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Abstract: Indian Sign Language (ISL) is the first language for millions of deaf and mute people in India. However, the development 

of efficient, real, time automatic ISL interpretation systems has been hindered by numerous challenges such as signer variability, 

scarcity of large annotated datasets, complicated hand articulations, and time constraints for processing. In this work, we 

demonstrate a real, time vision, based system for transforming Indian Sign Language gestures into Hindi text and speech, which 

involves the creation of a new dataset called ISLGesture50.Our system is a combination of hand and gesture detection using 

YOLOv8, hand landmark extraction with MediaPipe, and a temporal consistency, based decision algorithm which recognizes the 

gestures that are stable across multiple frames and then appends them into the sentence form. This approach drastically lowers the 

number of false positives in live video situations. The identified gesture string is converted into Hindi linguistic tokens, followed 

by automatic punctuation and text, to, speech conversion.The main idea in this paper is a low, latency, isolated, gesture recognition 

method, which contrasts with typical sequence, based deep learning methods that need large continuous datasets. Therefore, the 

proposed method can be used in real, time on devices with limited computing power. Experimental setups and comparisons with 

various sign language recognition methods reveal that the integration of object detection with landmark, based features and 

temporal stability logic enhances the performance and user, friendliness of the system. This research provides a new real, time ISL 

translation system, a task, specific dataset, and an algorithmic structure that can be used in the next continuous sign language 

research. 
Keywords: Indian Sign Language, Real-time Sign Language Recognition, YOLOv8, MediaPipe Hands, ISLGesture50, Gesture-

to-Speech, Assistive Technology 

 

1. Introduction 

Communication barriers experienced by the Deaf and Hard, of, Hearing (DHH) community have a severe 

impact on their access to education, healthcare, and public services. Sign languages are the natural languages for these 

communities;  

nevertheless, the lack of automated sign, to, speech converters limits communication with non, signers. Indian 

Sign Language (ISL) is different from American Sign Language (ASL) in that it does not have standardized large, 

scale datasets and computational resources, which makes automated recognition more difficult [1], [2]. 

At first, sign language recognition (SLR) systems were sensor, based, using data gloves and motion sensors to 

get accurate results, but they were also intrusive and not practical for everyday use [3]. Now, with the progress made 

in computer vision and deep learning, vision, based SLR systems have become the preferred choice due to their non, 

contact nature and scalability [4]. The latest research suggests that convolutional neural networks (CNNs), object 
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detectors, and pose estimation frameworks can be used to achieve real, time performance for isolated and continuous 

sign recognition [5], [6]. 

Nevertheless, real, time ISL recognition is still difficult due to the following reasons: 

There is a lack of large, publicly available ISL datasets. Complicated hand shapes and occlusions. High rates 

of false, positive continuous video streams. The need to keep the delay to a minimum for live conversations. 

Most of the existing ISL systems are either concerned with offline recognition or require large continuous 

datasets and sequence models like LSTM or Transformers [7], [8]. Although these models are powerful, they are 

computationally expensive and not suitable for lightweight real, time applications. This paper presents a hybrid 

detection, landmark, temporal consistency framework for real, time ISL recognition with a small dataset 

(ISLGesture50) to overcome these issues. The system does not rely on long temporal models only but also includes a 

frame, level stability verification algorithm, in which a sign is added to the output sentence only after it has been 

recognized consistently in several consecutive frames. This concept is derived from human perceptual consistency 

and has been demonstrated to bring about real, time reliability in gesture, based systems [9], [10]. The goals of this 

study are: To create a real, time ISL gesture recognition system utilizing object detection and hand landmarks to 

present ISLGesture50, a dataset specifically made for isolated ISL gestures to come up with a new temporal stability, 

based sentence construction algorithm to transform the recognized gestures into Hindi text and speech output. 

2. Related Work 

2.1 Vision-Based Sign Language Recognition 

Vision, based SLR methods may be broadly divided into isolated sign recognition and continuous sign language 

recognition (CSLR). Isolated SLR is primarily concerned with identifying single signs, whereas CSLR attempts to 

decode continuous gesture streams with temporal dependencies [11]. 

Initial vision, based systems relied on handcrafted features like HOG, SIFT, and optical flow merged with 

traditional classifiers [12]. While these methods were efficient in limited scenarios, they had problems with changes 

in background and variation of signers. 

2.2 Deep Learning Approaches for SLR 

Deep learning adoption has been a major factor in making the SLR system more accurate. Convolutional Neural 

Network (CNN), based models were able to directly extract spatial features from the images, whereas Long Short, 

Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks were used to model temporal dependencies in the 

data [13]. Currently, researchers are using Transformer, based architectures for Continuous Sign Language 

Recognition (CSLR), thus gaining the best performances on large datasets like WLASL and PHOENIX, 2014 [14], 

[15]. 

However, these models demand: 

Huge annotated video datasets Expensive computational resources Large inference time Such requirements 

make these models unsuitable for use in real, time Indian Sign Language (ISL) scenarios where only small datasets 

are available [16]. 

2.3 Object Detection for Sign Language Recognition 

Localizing networks like YOLO, SSD, and Faster R, CNN have been the main sources of ideas to the hand and 

the gesture detection unit. Especially engineering based on YOLO is highly recommended for a real, time system 

because of their single, stage detection pipeline [17]. 

Nowadays, the research works indicate that YOLOv8 has better speed, accuracy trade, offs than the previous 

versions of YOLO and thus it is very well suited for gesture and sign recognition tasks [18 ], [19 ]. The scientists have 
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found it feasible to implement YOLOv8 for the recognition of the sign alphabet in real, time and isolated gesture 

detection, resulting in good outcomes [20]. 

2.4 Hand Landmark-Based Recognition 

Extraction of hand landmarks aims at providing the structural changes for the finger bones and the hand pose. 

MediaPipe Hands is a minimal version and still a very fast one, a solution that can detect 21 3D hand landmarks even 

in real, time with very high precision [1]. The authors who experimented in this domain have found it beneficial to 

merge landmark features with CNN outputs to get stronger features which are less dependent on easy backgrounds 

and lighting conditions [21 ], [22 ]. 

The use of language based on landmarks is linguistically the most reasonable model of the human language and 

here the finger joints are the major players of the signing [23]. 

2.5 Indian Sign Language Recognition 

ISL recognition research is still evolving. The existing works mainly emphasize limited vocabularies, static 

gestures, or sensor, based systems [24]. Datasets such as ISL, CSLTR and similar ones are considered substantial 

contributions to the field; however, they are still quite small in scale [25]. Various experiments on speech, to, ISL and 

ISL, to, text conversions have been conducted, but the availability of real, time gesture, to, speech pipelines is minimal 

[26], [27]. 

This study takes the initiative from these studies by integrating detection, landmarks, and temporal consistency 

in a single real, time framework for ISL. 

3. ISLGesture50 Dataset 

3.1 Dataset Motivation 

The lack of task, specific, well, annotated datasets has been one of the major factors that limited research in 

ISL. ISLGesture50 was developed to facilitate the recognition of isolated gestures in real, time scenarios, with an 

emphasis on the most frequent communication signs in daily life. 

3.2 Dataset Composition 

The ISLGesture50 data set is made up of: 

● 50 different ISL gestures 

● 20 pictures for each gesture class 

● Total number of pictures: 1000 

● Type of images: RGB 

● Annotation format: PASCAL VOC bounding boxes 

Additionally, the dataset was carefully constructed by collecting gesture samples from 10 different individuals, 

introducing variations in hand shape, size, orientation, and signing style. This diversity enhances the robustness and 

generalization capability of the trained models. 

The dataset contains gesture signs like hello, help, eat, go, home, good, safe, and other words that are frequently 

used in conversational ISL. The hand regions in the images were enclosed with bounding boxes that were annotated 

by using LabelImg to ensure the compatibility of the annotated data with object detection models [28]. 

3.3 Dataset Limitations 
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   Though ISLGesture50 can be used for algorithm validation and prototyping, it also has some limitations such 

as: 

● Single or few signers 

● Limited background diversity 

● Isolated gesture focus 

These limitations reflect that the dataset is at an early stage [25], [29]. 

4. Proposed System Architecture 

The proposed system is the real, time, vision, based pipeline for the Indian Sign Language (ISL) interpretation, 

which recognizes the live hand gestures and converts them into Hindi text and speech. The system design is an 

architecture of low response time, noise immunity, and practical deployability that can be used in real, world scenarios 

of assistive communication. 

The entire architectural structure comprises the following eight major modules: 

1. Video acquisition 2. Frame preprocessing 3. Hand and gesture detection 4. Hand landmark extraction 5. 

Feature fusion and classification 6. Temporal consistency, based decision logic 7. Hindi text generation and 

punctuation 8. Text, to, speech synthesis 

The details of each module along with the justification based on the prior work are given below. 

4.1 Video Acquisition and Frame Preprocessing 

The system gets live video input by a regular RGB camera (webcam or mobile camera). Each frame is resized 

and normalized to the detection network input requirements. Frame normalization stabilizes the model under different 

lighting conditions, which are the main source of difficulties in vision, based sign recognition systems [30]. 

In contrast to offline SLR systems that work on pre, recorded videos, the proposed architecture is a real, time 

one, which sequentially processes frames from the video stream and thus, ensures that the delay between the 

performance of the gesture and the system response is minimal. 

4.2 Hand and Gesture Detection Using YOLOv8 

Hand and gesture localizations are carried out with YOLOv8, which is a very efficient single, stage object 

detection network that is both fast and accurate. YOLO, based detectors have been very popular in the field of gesture 

and sign language recognition owing to their capability to handle frames at very high frame rates while still 

maintaining reasonable precision [17], [18]. 

YOLOv8 builds on the earlier versions of YOLO by: Enhanced backbone architecture, improved feature 

pyramid networks, efficient anchor, and free detection. 

Several recent papers show that YOLOv8 outperforms YOLov5 and SSD, based methods in real, time gesture 

recognition tasks [19], [20]. In our system, YOLOv8 is fine, tuned on the ISLGesture50 dataset to localize hand 

regions for isolated ISL gestures. 

The detector delivers: 

● Bounding box coordinates for the detected hands 

● Gesture class probabilities 

● Detection confidence scores 
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The use of YOLOv8 makes it possible to accurately locate the hand parts thereby cutting down the background 

noise and facilitating the subsequent feature extraction. 

4.3 Hand Landmark Extraction Using MediaPipe Hands 

Then, from hand detection, the region of interest (ROI) is sent to MediaPipe Hands, resulting in the 

identification of 21 three-dimensional hand points that define finger joints and palm geometry. 

MediaPipe Hands has already demonstrated the ability to perform accurate and efficient hand pose estimation 

in real-time tasks and has found its usages in sign  

language recognition systems [1], [21]. Landmark-based hand modeling has proved to be very effective in sign 

languages as it captures the detailed finger articulation, which is important to distinguish similar gestures [22], [23]. 

Some of the landmarks that were extracted are 

• Fingert 

• Joint angles 

• Relative Spatial Relationships 

These features are normalized with regard to the bounding box to make them scale and translation invariant. 

4.4 Feature Fusion and Gesture Classification 

In order to enhance robustness on recognition, the proposed system uses a technique for fusing features, namely: 

• Crop based on hand characteristics 

• Pose-based features extracted from hand landmarks 

This combination approach is justified by recent research work that reports the fusion of spatial and skeletal 

features contributes to an increase in sign recognition accuracy as compared to the existing approaches that consider 

individual modalities only [32], [31]. 

The landmark vector (with 63 dimensions: 21 landmarks and 3 coordinates) is flattened and passed through a 

light-weight multilayer perceptron (MLP) to acquire a compact pose embedding. Simultaneously, the cropped image 

of the hand region is passed through a shallow CNN to acquire appearance features. 

The fused feature vector is then classified into one of the 50 ISL gesture classes by a fully connected neural 

network. 

This modularity enables ease of working: 

● Landmark-only classification in low-resource devices 

● Fusion-based classification for better accuracy when possible 

● Category theory 

5. Novel Temporal Consistency-Based Recognition Algorithm 

5.1 Motivation 

One of the most important challenges in real-time sign language recognition is the instability of the predictions. 

This results in the following factors fluctuating in the frame-by-frame predictions of the system: 

• Motion blur 

• Partial oc 
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• Momentary hand pose transitions 

Many traditional systems have used recurrent neural networks (LSTM or GRU) or Transformers to capture the 

temporal dependency [14], [15]. Though these are effective, they have the same drawbacks of requiring larger amounts 

of data and increased execution complexity, which makes them inappropriate for the ISL dataset. 

In order to overcome such a limitation, the proposed system proposes a decision algorithm based on the concept 

of temporal consistency, inspired by the stability filtering techniques used in real-time gesture interfaces, as described 

in [33], [34]. 

5.2 Algorithm Concept 

Rather than simply appending all predicted gestures to the sentence, it uses: 

• Constantly checks model-predicted gesture labels for each frame 

• Appends a gesture only if the same label is found repeatedly for N frames. 

In this case, N will be observed to have values of 5 or 6 frames, being optimal within our framework to balance 

response timing with reliability. 

Such approaches to temporal smoothing have also been demonstrated to lower false positives in real-time 

human-computer interfaces [35]. 

5.3 Algorithm Description 

● Each video frame is treated separately for detection and classification. 

● The predicted gesture label is stored in a sliding buffer. 

● if the same gesture label has appeared for N consecutive frames: 

● The gesture is stable in nature 

● It is added to the sentence buffer 

● 4. Duplicate gesture entries are avoided by a cooldown system. 

● A pause or termination signal causes finalization of a sentence. 

● The sentence is then transferred to the language module for punctuation and speech synthesis. 

As a result, there is no need to build complex models of time anymore. 

5.4 Advantages of the Proposed Algorithm 

The algorithm based on temporal consistency has several advantages: 

• Computational cost lower than in LSTM/Transformer Architectures models 

• Dataset efficiency, for smaller sized datasets such as ISLGesture50 

• Minimized false positives in live video feeds 

• Implementation and interpretation facilitation 

Such light temporal verification techniques have recently been recommended for real-time sign language 

applications with limited data [36], [37]. 

6. Hindi Text Generation and Speech Synthesis 

6.1 Gesture-to-Hindi Text Mapping 
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Each recognized gesture class is mapped to a Hindi lexical token via a predefined dictionary. This follows 

previous ISL-to-text translation systems, which have used rule-based lexical mapping for recognizing isolated signs 

[26], [27]. 

Unlike in English-based systems, Hindi sentence construction requires a careful handling of: 

● SOV - Subject–Object–Verb structure 

● Postpositions instead of prepositions 

● Gender and tense agreement 

To handle this, a lightweight rule-based grammar module rearranges gesture tokens into grammatically coherent 

Hindi sentences. 

6.2 Text-to-Speech (TTS) Synthesis 

The final text in the Hindi language is synthesized using a TTS engine supporting the Hindi language. Neural 

TTS has been effectively used in assistive communication devices, and it can produce natural-sounding speech [39]. 

It also enables the interaction of both deaf and hearing people, thereby achieving accessibility’s main purpose. 

7. System Implementation Summary 

The total system consists of the following implementations: 

• Python for Backend Processing 

• YOLOv8 

• Using MediaPipe to extract landmarks 

• PyTorch for model learning and evaluation. 

Modular architecture enables upgrading of the individual elements, thereby facilitating scaling and 

extensibility. 

8. Experimental Setup and Evaluation Methodology 

8.1 Experimental Environment 

All experiments were done on a standard computer environment for the purpose of ensuring that the developed 

system will still be deployable on such devices. The test environment included the use of a Python-based deep learning 

library PyTorch, OpenCV for video processing, as well as MediaPipe for landmark detection. The training and 

inference were done on a mid-range GPU, although it is possible to perform real-time inference on CPUs since it is a 

lightweight system. 

Video streams were recorded at a rate that was equivalent to 25–30 frames per second, which corresponds to 

the rate supported by webcam and mobile camera technology commonly used in assistive technology applications 

[40]. 

8.2 Dataset Split Strategy 

Because ISLGesture50 has a small size, a stratified split was used to give equal emphasis to all gesture classes: 

Training set: 70% 

Validation set: 15% 

Testing set: 15% 
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In fact, such two-fold approach aligns well with guidelines suggested for small-scale image-based vision tasks 

such as gesture recognition research [41]. In order to avoid  

bias and overfitting, image augmentation tools such as flipping, intensity adjustments, and small rotations have 

been applied during training phases as suggested in previous ISL research work and other studies related to hand 

gestures recognition [42]. 

8.3 Evaluation Metrices 

Both frame and sentence-level measures have been used to analyze the system to obtain the recognition and 

usability aspects. 

• Classification accuracy 

• Precision, Recall, F1 

• Mean Average Precision for detection 

These parameters are common in object detection and recognition of sign language in the literature [17], [18]. 

• Word Recognition Accuracy (WRA 

• Sentence Completion Accuracy 

• False Positive Insertion Rate 

• Average Recognition Latency 

Sentence level evaluation becomes an important requirement in real-time sign-to-speech translation systems 

because accuracy at the frame level does not necessarily indicate how well it works [43]. 

9. Results and Performance Analysis 

9.1 Detection and Classification Performance 

The hand detector using YOLOv8 worked effectively in locating hands in different lighting environments, 

which corresponds with other studies involving YOLOv8 in gesture recognition tasks [19], [20]. The addition of the 

landmark detection using MediaPipe increased the resistance to classifications involving slight movements in the 

fingers. 

Comparative analysis demonstrated that: 

● Landmark-only classification performed well for static gestures 

● Appearance-only classification struggled under background variation 

Fusion-based classification showed the best accuracy, thus confirming the multi-modal approach decision, as 

verified in the literature [31], [32] 

9.2 Impact of Temporal Consistency Algorithm 

The temporal consistency, based decision algorithm was decisive in stabilizing real, time predictions. The 

system was prone to inserting wrong gesture tokens quite often due to transient misclassifications if temporal filtering 

was not applied. False positives were brought down to a negligible level with the imposition of a repetition threshold 

of 56 consecutive frames while the latency remained in the acceptable range. 

Corresponding temporal confirmation methods have been reported to bring about stability in real, time gesture 

interfaces and sign recognition systems without the need  
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for recurrent architectures [33], [35]. Consequently, the proposed approach is able to strike a compromise 

between accuracy and computational efficiency. 

9.3 Sentence-Level Output Quality 

Sentence, level evaluation showed that the proposed system is capable of generating coherent Hindi sentences 

with better readability and intelligibility as a result of automatic punctuation. The use of pause, based sentence 

termination also contributed to output naturalness to a great extent. 

ISL, to, text systems in the past have been mostly incoherent at the sentence level due to direct token 

concatenation [26], [27]. The present works incorporation of grammar, aware mapping and punctuation is a significant 

step forward. 

10. Comparative Analysis with Existing Methods 

Qualitative comparison of the proposed system with the existing ISL recognition methods unravels the 

following advantages: 

Feature Existing ISL Systems Proposed System 

Real-time capability Limited Yes 

Dataset size dependency Large datasets required Works with small dataset 

Temporal modeling LSTM/Transformer Lightweight stability logic 

Hindi speech output Rare Integrated 

Computational cost High Low 

10.1 Comparative analysis 

Most of the previous systems have been targeting offline or continuous recognition by means of deep temporal 

models [14], [15]. Despite their effectiveness, such models are impractical for early, stage ISL datasets and real, time 

assistive applications. The method proposed here thus bridges this gap by providing a deployable solution that is in 

line with the constraints of the real world. 

Research Contribution and Novelty 

The major contributions of this work are: 

1. ISLGesture50 Dataset: A carefully selected and annotated dataset of isolated Indian Sign Language gestures, 

created with the aim of conducting research on real, time recognition. 

2. Hybrid DetectionLandmark Framework: Robust ISL recognition through the integration of YOLOv8, based 

detection with MediaPipe landmark extraction. 

3. Novel Temporal Consistency Algorithm: A small, easily understandable algorithm that only goes back to 

stable multi, frame recognition to add the gestures to the sentences thus, it achieves the reduction of the false positives 

without the use of heavy temporal models. 

4. End, to, End Gesture, to, Speech Pipeline: A full system that is able to convert ISL gestures into Hindi text 

as well as into natural speech and do it in real time. 

In contrast to the existing works, where detection, recognition, and speech synthesis are treated as separate and 

independent processes, this work proposes a single, real, time ISL interpretation system that can be deployed in 

practice and is open for further development. 

Conclusion and Future scope 
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This paper details a real, time vision, based system that translates Indian Sign Language gestures into Hindi 

text and speech. The system utilizes the ISLGesture50 dataset. Through the integration of YOLOv8 detection, 

MediaPipe hand landmarks, and a novel temporal consistency, based decision algorithm, the system is able to deliver 

robust real, time performance without the need for computationally expensive sequence models. The proposed 

approach serves as a proof, of, concept that fully functional, deployable ISL interpretation systems can be created even 

with limited datasets by harnessing state, of, the, art detection architectures and sophisticated decision logic. This 

research, thereby, acts as a significant contribution to the library of assistive technology research and paves a solid 

pathway for the upcoming innovations in Indian Sign Language recognition. 

Possible future research directions are: Expanding ISLGesture50 with multi, signer and multi, environment 

data. Continuous sign language recognition support using hybrid temporal models. Using transformer, based language 

models for Hindi grammar correction. Implementation on mobile and embedded devices. User studies with Deaf 

community participants. Improvements in these areas will be a step closer to fully automated, real, world ISL 

interpretation systems. 
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