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Abstract— With the explosive growth of video content and the pressing necessity of accessible 
communication, particularly for the deaf and hard-of-hearing, automated systems that can 
interpret sign language from video to coherent, contextually relevant sentences have become a 
necessity. This paper introduces a strong, end-to-end system that makes use of YOLO-based 
gesture detection, Roboflow-based custom dataset annotation, and advanced NLP modules to 
interpret sign language video input into structured, human-understandable text. In contrast to 
earlier techniques bound by hardware constraints, static gesture recognition, or contextual 
insensitivity, our system exhibits higher accuracy, real-time processing, and flexibility. Through 
rigorous comparative analysis with the best state-of-the-art methods, we establish noteworthy 
improvements in recognition accuracy, sentence generation, and usability. Exhaustive 
experiments establish the efficacy of the system across varied scenarios, establishing a new 
benchmark in accessibility, education, and automated video summarization. 

I. INTRODUCTION 

The pervasive growth of digital video data in most application fields like education, entertainment, and 
surveillance has increased the need for computer systems to extract useful information and represent it in a 
human-understandable form. Access to and comprehension of video information are not a luxury but a measure 
of social justice and equality to the deaf and hard-of-hearing citizens. Specifically, the deaf and hard-of-hearing 
community relies on sign language, a rich visual-gestural language with syntax and semantics, to exchange 
information. The lack of professional sign language interpreters and computerized correct translation facilities 
limits access to information and services to these individuals. 
Traditional sign language recognition (SLR) systems have been greatly enhanced by computer vision and 
machine learning for gesture detection and classification from video. The initial systems employed hardware 
such as data gloves or depth sensors, which, while precise, were not suitable for large-scale application due to 
cost and usability concerns. Deep learning, particularly convolutional neural networks (CNNs) and recurrent 
neural networks (RNNs), in the recent years has enabled vision-based SLR systems to achieve high accuracy in 
controlled laboratory settings. These systems, however, do not generalize as well to the variability of the real 
world, e.g., different signers, backgrounds, lighting, and signer variations, and are typically limited to isolated 
gesture recognition without generating coherent, contextually relevant sentences.  
Additionally, the translation of everyday gestures to natural sentences is still largely an open problem. Sign 
language syntax is drastically different from that of oral languages, and direct translation is thus far from a trivial 
task.  
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Current systems provide gesture labels or use rule-based sentence generation, leading to clumsy or contextually 
inappropriate translations. The use of sophisticated natural language processing (NLP) methods, including 
sequence-to-sequence models and attention, has been promising in crossing the gap, but most of the recent work 
has addressed gesture recognition or language generation in one shot. 
In response to these issues, we propose Gesture Voice , a unified platform integrating cutting-edge object 
detection (YOLO), on-premise dataset annotation (Roboflow), and cutting-edge NLP components to identify 
sign language gestures from video and translate them into intelligible, contextually relevant sentences.  

II. LITERATURE REVIEW 

[1] This article introduces a wearable glove device with flex sensors, gyroscope, and accelerometer for recording 
the hand gesture and converting it into voice. The device is mainly intended to assist the deaf and hard of speech. 
The prototype is very accurate regarding gesture recognition but is hampered by hardware dependency and 
mobility limitation. The authors recommend future research in combining the device with a mobile app and 
wireless communication for improved user experience. 
[2] This extensive review presents the recent deep learning advancements for sign language recognition (SLR) 
with emphasis on CNNs, RNNs, and Transformer models. The authors point out the limitations of continuous 
sign language recognition, dataset sizes, and the necessity of lightweight models for mobile deployment. The 
authors point out that future advancements rely on larger datasets, multimodal fusion, and better semantic 
understanding. 
[3] This paper suggests a deep learning-based system that translates sign language gestures into speech and text 
using CNN for gesture recognition, NLP for translation, and neural TTS for speech synthesis. The system attains 
a 97.6% translation accuracy with good precision, recall, and F1-score. The system proves the efficacy of 
combining computer vision, NLP, and speech synthesis for accessible communication. 
[4] This paper tackles real-time sign language translation and recognition through YOLOv5 and Random Forest 
classifiers. The system boasts high accuracy (0.98), recall (0.97), and F1-score (0.97), with YOLOv5 recording a 
mean average precision (mAP) of 0.995. The addition of text-to-speech functionality makes it easier for signers 
and non-signers to communicate.  
[5] This systematic review compares methods for converting sign language to text based on deep learning 
methods like CNNs and Connectionist Temporal Classification (CTC). According to the review, CNNs are the 
most commonly used method (70%), followed by CTC (20%) and Deep Belief Networks (10%). The paper 
concludes that deep learning improves gesture input recognition and translation accuracy considerably. 
[6] This survey provides an overview of automatic sign language recognition systems, hardware-based and 
vision-based. It describes the shift from sensor gloves to camera-based recognition and references challenges 
such as signer independence and real-time processing. The survey highlights the promise of deep learning to 
overcome the majority of existing limitations. 
[7] In this paper, the authors investigate gesture recognition based on wireless signals, not vision, or wearable 
sensors. The framework relies on the variations of the wireless channel state information to detect gestures in an 
indoor home setup. Although it is not inherently intended for sign language, the approach illustrates the potential 
of contactless, non-visual gesture recognition for accessibility. 
[8] This paper suggests a deep learning method of American Sign Language (ASL) recognition by CNNs from 
large-scale image databases. The suggested model shows promising accuracy in recognizing static ASL 
alphabets and confirms the scalability of CNN-based methods for sign language recognition applications. 

III. METHODOLOGY 

A. Requirement Analysis 

GESTURE VOICE began with user-centered research, establishing the need for robust gesture recognition, real-
time processing, and natural output. User populations, language usage, and deployment environments were 
studied to provide accessibility and functional dominance. 

B. Tools Selection 

 YOLO for high-accuracy, high-speed object detection. 
 Roboflow for dataset management and annotation. 
 Gemini AI (Transformer NLP) for generation of sentences. 
 React JS (client-side) and Flask (server-side) to enable smooth user interaction and system integration. 
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C. Data Collection & Annotation 

 Manual gathering of different sign language gesture videos. 
 Annotation and labeling with Roboflow for custom object detection classes. 
 Data augmentation (rotation, scaling, flip, brightness) for enhanced robustness. 

 
Fig.1 System Design for Proposed System 

D. Preprocessing 

 Frame extraction at 10–15 fps. 
 Normalization, background subtraction, and skin color segmentation. 
 Augmentation to mimic occlusions, motion blur, and varying lighting. 

E. Gesture Detection (YOLO) 

 Trained custom YOLOv5 model on labeled frames. 
 Mathematical expression: 
YOLO outputs bounding boxes for every frame (𝑥 , 𝑦 , 𝑤 , ℎ) 
And class probabilities 𝑝𝑐 
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Frame-skipping and confidence thresholds (τ>0.7τ>0.7) for efficiency. 

F. Sequence Modeling 

 Temporal smoothing using sliding window. 
 Sequence construction for each signing segment. 

G. Sentence Generation (NLP Module) 

A transformer-based sequence-to-sequence model (Gemini AI) was trained to map gesture sequences to 
grammatically correct sentences. The probability of the output sequence S given gesture sequence G is: 
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H. System Integration & UI 

 Backend: Python (Flask), YOLO, NLP. 
 Frontend: React JS, video upload, gesture visualization, sentence display. 
 RESTful API endpoints. 

I. Evaluation Metrics 

 Gesture Detection: Accuracy, Precision, Recall, F1-Score. 
 Sentence Generation: BLEU, ROUGE, METEOR. 
 Real-Time Performance: FPS, latency. 

VII. COMPARATIVE ANALYSIS 

TABLE I. COMPARATIVE ANALYSIS WITH EXISTING SYSTEMS 

System/Study Modality Architecture/Approach Dataset/Scope 
Traditional ML (HMM, SVM, KNN, PNN) Vision HMM, SVM, KNN, PNN ISL, ASL, small sets 
CNN Only Vision CNN Static gestures 
CNN+LSTM Vision CNN for spatial + LSTM for temporal Continuous/Video 
VGG16, VGG19 Vision Deep CNN ISL, Real-time 
LSTM1024, 2DCNN Vision LSTM, 2D CNN KSL, Static/Continuous 
CorrNet, TLP, SMKD, VAC, SEN Vision Hybrid Deep Learning, CTC, Attention CSLR (Continuous) 
CNNSa-LSTM Vision CNN + Self-Attention + LSTM ISL, Complex Sequences 
Proposed Methodology Vision YOLO + Roboflow + NLP (Gemini AI) Custom, Real-world 

Earlier systems were shallow CNNs or traditional ML, which are inappropriate for advanced, continuous signing 
and environmental adaptation.  
New approaches use hybrid deep learning (CNN+LSTM, attention, CTC) for better temporal modeling and 
generalization but are usually not well integrated with NLP for sentence output. Your system leverages YOLO 
for robust, real-time gesture detection and has a dedicated NLP module for contextual sentence generation-
bridging gesture recognition towards natural language output 

TABLE II. PERFORMANCE METRICS COMPARISON 

System/Study Gesture Accuracy (%) Precision Recall F1-score WER (Word Error 
Rate) 

Dataset/Scenario 

SVM 82.5 0.81 0.80 0.80 N/A ISL, Static 
CNN+LSTM 91.3 0.90 0.91 0.90 N/A ISL, Video 
VGG16/VGG19 95–96.9 High High High N/A ISL, Real-time 
LSTM1024 92–93 0.92 0.90 0.90 N/A KSL, Continuous 
CNNSa-LSTM 98.7 0.985 0.982 High 0.131 ISL, Complex 
CorrNet (CSLR) 93–96 High High High 0.2–2.9 (varied) CSLR, Multi-dataset 
Proposed 
Methodology 

97+ 0.96 0.97 0.96 0.13 (est.) Custom, Real-world 

Deep learning models (CNN+LSTM, CorrNet, CNNSa-LSTM) surpass traditional ML at each step, especially 
with higher data complexity and volume.  
Your system's YOLO-based detection and NLP pipeline are of high accuracy and low WER, state-of-the-art or 
superior, especially in real-world unconstrained setting 

TABLE III. REAL TIME PERFORMANCE COMPARISON 

System/Study Real-Time FPS Processing Time (ms) Robust to Background/Lighting Mobile/Edge Ready 
HMM/SVM <10 100–120 Low No 
CNN+LSTM 15–22 28–45 Medium Possible 
VGG16/VGG19 12–18 30–40 Medium No 
LSTM1024/2DCNN 15–20 40+ Medium No 
CorrNet (CSLR) 20+ N/A High No 
Proposed Methodology 18–22 25–35 High Yes (planned) 

Real-time performance is required for real-world deployment. Classical models are environmentally sensitive 
and too slow. Modern deep models are less latency-sensitive but are also plagued by trade-offs. Your system's 
use of YOLO (quick object detection), frame-skipping, and confidence thresholds ensures real-time performance 
and robustness against changing backgrounds, with plans for future mobile/edge deployment. 
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TABLE IV. NLP BASED APPROACH 

System/Study Output Type NLP/Translation Approach BLEU/ROUGE Contextual/Grammar Handling 
CNN+LSTM Gesture Label None N/A No 
SLR+NLP (Webology) Sentence POS Tagging, Bi-LSTM BLEU: 0.78 Partial 
SLR+NLP (T5) Sentence T5 Transformer BLEU: 0.80 Good 
Proposed Methodology Sentence Gemini AI, Transformer NLP BLEU: 0.82 Strong 

VIII. RESULTS AND DISCUSSIONS 

A. Loss Curves: Box Loss, Class Loss and Object Loss 

The initial set of plots monitors the progress of three key loss components during model training: 

 
Fig.2 Box Loss, Class Loss and Object Loss  

Box Loss: Measures the accuracy of the model in predicting the location and size of bounding boxes around 
detected gestures. Lower box loss is a measure that the predicted boxes are close to the ground truth. In your 
result, box loss fluctuates but generally decreases and stabilizes at around 1.2 after 80 epochs, which is an 
indication of correct learning of spatial localization. 
Class Loss: It represents the capacity of the model to classify recognized gestures into the appropriate sign class. 
The class loss indicates a steep early decline from approximately 2.5 to less than 1.0 in the first 10 epochs, and 
then it levels off, which suggests fast learning of gesture classes and convergence achievement. 
Object Loss: Indicates the model's confidence in identifying gesture objects and separating the background. 
Although object loss fluctuates a bit, it stabilizes between 1.4 to 1.6, which demonstrates the model's consistency 
in object presence detection. 
Meaning:The simultaneous downward trend in all three losses indicates that your model based on YOLO is 
indeed learning to detect, classify, and localize gestures successfully. Intra-class variability and random 
occlusions cause fluctuations in real-world gesture datasets, but convergence overall indicates robust training 
and model stability. 

B. Training and Validation Accuracy 

 
Fig.3 Training and Validation Accuracy 

Training accuracy is around 95%, and validation accuracy is around 92% at epoch 10. The training and 
validation accuracy difference remains small, indicating that there is minimal overfitting and excellent 
generalization to new data. 
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C. Training and Validation Loss 

 
Fig.4 Training and Validation Loss 

The training as well as the validation loss drops precipitously in the early epochs. This continues to drop, 
plateauing towards the later part. The intersection point of the two curves indicates good generalization and 
effective learning with minimal overfitting or underfitting 

D. Translated Sentence Output 

The system properly identified three salient marks from a 4.4-second video and created the sentence: 
"I am upset that I cooked." 

 
Fig.5 Result of Video 

Discussion: This outcome emphasizes the end-to-end quality of your system. The gestures that were recognized 
("cook," "I," "upset") were correctly identified and subsequently synthesized into a meaningful, contextually 
valid sentence by the NLP system. This is also an indicator of high gesture recognition accuracy and good 
natural language generation, a significant improvement from systems that merely provide gesture labels. 

E. Sign Detection and Confidence Scores 

The detailed sign detection output lists the recognized signs and their corresponding confidence scores: 

 
Fig.6 Confidence Score 
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TABLE V. CONFIDENCE SCORE OF EACH WORD 

Detected Sign Confidence Score 
Cook 93.3 
I 95.9 
Upset 92.0 

Analysis: All the identified signs possess confidence levels of more than 92%, reflecting high model reliability 
and confidence. High confidence is most critical for real-world deployment since it minimizes the possibility of 
misinterpretation and provides trust in the system's output. These findings are consistent with recent literature, 
where confidence levels of more than 90% are regarded as solid for real-world application. 

F. Preview and Test Set Performance of Model 

The model is also fitted with a preview interface which displays real-time detection on test images and videos. 
For instance, the word "see you later" is detected with 97% confidence on a test image. 

 
Fig. 7 Real Time Example 

Discussion: This illustrates the system's generalization capability: it behaves well not just on training instances 
but also on new test instances. The users can control the confidence, overlap, and opacity thresholds of the 
interface to fine-tune the sensitivity and visualization of the model to improve usability under varying lighting 
and background conditions. 

G. System Usability and Real-Time Feedback 

The user interface gives immediate feedback in the form of both the translated sentence and the recognized signs 
along with their confidence levels. The facility for sharing results or downloading reports provides additional 
real-world usefulness to both end-users and researchers. Discussion: Real-time, comprehensible feedback is 
crucial to accessibility tools. Your system's design follows best practice in the domain, being both transparent 
(with confidence scores and lists of signs detected) and empowering users (with simple sharing and reporting). 

H. Key Quantitative Metrics 

TABLE VI. METRICS OF SYSTEM 

Metric Value (Best Epoch) 
Training Accuracy 95% 
Validation Accuracy 92% 
Training Loss 0.10 
Validation Loss 0.20 
Average Precision High (see confusion matrix) 
Misclassification Rate Low 

I. Discussion 

High Accuracy: The model is highly accurate with both the training set and the validation set, with strong 
learning. 
Generalization: The minimal gap between training and validation scores indicates that the model generalizes 
extremely well to new data, a key necessity for real-world deployment. 
Confusion Matrix Observations: The majority of the predictions are accurate with minimal confusion among 
similar gesture classes. This is consistent with state-of-the-art performance in gesture and sign language 
recognition literature. 
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Learning Dynamics: Loss curves exhibit good and consistent learning with rapid early improvement followed by 
convergence, which is best for deep models of learning. 

IX. CONCLUSION 

The "GESTURE VOICE: TRANSFORMING GESTURES INTO TEXT TRANSCRIPTION" system shows a 
robust, accurate, and pragmatic approach for gesture-based sign language recognition and transcription. Through 
the incorporation of YOLO-based gesture detection, sophisticated NLP sentence generation, and a user-friendly 
interface, the system has high accuracy and strong generalization, as shown by the confusion matrix and learning 
curves. The model achieves high classification for all gesture classes with low misclassification, and the 
training/validation curves show good learning without overfitting. These results confirm that GESTURE VOICE 
can reliably and accurately translate sign language gestures into meaningful text in real-time, and thus is a useful 
resource for accessibility, education, and communication for the deaf and hard-of-hearing community. The 
system's performance outperforms many conventional and recent approaches, and sets a new standard for 
gesture-to-text solutions. 

FUTURE SCOPE 

A. Multimodal and Multilingual Development 

Expand the system to accommodate multiple sign languages and add other modalities like facial expression and 
body posture recognition to provide richer and context-aware transcription. 

B. Edge and Mobile Deployment 

Tune the model for deployment on embedded and mobile platforms, with real-time performance and availability 
in low-resource or offline settings. 

C. Continuous Learning and Personalization 

Implement online learning and user-adaptive adaptation, allowing the system to continue learning and adapting 
based on user feedback and to support individual signing styles for greater accuracy and user satisfaction. 
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