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ABSTRACT: The availability of accessible and interactive systems for sign language
interpreting services between the deaf and hearing communities still poses a great
challenge. To overcome this problem, in this paper, we are proposing a web-based
framework which combines Indian Sign Language recognition, Text to Speech
conversion, performance analytics and learning support in a single platform as
SIGN2SPEECH. The proposed system uses the MediaPipe framework to extract the
landmarks of the hands from both image, video, and real-time webcam feed, which allows
for efficient gesture recognition with less complexity. For sign gesture classification, a light
weight neural network is used and for the continuous recognition of sign gestures
temporal filtering techniques are used to increase the stability of the prediction and
decrease the number of errors in each frame. The developed framework allows multiple
types of input such as upload images, upload videos, and interaction with the live webcam
to communicate in sign language in real time. Through an integrated module that converts
gestures into meaningful text and outputs into speech, they can be converted into
meaningful text and corresponding speech outputs, thus to improve accessibility and
communication effectiveness. The framework also includes a built-in analytics dashboard
to provide visualization of model performance using confusion matrices, heatmaps,

accuracy scores and other graphical tools, enhancing transparency and system evaluation.
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Moreover, all the acknowledged results and confidence scores are accumulated into a
structured JSON-based history module, that can be used for future reference and analysis.
An interactive learning platform with A—Z alphabet sign and 117 frequently used words
from a custom sign language dataset is also proposed to be incorporated as another
contribution of this work. The experimental results show that the system has a high
recognition rate with high real-time response and usability. SIGN2SPEECH is a scalable
and intuitive solution as it integrates the functions of recognition, translation, visualization
and learning into a web-based interface. The framework has great potential to improve

communication, education and social inclusion of people who are hard of hearing.

1. Introduction

Sign Language Recognition (SLR) is the tool that can be used to achieve the effective communication between hearing-impaired
people and the rest of the hearing population because it allows to decode the hand signs and motion patterns and to transform
them into the linguistic tools that can be comprehended by the representatives of the hearing population. In spite of great
improvements over the last few years, continuous SLR is still a difficult problem owing to the lack of segmentation of gesture
streams, temporal correlations between signs, and lighting, background, and face variability. The first types of SLR systems
were sensor based and handcrafted, non-invasive and hard to scale. Deep learning methods that operated on vision subsequently
enhanced recognition rates, but tended to be computationally intensive so that real time operation on low-end systems was
challenging. To overcome these shortcomings, hand keypoint-based landmark-based approaches have received interest, because
they provide a dimensional reduction of the input, and the vital motion data is maintained. The extraction of hand landmarks
using MediaPipe also facilitates the extraction of hand landmarks in a manner that is efficient and real time to be used in gesture
recognition systems of light-weight applications. Nonetheless, the majority of current solutions are mostly only concerned with
the single gesture recognition and do not offer much support to the stable continuous output, performance transparency, and
user interaction. Inspired by these issues, this paper introduces SIGN2SPEECH, a web-based assistive system combining real-
time sign language recognition and text and speech syntheses, visualization analysis and learning support to be implemented in
practice.

The proposed system has an end-to-end workflow of sign language interpretation as illustrated in Figure. 1. It starts with the
initial step where an image or video is captured either by uploaded material or by the camera techniques in real time. It goes

through a feature extraction phase in which the appearance of pertinent features of the hand gestures will be obtained.
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Figure 1: Training Procedure of the SIGN2SPEECH Model
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They are then passed through a trained neural network to classify the gestures. Temporal smoothing is used to curtail frame
level noise and misclassification to ensure that the recognition remains stable in continuous situations. The identified gestures
are finally translated into meaningful text and speech outputs, which allows the users with hearing impairments to communicate
with the rest of the population in real-time

2. Related Work

The development of sign language recognition (SLR) research has evolved from primitive sensor-based systems to vision-based
machine learning approaches. Sensor-based methods, such as data gloves and motion sensors, were effective in controlled
environments; however, they were intrusive, costly, and difficult to scale. Vision-based methods improved usability, but earlier
handcrafted feature-based techniques were highly sensitive to lighting conditions, background variations, and signer differences
(Priya & Sandesh, 2024; Das et al., 2024). The adoption of deep learning significantly enhanced SLR performance. Models such
as convolutional neural networks (CNN), recurrent neural networks (RNN), and hybrid CNN-RNN architectures have proven
effective in learning both spatial and temporal representations from image and video data (Singh et al., 2026; Kothadiya et al.,
2024). More recently, transformer-based and attention-driven models have achieved high accuracy in continuous sign language
recognition; however, they require large datasets and high computational resources, making them less suitable for real-time and
resource-constrained environments (KKhan et al., 2025; Nedungadi et al., 2025). Landmark-based recognition techniques using
hand keypoints have gained attention due to their lower input dimensionality and robustness to environmental variations
(Subramanian et al., 2022; Das et al., 2023). Frameworks based on MediaPipe enable efficient and real-time extraction of hand
landmarks, making them suitable for lightweight SLR systems (Subramanian et al., 2022; Mariappan et al., 2024). However,
most existing landmark-based approaches focus primarily on isolated gesture recognition and lack integration for performance
analysis and user interaction (Yenisari & Yavuz, 2025). The proposed SIGN2SPEECH system addresses these limitations by
integrating gesture recognition, text and speech generation, performance analytics, and learning support into a unified web-

based platform.
2.1 Research Gap

e Most of the currently available methods are accurate and only work with isolated signs or alphabets and still lack the ability
to understand continuous gestures and translate sentences.

e  Some recent models can be based on advanced architectures like CNNs, Transformers, and multimodal approaches,
although they require high computational complexity, which is hard to implement in a low-resource setting.

e  Glove-based and sensor-based systems have been found to be more accurate when capturing gestures but have the
disadvantage of added hardware requirements, making them more expensive and less convenient to users as well as less
scalable.

e Though complex features can be dealt with by some vision-based techniques, the performance is usually influenced by
environmental variations in terms of lighting, background noise and occlusions, and thus cannot maintain performance in
real-life scenarios.

e Most of the currently available systems are primarily concerned with the accuracy of recognition, and they offer minimal
end to end communication functionality as well as they are not well integrated to generate text, produce speech, and allow

easy interaction with the user.
2.2. Proposed Contributions

e The main contributions of the proposed SIGN2SPEECH system are as follows: The proposed system supports real-time
sign language recognition through image upload, video upload, and live webcam-based gesture analysis.

e The system utilizes MediaPipe-based hand landmark extraction for efficient and real-time gesture recognition with reduced
computational complexity.

e A temporal filtering system is suggested to minimize the variability of the predictions and minimize the errors of continuous
gestures recognition.

e The framework integrates text generation and text-to-speech (TTS) conversion to improve communication and

accessibility for hearing-impaired individuals.
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e  Itis made more practical, readable and usable through the creation of an interactive web interface that has various modules
(upload, webcam, history, visualization and learning platform).

e This system is scaled and proved to be scaleable through the creation and use of a shared and recognizable set of 117 sign
gestures.

3. Methodology

This section gives the methodology that has been used in the proposed SIGN2SPEECH system including the dataset
preparation, preprocessing, model design, training strategy and post processing. The methodology is planned to produce the
correct, steady, and real-time recognition of the sign language, and to be computationally efficient to implement it on the web.

3.1 Structure and Collection of Datasets

Figure. 2 displays sample images of custom sign language dataset designed to be used in SIGN2 SPEECH system. The gestures
used are a smaller portion of the entire dataset to be illustrated. The entire dataset has more diverse sign gestures which were
gathered by several participants.

Join Move

Now

=

You Success

Figure 2: Sample images from our own sign language dataset

The data was recorded in a different background condition, lighting conditions and hand orientation in order to increase model
robustness and generalization. All the samples are manually marked and grouped into training, validation and testing sets.
Besides gesture recognition, this self-acquired data has been utilized in the integrated sign language learning module of the
proposed web platform too.

3.2 Image Enhancement and Preprocessing

In the proposed SIGN2SPEECH, the input images/video frames ate first resized and converted into the RGB format in order
to process the same number of input frames and images. MediaPipe framework recognizes hand parts and extracts hand
landmarks which are 21 hand landmarks per frame. The shape of the hand and movement are modeled as a set of spatial
coordinates that characterize these land matks. To be more resistant to scale and positional changes, the extracted landmark
coordinates are scaled against a reference point on the hand. This kind of normalization is used in order to reduce the effect of
camera distance variations and hand orientation variations. The resultant feature vectors are then presented to the gesture
classification model which renders the recognition constant and efficient irrespective of the vatious conditions that exist in the
real life.

3.3 Architecture of Models

SIGN2SPEECH system is a real-time sign language recognition system based on a lightweight architecture. The input images
or videos ate utilized in order to derive hand landmark features which give an effective representation of the hand gestures but
maintain the necessary spatial information.
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These landmark features are then presented to a well trained neural network in the gesture classification task as illustrated in
Figure. 3 and the identified gestures then translated into a text and speech output. This practice minimizes the complexity of
the computation and allows the efficient application in web based assistive applications.
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Figure 3: Architecture of the Proposed SIGN2SPEECH System

3.4 Sample Input Images
This section provides a sample input images that are applied in the proposed SIGN2SPEECH system. The samples contain

various sign language gestures recorded on various users and are representative inputs to the recognition model.

The pictures exhibit a difference in the shape of hands, their orientation, and the background conditions which represents the
conditions of real use. These sample inputs provide support in showing the heterogeneity of the dataset and confirming the

strength of the system to identify the sign language signs in different visual conditions.
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Figure 4: Sample Input Images of Sign Language Gestures

3.5 Method of Training

The SIGN2SPEECH model is trained using labeled samples of sign language gestures processed through MediaPipe, where
hand landmarks are extracted. Each input frame is represented using 21 normalized hand landmarks, generating a compact
feature vector that is used as input to the neural network classifier (Subramanian et al., 2022).

During training, the model learns gesture patterns by comparing predicted outputs with ground truth labels and updating its
parameters to minimize classification error. To improve generalization and reduce overfitting, regularization techniques are
applied. The system supports preprocessing of inputs from images, videos, and live webcam feeds, enabling real-time
predictions (Chandan & More, 2025). Predictions are further refined using temporal aggregation, which smooths frame-level

variations and improves consistency in continuous gesture recognition scenarios.
3.6 Temporal Filtering and Text-to-Speech Conversion

Frame-level predictions in continuous sign language recognition can vary due to hand movements and detection noise. The
proposed SIGN2SPEECH system addresses this issue by applying temporal filtering, where predictions across consecutive
frames are aggregated to produce a stable gesture output. This approach reduces abrupt misclassifications and ensures smoother
and more reliable recognition results (Mariappan et al., 2024). Once a stable gesture label is obtained, it is translated into
meaningful text, and a text-to-speech (TTS) module generates corresponding speech output. The integration of TTS enables
visual signs to be converted into audible form, thereby improving accessibility and facilitating real-time communication for
individuals with hearing impairments (Chandan & More, 2025; Najib, 2025).

The generated speech output has minimal latency, making the system suitable for real-time interaction. This combined text and
speech generation mechanism enhances user comprehension and increases the applicability of the system in assistive and
educational contexts (Yenisari & Yavuz, 2025).

4. Evaluation of the Proposed SIGN2SPEECH System

In this part, the proposed SIGN2SPEECH system is tested by standard classification measure and real time testing. The
experiments are aimed at the accuracy of recognition, stability of the output and practical usability of the system in real life
situations.
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4.1 Performance of the Model

Table 1 shows the evaluation of the proposed SIGN2SPEECH system in the form of standard measures of classification. The
system has an accuracy level of 92 percent and this means that most of the sign language gestures are classified correctly. It
proves that hand landmark features used together with a small neural network are effective to identify gestures.

The accuracy rating of 92 improves the fact that the system does not make many false positive predictions, that is, gestures that
are visually similar are not often classified as false. With a recall value of 91 percent, the model has been able to identify most
of the actual sign gestures without leaving out any classes. The Fl-score of 91 percent demonstrates equal efficacy of the model

in terms of precision and recall, which proves that the model is very stable and consistent across the categories of gestures.

In general, Table 1 shows that the suggested SIGN2SPEECH system is able to recognize sign language fairly and precisely. The
high results of all his assessment metrics indicate that the system is acceptable in real-time use and practical implementation in
assistive and educational settings.

Table 1: Classification Performance for SIGN2SPEECH system

Metric Value
Accuracy 92.00%
Precision 92.00%

Recall 91.00%
F1-Score 91.00%

Overall Project Performance Heatmap

0.9454
-0.9452

-0.9450

-0.9448

Model

-0.9446

-09444

0.9442
0.9440

Figure. 5 shows the heatmap of overall performance of the proposed SIGN2SPEECH system, including such important

Accuracy Precision Recall F1

Figure 5: Overall Model Performance Heatmap

evaluation indicators as accuracy, precision, recall, and F1-score. The high level of all these metrics at all times points to the
fact that the system gives robust and efficient sign language recognition performance.
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Figure 6: Per-Class Precision and Recall Heatmap

Figure. 6 presents the heatmap of per-class precision and recall of SIGN2 SPEECH system. The visualization has shown that
there is a consistent performance among the majority of the gesture classes with some differences observed in few instances
because some hand gestures are similar. On the whole, the findings show the strong stability and dependability of the model
suggested.

4.2 Training and Validation Analysis

Figure. 7 illustrates the training and validation accuracy curve of the model proposed SIGN2SPEECH. The fact that the training
and the accuracy of validation improves almost linearly with the number of epochs shows that the learning is successful and
the performance in terms of generalization is good. The model attains a high value of accuracy that means that it is capable of
learning meaningful gesture representations without overfitting. The condition between temporary variations is due to the
disparities between the gesture patterns besides the real-time input circumstances.

Training vs Validation Accuracy
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Figure 7: Training and Validation Accuracy Curve

Figure. 8 represents loss curve of training and validation of the proposed system. The reduced meeting of the two loss curves
depict a consistent training behavior. The training and validation loss are comparable at the epochs and this fact demonstrates
that the model can be applied to the unseen data. Such a trend of constant losses highlights the effectiveness of training strategy
utilized in the SIGN2SPEECH system.
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Training vs Validation Loss
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Figure 8: Training and validation loss curves
4.3 Gesture Recognition Accuracy in Real-Time Scenarios

Figure 9 illustrates the real-time performance of the proposed SIGN2SPEECH system using live webcam input. The system
effectively recognizes hand gestures and corresponding signs in real-world scenarios (Mariappan et al., 2024). The results
demonstrate consistent recognition of continuous hand movements. Landmark-based and temporal detection techniques help
reduce sudden errors and improve prediction stability (Subramanian et al., 2022). These findings confirm that the proposed

system performs reliably in real-time environments and is suitable for assistive communication applications.

Additionally, the system provides visual feedback with minimal delay, enhancing user interaction and overall usability.

Figure 9: Real-Time Gesture Recognition Results

The system also performs well under varying lighting conditions and background environments, further demonstrating the
robustness and feasibility of the proposed approach (Mariappan et al., 2024). This real-time performance highlights its

effectiveness for everyday assistive and educational use.
4.4 Visual Output and Confidence Interpretation

The proposed SIGN2SPEECH system provides clear visualization of recognition results by displaying both the predicted
gesture label and its corresponding confidence score. This graphical interface enables users to easily interpret system predictions
in real time (Chandan & More, 2025).

The confidence score indicates the reliability of the recognized gesture and helps users assess the accuracy of the output. Higher
confidence values represent greater model certainty, whereas lower values may result from environmental variations or
similarities between gestures. By incorporating confidence-based visualization, the system enhances transparency, builds user
trust, and improves overall usability in both assistive and educational applications (Yenisati & Yavuz, 2025).
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4.5 Web-Based Practical Validation

The proposed SIGN2SPEECH system was also tried using its web-based application to examine its viability. The system was
tried with different modes of input including uploads of pictures, recorded video input and live webcams. Figure 10(a) presents
image-based gesture recognition, where uploaded images are processed and translated into corresponding text and speech
outputs. Figure 10(b). illustrates gesture recognition of an input video that has been captured and it represents the fact that the
system can capture continuous frames and provide continuous predictions. The input of image recognition is depicted in Figure
10(c). is a real-time gesture recognition with a web camera in which the system recognizes hand gestures and the system
generates the output of the gesture in a high confidence. The system consistently produces reliable predictions with high
confidence scores across different input modes. Interaction is also enhanced by the introduction of recognition, visualization
and output modules to the web interface that makes it more accessible to the users. These results prove the notion that the
proposed system could be successfully applied in the case of real- time conditions and be introduced into the assistive and

educational programs.

Figure 10(a): image-based gesture recognition

Click to upload video

Figure 10(b): video-based gesture recognition
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Figure 10(c): webcam input recognition

4.6 Limitations and Future Enhancements

Such aspects as high-speed hand movements, partial occlusions, and harsh light conditions may influence the performance of
the proposed SIGN2speech system. Furthermore, the existing system offers a range of sign gestures, which is a limiting factor
in terms of vocabulary. The ways to improve it in the future will be to add more vocabulary to the gesture and to enhance
sentence-level comprehension to achieve more natural communication. Additional enhancements are also related to making
the system stronger in the complicated environmental conditions and having a scalable system to be deployed on the web to

make it more accessible and useful in real-life conditions.
5. COMPARISON WITH EXISTING SIGN LANGUAGE RECOGNITION APPROACHES

This section presents a comparative analysis of the proposed SIGN2SPEECH system with existing sign language recognition
approaches. The comparison is based on key factors such as recognition accuracy, computational complexity, and real-time
applicability.Recent attention-based deep learning models have demonstrated high accuracy; however, they often involve
complex architectures and significant computational requirements (Yenisari & Yavuz, 2025). Similarly, glove-based systems

provide real-time translation but depend on specialized hardware, limiting their scalability and practicality (Ram et al., 2025).

Hybrid approaches combining CNNs with large language models (LLMs) improve both recognition and language
understanding, but they typically suffer from high computational cost and challenges in real-time deployment (Kumar et al.,
2025). In addition, multimodal and transformer-based models enhance performance by capturing both spatial and temporal
features; however, their high processing requirements make them less suitable for low-resource environments (Geetha et al.,
2025; Singla et al., 2024).

In contrast, the proposed SIGN2SPEECH system adopts a lightweight, landmark-based approach using MediaPipe, enabling
efficient real-time performance without the need for additional hardware. The system achieves a balance between accuracy and
computational efficiency, making it well-suited for web-based and practical assistive applications (Subramanian et al., 2022; Das
et al., 2023).
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Table II: Comparison Table for Existing Proposed System

Method Accuracy Limitations
Attention-based DL Model 91% High complexity, Requires
sensors/gloves, limited
scalability
Smart Glove System 89% Hardware dependency,

limited gestures

CNN + LLM Model 92% High computational cost,
limited real-time use

Multimodal / Transformer 90% Complex architecture, high
processing cost
Proposed SIGN2SPEECH 92% Limited vocabulary (can be
improved)

As Table II demonstrates, the current methods are highly accurate but usually use complicated models or extra equipment.
Conversely, the suggested SIGN2SPEECH system is competitive in terms of accuracy, and low computation, and real-time
operation. Such a balance renders it more applicable to practical and web-based applications of assistive sign language

recognition.
6. RESULTS AND DISCUSSION

To validate the effectiveness of the proposed SIGN2SPEECH system for recognition and translation of Indian Sign Language,
quantitative performance measure is used along with real time experimental analysis. The evaluation focused on measuring
recognition accuracy, classification reliability, training behavior, real-time responsiveness, and practical usability. The proposed
framework provides a reliable and efficient solution for sign language communication by integrating gesture recognition, text
conversion, speech generation, and performance visualization within a unified web-based platform. The proposed system is
able to recognize a wide range of Indian Sign Language gestures with an overall accuracy of 92%. The model achieved precision
of 92%, recall of 91%, and F1 score of 91% in addition to the accuracy. The results of these values validate the effectiveness
of the gesture classification model as well as its robust performance in preserving the balance between the different gesture
categories. The effectiveness of the results obtained shows that the proposed framework is able to recognize hand gestures with

a minimum number of classification errors, which is suitable for the practical use of the hand gesture for communication.

The high precision value assures that the number of false positive predictions is considerably lowered. A false positive in the
sign language recognition system can cause misrecognition of sign language and miscommunication. Hence, the value of
precision is an important factor to maintain reliability in the generated output. Likewise, the recall of 91% means the model is
able to successfully capture the most of the real classes of gestures without neglecting important gestures. For assistive
communication systems, it is especially significant that a high recall rate will not lead to the loss of messages or to the loss of
information. The F1 score is another indicator of the strength of the model, as it gives a balanced measure of precision and
recall. The similarity of these performance measutres shows that the proposed system exhibits stable performance for various
gesture sets and Inputs.

The training and validation analysis also proves that the learning strategy proposed in this research is effective. Both training
and validation accuracy generally improve as the number of training epochs increases, indicating effective learning and good
generalization capability. This trend shows that the model has learned meaningful representations of gestures from the hand
landmark features it has extracted. Both training and validation curves are similar, as this indicates good generalisation ability
and potential low risk of over fitting. Training overall performance consistency on both training and validation sets verifies the
effectiveness of the architecture and training approach used. The curves for training and validation loss offer further insights
into model stability. As training goes on, both loss values are continuously reduced and finally reach a minimum point, showing

that the model is able to reduce the errors in classification. Loss curves are flat without significant variations indicating stable
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learning behavior and efficient optimisation. The convergence properties suggest that the landmarks extracted by the MediaPipe
models are informative and discriminative for gesture classification. Thus, reliable recognition performance can be obtained
whilst maintaining computational efficiency from the proposed framework.

The evaluation process included several visualization techniques to get deeper insight on model performance. This heatmap of
overall performance displays several metrics such as accuracy, precision, recall, and F1 score graphically. The consistently high
scores measured in each of these measures reinforces the validity of the proposed framework. The visualization enables the
user and the researcher to rapidly understand the performance of the model and to pinpoint strengths of the model's recognition

process.

The pet-class precision/trecall heatmap provides a deeper view of the classification accuracy per gesture class. The results
indicated that most of the gesture classes were recognized well and consistently. Some gestures, which have similar hand shapes
or movement patterns have minor variations. This is because sign language recognition systems can vary due to the similarities
between visually similar gestures, which can cause certain gestures to be misclassified. The results, however, are still quite

satisfactory and show the strength of the landmark-based recognition strategy proposed.

One of the key aspects of the SIGN2SPEECH framework is its real-time capabilities. The system was tested with various input
methods: live video stream from the webcam, uploaded images and recorded videos. Experimental results have shown that the
framework can process inputs with very little latency with high recognition accuracy. The real-time webcam test showed that
the system was able to detect, classify and translate hand gestures practically instantaneously to allow a smooth and natural

communication. This feature is very important when using assistive devices for real-world tasks that demand real-time feedback.

Temporal filtering techniques are an important addition to the real-time performance. For continuous gesture recognition, the
predictions at different frames can vary depending on the variation of hand movement, motion blur, or environmental noise at
each frame. But if there is a need for temporal filtering, it can be done to combine the predictions in successive frames and give
a more stable output. This means that accidental changes in the prediction are minimized and gesture recognition is more
reliable. The findings of the experiments support the improvements in the consistency of the predictions and the uset's

experience throughout continuous communication sessions, provided by the temporal filtering.

The resistance of the proposed system was also tested at various environmental conditions. Different lighting conditions,
background settings, hand orientations and user positions were used to test this framework. The results show that the MediaPipe
landmark extraction technique does not show such a dependence on external changes as traditional image-based landmark
extraction techniques. The system is mainly based on hand landmarks and not on the image pixels, which means it works well
even under the varying environmental conditions. This feature could greatly enhance the relevance of the framework in real-

world contexts.

One of the other key components in the proposed system is the integration of the text generation and speech generation
modules. When the gesture is recognized, the text output is generated, and immediately converted into speech through the text-
to-speech module. This conversion process is observed to have minimal delay, as indicated by the experimental observations,
ensuring seamless communication between users. The speech output generated enables easy access to speech and helps hearing
people hear the gestures of sign language without learning sign language. This will make the proposed framework more useful

and enable inclusive communication.

The enhanced transparency and user trust is further improved thanks to the confidence score visualization module. The value
of confidence is included for each prediction, indicating the level of confidence of the classification model. The higher the
confidence value, the more reliable the prediction, and the lower the value means that there are similarities between the gestures
or there are other factors that affect the prediction. Confidence information helps users to better understand the outputs of the
system and provide an evaluation of the quality of the prediction. This transparency helps to make the system more usable and
aids in human computer interaction. The integrated learning module also enhances the overall usefulness of the framework.
The module also contains signs for alphabet (A-Z), and 117 frequently-used sign language words, allowing the learner to learn
and practice sign language in the same application. The system integrates recognition, translation, visualization, and learning

capabilities, making it more than just a recognition system; it is a learning and assistive system.
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In general, the experimental outcomes and comprehensive performance evaluation show that the proposed SIGN2SPEECH
framework is accurate, reliable, efficient and appropriate for practical application. This integration of gesture recognition, text-
to-speech translation, performance analysis and learning support in a web based platform offers great benefits over traditional
stand-alone systems The achieved performance metrics, stable training behavior, real-time responsiveness, and robustness
under varying environmental conditions demonstrate the effectiveness of the proposed approach.

7. CONCLUSION AND FUTURE WORK

This paper introduced SIGN2SPEECH, a web-based Indian Sign Language recognition framework designed to reduce
communication bartiers between hearing-impaired individuals and the hearing community. The proposed system combines
sign language recognition, Text Generation, Speech Synthesis, Visualization of performance and Learning Supportt in a single
system. The framework efficiently detects gestures through high-quality hand landmark extraction using MediaPipe and a
lightweight neural network classifier with low computation complexity. This allows for real time operation and running on the

constrained devices.

The experimental evaluation results reveal that the proposed system performs well and provides high recognition rate with an
overall accuracy of 92%, precision of 92%, recall of 91% and F1 score of 91%. The temporal filtering approach gives more
stable predictions as it filters out the fluctuations at the frame level and minimizes misclassifications while performing
continuous gesture recognition. Moreover, the built-in text-to-speech feature transforms recognized gestures into spoken text,
enhancing accessibility and communication. The built-in visualization dashboard enables users to visualize the model's

performance using heatmaps, confusion matrices, and evaluation metrics, making it easier to understand and transparent.

Another important feature of the framework is the alphabet signs A-Z and some frequently used words that are interactive and
can be used to learn. This feature facilitates communication as well as sign language education, and is useful for learners and
practitioners. The web-based architecture also enhances accessibility by making it easy for users to interact with the system,
without needing specialized hardware. Although it works well, the current method has some drawbacks, such as a limited gesture
vocabulary and problems when faced with very complex environmental conditions. The gesture set will be extended, real-time
sign language sentence translation will be explored, and gesture recognition robustness will be enhanced in various scenarios.
Other improvements like multi language speech generation, multi user support, advanced deep learning models, etc., can further
enhance system performance. These developments will support the conversion of SIGN2SPEECH to a scalable, intelligent

and practical assistive communication tool.
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