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Abstract

Indian Sign Language (ISL) recognition play a vital role for allowing communication between hearing-
impaired people and general public. However, current methods are still suffering with the decreasing
performance under the ambiguous or noisy inputs and inconsistent multimodal fusion. This paper
proposes a hybrid deep learning based architecture to recognize Indian Sign Language (ISL). The model
integrates visual data from images and geometric data from hand landmarks. The image features are
extracted using a MobileNetV2-based convolutional neural network while the landmark data are
classified by a multilayer perceptron (MLP) based on data generated by MediaPipe. While CNN work well
in controlled environments, they have difficulty with changes to lighting or background. Conversely,
landmark-based models are unable to capture fine visual details. To resolve these limitations, this
research proposes a combined model that uses both CNN and landmark-based methods by using a
confidence-based fusion method to select predictions during real time operation based on how reliable
each model is. Results demonstrate that the proposed hybrid model produces reliable and stable
performance within the context of real-time applications achieving an accuracy of 95% in testing and a
confidence of ~1.00 in real-time which makes an excellent choice for use in assistive communication
applications.

1. Introduction

Individuals who are hard of hearing or have a speech disability rely on sign language to communicate,
but there is currently no practical way for sign language users to communicate with people who do not
use sign language due to the absence of universally adopted translation systems for sign language. As a
result, there is a growing interest in developing automated systems that can identify hand gestures and
converts them into meaningful spoken or written words, thus facilitating greater access to public spaces
and services [29]. Progress in deep learning have enabled the gesture recognition field to develop
automatic models that learn high-level representations of hand gestures from visual data. The adoption
of Convolutional Neural Networks (CNN) and other deep learning methods have gained popularity
because these methods have the capacity to learn and retrieve relevant, multi-scale features from
images [1, 2]. Lightweight architectures such as MobileNet and MobileNetV2 have been proposed to
provide real-time processing, while preserving accuracy by decreasing computational load in a gesture
recognition application [3, 4]. Gesture recognition systems built using MobileNet or MobileNetV2 can
accurately recognize hand shape and the spatial relationship between the hand and the target.

In addition to visual techniques of tracking hands, new landmark techniques are being developed with
the creation of effective hand-tracking methods like MediaPipe, which allow for real-time extraction of
hand keypoints [8]. The use of these landmarks helps to provide for the representation of gestures
geometrically, in a structured format, and to be processed /recognized via lightweight models e.g., Multi-
Layer Perceptrons (MLPs). Computational efficiency of such methods may be far more than other
approaches; however, they do not have an ample amount of visual detail [19-22]. Traditional CNN-based
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systems are able to recognize gestures; however, they also may be highly sensitive to changes in the
external environment including lighting, background and hand position [23, 24].

Current research has inspired new directions toward efficient and lightweight methodologies for sign
language recognition. The development of recent studies have encouraged the exploration of hybrid and
multimodal learning schemes, which will use the combined characteristics of their respective
approaches to increase recognition performance [26, 28]. The purpose of this paper is to investigate the
creation of a hybrid system that utilizes the combination of visual data created from CNNs and landmark
data created from MLPs. The introduction of a confidence-gated fusion mechanism to combine both
systems’ output will allow adaptive weighting to be placed depending on the reliability of the methods
used in recognizing the gestures. Any potential misuse of this technique can be reduced by having an
additional temporal stabilization term in the final output, thereby providing for a more consistent
recognition process from frame to frame and reducing the variance in the recognition results. The
methodology developed in this study will provide for the effective real-time recognition of ISL (Indian
Sign Language) gestural signs and has been tested on a multi-class database and demonstrates both
increased robustness and stability with the new hybrid approach as compared to recognition achieved
with only one technique. As demonstrated by the experimental results, each of the methodologies
provides good performance and thus achieves accurate and stable gesture recognition for all tested
conditions.

The main contributions of this research are:

e Hybrid Architecture: MLP and CNN are combined to produce a parallel combination of visual and
geometric data for improved prediction accuracy from each or all data types.

* Robust Real Time System: The system was designed to function accurately under conditions
varying from lighting to background difference.

e Confidence Gated Fusion: Approval of results from the model is governed dynamically based solely
on how confident an input image produces results in order to provide increased overall accuracy.

¢ Temporal Smoothing: Reduced, smoothed or stabilized differences between consecutive frame
predictions from the model in order to achieve consistency for real-time recognition.

The remaining section of the paper is organized as follows: The past researches of the work are
discussed briefly in section 2; section 3 describes the detailed proposed methodology including dataset
gathering and preprocessing to model creation. Section 4 consists of the implementation details the
results of which are discussed in section 5. The last section concludes the paper which is followed by
the references.

2. Literature Review

Deep learning methods are becoming the foundation for modern sign language and hand gesture
recognition systems, with the introduction of many new architectures designed to improve speed and
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efficiency. New lightweight architectures such as ShuffleNet and EfficientNet are being developed to
improve computational costs with performance [5, 6]. Transformer architectures are being applied to
visual recognition tasks, which further demonstrate the ability to model global relationships in image
data [7]. Many datasets and benchmarks have also been created for large-scale training and evaluation
of sign language recognition systems. For example, the MS-ASL dataset is a large-scale benchmark for
gesture understanding in natural environments [9]. These advances have contributed to improved
generalization and performance across many gesture recognition tasks. The use of real-time hand-
tracking frameworks has also led to a resurgence of interest in landmark-based systems. MediaPipe has
become one of the most popular ways to extract the key points of a hand so they can be fed into
machine learning-based gesture classifiers [10, 11, 12]. There has also been research published on the
use of landmark-based approaches with other sign languages, showing the flexibility of the landmark-
based approach [13]. However, most of these systems continue to rely heavily on geometric features as
well as they do not necessarily represent many of the intricate visual differences found in hand gestures.

Recent advancements in combining spatial and temporal modelling techniques have been developed to
tackle these challenges. Transformer-based and hybrid CNN-LSTM architectures have demonstrated
improved performance for dynamic gesture recognition [14, 15, 16, 17, 18]; therefore, they exist to extract
spatial characteristics and temporal dependencies through modelling both spatial characteristics and
temporal dependencies for more accurate recognition of complicated gestures. However, the use of
these advanced architectures typically results in increased computational complexity, thus prohibiting
the ability to perform in real time. Furthermore, multimodal learning approaches have been applied to
improve robustness through combining multiple types of feature representation. The combination of
visual, geometric and temporal information has demonstrated robust and stable recognition
performance [25, 27, 28—29]; however most of the implementations available to date have either seen
considerable complexity in their underlying architectures or do not have efficient fusion mechanisms for
real time applications.

Thus, there continues to be an opportunity to develop a lightweight and robust hybrid framework for
combining complementary feature representation with the ability to achieve real-time performance [31].
The current proposal offers an integration of visual and landmark feature representation using a
confidence-guided fusion mechanism to enhance the robustness and consistency in predictions.

A comparative summary of closely related works is presented in Table 1
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Table 1
Comparative Analysis of Existing Methods

Ref SL Technique Used Dataset(s) Sign Identification Accuracy
[10] ISL  MediaPipe+CNN Custom dataset Gesture classification 99.95%
[11] ISL  MediaPipe+CNN Custom dataset Similar gesture detection  99.12%
[12] ISL  MediaPipe+ CNN ISL dataset Alphabet recognition 94%

[15] ISL KD-MSLRT Benchmark dataset  Gesture recognition 91%

[16] TSL TSLFormer Landmark dataset Sign classification 90.67%
[17] ISL  CNN+LSTM Video dataset Dynamic gestures 92%

The Table 1 illustrates that although cnn and mlp work well under controlled conditions, they lack
robustness in realtime environments. These limitations highlight the need for a hybrid framework that
effectively integrates visual and geometric features while ensuring stable real-time predictions.

3. Methodology

This section presents the architectural design, acquisition of datasets, and implementation of the
proposed hybrid deel learning based model for real time Indian sign language recognition. The
fundamental chalange

The model integrates visual data from images and geometric data from hand landmarks.

The image features are extracted using a MobileNetV2-based convolutional neural network while the
landmark data are classified by a multilayer perceptron (MLP) based on data generated by MediaPipe.
While CNN work well in controlled environments, they have difficulty with changes to lighting or
background. Conversely, landmark-based models are unable to capture fine visual details.

3.1. Dataset Acquisition

The current research leverages publicly available data, which is meant for sign language gesture
recognition. The source of the data is an open-source GitHub repository [30]. The dataset contains 29
classes of static images of hand gestures, each representing an alphabetic symbol. It also includes three
other classes: del, space, nothing, in addition to the 26 alphabet classes from 'A'to 'Z'. The dataset
comprises of 87,000 images in total, with each of the 29 classes having approximately 3,000 images. For
the purpose of developing the model, the dataset is divided into three subsets: training, validation, each
classes is kept in a separate folder to avoid any overlapping data. The description of the dataset is
summarized in Table 2.
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Table 2
Dataset Description

Parameter Value
Total Classes 29
Alphabets 26 (A-2)

Additional Classes  del, space, nothing
Images per Class 3000
Total Images ~87,000

Dataset Split Train (80%), Validation (10%), Test (10%)
3.2. Data Preprocessing

The image-based model in this work is built using the MobileNetV2 architecture [4]. Before training, all
input images were resized to 224x224 pixels to match the expected input dimensions of the network. To
improve numerical stability during training, pixel values were scaled to the range [0, 1]. This
normalization step helps in faster convergence of the optimization process and reduces the impact of
large intensity variations. The transformation is defined as in Eq. 1:

N
norm —— 255

1
where x denotes the original pixel value and ., represents the normalized output.

In addition to image preprocessing, a landmark-based representation was also generated using the
MediaPipe Hands framework (b8?). This framework extracts 21 key points from each hand, with each
point represented using three-dimensional coordinates.

L= {(wbylazl)) (w2ay2722)7 s ,(3321,y217221 )}
2

where L denotes the set of all 21 hand landmarks, and (z;, y;, 2;) denotes the three-dimensional
coordinates of the ¢-th hand landmark, with ¢ = 1,2, ... ,21. These points collectively form a 63-
dimensional feature vector for each gesture.

To ensure consistency across samples, the landmark coordinates were first translated with respect to
the wrist joint:

(93;7.%{,2;) - (wi_xwa Yi = Yu» zi_zw)
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3

where (w; YLy 2, ) denotes the converted coordinates of the i-th landmark relative to the wrist, and
(%w, Y, 2w) represents the coordinates of the wrist joint.

Next, scaling was applied to the dataset minimize the variations caused by the distance between hand
size and camera which is defined as in Eq. 4:

(27, Yi,2)

(& ! o) =

4

where (z’,y!’,z!") signifies the scaled coordinates of the 4-th landmark, and s represents the
scaling factor used for normalization.

Finally, a mirroring operation was used to standardize left-hand and right-hand representations in Eq. 5:

Lmirror = —&

5

where x,,;-or denotes the mirrored x-coordinate, obtained by negating the original coordinate x to
standardize hand orientation.

3.3. Model Creation
3.3.1. Convolutional Neural Network Model (MobileNetV2)

An CNN model was built using transfer learning through MobileNetV2 [4] for image-based classification,
which is computationally efficient for real-time purposes.

Transfer learning was used by initializing the MobileNetV2 model with ImageNet pre-trained weights.
This enabled the model to leverage knowledge that had been learned in previous tasks on features that
were visually discriminative, such as edges, textures, and spatial configurations.

For the gesture classification problem, the original classification layers were replaced. The architecture
of the model is defined by the following layers. The first layer is a Global Average Pooling layer which is
then followed by a Dense fully connected layer with 256 neurons and RelLU activation. Thereafter a
Dropout layer with a dropout rate of 0.3 is used for regularization. The final layer uses Softmax activation
with 29 nodes.

Equation 6 define the Softmax function used for classification as given below:
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6

where P (yl) denotes the predicted probability that the input belongs to class ¢ and z; represents the
score for class 7 and K is the number of classes.

The structure of the CNN model used is illustrated in the Fig. 1.

3.3.2. Landmark-Based MLP Model

For geometric feature classification, a Multi-Layer Perceptron (MLP) network was used. This model
works with numerical feature vectors, which are generated based on hand landmark information.

The input to the network is a 63-dimensional vector, which is generated based on the coordinates of the
21 detected landmarks. There are multiple fully connected layers in this network with non-linear
activation functions. This helps in understanding the relationship between the positions of different
landmarks.

This method focuses on structural hand information, which reduces its dependency on lighting
conditions. Regularization is also used in this network.

The architecture of the MLP model is shown in Fig. 2.

3.3.3. Proposed Hybrid Model

To incorporate both visual and geometric features, a hybrid architecture was proposed. The input image
goes through a process in two parallel branches.

In the first branch, the input image is passed through a convolutional neural network (CNN), which
extracts features from the image and generates predictions. In the second branch, hand landmarks are
detected using a library called Mediapipe [8] and then processed through a multilayer perceptron (MLP).

The predictions from both networks are combined through a fusion mechanism to arrive at a final
prediction. This allows the system to utilize both types of information, making it more reliable and
accurate even in different environmental conditions.

The overall hybrid framework is illustrated in Fig. 3.

The proposed hybrid CNN-MLP based architecture (Fig. 3) combines visual appearance features with
hand landmark-based geometric features to achieve robustness and accurate ISL recognition. By
integrating fusion mechanism (confidence-gated fusion) and temporal stabilization, the proposed model

Page 8/25



improves the accuracy, and reduces misclassification, and enables stable real-time ISL recognition for
the human computer interaction-based applications.

4. Implementation

4.1. Training Environment

The implementation of the proposed gesture recognition model was carried out using a combination of
cloud-based and local development environments. The CNN model was trained on a GPU-enabled cloud
platform (RunPod), with an NVIDIA RTX A5000 GPU, which provided the necessary computational
capability for training deep convolutional networks while the landmark-based MLP model was trained
using Google Colab, and the complete hybrid system was integrated and executed locally using Visual
Studio Code for real-time inference. The system was developed utilizing Python programming language
for all aspects of the project. Model training was accomplished using TensorFlow/Keras as the
development platform, and image acquisition and pre-processing was achieved using OpenCV while real-
time detection of hand landmarks was accomplished with MediaPipe [8]. The dataset was loaded into
the framework using a directory-based approach. Data preprocessing and augmentation were carried
out using the ImageDataGenerator utility. Image normalization and augmentation were applied to the
input images. Data augmentation techniques include rotation, zoom, and spatial transformations. Such
techniques improve data diversity, which in turn enables better generalization of the CNN model.

4.2. Model parameters

Two models, namely a CNN and an MLP, are trained independently and their outputs are fused using
confidence gated strategy to form the hybrid model. The main configuration details of the proposed
models are listed in Table 3.
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Table 3
Model Architecture Parameters

Component CNN Model (MobileNetV2) MLP Model (MediaPipe)

Input Type Image (224 x 224 x 3) Landmark vector (63 features)

Feature MobileNetV2 (ImageNet pretrained) MediaPipe hand landmarks (21

Extraction keypoints)

Preprocessing Da’gca)augmentation (rotation, zoom, Landmark extraction from images
shift

Pooling Layer Global Average Pooling —

Hidden Layers Dense (256, ReLU) Fully connected layers (MLP)

Dropout 0.3 0.3

Output Layer 29 classes (Softmax) 29 classes (Softmax)

Training Strategy ~ Transfer learning and fine-tuning (last 40  Supervised training on landmark
layers) dataset

Optimizer Adam (1e-3 to 1e-5) Adam (standard)

4.3. Proposed Hybrid Approach

The proposed hybrid model integrates the appearance-based features and landmark-based learning to
achieve better accuracy and robust for real-time ISL recognition. Initially, each captured frame from the
webcam is processed to extract the hand region of interest (ROI). The extracted ROl is simultaneously
fed into two parallel Models, one is a Convolutional Neural Network (CNN) Model based on MobileNetV2
for visual feature extraction and second one is MLP based model that utilizes the MediaPipe hand
landmarks to capture the geometric features. The output generated by both the models are combined
using a fusion mechanism i.e. confidence-gated fusion strategy, where the CNN prediction is selected
only when its confidence exceeds a predefined threshold; otherwise, the MLP prediction is used. Finally,
a temporal stabilization module employing a sliding window and majority voting is applied to suppress
prediction variation and improve the recognition stability. The recognized gesture is then displayed on
the screen and converted into speech output. The complete workflow of the proposed architecture is
described in Algorithm 1.

Algorithm 1

Hybrid CNN-MLP Architecture for real-time ISL/hand gesture recognition. Each captured frame through
webcam are processed through parallel CNN and MLP models. A confidence-gated fusion strategy selects
for the final prediction, and refined using temporal majority voting before being displayed and converted into
speech.
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Input : Webcam video stream V

Output: Recognized gesture G

—

- Initialize MobileNetV2, MLP, MediaPipe, and webcam
2: Initialize sliding window W

3: while webcam is active do

4: Capture frame F

5: Extract hand ROI from F

6: Resize ROl to 224 x 224

7: CNN «— MobileNetV2(ROl)

8: Detect 21 hand landmarks using MediaPipe
9:if landmarks detected then

10: X < Generate 63-dimensional feature vector
11: MLP « Predict(X)

12: else

13: continue

14: end if

15: if CNN.confidence = T then

16: P — CNN.prediction

17: else

18: P « MLP.prediction

19: end if

20: Insert P into sliding window W

21: G — MajorityVote(W)

22: Display G

23: Generate speech output

24: end while

25: Release resources

During training, a multi-step approach was used. To begin with, the pre-trained MobileNetV2 model [4]
was used. The model was frozen, with only updates being applied to the newly added classification
layers. This process was carried out for 5 epochs using the Adam optimizer (31) with a learning rate of
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1x 1073 Training was continued for 5 more epochs with validation monitoring. This approach was
used for 10 epochs in total. The model with the best validation performance was retained for further
refinement.

The next step in training involved fine-tuning. To do this, the last 40 layers of the model were made
trainable. The model was then trained for 5 epochs with a reduced learning rate of 1 X 1075, This
approach enables fine-tuning of feature representations in alignment with the gesture recognition
problem.

The model was trained using the categorical cross-entropy loss function, which is described in Eq. 7.

L=- filyilog (Qz)
7

where y, denotes the ground truth label, g, represents the predicted probability for class 7, and K is
the total number of classes.

This training methodology allows the model to first learn task-specific features in the classification level
and then proceed to refine the deeper layers. This improves generalization and reduces the chances of
overfitting. In addition, validation-based checkpointing is used to ensure the best-performing model is
retained. Also, having separate sets for training, validation, and testing prevents data leakage and
ensures proper testing.

The MLP model is trained separately using the 63-dimensional landmark feature vectors. These vectors
represent the spatial relationships of keypoints in the hand and are a compact representation of gesture
structure for classification.

For real-time implementation of the proposed hybrid model, video frames are captured through a
webcam. These frames are then passed through two parallel streams. In the first stream, frames are
passed through the CNN model for predictions using visual features. In the second stream, the frames
are passed through the MediaPipe framework [8] to obtain hand landmark keypoints. These keypoints
are then converted into vectors and passed through the MLP model.

The predictions of both models are then combined using a confidence-based mechanism to arrive at the
gesture prediction. Confidence Gating Fusion can be defined as one of the decision level fusion methods
that involves making a choice between the outputs of models based on higher confidence levels, using a
predefined threshold parameter. This is done to utilize the complementary nature of visual and
geometric representations of gestures, which improves robustness during real-time prediction. Let
Yonn and Yy p denote the predicted class labels from the CNN and MLP models, respectively, and let
Cconn represent the confidence score associated with the CNN prediction. The final prediction is
determined as in Eq. 8:
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Yyps Otherwise

8

where 0 represents a predefined confidence threshold. In this framework, the MLP model is prioritized
due to its robustness to variations in lighting conditions and background noise, while the CNN model
serves as a complementary component that provides visual context when landmark information is
unavailable.

To further enhance prediction stability in real-time scenarios, a temporal stabilization mechanism was
incorporated. Instead of relying on predictions from a single frame, the system maintains a sliding
window of recent predictions. A gesture is considered valid only when it appears consistently across
multiple frames within the window. This can be expressed as in Eq. 9:

g = mode(Yy, Yoy - -+ »Yy,)

9

where y,,v,,... , ¥y, represent predictions over consecutive frames. This approach reduces prediction
fluctuations and improves the reliability of the final output in continuous gesture recognition.

5. Experimental Results and Performance comparison

CNN ans MLP and hubrid model were implemented and tested on the

5.1. CNN and MLP Model Performance

The plots of accuracy and loss curves of both the models are shown in Fig. 4.

The CNN model demonstrated exceptionally accurate classification performance, achieving an overall
accuracy approximately 99.98% on the test dataset. The training and validation accuracy curves as
shown in Fig. 4(a) show rapid convergence, while the corresponding loss curves as shown in Fig. 4(b)
indicate stable optimization with no significant divergence between training and validation loss. This
reflects the model’s strong capability in learning distinct visual features from input images.

The high performance of the CNN model can be attributed to the use of transfer learning with
MobileNetV?2, balanced dataset distribution, and relatively controlled imaging conditions. These factors
collectively enable effective feature extraction and classification across all gesture classes.

The MLP model, trained on hand landmark features, achieved an overall accuracy of approximately
97.1%. The training and validation curves Fig. 4(c) and (d) show consistent learning behavior, although
the performance is slightly lower as compared to the CNN model, this is expected, as the MLP relies
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solely on geometric features derived from hand landmarks, which may not fully capture ultra-fine visual
variations.

The confusion matrices of both models as shown in Fig. 5(a) and Fig. 5(b) further highlight their
performance characteristics.

The CNN model exhibits highly accurate predictions across all gesture classes, whereas the MLP model
shows minor confusion among gestures with similar hand configurations, particularly for classes such
as M, N, R, and U. Despite this, the MLP model demonstrates strong robustness to variations in lighting
and background conditions due to its reliance on structural features.

5.2. Hybrid Model Performance

The hybrid model integrates predictions from both the CNN and MLP models using a confidence-gated
fusion strategy. The confusion matrix of the hybrid model Fig. 6 shows strong diagonal dominance,
indicating accurate classification across the majority of gesture classes achieving an overall accuracy of
approximately 95%, with macro-averaged precision, recall, and F1-score values of approximately 0.96,
0.95, and 0.95, respectively.

While the numerical accuracy is slightly lower than that of the CNN model, the hybrid approach provides
improved robustness and consistency in challenging conditions. Evidently, the hybrid model reduces
misclassifications observed in the MLP model while maintaining stable predictions under varying
environmental conditions. This demonstrates the effectiveness of combining visual and landmark-based
features for gesture recognition.

This demonstrates that the proposed hybrid framework prioritizes robustness and real-time reliability
over peak accuracy, making it more suitable for practical deployment.

5.3. Classification Performance Comparison

The classification performance of the three models on validation and test dataset is summarized in
Fig. 7.

The results indicate that the CNN model achieves the highest accuracy due to its ability to capture
detailed visual features. The MLP model, while slightly less accurate, provides stable performance based
on geometric hand representations. The hybrid model balances these strengths, offering a more robust
and reliable solution.

5.4. Comparative Analysis in Training and Real-Time
Scenarios

To further analyze the effectiveness of the proposed approach, a comparison was conducted
considering both training performance and real-time applicability. Figure 8 shows that the comparison
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between validation accuracy with real time accuracy which shows that the proposed hybrid model gives
better result that the CNN and MLP models.

The overall classification performance of the three models is summarized in Table 4.

Table 4
Training and Real-Time Performance Comparison
Model Validation/Test Accuracy Real-Time Confidence  Robustness
CNN 99.8% 0.70 Sensitive to environment
MLP 97.1% 0.98 Robust to variations
Hybrid Model 95% 1.00 Highly robust

The CNN model, in particular, was able to display exceptional performance within a controlled
environment, though it was likely to degrade in the presence of illumination and background changes in
real-time scenarios. The MLP model, on the other hand, provided better stability in such scenarios,
though it was unable to display finer visual distinctions. As such, the hybrid model was able to effectively
incorporate the desirable characteristics of both models, thus ensuring better stability in prediction.

Apart from the accuracy of classification, the prediction confidence of the models was also monitored in
real-time scenarios. The CNN model was able to display a confidence level between 0.6 and 0.7, thus
displaying significant levels of uncertainty in real-time scenarios due to changes in environmental
factors. However, the MLP model was able to display higher levels of confidence, with most scenarios
having confidence levels higher than 0.98 due to the reliance on landmark features. However, the model
was unable to display accurate predictions for some of the alphabets due to their similarities in gesture.
The hybrid model, on the other hand, was able to display consistent confidence levels of ~ 1.00 or 100%
for almost all alphabets, thus displaying better reliability in real-time scenarios compared to the CNN
model. The real time results of hybrid model are shown in Fig. 9.

The use of confidence-gated fusion, coupled with temporal stabilization, also enhances the reliability of
gesture recognition in real-time scenarios. The hybrid model, in particular, was able to display better
robustness in real-time scenarios compared to the accuracy of classification, thus making it a better
solution for real-time scenarios.

5.5 Comparison with the Existing Approaches

The performance of the proposed hybrid model is compared with existing state-of-the-art sign language
recognition approaches reported in recent literature, is presented in Table 5.
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Table 5

Comparison of Various Sign Language Recognition Approaches

Ref / Year Technique Dataset Description Accuracy Signs Output
Used Identified
[12]/2023 MediaPipe + ISL dataset using real- 94% ISL gestures Text +
CNN time webcam input for (alphabets + Speech
gesture recognition. translation)
[15]/2026 MediaPipe + Custom dataset with24  91% Alphabets + Text
CNN (Hybrid) classes. ~120k images dynamic
. . . gestures
including static and
dynamic gestures.
[17]/2025 CNN + LSTM Landmark-based 92% Dynamic Text
(MediaPipe- dataset using video gestures
based) sequences for temporal
gestures.
Proposed CNN +MLP ASL dataset with 29 95% Alphabets (A- Text
Model (Fusion) classes. ~87k images Z)
used.

As observed from Table 5, existing approaches such as MediaPipe-based CNN models achieve high
accuracy under controlled conditions but often lack robust-ness in real-time environments. Hybrid
approaches incorporating emporal modeling improve dynamic gesture recognition but introduce
additional complexity. The pro-posed CNN—-MLP hybrid model achieves competitive accuracy while
offering improved stability and reliability in real-time scenarios through confidence-based fusion and
temporal smoothing.

6. Conclusion

In this work, we have developed a hybrid approach for recognizing gestures of Indian Sign Language
(ISL) in real-time by combining two models: one that uses CNN-based visual features and another that
uses geometric features extracted from hand landmarks using MLPs. The overall goal of this work is to
leverage appearance-based feature representations and geometric feature representations in order to
achieve greater reliability in gesture recognition systems in real time. The performance of the CNN
model for recognizing gestures by extracting detailed visual features from images (that is, its ability to
learn detailed visual patterns from images) was demonstrated to be very strong, while the MLP model
demonstrated great robustness in recognizing gestures by extracting hand landmark features (that is, by
extracting geometric location-based features) because these types of features are relatively less
affected by environmental uncertainties. By applying a confidence-based on approach to both output
from both models, the proposed gesture recognition system is capable of providing more dependable
predictions than either individual model would provide. The results of this work indicate that while the
CNN model was able to provide extremely high accuracy levels for gesture recognition when tested
under controlled experimental conditions, the use of both the CNN and MLP models provides
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significantly greater stability and consistency (and therefore increases reliability) for gesture recognition
in real-time applications. Further, the application of additional stabilizing algorithms to provide temporal
stabilization reduces variations in the predictions provided by the system over successive frames. To
conclude, this research shows that by combining multiple methods of gesture recognition through the
use of various methods for representing feature data, it is possible to create a much more equally
distributed and functional gesture recognition method than through using only one method of gesture
recognition, thereby making the hybrid model developed herein suitable for identifying ISL gestures in
real-time applications.
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Multi-Layer Perceptron (MLP) Architechture
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MLP Model Architecture

Page 21/25




' @ 1. Input Acquisition
| {(Webcam Frames)

2. ROI Extraction
(Center Cropped Hand Region)
-
A
d 4

- . - -

3A. CNN Branch 3B. MLP Branch

= Resize 224x224 = MediaPipe Landmarks

= MobileNetva + 21 Points — 63 Features
= Visual Features L J

) |

P

S

4A. CNN Prediction 48. MLP Prediction
(Class Probabilities) (Geometric Classification)
r L o
L Fusion Meoechanism J

5. Confidence-Gated Fusion
{MLP Priority + CHN if High Confidence)

4

6. Temporal Stabilization
(Sliding Window + Majority Voting)

4

7. Output Rendering |
(Display + Speech Output) J

4

P
w

00

Figure 3

Hybrid Model Architecture

Page 22/25



BACCuracy v Epoch

Loas va Epoch

100 traen = ! 1 xS aran
oA - - i gl DA .
ase / B
aeF I o
om0 i N .K\‘_‘.
o o H] % a 8 18 - i = i
(a) ©)
HModel Adturaty Over Epechs Mool Loma Ower Dpoths
: e -
;u L I ps - + & 1” - -
o
(<) (d)
Figure 4

(a) CNN accuracy, (b) CNN loss, (c) MLP accuracy, (d) MLP loss

True label

&N-cxi-:’f:ﬂm::ﬂ SRR

g

(Al to =gl ) )

CHN Confusion Matrix

(a)

0

50

200

100

EoePusnes Milrin |fnSued Haredrmea

(b)

Figure 5

(a) CNN confusion matrix, (b) MLP confusion matrix
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VALIDATION ACCURACY AND REAL-TIME PERFORMANCE
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Figure 8

Comparison between validation accuracy with real time ISL accuracy
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Figure 9

Real-time gesture recognition results showing predicted ISL alphabets with confidence scores using
MediaPipe-based landmark detection.
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