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I. INTRODUCTION 

Sign language is one of the prominent methods of communication used by people with hearing or speech disabilities [1]. 

The absence of widespread knowledge of it gives rise to barriers of communication in education, healthcare, and public services. 

The Automated Sign Language Recognition (SLR) system allows easy interaction with signs. Vision-based SLR is quite popular 

because cameras are everywhere, making it a non-intrusive method. But the variation in the shape of hands, clutter in the 

background, or variations in the lighting environment as well as rotational variations of the gesture make designing a robust system 

difficult [2]. In order to counter these challenges, this paper proposes and uses Zernike Moments (ZM). ZM are orthogonal and 

rotation invariant and hence ideal for recognizing static hand gestures [3]. This paper proposes and investigates the use of various 

machine learning models for classification in relation to static signs such as alphabet gesturing. 

 

 
Fig1: Hand Sign Language Images 

 

  II.METHODOLGY 

This experiment is perform on custom Indian Sign Language (ISL) dataset, that comprises 26 unique signs, collected using 

an RGB camera. Each sign class in the dataset is represented by a total of 550 images [4]. 

 

 

Abstract: Sign Language Recognition (SLR) Systems bridge the communication gap between speech/hearing-impaired individuals and 
people. A critical challenge in SLR is creating robust and computationally efficient feature extraction methods that can handle variations in 
scale, rotation, noise, illumination, and hand shape. This paper proposes a vision-based static sign language recognition framework using 
Zernike Moments, a set of orthogonal shape descriptors known for their rotation invariance and noise tolerance. The extracted feature vectors 
are classified using Support Vector Machine (SVM), and Random Forest method. Experimental results demonstrate that the Zernike Moment-
based system achieves recognition accuracy of up to 98%, proving its effectiveness for lightweight, real-time SLR applications. 
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Fig2: Flow diagram of Hand Sign Language Recognition working procedure. 

 
III.REPROCESSING 

Preprocessing is a very important step in hand sign language recognition to increase the quality of input images and hence 

assure reliable feature extraction. During this step, the captured hand sign image is first converted into a proper format; this usually 

involves resizing and converting to a grayscale image to reduce computational complexity. Noise-mediating illumination or 

background clutter is filtered off using median filters. A median filter is one of the nonlinear spatial filtering techniques used to 

suppress noise and reduce local illumination variations in digital images [5] while preserving edge information. Let an input image 

be considered as f(x, y). The median-filtered output g(x, y) is determined by replacing each pixel value with the median of gray-

level intensities in a local neighborhood W(x,y) of size m×n centered at pixel (x, y) which can be mathematically expressed as 

𝑔(𝑥, 𝑦) = 𝑚𝑒𝑑𝑖𝑎𝑛({𝑓(𝑖, 𝑗)|(𝑖, 𝑗) ∈ 𝑊(𝑥,𝑦)}   (1) 

Unlike linear filters, the median operation is resistant to outliers created because of impulse noise and changes in 

illumination, thereby effectively removing local changes in brightness without blurring edges [6]. This makes it commonly used 

in preprocessing techniques to improve image quality and accuracy in other operations such as segmentation in image recognition 

because it can work effectively in removing unwanted features. 

 

 
 

 

 

 

 

 

 

 
 
 
 

Fig 3:  Noise Removed and Enhanced Hand Images 

 

Further, image segmentation is carried out to segment the region of the hand from the background, which generally 

involves thresholding or skin color detection techniques. Then morphological operations such as erosion and dilation are applied 

to refine the shape of the hand and fill up gaps and eliminate small, redundant areas. Finally, edge detection or contour extraction 

may be performed to highlight the boundaries of the hand in the clean and normalized image that is very appropriate for feature 

extraction with high accuracy and subsequent classification. 

 

Convex Hull And Segmentation: 

Convex hull–based segmentation is a shape-based technique used to represent and analyze the geometric structure of a 

hand region after binary segmentation [7]. Let the segmented hand image be denoted as a binary imageB(x, y), where foreground 

pixels correspond to the hand region. The set of all foreground pixel coordinates is defined as 

 

S=({(x,y)│B(x,y)}=1)                 (2) 
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The convex hull CH(S) is the smallest convex set that completely encloses S and is mathematically expressed as 

 

𝐶𝐻(𝑆) = 𝑥
𝑖=1

𝛼𝑖𝑝𝑖|𝑝𝑖 ∈ 𝑆, 𝛼𝑖 ≥ 0, 𝑥
𝑖=1

𝛼𝑖 = 1                (3) 

 
In the process of hand sign segmentation, the convex hull effectively fills the gap by providing smooth boundaries for the 

shapes of the hand signs, thereby expanding the concave portions between the fingers. The difference between the convex hull and 

the original image obtained from the segmentation clearly distinguishes the concave portions, which helped in dividing the fingers 

and shape identification. 
 

 

 

 

 

 

 

 

 

 

 
Fig 4: Convex Hull of Hand 

Convexity Features: 
The use of convexity features is quite prominent in hand sign language recognition systems [8]. The process of identifying 

the shape of the hand using convexity features is achieved by the calculation of the convex hull of the processed binary image of 

the hand, which is the smallest convex polygon covering the hand region. The calculation of the difference between the actual 

shape of the hand and the convex shape results in shape descriptions such as convexity defects. The convexity defects signify the 

concavity in the hand region where the fingers and palms reside, giving hints on the number of fingers and palms, their depth, and 

their arrangements, thus helping in the identification of hand signs. Other measures using convexity include the calculation of the 

convex hull area, hand solidity (given by the ratio of the hand area to the convex hull area), perimeter difference, and the estimation 

of the finger count. The measures are quite efficient in recognizing stationary hand signs because the mentioned method is 

independent of scale variations but moderately independent of rotation. 

 

Zernike Moments Based Features: 

In hand sign language recognition, Zernike moments have been used as shape descriptors to extract distinctive features 
from the segmented images of the hands [9]. After the preprocessing step, the hand image undergoes binary hand segmentation. 

The next step involves the normalization of the segmented hand image to the unit disk defined by the equation (x^2+y^2≤1). 

Zernike polynomials are used to determine the Zernike Moments [10]. 

 

A. Zernike Polynomial 

The Zernike polynomial is expressed as: 

𝑉𝑛
𝑚(𝑟, 𝜃) − 𝑅𝑛

𝑚(𝑟)𝑒𝑗𝑚𝜃   (4) 

 

Where 𝑟 and 𝜃 are the polar coordinates inside the unit circle  (0≤r≤1),n≥0,|m|≤n and n-|m| is even. 

 

B. Radial Polynomial 

𝑅𝑛
𝑚(𝑟) =   

(−1)𝑘(𝑛−𝑘)!

𝑘!
𝑛+|𝑚|

2
−𝑘!

𝑛−|𝑚|

2
 −𝑘 !

𝑘=0
(𝑛−|𝑚|/2)

𝑟𝑛−2𝑘     (5) 

 

C. Zernike Moment Definition 

The Zernike moment of order n and repetition m is a complex-valued shape descriptor defined over the unit disk using 

Zernike orthogonal polynomials. For a given image intensity function f(x, y), the Zernike moment Zn
m is mathematically defined 

as 

𝑍𝑛
𝑚 =

𝑛+1

𝜋
 𝑥2 + 𝑦2 ≤ 1𝑓(𝑥,𝑦)𝑉𝑛

𝑚∗(𝑟,𝜃)             (6) 

 

The magnitudes |Zn
m| are used as rotation-invariant features. 

Where,  Vn
m∗(r, θ)is the Zernike polynomial of order n and repetition m,  Vn

m∗(r, θ) denotes the complex conjugate of the 

Zernike polynomial, and  n ≥ 0, |m| ≤ n, n − |m| is even. 

 

D. Feature Vector Formation 

The extraction of the feature vector via the Zernike Moments method is an efficient technique used to describe the shape 

features of an object in an image, particularly in hand sign language recognition. The Zernike moments are determined by a set of 

complex orthogonal polynomials, which are defined on a unit disk and have negligible redundancy. 
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The set of magnitudes computed for selected orders and repetitions forms the feature vector: 

 

𝐹 = |𝑍𝑚1
𝑚1| |𝑍𝑚2

𝑚2|  |𝑍𝑚3
𝑚3| … . . |𝑍𝑚𝑛

𝑚𝑛|            (7) 

 

This feature vector represents the compact global shape of the hand sign and is also invariant to noise, minor segmentation 

errors, and changes in orientation. Hence, feature vectors based on Zernike moments are best for application to recognition and 

classification tasks in hand sign languages. 

 

IV.CLASSIFICATION AND PERFORMANCE ANALYSIS 

Once the discriminative features are derived from the hand sign images, machine learning classifiers are utilized to classify 

the different hand signs. The feature vectors obtained after extraction are represented as a feature matrix X∈RNxd, where Y contains 

the class labels. Supervised classifiers Support Vector Machine (SVM) learn from the examples. The dataset is split into train, 
validation, and test datasets. The network is trained with the backpropagation algorithm as it works towards minimizing the error 

of classification. The network with the best performance avoids overfitting. The validation error is defined as: 

 

𝐸𝑣𝑎𝑙 =  
1

𝑁𝑣𝑎𝑙     𝑖=1

    𝑁𝑣𝑎𝑙
 (𝑦𝑖 − 𝑦̂𝑖)

2     (8) 

 

Where yi and ŷi denote the actual and predicted class labels of the validation samples, respectively. The epoch 

corresponding to the minimum validation error represents the optimal trained model. 

 

 
Fig 5: Best Validation Performance 

 

The results of the classification accuracy will be analyzed by error histogram, where the error histogram shows the error 

distribution for the target variables and the network outputs. The error vector can be defined as 

 

Err=y- 𝑦̂     (9) 

 

Where y represents the target output vector, and 𝑦̂ represents the estimated output vector. The errors are then used to plot 

the error histogram. This gives the developer an idea of the accuracy of the classifier. A smaller spread of errors around zero 

represents a good classification performance. 

 

 
Fig 6: Error Histogram 
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To test the discriminative capability of the classifier, a Receiver Operating Characteristic (ROC) analysis is performed. 

The ROC Curve is used to plot the True Positive Rate (TPR) against the False Positive Rate(FPR) and can be defined as 

 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 𝑎𝑛𝑑 𝐹𝑃𝑅 =

𝐹𝑃

𝐹𝑃+𝑇𝑁
     (10) 

 

The Area Under the Curve (AUC) is used as a criterion measure regarding classification performance, an ideal result 

having an AUC close to 1 indicating a high level of separability between hand signs. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig 7: ROC curve of Validation and Testing 

 

The combine validation of best validation error, error histogram, and ROC curve clearly demonstrates the effectiveness 

and reliability of proposed machine learning-based hand sign recognition techniques. 
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