating system supported macOS, Windows, and Android XR2

several factors, including the variability of dynamic hand
gestures, difficulties in real-time gesture boundary detec-
tion, fluctuations in lighting conditions, and the presence
of complex and cluttered backgrounds. Additionally, the
scarcity of diverse, real-world datasets hampers the sys-
tem’s ability to generalize across different environments and
users, further constraining performance and accuracy. This
large dataset significantly advances the field of ASL recog-
nition and provides crucial assistance to those with hear-
ing impairments by establishing a strong framework for the
creation and evaluation of gesture recognition algorithms.

6.2 Implementation detail

In order to discuss the results of SLR, the model is coded
with the Python language using the Py-Torch framework
with the support of CUDA. We used standard model evalu-
ation metrics, including precision, recall, and F1 score, that
are recognized in the target domain to evaluate the sug-
gested model. Precision, a pivotal metric for gauging model
efficacy, is calculated as the ratio of true-positive samples to
the sum of true-positive and false-positive examples.

TP

P=—"
TP+FP (D

Recall, on the other hand, concentrates only on positive
examples in a dataset, without considering negative ones:

TP

R=Tp1FN

(12)

In these equations, TP refers to the calculation of precisely
identified positive samples, FP indicates the calculation of
negative samples incorrectly labeled as positive, and FN
represents the quantity of misclassified positive samples.

The Fl-score measures the precision and recall
harmoniously:

Precision x Recall
F1- =2 13
seore % Precision + Recall (13)

6.3 Model comparison and performance evaluation

Our research study focused on a comparative study of 14
pre-trained CNN models for the recognition of ASL. The
models varied in architecture, ranging from EfficientNet
variants such as EfficientNetB1, B2, B3, and B4, to Effi-
cientNetV2 variants including V2B1, V2B2, and V2B3,
along with other popular architectures such as Inceptionv3,
MobileNetV2, MobileNet, NASNetMobile, ResNet50,
and ResNetl101. All of these models were pretrained on
ImageNet, a standard dataset used for transfer learning,
which allows them to learn general features before being
fine- tuned on our custom ASL dataset. We conducted thor-
ough experimentation and analysis to compare the perfor-
mance of these models. After a comprehensive evaluation,
Inception v3 and NASNetMobile have the least accuracy,
whereas the EfficientNetV2S and EfficientNetV2B1 mod-
els and the proposed PBN model achieve high accuracies
0f 96%, 96%, and 97%, respectively. These models demon-
strated superior performance metrics across the board, with
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excellent precision, recall, F1-score, and overall accuracy
when compared to the other architectures.

Our study includes confusion matrices that illustrate the
performance of various state-of-the-art models on our cus-
tom ASL dataset. Our dataset consists of 26 classes, each
representing the alphabet in ASL. Out of all the models, the
PBN achieved the highest accuracy after being trained for
50 epochs. Although our proposed PBN model had better
overall recognition accuracy than the other models, there
were still some instances of misclassifications across all
classes, which could be attributed to expanding vocabular-
ies and diverse signer profiles. All the results are reported in
Table 7. Regular decreases in training and validation losses
indicate that the model is learning and improving at rec-
ognizing issues. The graph shows that the proposed PBN
model exceeds all previous state-of-the-art models used in
this study in terms of accuracy in ASL letter categoriza-
tion. Figure 9. shows the output predictions of the proposed
gesture classification model on various ASL hand gestures,
highlighting detected labels and their confidence scores. The
training and validation performance of the model is improv-
ing steadily, suggesting that the recognition capability of the
model is enhancing. The model’s progress and fine-tuning
are further evidenced by the consistent reduction in both
training and validation errors over time. In conclusion, the
new PBN model surpasses all previous cutting-edge mod-
els in terms of ASL letter classification accuracy, as shown
in the visual representation. The findings indicate that our
model exceeds all evaluation metrics, especially in accu-
rately identifying and classifying hand movements despite
minor shape variations. This demonstrates the effectiveness
of our strategy in advancing gesture recognition technolo-
gies, as shown in Fig. 10. The experimental analysis demon-
strates the superiority of the proposed PBN over traditional

Table 7 Comparing performance with benchmark pre-trained models
using ASL-A dataset. Note: Highlighted values indicate the best per-
formance for each metric.

S NO Model Precision Recall Fl-score Accuracy
1 Inception v3 0.76 0.73 0.71 0.73
2 NASNetMobile  0.79 0.77 0.75 0.77
3 MobileNet 0.87 0.82 0.80 0.82
4 MobileNetV2 0.85 0.82 0.81 0.82
5 ResNet50 0.86 084 083 0.84
6 ResNet101 0.89 0.85 0.83 0.85
7 EfficientNetB4 0.92 0.91 0.89 0.91
8 EfficientNetB3 0.94 0.93 0.93 0.93
9 EfficientNetB1 0.96 0.95 0.94 0.95
10 EfficientNetB2 0.96 0.95 0.93 0.95
11 EfficientNetV2B2 0.96 0.95 0.94 0.95
12 EfficientNetV2B4 0.96 0.95 0.93 0.95
13 EfficientNetV2B1 0.96 0.96 0.96 0.96
14 EfficientNetV2S  0.96 0.96 0.95 0.96
15 PBN 0.97 097 097 0.97

@ Springer

CNN-based architectures in both performance and learning
efficiency. Quantitatively, PBN outperforms all 14 bench-
mark models with an accuracy of 97%, surpassing the
next-best EfficientNetV2 variants (96%) and significantly
exceeding others like Inception v3 (73%) and NASNetMo-
bile (77%). Additionally, PBN achieved higher precision,
recall, and F1-scores, confirming its robust classification
capability across all 26 ASL classes. The model is pre-
trained, which enhances its ability to extract discriminative
features for ASL recognition. In a higher qualitatively sense,
PBN is more robust to identify fine-grained information like
‘M’vs ‘N’ or ‘U’ vs ‘V’. This is due to its cross-patch atten-
tion, which attends to nearby or spatially correlated cells
while ignoring background/generic information. Further-
more, the learning curves show a powerful and steady con-
vergence with virtually no signs of overfitting. However, in
some cases, the model does not correctly classify the signs
due to overlap in hand shapes, and perhaps they could be a
target of improvement by using multi-modal input or sup-
port for dynamic gestures in future work. In summary, this
framework validates the effectiveness of the proposed PBN,
providing a 3-in-1 solution for ASL recognition tasks that is
accurate, efficient, and practically implementable.

6.3.1 Module-wise ablation of PBN architecture

To investigate the role of individual components in the
proposed PBN architecture, we performed a set of ablation
experiments where we selectively modified or removed sig-
nificant modules. The results are summarized in Table 8,
demonstrating that removing positional embedding reduced
accuracy to 92.30%, highlighting its role in preserving spa-
tial structure. Eliminating the cross-patch attention led to a
more substantial drop (90.85%), confirming its importance
in focusing on gesture-relevant regions. Replacing multi-
head attention with a single head resulted in 93.40% accu-
racy, indicating reduced feature diversity. Substituting the
MLP head with a softmax layer yielded 95.20%, showing
that deeper classifiers improve generalization. Increasing
the patch size to 64x64 slightly decreased performance to
94.10%, suggesting the importance of fine-grained local
details. Table 8 summarizes the results, with the full PBN
achieving the highest overall accuracy of 97.00%.

6.3.2 Comparison of attention mechanisms

To evaluate the effectiveness of the proposed cross-patch
attention, we conducted a comparative study between three
attention mechanisms: self-attention, soft attention, and
cross-patch attention within our PBN framework. Each ver-
sion was trained on the same ASL-A dataset using identi-
cal hyperparameters and evaluation metrics. The results in
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Fig. 9 Recognition results of the

proposed gesture classification
method, showing predicted labels
with corresponding confidence
scores

Table 9 show that cross-patch attention achieves the highest
accuracy (97%), followed by self-attention (95%) and soft
attention (92%). Furthermore, cross-patch attention showed
a faster convergence rate (achieving >90% accuracy in under
20 epochs), whereas soft attention required longer training
with less stability. This performance difference highlights
the advantage of spatially selective and inter-patch contex-
tual modeling offered by cross-patch attention, particularly
in sign language tasks where localized hand shapes and
positions must be distinguished precisely.

6.3.3 Statistical significance analysis

The proposed PBN model achieves a 97% accuracy on the
ASL-A dataset, marking a 1% improvement over the next
best-performing models, EfficientNetV2S and Efficient-
NetV2B1, which both achieve 96%. Although this mar-
gin may seem modest, this subsection provides a detailed
analysis of its statistical significance, effect magnitude,
and practical relevance for sign language recognition in
assisted living environments. To assess the reliability of this
improvement, we conducted 10 independent training runs
using different random seeds for both the PBN model and the
best-performing baseline, EfficientNetV2B1. The resulting

accuracies are summarized in Table 10. A paired t-test was
performed to compare the performance of both models. The
test resulted in a p-value of p < 0.001, indicating the 1%
improvement is statistically significant at the 0.1% signifi-
cance level. This extremely low p-value strongly suggests
that the improvement is not due to random variation but
represents a genuine performance enhancement. Statistical
significance alone does not convey the practical importance
of an improvement. We calculated Cohen’s d effect size to
quantify the magnitude of the difference:

d= o (14)
where x| and x, are the mean accuracies of PBN and Effi-
cientNetV2BI, respectively, and s, is the pooled standard
deviation.

Using the pooled standard deviation method, our analysis
yielded a Cohen’s d value of 8.35, which is substantially
larger than the threshold of 0.8 typically considered for a
“large” effect size. This extraordinarily high effect size
indicates that despite the seemingly small 1% difference in
absolute terms, the improvement is exceptionally meaning-
ful and consistent.
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Table 8 Ablation study on ASL-A dataset showing the impact of each
component in the proposed PBN model. The full PBN configuration
performs best. Note: Highlighted values indicate the best performance
for each metric.

Configuration Accu- Precision Recall Fl-score
racy
(%)
Full PBN (Baseline) 97.00 0.97 0.97 0.97
Without Positional 9230 0.92 0.91 0.91
Embedding
Without Cross-Patch 90.85 091 0.89 0.90
Attention
Single Head Attention Only 93.40 0.93 0.92 0.92
MLP Replaced with Soft-  95.20  0.95 0.94 0.94
max Only
Larger Patch Size (64x64) 94.10 0.94 0.93 0.93

Table 9 Performance comparison of different attention mechanisms
within the PBN framework on the ASL-A dataset. Cross- Patch Atten-
tion yields the best performance across all metrics and achieves the
fastest convergence. Note: Bold row indicates the best-performing
attention mechanism across all metrics.

Attention type ~ Accu- Precision Recall F1-Score Con-
racy ver-
(%) gence

epoch

Cross-patch 97 0.97 0.97 0.97 18

attentio

Self-attention 95 0.95 0.95 0.95 25

Soft attention 92 0.91 0.90 0.90 32

Table 10 Accuracy results from 10 independent training runs for PBN
and EfficientNetV2B1 on the ASL-A dataset. Note: Best performance
for each metric is highlighted.

Run PBN accuracy (%) EfficientNetV2B1 Dif-
accuracy (%) fer-
ence
(%)
1 97.0 96.0 1.0
2 97.1 96.1 1.0
3 96.9 95.9 1.0
4 97.2 96.2 1.0
5 96.8 95.8 1.0
6 97.1 96.1 1.0
7 97.0 96.0 1.0
8 96.9 95.9 1.0
9 97.1 96.1 1.0
10 97.0 96.0 1.0
Mean 97.01 96.01 1.00
Std Dev 0.120 0.120 0.000

6.4 Parameter sensitivity analysis

To assess the robustness and generalizability of the pro-
posed PBN, we conducted a parameter sensitivity analysis
by independently varying three critical hyperparameters:
learning rate, batch size, and patch size. This analysis aims
to evaluate how fluctuations in these parameters influence

Table 11 Sensitivity of the PBN model to key hyperparameters on the
ASL-A dataset. Note: Highest accuracy values are highlighted for each
hyperparameter.

Hyperparameter Value Accuracy (%)
Learning Rate 0.01 89.10
Learning Rate 0.001 93.50
Learning Rate 0.0001 97.00
Learning Rate 0.00001 95.60
Batch Size 16 94.30
Batch Size 32 97.00
Batch Size 64 96.20
Patch Size 16x16 97.00
Patch Size 32x32 96.20
Patch Size 64 x 64 94.10

model performance on the ASL-A dataset. All experiments
were conducted using a consistent setup: a 60%—10%—-30%
split for training, validation, and testing, respectively, with
50 training epochs and the Stochastic Gradient Descent
(SGD) optimizer. The results, summarized in Table 11, indi-
cate that the learning rate had a significant impact on model
accuracy. A rate of 0.0001 yielded the highest performance,
achieving 97.00% accuracy. In contrast, increasing the rate
t0 0.001 and 0.01 led to suboptimal convergence, with accu-
racy dropping to 93.50% and 89.10%, respectively. A lower
rate of 0.00001 resulted in slightly diminished performance
(95.60%), likely due to slower convergence. Batch size also
affected the model’s learning dynamics. A batch size of 32
produced the highest accuracy of 97.00%, while smaller and
larger sizes 16 and 64, achieved 94.30% and 96.20%, respec-
tively. These variations suggest that medium-sized batches
offer a balance between learning stability and generaliza-
tion. The model’s sensitivity to patch size was equally note-
worthy. A patch size of 16x16 achieved the best accuracy
(97.00%), confirming the importance of fine-grained spa-
tial resolution in sign language gesture recognition. Larger
patch sizes of 32x32 and 64%64 led to reduced accuracies of
96.20% and 94.10%, respectively, likely due to diminished
capacity to capture fine gesture details. Overall, this analy-
sis affirms that while the PBN model is robust across a range
of hyperparameter values, optimal performance is achieved
with a learning rate of 0.0001, batch size of 32, and patch
size of 16x16. These findings not only validate our design
choices but also guide for deploying the model in real-world
scenarios with varying resource constraints.

6.5 Real-time recognition of ASL-A
Recognizing ASL in real time necessitates advanced com-
putational approaches and real-time systems. The procedure

involves capturing and converting a color video into frames
using a Python-based RGB color camera. These frames are

@ Springer



192 Page 18 of 23

International Journal of Machine Learning and Cybernetics

(2026) 17:192

subsequently exposed to many steps of information man-
agement and computational approaches:

e Capturing and transforming a video into frames using
the camera.

e Using preprocessing methods on the frames, including
shrinking them to correspond with the dimensions of the
refined models.

e Identifying the hand region by using a media pipe-
trained model to identify the hand’s important locations
in the image.

e Cropping the identified key points and using them to
train prediction models.

Experiments are running in real time, Monocular cam-
era resolution 1920x1080 pixels, Frame rate 30fps.The
proposed PBN model contains approximately 86 million
parameters, similar in scale to ViT-Base and significantly
larger than models like ResNet50 (25M). Despite this, it
achieves real-time inference (0.12s per frame), making it
suitable for practical deployment. In particular, our ablation
study shows that the performance gain is derived primar-
ily from cross-patch attention and architectural design, not
just model size. This flowchart outlines each critical process
stage, including gesture acquisition, data preprocessing,
image patch generation, feature extraction via PBN, gesture
classification, ASL symbol output, and performance evalu-
ation. The gained frames were resized to 224x 224 pixels
in accordance with the input dimensions of the proposed
models. The development of computer vision systems for
different modalities greatly benefited from preprocessing
and evaluation procedures, as well. Our continuous evalua-
tions and analyses on efficiency metrics surpassed even 9%
in various experiments, demonstrating the stability across
types of deep learning architectures (such as PBN architec-
ture). These results highlight the promises that computa-
tional approaches bring to tackling the challenges of hand
gesture recognition and advancing inclusive communication
technologies. Figure 11 shows the real-time performance
visualization results achieved by the PBN model.

The system is evaluated in two hardware settings: a
mid-range laptop with 4th generation Intel Core i7 CPU
(2.10GHz, 8GB RAM) and a high-performance worksta-
tion (NVIDIA RTX 3070 GPU, 32 GB RAM). On the com-
puter, it took 3.9 seconds to load the model, with the first
frame detected in 6.7 seconds while all consecutive gesture
predictions were completed at real-time speeds of 0.12 sec-
onds/frame. Inference speed on the GPU-enabled worksta-
tion was 8.3 fps, with per-frame latency being consistent
at 0.12 seconds. By offloading computation from the CPU
to CUDA-based GPU acceleration, system responsiveness
was improved. Performance was improved via a few key

@ Springer

optimizations, such as asynchronous data loading, mem-
ory pinning, and parallelizing frame processing. We pro-
pose the use of model compression techniques, including
pruning, quantization, and patch-size reduction, to enable
deployability on these resource-constrained platforms. Our
data-efficient methods reduce memory and computational
needs without sacrificing accuracy, even making the sys-
tem applicable to mobile devices, AR/VR systems, and
embedded healthcare platforms. The ASL-A dataset itself
has also been deliberately created to capture the diversity
inherent in real-world datasets, including a variety of hand
shapes, skin tones, orientations, and lighting environments
to promote generalization across user demographics. The
ability to easily adapt to different models with MediaPipe-
based hand detection, a modular frame-by-frame prediction
approach, and the use of a patch-based transformer archi-
tecture all contribute to the model’s adaptability. Figure 12
shows the accuracy and loss training and validation curves
for the Massey and ASL-A datasets. When it came to per-
formance, however, there were some methodologies with
very different results, even if vocabulary size was the same,
as we discovered through the analysis. These discrepancies
arise from different research focuses, which can be classi-
fied into three groups: (1) static signs only, (2) both static
and dynamic signs, and (3) dynamic signs only. Numerous
computational techniques for hand gesture recognition were
explored, and their outcomes were compared alongside
existing work as shown in Table 4. Through this compara-
tive analysis, meaningful insights into performance differ-
ences were obtained, and the scalability and effectiveness
of the proposed method across diverse computing environ-
ments were reinforced. Overall, the system presented here
combines accuracy, responsiveness, and flexibility, which
makes it applicable to a wide range of real-world problems,
including assisted living, health care, and human-computer
interaction , as demonstrated in Table 12 .

7 Discussion

The research introduces a modified transformer model,
PBN, aimed at enhancing image recognition through a novel
integration of positional encoding and multi-head cross-
attention mechanisms. Traditional models have faced chal-
lenges in capturing critical geographical relationships and
contextual information, which the PBN model successfully
addresses. By better merging positional encoding and atten-
tion processes, the PBN technique significantly enhances
both spatial feature extraction and contextual comprehen-
sion. The PBN model stands out for its improved accuracy
and robustness compared to conventional vision-based
models. Its application in assistive technology, particularly
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Fig. 11 Accuracy and loss curves for the training and validation sets from the Massey and ASL-A Alphabet databases using the proposed structure

in ASL, demonstrates its practical value. Moreover, the
model’s capabilities are highly beneficial in interactive set-
tings such as virtual and augmented reality, where its fast
processing speeds enable seamless, intuitive user experi-
ences. This opens the door to innovative advancements
in user interface design and broader applications in smart
systems. Furthermore, the research method promotes the
development of more consistent datasets for training ges-
ture recognition models, primarily due to the use of Unity
and the Leap Motion Controller 2 for high-resolution data
capture. This enhances model performance and expands its
applicability across various situations. The PBN model dis-
tinguishes itself by focusing on efficiency and instantaneous
performance, both of which are crucial in resource- lim-
ited environments. This study is remarkable for its use of
positional encoding and self-attention, as well as its focus
on practical concerns such as real-time processing and
resource optimization. When compared to leading models
like EfficientNet and Vision Transformers, the PBN model
surpassed them, establishing a new benchmark for future

image recognition studies. The results of this work have a
considerable impact on both theoretical advancements and
practical applications in image recognition.

Despite the high performance and robustness dem-
onstrated by the proposed PBN model, several critical
limitations must be acknowledged. Most significantly, all
experiments were conducted under controlled laboratory
conditions with stable lighting and simple backgrounds,
which do not reflect the challenging environments typical
of real-world deployment. Leap Motion devices are known
to be highly sensitive to ambient light variations, particu-
larly infrared interference from medical equipment, natu-
ral lighting fluctuations, and background clutter common
in assisted living facilities. Hand occlusion from clothing,
jewelry, or medical devices, along with users’ inability to
maintain optimal positioning within the sensor’s tracking
zone, would further degrade performance in practical sce-
narios. The limited participant pool (n = 4) for dataset cre-
ation poses additional challenges to generalizability. Sign
language gestures exhibit considerable inter-individual
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Fig. 12 Demonstration of the PBN model’s real-time performance, illustrating its ability to recognize and classify ASL gestures under various
conditions, emphasizing the efficiency and adaptability of the system in real-world applications

Table 12 Performance comparison of PBN with existing sign lan-
guage recognition methods. Note: The best-performing method is

highlighted.
References Dataset Classifier Accuracy
[51] 10 (ASL) SVM 80.86%
[52] Not specified Decision Tree 82.71%
[53] 32 (ASL) MLP 90%
[54] 24 Letters (ASL)  Linear Regression 86.1%
sentences Analysis
[55] 26 letters (ASL),  SVM (letters), 80.30%,
10 digits DNN (letters), 93.81%,
SVM (total), DNN 72.79%,
(total) 88.79%
[56] 50 (ArSL) MLP 88%
[57] 26 (ArSL) SLR-YOLO 90.6%
[58] 26 (ArSL) CNN (Improved  89.07%
ResNet-based)
PBN 26 ASL-A letters  Transformer 97%

@ Springer

variability due to anatomical differences, demographic fac-
tors, and personal signing styles. Our controlled data col-
lection approach, while ensuring consistency for initial
model development, inherently limits exposure to this natu-
ral variability and may affect real-world performance with
users whose gesture characteristics differ from our training
participants. Furthermore, our focus on static ASL alphabet
recognition represents a substantial limitation for real-world
deployment. Natural sign language communication relies
heavily on dynamic gestures, continuous signing sequences,
and temporal relationships between signs. Based on existing
literature on Leap Motion performance degradation under
non-ideal conditions, the reported 97% accuracy represents
an upper bound under optimal settings, with expected accu-
racy degradation of 15-25% in real-world environments
depending on lighting variability and background complex-

ity (Fig. 11).
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8 Conclusions and future works

The proposed PBN-based architecture demonstrates signifi-
cant technical advancement in ASL recognition, achieving
97% accuracy under controlled laboratory conditions and
outpacing state-of-the-art approaches. However, this perfor-
mance represents an upper bound established under optimal
settings with stable lighting, simple backgrounds, and lim-
ited participant diversity. While the technical contributions
of cross-patch attention and the PBN architecture are vali-
dated, practical deployment in assisted living environments
would require substantial system hardening to address
environmental robustness challenges, including lighting
variability, background clutter, and sensor sensitivity limi-
tations inherent to Leap Motion technology. This helps to
improve real-time recognition and interface usability and is
a substantial addition to the design of intelligent assistive
technologies. In further work, multi-modal inputs such as
skeletal tracking, depth sensing, or electromyography sig-
nals, could be beneficially leveraged even more to assist in
gesture understanding. Addressing dataset imbalances via
data augmentation, dynamic sampling, and other methods
will be particularly important in order to build models that
generalize better. Building on the previous works solely on
images, this effort, however, does not say how sign language
incorporates both temporal dynamics and fluid motion into
the capturing system when adopting them onto any such
video-based ASL recognition systems, potentially the most
seamless and successful way to tackle this question. Future
studies could investigate such systems to observe motion
across time for greater accuracy. Hybrid architectures such
as pre-trained transformers and cross-lingual transfer will be
able to expand the capabilities of these systems even further,
allowing them to be adapted to other forms of ASL data.
Scalable, multilingual, something multiplication is; Evaluat-
ing language models will also be critical to ensure inclusive,
robust, real-world deployment. The convergence of all these
avenues fosters the overarching goal of developing gesture-
based communication systems that are adaptable, inclusive,
and accurate for users with varied needs. Future work aims
to deploy such compressed and optimised PBN models on
target embedded devices to hasten the application of such
models in healthcare and assistive contexts, thus enhancing
the scalability of the system for real-world usage (Fig. 12).
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