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Abstract. A Sign Language Translator using OpenCV is an innovative application of computer
vision and machine learning technologies aimed at bridging the communication gap between
hearing-impaired individuals and the general population. This system primarily utilizes OpenCV,
an open-source computer vision library, to detect, interpret, and translate hand gestures
corresponding to sign language into readable or audible text in real time. The core objective of this
project is to create a cost-effective, non-invasive, and accessible tool that enhances communication
for those who rely on sign language. The translator system captures hand gestures using a webcam
or camera module, then processes the image frames through a series of operations including
background subtraction, color space conversion (usually to HSV or grayscale), contour detection,
and segmentation to isolate the hand region. Key features like finger positions, angles, and hand
shapes are extracted using image processing techniques, and these features are mapped to
predefined gesture classes representing alphabets, words, or phrases of sign language. Machine
learning models such as Convolutional Neural Networks (CNNs) can be trained on datasets of
hand signs to improve recognition accuracy, enabling the system to handle variations in lighting,
background, and hand orientation. Real-time feedback is provided by displaying the translated text
on the screen or through speech synthesis using text-to-speech engines, allowing for dynamic and
interactive communication. Challenges such as overlapping gestures, rapid hand movement, and
skin tone variation are addressed through preprocessing steps and data augmentation techniques
during model training. The integration of OpenCV ensures efficient image processing while
maintaining low computational overhead, making it feasible for implementation on laptops,
smartphones, or embedded systems like Raspberry Pi. Furthermore, the system can be customized
to support various sign languages including American Sign Language (ASL), Indian Sign
Language (ISL), and others, making it a versatile tool across different regions and cultures. Future
enhancements may include the incorporation of deep learning models like LSTM for gesture
sequence recognition and the use of depth cameras for improved spatial accuracy. In conclusion, a
Sign Language Translator using OpenCV exemplifies the impactful use of technology to foster
inclusive communication, reduce social barriers, and promote accessibility for the deaf and hard-
of-hearing community through an affordable, real-time, and user-friendly solution.
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INTRODUCTION

Communication is the cornerstone of human interaction, enabling individuals to express thoughts,
emotions, needs, and information effectively. For the deaf and hard-of-hearing communities, sign language
serves as the primary mode of communication. Sign language is a complete, complex language that uses hand
gestures, facial expressions, and body postures to convey meaning. However, the widespread use of spoken and
written languages has created a communication barrier between hearing individuals and those who rely on sign
language. This gap often leads to social exclusion, limited access to services, and diminished opportunities for
the hearing-impaired. To address this challenge, technological solutions aimed at translating sign language into
text or speech have gained considerable attention in recent years. One promising approach is the development of
a Sign Language Translator using OpenCV—a computer vision-based framework that leverages image
processing and machine learning techniques to interpret hand gestures in real-time.

OpenCV (Open Source Computer Vision Library) is an open-source library designed for computational
efficiency and real-time applications. It provides a wide range of tools for image and video analysis, including
functionalities for object detection, motion tracking, feature extraction, and machine learning. These capabilities
make OpenCV an ideal platform for developing gesture recognition systems. By using a webcam or any camera
module, OpenCV can capture live hand movements, process the visual data, and identify specific gestures that
correspond to letters, words, or phrases in sign language. This functionality forms the core of a sign language
translator, enabling the system to convert visual inputs into textual or audio outputs in real time.

The process of developing a sign language translator involves several stages. Initially, image
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acquisition is performed through a camera, which captures the hand gestures in real time. The captured frames
are then subjected to preprocessing, which typically includes operations such as resizing, background
subtraction, color space conversion (e.g., from RGB to HSV or grayscale), and noise reduction to enhance the
image quality. This step is crucial to ensure reliable gesture detection under varying lighting conditions and
backgrounds. After preprocessing, the hand region is segmented from the rest of the image using techniques like
skin color detection, contour detection, and thresholding. This helps isolate the hand and reduces computational
complexity in the subsequent steps.

Feature extraction follows segmentation, where critical hand features such as shape, orientation, finger
positions, and hand angles are identified. These features are essential for classifying gestures accurately.
Depending on the complexity and scope of the system, gesture classification can be performed using traditional
machine learning algorithms like K-Nearest Neighbors (KNN), Support Vector Machines (SVM), or more
advanced deep learning models such as Convolutional Neural Networks (CNNs). CNNs are particularly
effective in image classification tasks due to their ability to learn spatial hierarchies of features automatically
from raw pixel data. When trained on a sufficiently large and diverse dataset of hand gestures, CNNs can
achieve high recognition accuracy and robustness to variations in hand shape, orientation, and environmental
conditions.

Once a gesture is recognized, the corresponding output—typically a letter, word, or phrase—is
displayed as text on the screen or synthesized into speech using a text-to-speech (TTS) engine. This real-time
feedback loop allows users to communicate with others seamlessly, thereby enhancing inclusivity and
accessibility. Some advanced implementations may also support gesture sequences, enabling the system to
recognize and interpret complete sentences or conversations in sign language using models such as Recurrent
Neural Networks (RNNs) or Long Short-Term Memory (LSTM) networks.

One of the primary motivations for using OpenCV in sign language translation is its real-time
performance and platform independence. OpenCV is compatible with a variety of operating systems including
Windows, macQOS, and Linux, and it can be integrated with other libraries and tools such as TensorFlow,
PyTorch, and MediaPipe. Moreover, it is highly optimized for speed and supports deployment on resource-
constrained devices such as Raspberry Pi and Android smartphones, making it feasible to build low-cost,
portable translation devices that can benefit a wide range of users.

Despite its potential, developing a sign language translator using OpenCV comes with several
challenges. Variability in hand size, skin color, lighting conditions, and background clutter can affect the
accuracy of hand detection and gesture recognition. Moreover, many sign languages involve dynamic gestures,
which are gestures that change over time rather than being static poses. Capturing and interpreting these
dynamic gestures requires temporal modeling and motion tracking, which adds another layer of complexity to
the system. Furthermore, facial expressions and body movements also play a significant role in conveying
meaning in sign language, and a complete translation system should ideally incorporate these aspects for more
accurate interpretation.

Another challenge is the lack of standardized sign language datasets. While there are some publicly
available datasets, they often vary in quality, coverage, and annotation standards. The creation of comprehensive
and well-labeled datasets is crucial for training accurate and generalizable models. Additionally, different
regions use different sign languages—for example, American Sign Language (ASL), British Sign Language
(BSL), and Indian Sign Language (ISL) are distinct from one another—necessitating region-specific
customization of the translation system.

Despite these challenges, ongoing research and advancements in computer vision, deep learning, and
natural language processing are driving significant improvements in the field. Emerging techniques such as
transfer learning, data augmentation, and attention mechanisms are enhancing the accuracy and efficiency of
gesture recognition models. Moreover, the integration of depth sensors, infrared cameras, and wearable devices
is being explored to provide richer and more precise input data for gesture recognition. With these
developments, sign language translators are becoming increasingly practical and reliable for real-world
deployment.

In summary, a Sign Language Translator using OpenCV represents a powerful and accessible tool for
improving communication between hearing-impaired individuals and the broader community. By leveraging
real-time image processing, robust feature extraction, and intelligent classification algorithms, such a system can
translate hand gestures into text or speech effectively. It holds immense potential for applications in education,
healthcare, customer service, and daily communication, especially in multilingual and multicultural contexts.
This paper explores the design, implementation, and evaluation of a real-time sign language translation system
using OpenCV, highlighting its architecture, challenges, performance metrics, and future directions. Through
this work, we aim to contribute to the growing body of assistive technologies that empower individuals with
disabilities and promote inclusive communication in society.
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LITERATURE SURVEY

1. Camgoz et al. (2020) — Sign Language Transformers

Camgoz et al. introduced an end-to-end model that merges Continuous Sign Language Recognition
(CSLR) and translation in a unified transformer framework. The model uses a CTC loss to map video input
directly to glosses and text without intermediate temporal alignment, achieving state-of-the-art results on the
RWTH-PHOENIX-Weather-2014T dataset. Their architecture demonstrated a significant BLEU-4 improvement
(~21.8 vs. 9.6), establishing the transformer as a powerful tool in sign language translation

Relation to our work: Their success showcases end-to-end deep learning’s potential. In contrast, our
OpenCV-based translator uses CNN vision pipelines for isolated gestures, offering a lightweight alternative
without requiring large gloss-annotated datasets.

2. Camgoz et al. (2020) — Multi-channel Transformers

This work extends the transformer approach by simultaneously processing multiple articulators—hands,
face, and body—through per-channel transformers integrated via a shared attention mechanism. Crucially, they
remove the gloss dependency yet maintain competitive translation performance.
Relation: It highlights how richer feature inputs (beyond hands) improve performance. We currently focus on
hand-only recognition, but this work emphasizes the importance of multimodal cues, an avenue for future
extension.

3. Saunders et al. (2020) — Progressive Transformers for SLP

Moving from recognition to production, Saunders et al. applied transformers to generate continuous 3D
sign language skeleton sequences from text. The architecture incorporates a positional “counter” to regulate
generation and uses data augmentation to combat drift.

Relation: Though focusing on synthesis rather than recognition, the sequential modeling insights are
useful if extending our system to dynamic gesture or sentence translation.

4. Saunders et al. (2020) — Everybody Sign Now / SignGAN

SignGAN produces photo-realistic sign language video from text. It uses a mixture-density transformer to
predict skeletons, then a synthesis network for realistic video generation This pipeline demonstrates end-to-end
“text—signer” production.

Relation: While radically different in goals, it demonstrates the potential of combining vision, sequential
modeling, and synthesis techniques—informative for future multimodal translation systems.

5. Zhou et al. (2020) — Rule-based & SVM detection

Employing traditional machine learning, Zhou et al. combined skin-color segmentation and SVM/SVR
models to classify hand shapes. Their work shows that classical methods still provide strong baselines,
especially for hand-pose recognition.

Relation: As our design also uses color segmentation and contour detection within OpenCV, their
findings validate the viability of such classical pre-CNN pipelines for isolated gesture tasks.

6. Ismail et al. (2021) — Convexity Defect (HMM)/OpenCV

This paper uses convexity defect analysis with OpenCV to extract finger-count information, combined
with HMMs to model temporal dynamics. It achieves robust gesture recognition with relatively low
computational cost.
Relation: Their method aligns closely to our system’s feature engineering approach. We adapt similar
contour-based detection for static signs but rely on CNNs for classification.

7. Datta et al. (2024) — CNN-based gesture recognition

Datta and colleagues built a CNN-powered hand-gesture classifier based on OpenCV-processed inputs.
They emphasize data augmentation and preprocessing pipelines to improve resilience against background and
illumination variance.

Relation: Their practical choices in augmentation directly inform our preprocessing strategy, particularly
for real-world deployment on heterogeneous camera inputs.

8. Tambuskar et al. (2023) — Survey: Survey on OpenCV + CNN for SL
Tambuskar et al. surveyed prior systems combining OpenCV pipelines with CNN classifiers for sign
language recognition. They discuss typical dataset creation, model architectures, and challenges such as
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interpreter availability and gesture variability.

Relation: This survey helps establish our work's baseline within a broader context of
computer-vision-centric sign-language projects, reinforcing the methodical choices for dataset design and
pipeline integration.

9. Ko et al. (2018) — Keypoint-based Neural Translation

Ko et al. pioneered sign translation by using skeleton keypoints as features, combined with neural
networks. They demonstrate that skeletal representations can remove appearance variance and improve
translation robustness.

Relation: Although our current model uses raw pixel input rather than keypoints, their success suggests
that integrating OpenCV-extracted keypoints could significantly enhance translation accuracy, especially under
diverse conditions.

10. Camgoz et al. (2018) — Neural Sign Language Translation (CNN+RNN)

In this earlier work, the authors combined spatial CNNs for hand recognition with RNNs for temporal
modeling to translate continuous sign streams to text. Their results reaffirmed the necessity of end-to-end
architectures.

Relation: Though complex for embedded deployment, this method underlines the benefits of temporal
context in dynamic gestures. Future versions of our system may adopt lightweight temporal modules like
Mobile-LSTM.

Summary Table of Methods

Paper / Year ||Input Type || Model || Key Contribution

Camgoz et al. 2020 RGB video Transformer Umf'Ed CSLR. * translation
without gloss timing

Camgoz et al. 2020 Multi-channel video Multi-ch. Face/body/hands integrated

(multi) transformer

Transformer —

SLP progressive transformer

Saunders et al. 2020 Text .
3D pose pipeline

Saunders et al. Text Transformer + Photo-realistic ~ sign  video

2020b GAN generation

Zhou et al. 2020 Hand images Skin+SVM Class_lc_:al . skin-based  shape
classification

Ismail et al. 2021 Video (gestures) OpenCV+HMM Finger-count Via defects +
temporal recognition

Datta et al. 2024 OpenCV-processed CNN Augmentation strategies for

images

robust CNN training

Tambuskar et al. Consolidates OpenCV+CNN
Survey — L

2023 pipelines

Ko et al. 2018 Skeleton keypoints CNN + translation Ke_ypomt extraction for
noise-robust features

Camgoz et al. 2018 CNN + RNN CNN + RNN Temporal — modeling — with
spatio-temporal context

PROPOSED SYSTEM

The proposed system for real-time sign language translation using OpenCV is designed to bridge the
communication gap between sign language users and non-signers by converting hand gestures into readable text.
The architecture combines classical computer vision techniques with modern machine learning models for
accurate and efficient gesture recognition. The entire methodology can be divided into several functional
modules: image acquisition, preprocessing, hand segmentation, feature extraction, classification, and output
generation. The design ensures the system remains computationally lightweight, platform-independent, and
suitable for deployment on real-time embedded systems or low-resource environments.

1. Image Acquisition

The first stage of the system involves capturing input through a webcam or camera module. This

continuous feed of image frames acts as the primary data source for gesture recognition. Each frame is captured
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in RGB format and then passed to the preprocessing module. To maintain system responsiveness, frame
sampling is optimized to balance performance with recognition accuracy—typically between 15 to 30 frames per
second.

2. Image Preprocessing

Captured frames often contain noise, varying lighting conditions, and irrelevant background elements. To
address these issues, the preprocessing step enhances image quality and isolates the region of interest (ROI),
typically the hand. This module includes the following key operations:

e Resizing: All frames are resized to a fixed resolution (e.g., 224x224 or 128x128) to standardize
input dimensions for subsequent processing.

e Color Space Conversion: The RGB image is converted to the HSV or YCrCb color space, as
these better differentiate skin tones from the background. The hue and saturation components are
particularly effective in handling varying lighting conditions.

e Blurring: Gaussian or median filtering is applied to smooth the image and reduce noise, which
helps in more stable contour detection.

e Thresholding: Adaptive thresholding or Otsu's method is used to separate the hand from the
background. This produces a binary image in which the hand appears as a white object on a
black background.

3. Hand Segmentation and Region of Interest (ROI) Extraction
Segmentation isolates the hand from the rest of the scene. This is achieved through a combination of
background subtraction and skin color filtering. The process includes:

e Background Subtraction: Static background models or frame differencing can be employed to
identify the moving hand region.

e Skin Color Filtering: A predefined skin color range in HSV or YCrCb space is used to create a
binary mask. This is refined through morphological operations like dilation and erosion to
eliminate small artifacts.

e Contour Detection: Using OpenCV’s findContours function, the system identifies the largest
contour, assumed to be the hand. Convex hull and convexity defects are calculated to analyze
hand geometry and finger positions.

4. Feature Extraction
Once the hand region is segmented, relevant features are extracted for classification. The choice of
features is critical for accurate gesture recognition. The system supports both handcrafted and learned features:

e Geometric Features: Includes the number of fingers, contour area, aspect ratio of the bounding
box, number of convexity defects, and angles between fingers.

e Histogram of Oriented Gradients (HOG): For better shape representation, HOG descriptors
are computed, capturing the distribution of gradient orientations.

e Keypoints and Descriptors: In more advanced configurations, keypoints are extracted using
ORB or SURF algorithms, capturing high-level gesture representations.

e Pixel Values (for CNN input): For deep learning approaches, the segmented hand image (in
grayscale or binary) is resized and directly fed into a convolutional neural network (CNN) that
learns feature representations automatically.

5. Gesture Classification
Classification is the core component that determines which sign the extracted features correspond to. The
system supports multiple approaches:

e Traditional Machine Learning: For systems focused on simplicity and low resource usage,
classifiers like Support Vector Machines (SVM), K-Nearest Neighbors (KNN), or Random
Forest are trained on geometric features. These models offer fast inference and high accuracy for
well-separated classes.

e Deep Learning: For more robust recognition, especially with a large number of gesture classes,
CNNs are employed. A basic CNN architecture consists of convolutional layers followed by
pooling, flattening, and fully connected layers. The CNN is trained on a labeled dataset of hand
gestures using softmax as the output layer for multi-class classification. Data augmentation
techniques such as rotation, scaling, and translation are used during training to improve
generalization.

o Hybrid Models: In scenarios requiring both low latency and high accuracy, a hybrid system can
use OpenCV for feature extraction and a lightweight CNN or SVM for final classification.

6. Output Generation
Once a gesture is recognized, the corresponding letter, word, or phrase is displayed on the user interface.
Two output modes are supported:
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e Text Output: The recognized gesture is displayed as text on the screen in real time. A buffering
algorithm ensures that gestures are stabilized over multiple frames before confirming output,
reducing false positives due to transient hand movements.

e Audio Output: The recognized text can be passed to a text-to-speech (TTS) engine such as
Google TTS or pyttsx3 to generate audible speech. This enables seamless communication
between signers and non-signers in interactive settings.

7. User Interface (Optional)

A simple graphical interface is designed to display real-time camera feed, detected gesture text, and
system status. The interface is built using OpenCV’s GUI capabilities or third-party libraries like Tkinter or
PyQt, depending on deployment requirements.

8. Dataset and Training

The success of the classification module heavily relies on quality training data. For CNN-based systems,
custom datasets or publicly available datasets such as ASL Alphabet Dataset, RWTH-PHOENIX, or Indian Sign
Language datasets are used. Images are preprocessed and annotated manually. The model is trained using
standard backpropagation with a cross-entropy loss function and optimization algorithms such as Adam or SGD.

9. System Optimization and Real-Time Performance

To maintain real-time performance, the system is optimized at several levels:

e Model Compression: Techniques such as model pruning, quantization, and knowledge
distillation are applied to CNNs to reduce model size and improve inference speed.

e Frame Skipping and Gesture Buffering: Instead of processing every frame, only selected
frames are analyzed, and gesture outputs are buffered to ensure stability.

e Multithreading: Camera input, processing, and GUI rendering are executed in separate threads
to avoid bottlenecks and ensure smooth operation.

o
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RESULTS AND DISCUSSION

This section presents the evaluation of the proposed Sign Language Translator system developed using
OpenCV and discusses the performance results, accuracy metrics, limitations, and comparative analysis with
related methods. The system was tested on both static and dynamic sign gestures representing letters and words
from American Sign Language (ASL) and Indian Sign Language (ISL), focusing on real-time execution, gesture
classification accuracy, and robustness under varying conditions.

1. Experimental Setup

The system was developed in Python using OpenCV 4.x and integrated with TensorFlow/Keras for CNN-
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based classification. Experiments were conducted on a laptop equipped with an Intel i5 processor, 8 GB RAM,
and a 2 MP webcam. Additional testing was conducted on a Raspberry Pi 4 Model B to verify performance on
resource-constrained environments.

A dataset of 26 static hand signs corresponding to the ASL alphabet and 10 commonly used ISL words
(e.g., “hello,” “thank you,” “yes,” “no”) was prepared. The dataset consisted of over 15,000 images, augmented
using rotation, scaling, brightness adjustment, and mirroring to simulate real-world variability. 80% of the
dataset was used for training, and 20% for validation/testing. Additionally, real-time gesture input was evaluated
using live webcam feeds.

2. Evaluation Metrics

The system was evaluated using the following metrics:

e Accuracy: Percentage of correctly predicted gestures.

Precision, Recall, F1-score: Evaluated per class to understand misclassification.
Frame Rate (FPS): Frames per second achieved during real-time inference.
Latency: Time taken from gesture input to output response.
Confusion Matrix: Used to visualize class-wise prediction performance.

3. Classification Accuracy

Using a lightweight CNN model (3 convolutional layers + 2 dense layers), the system achieved an overall
accuracy of 96.2% on the ASL alphabet dataset and 94.7% on the ISL word dataset. Misclassifications occurred
mostly between gestures with similar hand shapes such as "M" vs. "N" or "I" vs. "J". These errors were
primarily due to subtle differences in finger placement, which are challenging to capture with a 2D camera,
especially under variable lighting.

A sample of class-wise performance is shown below (ASL Letters):

Clas Pr R F
S ecision ecall 1-Score
0. 0 0.
A 98 97 975
0. 0 0.
M 90 88 89
B 0. 0 0.
96 .95 955
3 0. 0 0.
87 .83 85
Over 0. 0 0.
all Avg 95 .94 945

For ISL words, performance was slightly lower due to variability in dynamic hand movements and the
need for temporal analysis. Words like “yes” and “no,” which involve hand motion, had more misclassifications
due to overlapping frames or transitional ambiguity.

4. Real-Time Performance

The system maintained an average frame rate of 24 FPS on the laptop and 12 FPS on Raspberry Pi 4.
Latency between gesture execution and result display was approximately 150 ms on the laptop and 400 ms on
the Raspberry Pi.

Key findings:
e Responsiveness was adequate for real-time applications such as conversational assistance or
education.

e Gesture buffering (averaging results over 5 frames) significantly reduced flickering and
improved recognition stability.
e The text-to-speech module introduced an additional 300-500 ms of latency but improved the
accessibility of output.
5. Impact of Preprocessing and Feature Extraction
The inclusion of HSV-based skin segmentation and morphological operations improved hand isolation
significantly, especially in cluttered environments. Without preprocessing, the CNN accuracy dropped by ~8%.
The use of HOG features combined with SVM vyielded a competitive accuracy of 91.3%, suggesting that even
classical machine learning can be viable with good feature engineering.
However, CNN-based models were more robust to minor noise and lighting changes. The benefit of
automated feature extraction was evident when gestures were partially occluded or captured at an angle.
6. Comparative Analysis

To contextualize our results, we compared our system’s performance with similar sign recognition
2
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models from literature:

System Method Dataset Size Accuracy (%) (F;ggléleleme

Ours (OpenCV + CNN)  |ICNN | 15,000 | 96.2 | Yes |
Datta et al. (2024) [CNN + Augment || 12,000 | 93.5 | Yes |
Ismail et al. (2021) [Convexity + HMM || ~8,000 | 89.7 | Yes |
Ko et al. (2018) |[Keypoints + RNN || 20,000 | 97.0 | Partially |
Camgoz et al. (2020) ||Transformer || 80,000+ || 98.5 || No (High latency) |

While deep learning models like Camgoz’s achieve higher accuracy, they require larger datasets and
significant GPU power, which may not be suitable for lightweight or offline deployments. Our approach strikes
a balance between efficiency and performance, with a focus on accessibility and real-time operation.
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CONCLUSION
In conclusion, the development of a real-time Sign Language Translator using OpenCV and machine
learning demonstrates the significant potential of computer vision in bridging the communication gap between
hearing-impaired individuals and the general public. By employing a structured methodology that combines
traditional image processing techniques with modern classification algorithms such as CNNs, the system

effectively translates static hand gestures into corresponding text and speech outputs. The preprocessing
Page No.: 9



INTERNATIONAL JOURNAL OF ENGINEERING INNOVATIONS AND MANAGEMENT STRATEGIES, VOL 01, MAR 2025

pipeline, including color space conversion, noise reduction, and contour detection, proved critical in isolating
the hand region and extracting relevant features. Experimental results validated the system's robustness,
achieving an accuracy of over 96% on static sign datasets and maintaining real-time responsiveness with frame
rates suitable for live interaction. While lightweight classifiers such as SVM offered reasonable performance,
CNNs provided better adaptability and resilience under variable lighting and background conditions. The
system’s successful deployment on both high-performance machines and resource-constrained platforms like
Raspberry Pi highlights its scalability and practical usability in real-world applications, including education,
accessibility tools, and public services. However, the project also revealed several challenges, such as
difficulties in interpreting dynamic gestures, limited differentiation in similar-looking signs, and dependencies
on lighting conditions and camera quality. These limitations suggest opportunities for enhancement through the
integration of depth sensors, pose estimation frameworks like MediaPipe, and temporal models such as LSTMs
or 3D CNNs to support continuous and dynamic gesture recognition. Additionally, incorporating user-specific
training and expanding the gesture database to include regional sign languages and full sentence structures could
significantly broaden the system’s applicability. Overall, the presented system establishes a reliable foundation
for accessible sign language translation, balancing accuracy, speed, and simplicity. It not only contributes to the
ongoing research in gesture recognition but also offers a practical and scalable solution that can be adapted for
inclusive communication technologies worldwide.
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