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ABSTRACT: The purpose of this research is to design a system using machine learning to automate sign language
gesture recognition and facilitate unproblematic interaction between the hearing/speech impaired community and
society as a whole. This research works towards solving the communication disability faced by the deaf and mute
community through a computer vision framework for recognizing hand gestures and mapping them to relevant text or
speech. The work employs a rich dataset of static American Sign Language (ASL) hand signs and uses Convolutional
Neural Networks (CNNs) for efficient feature extraction and gesture classification. The suggested model is trained and
evaluated on a huge collection of labeled gesture images and exhibits high accuracy with robust generalization to novel
data. One of the primary contributions of the work is the implementation of the trained model into an interactive, real-
time graphical user interface developed with Python's Tkinter library. The interface captures live input from a webcam,
processes each frame to identify gestures, and shows the identified character on the screen. The results of the evaluation
confirm the ability of CNNs to accurately identify ASL alphabets with little delay. The proposed system presents an
effective and scalable approach towards real-time sign language interpretation, supporting inclusiveness and
accessibility of the disabled community. The present research also creates a scope for extension in development, i.e.,
inclusion of dynamic gesture detection and portability to mobile or embedded platforms to provide enhanced use in
real-life situations.

KEYWORDS: Sign Language Recognition, Convolutional Neural Networks, American Sign Language, Real-Time
Gesture Detection, Human-Computer Interaction

L. INTRODUCTION

Sign language is the primary means of communication for individuals with speech and hearing impairments. With
limited public proficiency, they often rely on interpreters, who are not always available or affordable. An automated
Sign Language Recognition (SLR) system would be able to effectively translate gestures, facilitating communication
barriers[1] and improving social integration. SLR systems require huge data to translate sign languages appropriately,
which consist of extremely intricate regional variation of grammar and vocabulary. It becomes difficult to implement a
global model because of its complexity, and localized SLR models are more effective. SLR systems transform Human-
Computer Interaction using gesture recognition, bridging sign language speakers to society. Machine learning methods
for creating these systems are presented in this paper.

II. INTELLIGENT SIGN LANGUAGE RECOGNITION USING MACHINE LEARNING

An intelligent Sign Language Recognition (SLR) system identifies hand gestures, facial expressions, and posture to
interpret signs. As a signer stands before a camera, the gestures of the signer are recognized by the interpreter model to
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deliver messages to non-signers. The model requires extensive pre-training over many datasets for high accuracy.
Image size can differ depending on the concept. Figure 1 shows the system processing input through stages to
recognize the sign. The SLR model has difficulty with the irregular hand movement, occlusion, changing signing
speeds, and non-uniform lighting, which impair the accuracy of recognition.

System Architecture of Real-Time Sign Language Recognition using CNN
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Figure 1 -System Architecture
A. Preprocessing

Preprocessing is the first step in a Sign Language Recognition (SLR) system, wherein image quality is enhanced by the
elimination of blurring, noise, and lighting problems. The accuracy of recognition is increased by brightness correction
and conversion to grayscale to better define edges and contours for gesture analysis. J. Singha and A. Karen Das
(2013)[4] used three preprocessing techniques: skin segmentation, eigenvector extraction, and classification using the
Euclidean Distance metric. [llumination[5] variation is one of the most significant issues in SLR systems that influence
performance. In order to address this, R. Gross and V. Brajovic implemented an algorithm[5] that constructs a
brightness field from a reference frame in order to normalize brightness under varying lighting, which improves
recognition accuracy.

emall

dateRegistered

loginTimestamp

Figure 2 - UML diagram for the system
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B. Segmentation

Segmentation in Sign Language Recognition (SLR) separates an image into tiny sub-regions according to shared
features such as texture or color to derive meaningful information. Sub-regions are the original image and are most
crucial for effective feature extraction. Hand segmentation in SLR is a significant process because hand movement
supplies essential information during gesture recognition. Traditional segmentation methods are color-based,
thresholding, and edge-based segmentation depending on the type of image and processing requirements. 2D grayscale
and 3D RGB images are both segmentable to identify boundaries. Different segmentation techniques and their
effectiveness in separating hand movement for proper recognition are discussed in this paper.

Colour Based segmentation

Segmentation of the hand is significant in hand recognition for SLR systems and can be accomplished using techniques
such as color-based segmentation, thresholding, and edge detection. A glove-free method of segmentation was
proposed by Paulraj et al.,[8] optimized through instructions given to the signers on what clothing to wear. Tofighi et
al. suggested an adaptive histogram template with skin color and texture for effective hand extraction, though it does
not perform well with complicated backgrounds. Pansare and Ingle's[11] framework includes noise elimination,
morphological processing, skin detection, and grayscale thresholding for proper hand segmentation. They also created a
skin segmentation model based on SVM active learning and Kalman filters for better tracking. Zieren and Kraiss[14]
developed a person-independent system based on statistical models of color for skin detection, but it is troubled by
cluttered backgrounds, which may be overcome by incorporating a probability threshold for different skin colors and
lighting.

Edge-based segmentation

Threshold-based segmentation works well under optimal lighting but can cause size biases and edge distortions. Edge-
based segmentation improves feature extraction but struggles with noise, leading to incorrect or missed edges[15]. To
address this, newer SLR models use advanced edge detection. Hemayed[16] and Hassanien's Arabic Sign Language
Recognition model uses the Prewitt edge detector to preserve important edge details for better gesture distinction.
Similarly, Prasad et al.'s[17][18] hybrid model combines morphological subtraction and Canny edge detection to refine
hand and face segmentation and improve recognition accuracy.

C. Feature Extraction

Preprocessed images have high dimensionality, and hence classification is expensive. Feature extraction decreases
dimensionality without sacrificing important information and produces a concise data representation that improves
classification efficiency and prediction accuracy. Feature selection chooses relevant features but might lose useful
information. Feature extraction retains useful information and reduces dimensions. Features of images are termed as
important, useless, or redundant[19] and highlight the most informative to enhance recognition and performance.

PCA

PCA is a prevalent unsupervised feature extraction method used extensively, ideal to handle redundant data. PCA
converts high-dimensional data into lower-dimensional space retaining the significant variations and patterns. PCA
makes dimensionality reduction possible by eliminating the less significant principal components, enhancing
computational efficiency and classifying performance by focusing on the significant features.

Convex Hull

Convex hull is an important image processing method applied for its flexibility and strength, particularly applied in
sign language recognition (SLR). It finds and links the most distant points of an object to create a convex area[20]
employed for subsequent analysis. In SLR systems, convex hull is employed to track finger and palm orientations—
important for hand gesture recognition[21]. By defining hand features such as fingertips and edges, it assists in correct
gesture recognition, with each finger processed individually to enhance model accuracy.
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D. Classification

Classification entails the examination of images and the classification of these images under predefined labels. In SLR
systems, it discovers the appropriate sign from a list of gestures and anticipates new signs based on established models.
Classifiers differ through learning methods—some are statistical models, others deep learning. Supervised classifiers
such as SVM, Decision Trees, and ANN employ labeled data, while unsupervised classifiers such as K-Means cluster
signs without labels. Deep learning algorithms like CNNs automate feature extraction and enhance accuracy by
identifying intricate patterns, allowing real-time recognition. The classifier choice relies on dataset size, computational
power, and gesture complexity. Good classification enhances SLR systems, facilitating bridging of communication
gaps for the hearing and speech impaired.

Lazy learner classifier

Lazy learners don't build a model during training but store all data and classify new inputs by comparing them to past
instances. KNN, a common lazy learner, assigns labels based on the majority of nearest neighbors. Case-Based
Reasoning (CBR) reuses similar past cases to solve new ones. Though slow at prediction time, lazy learners are flexible
and adapt easily to new data without retraining.

Figure 3 - Hand signs used in ASL
K- Nearest Neighbour

KNN is a general-purpose classification algorithm and can be applied to regression too. KNN classifies images based
on similarity of feature vectors by means of distance metrics such as Euclidean, Cosine, Minkowski, or Chi-Square. In
multimodal applications, KNN proves to be highly effective. KNN creates clusters by voting by the K-nearest
neighbors by distance. Computational cost can be reduced with a subset dataset or fast-KNN. KNN is good to use in
image-based applications using local features[26].

Eager Learning Classifiers

Eager learners construct a generic model from training data prior to exposure to test data, enabling quick predictions
but using more resources and time at training. They are different from lazy learners, who can have difficulties with
handling new or changing data. Popular eager classifiers are Decision Trees, SVMs, ANNs[27], and Naive Bayes. They
are suitable for real-time applications such as medical diagnosis and fraud detection but are very dependent on pre-
trained data, which can hamper adaptability.

IJIRSET©2025 | AnlISO 9001:2008 Certified Journal | 9012



http://www.ijirset.com/

L\

ﬂ“g‘: International Journal of Innovative Research of
[FI[:IJ 4§ Science, Engineering and Technology (IJIRSET)

Impact
Factor

8.699

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|
Volume 14, Issue 4, April 2025
|DOI: 10.15680/IJIRSET.2025.1404454|

Support Vector Machines

Support Vector Machines (SVMs) find extensive applications in object and image recognition, particularly in cluttered
environments[28]. SVMs operate on the principle of identifying best hyperplanes[29][30] that differentiate data classes.
Training with a balanced dataset of positive and negative samples increases precision. SVMs are robust against noise
and function well in tasks such as hand and face detection, even in diverse lighting and backgrounds. They also
categorize color images in formats such as RGB and CMYK, where color histograms[32] assist in extracting patterns
for precise recognition.

Decision Tree

A decision tree classifier is a tree model that divides data by a divide-and-conquer strategy, creating branches until a
stopping criterion—such as max depth or no improvement in performance—is reached. It begins with a root node
selected by information gain and proceeds to split according to feature values until leaf nodes with final choices are
reached. While useful, decision trees have the tendency to overfit training data. This can be solved by employing pre-
pruning (depth limiting) or post-pruning (removing redundant branches) to enhance generalization and performance in
the real world.

Naive Bayes

Naive Bayes classifier is a probabilistic model based on Bayes' theorem under feature independence assumption for
simplification. It is therefore efficient and scalable and suited for use in applications such as sentiment analysis, text
classification, and spam filtering. However, it is plagued by the zero probability problem where attributes with zero
probability cannot be predicted. This can be solved using Laplace smoothing, which ensures probabilities are never
ZEero.

ANN

Artificial Neural Networks (ANN) are employed for pattern recognition, such as sign language recognition (SLR).
They have an input layer, hidden layer(s), and output layer. The hidden layer acquires features by changing the weights
and biases while training. When complexity grows, more hidden layers are included, resulting in deep learning models.
This enhances accuracy but also rises in computational cost, training time, and complexity.

Experimental setup

The SLR model was tested with four candidates performing hand gestures under controlled conditions with stable
background and lighting. Each candidate performed gestures for numbers 1 to 5 five times for consistent data. The
preprocessing phase involved background removal and contour-based segmentation, followed by feature extraction
using the convex hull method. Gesture classification was done with K-Nearest Neighbors (KNN) and Euclidean
Distance. The model's performance was evaluated based on correct gesture identification, showing higher accuracy for
numbers 1 and 2. The overall accuracy was 65%, indicating potential for improvement in feature extraction and
classification methods for better performance with other gestures.
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Figure 5 - High level DFD for the system

Candidate Numbers
0 1 2 3 4 5
A 3 4 4 3 3 2
B 4 4 4 2 2 3
C 3 5 3 4 3 3
D 2 4 4 4 3 2

TABLE 1: SUCCESSFUL ATTEMPTS OF EACH CANDIDATE
III. CONCLUSION AND FUTURE WORK

For the computer SLR system to be effective in usability, it must have the capability to detect gestures in real-world
contexts. This paper provides a summary of a machine learning-based SLR model, where various algorithms are
employed at each stage to extract maximum information with minimal computational expense. The study applied the
convex hull method as the feature extraction approach, resulting in an accuracy rate of 75%. Enhancements in
performance could be achieved by leveraging a larger dataset and trying out different classifiers. Although the model
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currently focuses on identifying and recognizing individual signs, future developments could allow for the recognition
of continuous sign language, thus increasing its practicality for real-world applications.
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