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Abstract—Indian Sign Language (ISL) serves as a critical
communication medium for the hearing and speech-impaired
community. However, communication barriers between sign lan-
guage users and non-signers continue to limit accessibility in
education, healthcare, and public services. This paper proposes
a hybrid machine learning framework for Indian Sign Language
gesture recognition using image-based hand gesture analysis. The
proposed system integrates image preprocessing, feature extrac-
tion, dimensionality reduction, and multi-model classification for
accurate recognition of ISL gestures. The framework combines
convolutional neural feature extraction with traditional machine
learning classifiers to improve recognition performance under
varying lighting conditions, hand orientations, and background
complexity. Experimental evaluation is performed using bench-
mark ISL datasets with metrics including accuracy, precision,
recall, Fl-score, and confusion analysis. The expected results
demonstrate that the proposed hybrid framework significantly
improves gesture classification performance compared with stan-
dalone machine learning and deep learning approaches. The
proposed system contributes toward accessible human-computer
interaction and real-time assistive communication technologies
for differently-abled individuals.

Index Terms—Indian Sign Language, Gesture Recognition,
Machine Learning, Deep Learning, Human-Computer Interac-
tion, Assistive Technology

1. INTRODUCTION

Sign language is one of the most important communication
mechanisms for individuals with hearing and speech impair-
ments. Indian Sign Language (ISL) consists of hand gestures,
finger movements, facial expressions, and body postures used
to convey semantic meaning. Despite its social importance,
communication barriers still exist because a large proportion of
the population is unfamiliar with sign language interpretation
[1].

Recent advancements in artificial intelligence and computer
vision have enabled the development of automated gesture
recognition systems. Traditional machine learning methods
rely on handcrafted features extracted from hand regions,
while modern deep learning techniques learn representations
directly from image data [2]. However, existing systems often
suffer from poor generalization under complex backgrounds,
illumination variations, occlusion, and inter-user gesture diver-
sity [3].

The development of accurate and efficient ISL recognition
systems is essential for improving accessibility in education,
healthcare, public administration, and digital communication
platforms [4]. Real-time sign recognition systems can bridge

communication gaps and support inclusive human-computer
interaction [5].

This paper proposes a hybrid machine learning framework
for ISL gesture recognition integrating convolutional feature
extraction with optimized machine learning classification. The
major contributions of this paper are as follows:

- Development of a hybrid ISL gesture recognition frame-
work combining deep feature extraction and machine
learning classification.

- Robust preprocessing and segmentation pipeline for hand
gesture extraction.

- Comparative evaluation of multiple classifiers for ISL
recognition.

- Computational analysis using quantitative metrics and
visualization plots.

- Emphasis on assistive communication and real-world
accessibility applications.

II. RELATED WORK

Recent advances in artificial intelligence, computer vision,
and hybrid machine learning have significantly improved
intelligent gesture recognition and assistive communication
systems. Distributed and federated learning paradigms have
emerged as effective solutions for scalable and privacy-aware
Al deployment. Singh et al. proposed FIR-Robot, a federated
learning framework for robotic edge devices, demonstrating
efficient distributed intelligence in resource-constrained en-
vironments [6]. Similarly, adaptive fog-based task offloading
strategies have been investigated for computational optimiza-
tion in smart systems [9]. These approaches are highly relevant
for real-time gesture recognition systems operating on edge
devices.

Semantic reasoning and ontology-driven learning have also
contributed to contextual understanding in intelligent systems.
Singh et al. integrated ontology construction with semantic
embeddings and deep neural models for enhanced information

retrieval [8], while hybrid semantic inference using ontology

and deep embeddings was further explored in [12]. Such
semantic modeling approaches motivate context-aware repre-
sentation learning in Indian Sign Language (ISL) recognition.
Secure and trustworthy visual processing remains essential
in assistive Al systems. Rakheja et al. proposed a hybrid
encryption and biometric authentication framework for secure
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image transmission [7]. In parallel, lightweight real-time vi-
sion systems for accessibility and public safety applications
have been developed for low-resource environments [10].
Sharma et al. further demonstrated hybrid machine learning
for robust vehicle number plate recognition under adverse
visual conditions [11]. These studies highlight the importance
of robustness against illumination changes, occlusion, and
noisy backgrounds, which are common challenges in ISL
recognition.

Hybrid Al approaches have also shown strong performance
in behavioral analysis and human-centric applications. Singh
et al. proposed a hybrid machine learning framework for
Alzheimer’s disease detection using behavioral and activity-
based data [14]. Similarly, advancements in speech recognition
and emotional intelligence for voice assistants were inves-
tigated in [16], while enhanced NLP-driven voice assistant
systems were explored in [17]. These works emphasize the
growing convergence of multimodal assistive technologies
integrating gesture, speech, and contextual understanding.

Action recognition and intelligent visual analytics have also
gained importance in smart environments. Kumar et al. inves-
tigated action recognition techniques for accident detection
in smart-city transportation systems [18]. Additionally, Al-
driven automation and intelligent decision-making systems
have been explored in supply chain management [15] and
algorithmic trading applications [19]. Adaptive and human-
centered learning frameworks have further been studied for
improving system effectiveness and personalization [13].

Despite substantial progress, existing ISL recognition sys-
tems still face limitations related to robustness, computational
efficiency, contextual understanding, and real-time deploy-
ment. Most current approaches rely either on handcrafted
features or fully deep learning-based pipelines without effec-
tively integrating semantic reasoning and lightweight hybrid
intelligence. These limitations motivate the proposed hybrid
machine learning framework for accurate, scalable, and real-
time Indian Sign Language gesture recognition.

III. PROPOSED METHODOLOGY

This paper proposes a novel Semantic-Adaptive Hybrid
Gesture Recognition Algorithm (SAHGRA) for Indian Sign
Language (ISL) recognition. The proposed framework inte-
grates deep convolutional representation learning, semantic
feature adaptation, and ensemble machine learning classifica-
tion to improve gesture recognition accuracy under varying
environmental and signer conditions. Unlike conventional ap-
proaches relying solely on deep neural models or handcrafted
descriptors, the proposed method combines spatial feature
learning with adaptive semantic refinement and confidence-
aware classification.

The overall framework consists of five major stages: (i)
image acquisition and preprocessing, (ii) adaptive hand-
region segmentation, (iii) hybrid deep-semantic feature extrac-
tion, (iv) semantic-adaptive ensemble classification, and (v)
confidence-guided gesture prediction. The proposed architec-
ture is illustrated in Fig. 1.

’ Input Gesture Image ‘

’ Preprocessing & Normalization ‘

’ Adaptive Hand Segmentation ‘

’ Hybrid Deep-SemanticFeature Extraction ‘

’ Semantic-AdaptiveEnsemble Classification ‘

’ Final Gesture Prediction ‘

Fig. 1: Proposed Semantic-Adaptive Hybrid Gesture Recogni-
tion Framework

As illustrated in Fig. 1, the proposed architecture combines
adaptive image processing, deep feature learning, semantic
representation modeling, and ensemble classification to im-
prove robustness and generalization.

A. Image Preprocessing and Normalization

Let the input gesture image be represented as:

| € RH*W=C @))
where H, W , and C denote image height, width, and
channel dimensions, respectively. Input images are resized
and normalized to ensure computational consistency across
samples.
To suppress sensor noise and illumination variation, Gaus-
sian filtering is applied:
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Contrast enhancement is further performed using adaptive
histogram equalization to improve gesture visibility under
varying lighting conditions.

B. Adaptive Hand Segmentation

Accurate hand-region extraction is critical for gesture recog-
nition. The proposed framework employs adaptive segmenta-
tion combining skin-color modeling and contour-based local-
ization.

Binary segmentation is computed as:

1, Ixy)>Ta
B(x, y) = 3
Y 0, otherwise ®)

where To represents an adaptive threshold dynamically
estimated from image intensity distribution.
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Morphological refinement is subsequently applied to remove
background artifacts and preserve gesture contours. Let Sn
denote the segmented hand region:

Sh = @d(B(x, y)) Q)

where ¢(-) represents morphological opening and closing
operations.

C. Hybrid Deep-Semantic Feature Extraction

The proposed methodology introduces a hybrid feature-
learning mechanism integrating convolutional representation
learning with semantic structural encoding.

Given segmented gesture input Sk, deep spatial representa-
tions are extracted using a convolutional encoder:

Fa = CNN (Sh) (&)

where Fo € R" denotes the learned deep feature vector.

To improve discriminative representation, semantic struc-
tural descriptors are additionally extracted from contour ori-
entation, finger topology, and geometric relations:

Fs = W(Sh) 6)
where W( - ) denotes semantic feature extraction.
The final hybrid representation is computed as:
Fnh = aF4 + (1 — a)Fs @)

where a € [0, 1] controls the contribution of deep and
semantic representations.

To reduce feature redundancy and computational complex-
ity, Principal Component Analysis (PCA) is applied:

Z=WTFn ®)

where W represents the projection matrix corresponding to
principal eigenvectors.

D. Semantic-Adaptive Ensemble Classification

A novel semantic-adaptive ensemble classifier is proposed
to improve robustness across signer variation and environmen-
tal conditions. Unlike single-model classifiers, the proposed
framework combines multiple classifiers using confidence-
aware weighting.

The ensemble consists of:

- Support Vector Machine (SVM)
- Random Forest (RF)

- K-Nearest Neighbor (KNN)

- Deep Neural Network (DNN)

Let the prediction confidence of classifier i be denoted as
Pi(y|2). The final gesture prediction is computed as:
b3
y =argmax _ wiPi(y|2) )
y
=1

where:

- wi represents adaptive classifier weights,

- N denotes the number of classifiers.

The adaptive weights are dynamically updated according to
validation confidence:

Acci

>N
j=1Acc,~

(10)

w =
i

where Acci denotes validation accuracy of classifier i.

E. Confidence-Guided Gesture Refinement

To reduce classification ambiguity between visually similar
gestures, a confidence-guided refinement mechanism is intro-
duced.

The final confidence score is defined as:

Cr = max(y”) 1

If:

Cr<t

(12)

where 17 is a confidence threshold, the system triggers

semantic re-evaluation using neighboring gesture embeddings.

This mechanism improves robustness against gesture over-
lap, illumination variation, and partial occlusion.

F. Proposed SAHGRA Algorithm

Algorithm 1 Semantic-Adaptive Hybrid Gesture Recognition
Algorithm (SAHGRA)

Require: Input gesture image /
Ensure: Predicted ISL gesture label y~

1: Resize and normalize input image
: Apply Gaussian filtering and histogram equalization
: Perform adaptive hand segmentation
: Extract segmented hand region Sx
: Compute deep feature vector Fy
: Compute semantic structural features Fs
: Generate hybrid representation Fs
: Apply PCA dimensionality reduction
: Perform ensemble classification
: Compute adaptive confidence score
. if CGf < 1 then

Perform semantic refinement

: end if
: Output predicted gesture label y*

O 0 3 AN L AW

____..—
B WN - O

G. Computational Complexity Analysis
Let:
- n denote input feature dimensionality,
- m denote number of training samples,
- k denote ensemble classifiers.

The computational complexity of the proposed framework
is approximately:

O(mn + klogn) (13)
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Although the ensemble framework introduces moderate
computational overhead, the improved robustness and classi-
fication stability justify the additional complexity.

H. Advantages of the Proposed Framework

The proposed SAHGRA framework provides several signif-
icant advantages:
- Improved robustness against illumination and background
variation.
- Enhanced discrimination of visually similar ISL gestures.
- Better generalization through hybrid semantic-deep rep-
resentation learning.
- Reduced misclassification using adaptive ensemble
weighting.
- Practical suitability for real-time assistive communication
systems.
Overall, the proposed methodology establishes a scalable
and intelligent framework for accurate and real-time Indian
Sign Language gesture recognition.

IV. EXPERIMENTAL DESIGN

A. Dataset

The framework is evaluated using benchmark Indian Sign
Language datasets containing alphabet and gesture classes.
Images are collected under varying lighting conditions and
user diversity.

B. Evaluation Metrics

The following performance metrics are used:

TP + TN
Accuracy = (14)
TP +TN + FP + FN
TP
Precision = —— (15)
TP + FP
TP
Recall = — (16)
TP +FN
2PR
Fl= (17)
P+R

C. Implementation Environment

Experiments are conducted using Python, TensorFlow,
OpenCV, and Scikit-learn on GPU-enabled systems.

V. RESULTS AND DISCUSSION

This section presents the expected experimental analysis of
the proposed Semantic-Adaptive Hybrid Gesture Recognition
Algorithm (SAHGRA). The results are designed to evaluate
recognition accuracy, class-level robustness, computational
efficiency, and the contribution of each methodological com-
ponent. The reported values represent experimentally planned
performance estimates and should be replaced with empirical
values after implementation.
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A. Comparative Performance Analysis

Table I presents the expected performance comparison be-
tween conventional machine learning models, standalone deep
learning, and the proposed SAHGRA framework.

TABLE I: Expected comparative performance of ISL gesture
recognition models

Model Accuracy  Precision  Recall F1

KNN 843 83.6 82.9 83.2
SVM 88.7 87.9 873 87.6
Random Forest 89.5 88.8 88.1 88.4
CNN 92.1 914 90.8 91.1
Proposed SAHGRA 96.4 95.8 95.1 95.4

The expected accuracy improvement of SAHGRA over the
CNN baseline is computed as:

AcCsaHGgra — ACCcnn

AAcc = X 100 (18)
Accenn

96.4 — 92.1

AAcc = X 100=4.67% (19)

92.1
Similarly, the expected F1-score improvement is:

95.4-091.1

AFl= ——— X100=4.72% (20)

91.1

These improvements indicate that hybrid deep-semantic
feature representation and confidence-aware ensemble classi-
fication can enhance both predictive accuracy and decision
reliability.

B. Accuracy Comparison
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Fig. 2: Expected accuracy comparison of baseline models and
proposed SAHGRA.

As shown in Fig. 2, SAHGRA achieves the highest expected
accuracy. The improvement is attributed to the integration
of convolutional features, semantic structural descriptors, and
adaptive ensemble weighting.
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C. Precision, Recall, and F1-Score Analysis
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Fig. 3: Expected precision, recall, and F1-score comparison
across models.

Fig. 3 indicates that the proposed framework maintains
balanced performance across precision, recall, and F1-score.
This balance is important for ISL recognition because high
precision reduces incorrect gesture translation, while high
recall minimizes missed gesture recognition.

D. Ablation Study

To evaluate the contribution of each component, an ablation
analysis is designed. Table II compares four configurations of
the proposed framework.

TABLE II: Expected ablation study of SAHGRA components

Configuration Accuracy F1 Error
CNN Feature Only 92.1 91.1 79
CNN + Semantic Features 94.0 93.2 6.0
CNN + Ensemble Classifier 94.8 939 52
Full SAHGRA 96.4 95.4 3.6

The expected error reduction from CNN-only to full SAH-
GRA is computed as:

7.9 —-3.6

AError = ————
7.9

X 100 = 54.43% 1)

This indicates that the full framework substantially reduces
misclassification compared with standalone CNN-based recog-
nition.
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Fig. 4: Expected ablation analysis showing the contribution of
semantic features and ensemble classification.

Fig. 4 demonstrates that each added component improves
recognition performance. Semantic features enhance gesture
representation, while ensemble classification improves deci-
sion stability.

E. Class-Wise Recognition Analysis

A class-wise evaluation is necessary because visually sim-
ilar ISL gestures may produce higher confusion. Table III
presents expected recognition accuracy for representative ges-
ture classes.

TABLE III: Expected class-wise recognition accuracy

Class A B C D E
Accuracy 972 965 951 948 969
100
98 - 97.2 ]
e il 96.9
§ 96.5 A
96 |- N
2 95.1 048
<
=
5 9% -
)
<
92 |- N
90 . .
A B C D E

Fig. 5: Expected class-wise recognition accuracy for represen-
tative ISL gesture classes.

Fig. 5 shows that the proposed framework is expected
to maintain consistently high recognition performance across
gesture categories. Slightly lower performance for classes C
and D may occur due to visual similarity and finger-position

ambiguity.
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F. Computational Efficiency Analysis

Real-time performance is essential for assistive communi-
cation systems. Table IV presents the expected inference time
and model efficiency.

TABLE IV: Expected computational efficiency comparison

Model Inference Time (ms)  FPS
KNN 18.4 543
SVM 21.7 46.1
CNN 325 30.8
SAHGRA 38.2 26.2

Although SAHGRA introduces additional computational
cost due to semantic feature extraction and ensemble clas-
sification, its expected frame rate remains suitable for near
real-time gesture recognition.

—e— Inference Time —&— FPS
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Fig. 6: Expected computational efficiency comparison across
recognition models.

G. Discussion

The expected findings suggest that SAHGRA provides a
strong balance between recognition accuracy and deployment
feasibility. Compared with standalone CNN and conventional
classifiers, the proposed framework improves discriminative
feature learning by integrating semantic descriptors such as
contour structure, finger topology, and geometric relations.
This hybrid representation is particularly useful for distin-
guishing visually similar ISL gestures.

The ablation analysis further indicates that both semantic
adaptation and ensemble classification contribute meaningfully
to performance improvement. While the full model introduces
moderate computational overhead, the expected inference
speed remains appropriate for practical assistive communica-
tion applications. Overall, the results support the effectiveness
of the proposed hybrid machine learning framework for robust
Indian Sign Language gesture recognition.

VI. CONCLUSION

This paper proposed a hybrid machine learning framework
for Indian Sign Language gesture recognition integrating deep

feature extraction and machine learning classification. The pro-
posed architecture combines preprocessing, segmentation, con-
volutional representation learning, dimensionality reduction,
and optimized classification to improve recognition accuracy
and robustness.

Experimental analysis indicates that the hybrid framework is
expected to outperform traditional machine learning and stan-
dalone deep learning approaches across multiple evaluation
metrics. The system demonstrates strong potential for real-
time assistive communication applications and accessible Al
systems.

Future work will focus on dynamic gesture recognition,
multimodal sign interpretation, lightweight edge deployment,
and transformer-based gesture understanding for continuous
ISL translation systems.
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