
 Prathmesh Pradip Mane, 2026, 14:3 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752  

 

 

 

© 2026 Prathmesh Pradip Mane, This is an Open Access article distributed under the terms of the Creative Commons Attribution 

License (http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium, 

provided the original work is properly credited. 

International Journal of Science, 

Engineering and Technology 
An Open Access Journal 

Sign Language Recognition System 
Prathmesh Pradip Mane, Omkar Prabhu Gawade, Safin Mubarak Bagawan,  

Mrs. R. R. Jagatap  
Department Of Ai & Ds, Pvpit Budhgaon, India

I. INTRODUCTION 
 

Sign language is the primary mode of 

communication for millions of deaf and hard-of-

hearing individuals globally. Unlike spoken 

languages, sign languages rely on complex visual 

gestures, hand shapes, and facial expressions. The 

lack of widespread knowledge of sign language 

among the general public creates a severe 

communication barrier. 

 

With the rapid advancement of Computer Vision 

(CV) and Deep Learning, automated Sign Language 

Recognition (SLR) systems have become highly 

viable. The goal of an SLR system is to capture visual 

data, extract the relevant features (specifically the 

hand and fingers), and classify the gesture into 

corresponding text or speech. Python, due to its 

extensive ecosystem of data science and CV libraries, 

has emerged as the standard language for building 

such systems. OpenCV provides the necessary tools 

for real-time video capture and fundamental image 

processing, forming the backbone of the SLR 

pipeline. 

 

II. TECHNOLOGY STACK AND PYTHON 

LIBRARIES 
 

The implementation of a robust SLR system requires 

a synergistic combination of several specialized 

Python libraries: 

  

OpenCV (`cv2`): The foundational library used for 

accessing the webcam feed (`cv2.VideoCapture`), 

frame-by-frame image manipulation, color space 

conversions (e.g., BGR to RGB, BGR to HSV), and 

drawing bounding boxes or text overlays on the 

output frame. 

MediaPipe (by Google): A highly efficient 

framework for building multimodal applied ML 

pipelines. For SLR, the MediaPipe Hands module is 

revolutionary. It provides a pre-trained model that 

detects hand landmarks (21 specific 3D coordinates 

on the hand) in real-time with high accuracy, even 

when hands are partially occluded. 

TensorFlow / Keras: Used for building, training, and 

deploying the Deep Learning classification model 

(typically a Convolutional Neural Network or a Multi-

Layer Perceptron). 

NumPy: Essential for handling matrix operations, as 

images processed by OpenCV are represented as 

multi-dimensional NumPy arrays. 

Scikit-Learn (`sklearn`): Utilized for data splitting 

(`train_test_split`), label encoding (`LabelEncoder`), 

and generating evaluation metrics like confusion 

matrices and classification reports. 

 

III. SYSTEM ARCHITECTURE AND 

METHODOLOGY 
 

The proposed SLR system follows a sequential data 

processing pipeline. The architecture is divided into 

four primary phases: 
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Image Acquisition and Preprocessing 

The system initiates by capturing a continuous video 

stream using OpenCV. Because raw webcam frames 

are computationally heavy and contain unnecessary 

background noise, preprocessing is mandatory. 

 

1. Frame Extraction: Loop through the video 

capture object to extract frames. 

2. Frame Flipping: Frames are often flipped 

horizontally (`cv2.flip`) to provide a mirror-like 

experience, making interaction more intuitive. 

3. ROI (Region of Interest) Cropping: To reduce 

computational load, the frame is cropped to a 

square bounding box around the detected hand. 

 

A. Hand Detection and Landmark Extraction 

Instead of feeding raw pixel data directly into a 

classifier, modern SLR systems use a 

"skeletonization" approach via MediaPipe. 

1. Detection: MediaPipe processes the RGB frame 

and returns 21 (x, y, z) coordinates representing 

the joints of the fingers and palm. 

2. Normalization: The absolute pixel coordinates 

are normalized relative to the bounding box of 

the hand. This ensures the system is *translation-

invariant* (the gesture is recognized regardless 

of where the hand is in the frame). 

  

B. Feature Engineering 

To classify gestures (like the American Sign 

Language alphabet), we must convert the 21 3D 

coordinates into useful features: 

Distance Matrix: Calculating the Euclidean distance 

between specific landmarks (e.g., the distance 

between the thumb tip and index finger tip) using 

NumPy. 

Angle Calculation: Calculating the angles of finger 

joints to determine if a finger is extended or curled. 

Coordinate Flattening: Simply flattening the 

normalized (x, y, z) coordinates of the 21 landmarks 

into a 1D array of 63 features. This flattened array 

serves as the input vector for the neural network. 

 

C. Gesture Classification 

The feature vector is fed into a pre-trained Machine 

Learning model. 

Model Choice: While Convolutional Neural 

Networks (CNNs) are excellent for raw image data, a 

Multi-Layer Perceptron (MLP) or Support Vector 

Machine (SVM) is often faster and highly effective 

when using extracted landmark coordinates. 

Activation Function: The output layer uses the 

`Softmax` activation function to provide probability 

distributions across the known gesture classes. 

 

D. Output Generation 

The class with the highest probability is selected. 

OpenCV's `cv2.putText` function is then used to 

overlay the predicted alphabet or word onto the 

original video frame before displaying it via 

`cv2.imshow`. 

 

IV. IMPLEMENTATION SNIPPET (CORE 

LOGIC) 
 

The following pseudo-code illustrates the 

integration of OpenCV and MediaPipe for real-time 

hand tracking: python import cv2 

import mediapipe as mp import numpy as np 

 

Initialize MediaPipe Hands mp_hands = 

mp.solutions.hands 

hands = 

mp_hands.Hands(static_image_mode=False, 

max_num_hands=1, min_detection_confidence=0.7) 

mp_draw = mp.solutions.drawing_utils 

  

Start Video Capture 

cap = cv2.VideoCapture(0) 

 

while cap.isOpened(): ret, frame = cap.read() if not 

ret: break 

 

# OpenCV preprocessing frame = cv2.flip(frame, 1) 

rgb_frame = cv2.cvtColor(frame, 

cv2.COLOR_BGR2RGB) 

 

# Process hand landmarks 

results = hands.process(rgb_frame) 

 

if results.multi_hand_landmarks: 

for hand_landmarks in 

results.multi_hand_landmarks: # Draw landmarks on 

frame using OpenCV 

mp_draw.draw_landmarks(frame, hand_landmarks, 

mp_hands.HAND_CONNECTIONS) 
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# Extract and normalize coordinates for ML model 

landmarks = [] 

for lm in hand_landmarks.landmark: 

landmarks.append([lm.x, lm.y, lm.z]) 

 

flattened_landmarks = 

np.array(landmarks).flatten().reshape(1, -1) 

 

# PREDICTION LOGIC GOES HERE 

# prediction = model.predict(flattened_landmarks) # 

cv2.putText(frame, predicted_letter, (x, y), ...) 

cv2.imshow("Sign Language Recognition", frame) 

  

if cv2.waitKey(1) & 0xFF == ord('q'): break 

cap.release() cv2.destroyAllWindows() 

 

V. CHALLENGES AND MITIGATIONS 
 

1. Lighting Conditions: Varying illumination can 

cause OpenCV thresholding techniques to fail. 

Mitigation: Relying on MediaPipe's robust RGB-

based deep learning models rather than 

traditional HSV color masking. 

2. Occlusion: Fingers crossing over one another 

hide landmarks. Mitigation: MediaPipe 

inherently predicts occluded landmarks based 

on surrounding joint trajectories. 

3. Background Noise: Complex backgrounds 

confuse basic contour detection. Mitigation: 

Utilizing bounding-box normalization ensures 

only the hand's relative geometry matters, 

ignoring the background entirely. 

4. Real-time Latency: Processing HD video frame-

by-frame can cause lag. Mitigation: Resizing 

frames to a lower resolution (e.g., 640x480) using 

`cv2.resize` before processing significantly 

boosts Frames Per Second (FPS). 

 

VI. RESULT 
 

 

 

 
 

VI. CONCLUSION 
 

The integration of Python, OpenCV, and modern 

deep learning libraries like MediaPipe has 

revolutionized the development of Sign Language 

Recognition systems. By shifting from traditional, 

noise-prone image processing techniques (like skin-

color segmentation) to skeletal landmark tracking, 

developers can create highly accurate, light-weight, 

and real-time SLR systems. These technologies 

empower the deaf and hard-of-hearing community 

by providing an accessible, software-based 

communication bridge that requires nothing more 

than a standard webcam. Future work in this domain 

points toward integrating Natural Language 

Processing (NLP) to string classified gestures into 

coherent sentences, further bridging the 

communication gap. 
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