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Abstract 

A strong sign language recognition system can break down the barriers that separate hearing and speaking 

members of society from speechless members. A novel fast recognition system with low computational cost for 

digital American Sign Language (ASL) is introduced in this research. Different image processing techniques are 

used to optimize and extract the shape of the hand fingers in each sign. The feature extraction stage includes a 

determination of the optimal threshold based on statistical bases and then recognizing the gap area in the zero sign 

and calculating the heights of each finger in the other digits. The classification stage depends on the gap area in 

the zero signs and the number of opened fingers in the other signs as well as the sequence in which the opened 

fingers appear for those that have the same number of opened fingers. The conducted test results showed the 

system’s high capability to classify all the digits; where both the precision and F-score percentages of the proposed 

model reached the desired optimal value (100%). 

Keywords: ASL; Global thresholding; Chain coding; Edge detection; Elbow point extraction; Gaps\blots removal 

1. Introduction 

Each society has a slice of deaf or hearing-disability people who have suffered from hard communication with the 

other hearing-ability people living in their society. Most people from this slice tend to use sign language (SL) for 

communication and expressing what they want to say [1]. SL can be defined as an interaction style for hearing-

impaired people through a set of hand gestures, facial expressions or movements corresponding to digits, letters 

and words. There are about three hundred used SLs around the world and the most famous SLs are ASL in which 

only one hand is used to represent a sign, Australian SL, Arabic SL, and Spanish SL [2, 3]. Some SLs require the 

use of both hands to give signs such as Turkish SL [4] and Indian SL [5, 6]. Although the using of a SL facilitates 

the lifestyle of this slice of society, they still suffer from the difficulty of communicating with hearing people since 

the last kind of people are not interested in learning the SLs as a result of the deficiency of standardized form of 

writing in these languages, the large differences between the sign and spoken languages, and low support for SLs 

by technologies of communication [7]. The trend towards finding a technological solution to facilitate the process 

of communication between deaf and hearing people has increased significantly. This solution aims to automatically 

distinguish SL and convert it into sound or text.  

For sign language recognition (SLR), the previous studies focused on using artificial intelligence techniques such 

as Convolutional Neural Networks (CNN) and Connectionist Temporal Classification (CTC). The highest utilized 

method is CNN either alone for example the systems in [8-11] or merging it with another technique for example 

CNN with Bidirectional Long Short Term Memory Layers (BLSTM) [12, 13], CNN with Support Vector Machine 

(SVM) [14], and CNN with random forest classifier [15]. The other utilized method is CTC in combination with 

other methods such as HB RNN [16]. The drawbacks of these methods are the high degree of complexity in 

computations, the requirement of prior training, a need for large quantities of image data for system training 

correctly, and the probability of appearing convergence trouble during training that needs frequent layer adjustment 
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and hyper parameters learning [17, 18]. Therefore, creating models depending on such methods takes a lot of 

effort.   

The alternative technology that many researchers depended it for SLR is digital image processing. Digital image 

processing technology is a technique of using a computer to process information in images including image 

compression [19], enhancement [20], segmentation [21, 22], recognition [23], etc. [24]. The development of image 

processing techniques and pattern recognition applications increases at a high rate. So, these fields represent a 

good solution to build a system that satisfies the communication aim between deaf and hearing people. In [25], the 

authors presented an American SLR system based on Canny Edge and Histogram of Oriented Gradient (HOG) at 

the local feature extraction stage and k-nearest neighbor (K-NN) for classification. The accuracy of the presented 

system was 94.2%, while the 86% recognition rate was obtained in the same research when the authors used a bag 

of features in addition to SVM with k-means for clustering. The same techniques (HOG, and K-NN) have been 

adopted in [26] with system recognition at 94.1% and in [27] where the average recognition rate for the used 

Kaggle and Massy University datasets were 99% and 97% respectively. In [28], the authors utilized the YCbCr 

model for skin segmentation, HOG for feature extraction, and SVM as a classifier for an American SLR. The 

gained accuracy was 89.54%. An American SLR model for sixteen alphabets was introduced as a mobile 

application in [29]. The model utilized both Canny Edge and seed-filling methods for hand segmentation as well 

as speed up robust features (SURF) algorithm at the feature extraction stage and K-means clustering to obtain 

97.1% recognition rate. The model showed false classified signs with a high degree of similarity. In [30], the 

authors used the Scale Invariant Feature Transform (SIFT) method for Indonesian digital SLR and obtained 82% 

recognition rate for a dataset of 100 images.  

This research produces a fast and novel system for recognizing the digits of ASL based on image processing 

techniques and the principle of pattern recognition.  The system includes pre-processing, feature extraction and 

classification processes as explained in section (3). The description of the used dataset is given in section (2). Some 

evaluation results for the efficiency of the system performance are explained in section (4). Section (5) gives some 

conclusions and predictions for the system development in the future.  

2. Dataset 

The used dataset was taken from the "Sign Language Digits Dataset” [31] and it also exists at 

“https://www.kaggle.com/ardamavi/sign-language-digits-dataset”, where the sign images are of small size 

(100x100 pixels) in RGB color space, and there are ten classes (0-9 digits) in the dataset. Forty samples were taken 

for each class and the samples are characterized by different brightness with the presence of rotation and 

displacement of the hand’s location in the samples’ images. The total number of samples in our dataset is four 

hundred samples. 

 

3. System Layout 

 

In this paper, a numeric sign recognition system based on adapted thresholding and the geometrical shape of the 

fingers is proposed. The used image processing techniques of the system including preprocessing, feature 

extraction and classification processes are given in figure 1. 

3.1 Preprocessing Stage 

This stage implies the following steps: 

A. Calculating the Mean and Standard deviation 

 

To detect hand, it is important to select the optimal channel from RGB channels to work with. For best choosing, 

the mean (𝑀) and standard deviation (𝜎) of each channel are calculated using Equations (1 and 2) [32].  

𝑀 =  
1

𝑤∗ℎ
∑ ∑ 𝑐ℎ(𝑥, 𝑦) 𝑤−1

𝑥=0
ℎ−1
𝑦=0                                                                          (1) 

𝜎 = √∑ ∑
(𝐶ℎ(𝑥,𝑦)−𝑀𝑐)2

𝑤∗ℎ

𝑤−1
𝑥=0

ℎ−1
𝑦=0                                                                          (2) 

Where the channel’s value is 𝑐ℎ and 𝑤 ∗ ℎ is the image’s size. 
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Figure 1. A flowchart of the system 

 

B. Applying Global Threshold 

 

Thresholding is a well-known image processing technique that is used to facilitate image analysis, image 

segmentation, feature extraction, or recognition of a region of interest in images while ignoring uninterested 

regions [33, 34]. To calculate the adaptive threshold value (𝑇ℎ), Equation (3) is used. Then, each value of the blue 

channel is compared with the threshold value to generate the binary image using Equation (4). Figure 2 shows the 

generated images by applying Eq.3 and Eq.4 on each channel. The selection of the blue channel gives the best 

result. 

𝑇ℎ = 𝑀𝑐 − 𝑆𝑐 ∗ ∝                                                                                          (3)        

𝐵𝑐(𝑖, 𝑗) = {
1                   𝑖𝑓 𝑐ℎ(𝑖, 𝑗) > 𝑇ℎ 

0                    𝑖𝑓 𝑐ℎ(𝑖, 𝑗) < 𝑇ℎ
                                                        (4) 

 

C. Remove the Surrounding Aura / Shadow 

 

It is obvious from figure 2, the existence of a black aura surrounding the hand region. This black region does not 

contain any benefit value and must be removed. Loop on the image starting from the origin pixel (0, 0) to the last 

pixel in the most right corner. Convert each black pixel to a white pixel. Exit the loop when reaching a white pixel. 

Repeat the process by starting the loop from the last pixel in the most right corner. The effect of this process is 

shown in figure 3. 
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Figure 2. Applying a global thresholding; (a) The original image, (b) Applying the global thresholding process 

on the red channel, (c) Applying the global thresholding process on the green channel, and (d) Applying the 

global thresholding process on the blue channel 

 

D. Gaps\Black Blots Removal 

The operation starts by finding the desired point and then filling the object contours starting from that point. So, 

the white or black gaps removal algorithm consists of two parts. The first part includes finding a starting desired 

value and then checking the connected pixels in four directions until completing the gap, while the second part 

includes the condition that prevents the filling of the white zero's gap or the removal of all black gaps in the image. 

This condition imposes the criteria on the area of the gap that will be removed by restricting it to only a small ratio 

of the total image area. For small black blots removal, the area of these blots must not exceed 0.01, while for the 

white gaps, the changes in the x-axis (∆x)/ the changes in the y-axis (∆y) must be greater than 0.7 and less than 

1.57. This condition shows good results in distinguishing between some samples of nine signs that contain gaps 

and the zero samples since it helps to remove the white gaps of some nine signs because they do not exceed the 

area in the condition because of hand movement where three fingers must be opened. On the other hand, the gaps 

in the zero signs do not satisfy the condition. The other way that can be used is checking the existence of opened 

fingers in nine signs.  Figure 3 shows the effect of applying gaps and blots removal on the image. Figure 3(b) 

shows a sample of nine sign containing a gap. 

 

 
 

Figure 3. Aura and gaps/blots removal; (a) The resulting ‘Zero’ sign image after applying the aura removal 

stage, the black blots, and the white gaps removal stages respectively; (b)  The resulting ‘Nine’ sign image after 

applying the aura removal stage, the black blots, and the white gaps removal stages respectively 

 

E. Region of Interest Allocation 

A region of interest (ROI) has several shapes like a polyline, a polygon and a rectangular shape [35]. A rectangular-

shaped ROI is extracted from the image, which contains the hand area to exclude the white region around the hand 

area at the beginning, and since the feature extraction stage depends on the geometry of the fingers, the lower third 

part of the hand image is ignored.  
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F. Edge Detection 

An adaptive edge detection method is introduced in Algorithm 1. To simplify the algorithm a structured (3x3) 

window is opened on each hand point E(x, y) as explained in figure 4.  

 

 
 

Figure 4. A 3x3 structured window 

 

Algorithm (1): Detect the edge points 

Input: E(): ROI Image (hand points=1, background points=0) 

Output: Edge() Image of Edge Detected hand. 

Step 1: Loop on the image E() 

            Check if E point = 1 (hand point) then  

                  Get the structured values of the explained window in figure 4. 

Check if (E6=1 and E2=0) or (E6=0 and E2=1) then E is an edge point. End if 

End if 

End loop 

Step 2: Loop on the image E() 

            Check if E point = 1 (hand point) then  

                Check if (E0=1 and E4=0) or (E0=0 and E4=1) then E is an edge point. End if 

End if 

End loop 

Step 3: Put the Edge points in a new image.  

Return Edge() 

 

G. Removal of Points Having D4 Neighbors 

Since the geometrical features depend on the extraction of the top and bottom points of the fingers, the existence 

of points that have D4 neighbors on the hand edges will lead to extract spurious top and bottom points. The edge 

points and the points of D4 neighbors are shaded in figure 5. If the edge point and its D4 neighbors have a value 

equal to the hand points, the edge point at the center of the structure must be removed. The two states at the top of 

figure 5 appear in a lot of the selected dataset. Figure 6 shows examples of edge points explained in black points 

and the points of D4 neighbors explained in red points. The colors in figure 6 are used for explanation only.  

 

 
 

Figure 5. The edge point at the center of the structure and its D4 neighbors 
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Figure 6. Examples of edge points with their D4 neighbors 

 

H. Hand Curve Allocation and Chain Coding 

The existence of a gap in the zero sign represents a good characteristic to classify this class. The output of edge 

detection for the zero sign is a hand curve and a hand middle gap, while the output for other signs is a curve of 

hand edges only (see figure 7). First, a start point of the curve at the lower left corner is specified. The determination 

of the start point is done by starting a loop on a tested sample from the lower left corner and checking the first 

existence of an edge point where it does not exceed 0.47 of the image’s width. Then, the eight-neighbor chain 

coding method is used to determine the positions of the curve points and remove the curve from the zero sign 

image. If there are other edge points in the image, the existence of gap will be checked using the eight-neighboring 

boundary filling algorithm to recognize the Zero class (see figure 8). Otherwise, the determined curve points are 

preserved in another image for recognition of the other classes.  

 

 
 

Figure 7. The results of the edge detection process on two samples; (a) A ‘zero’ sign sample; (b) A ‘two’ sign 

sample 

 

 
   

Figure 8. The result of applying the chain coding process on a ‘Zero’ sign image 

 

3.2 Feature Extraction and Classification Stages 

 

A. Gap Area of a Zero Sign 

The eight-neighboring boundary filling method is used to determine the area of the gap. For all tested zero signs, 

this area lay between (0.009 and 0.02) of the total area of the tested image.  

  

B. Calculate the Number of Opened Fingers 
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The other classes are classified according to the geometry of the fingers, and the number of opened fingers (NoF) 

in each sign. To calculate the number of opened fingers, the height of each finger is calculated by taking the 

distance between the maximum top point and bottom point of each finger. The maximum height of all five fingers’ 

heights is extracted to distinguish between the opened fingers and the closed ones. The opened fingers have heights 

that exceed a specific ratio of the maximum height and then the number of these fingers is obtained. It must be 

obvious that 3, 6, 7, 8, and 9 digits have three opened fingers. Hence, the sequence in which the opened fingers 

appear plays a critical role for distinguishing between them. For example, in digit ‘six’ the second, third and fourth 

fingers are opened fingers and have heights that exceed the determined ratio, while the first and last fingers are 

closed fingers and have heights smaller than the ratio. For digit ‘Nine’, the first, second, and third fingers are 

opened fingers, have heights that exceed the determined ratio, while the fourth and fifth fingers are closed fingers, 

and have heights smaller than the ratio and so on.  

The process of identifying the top and bottom points is a challenge because of the existence of a straight line at the 

top of a finger (i.e., many top points for the same finger), the appearance of a spur region at the middle of fingers 

which may lead to the appearance of spurious top points and the sort in which the top and bottom points appear 

where the heights of the fingers are calculated. As well as for the (Three or Five) sign, there is a large concave in 

the curve, between the fourth and fifth fingers in the images of the used data set where many points may wrongly 

be considered as top or bottom points. All these problems are solved in the proposed system. The identification 

process of the top and bottom points is explained in Algorithm 2.  Algorithm 3 explains the process of extraction 

NoF feature. Figure 9 shows the output of applying Algorithm 2 on samples in the utilized dataset where the top 

points were colored in black and the bottom points were colored in red.  

 

 
 

Figure 9. The top and bottom points 

Algorithm (2): Top and bottom points detection 

Input:   E1(): The image contains the Curve points as black points 

Xq(): an array of x-coordinates of the curve points 

Yq(): an array of y-coordinates of the curve points 

K: total number of curve points 

Output: Top(): an array of records (x-position, y-position), 

Bottom(): an array of records (x-position, y-position) 

Step 1: Extract all potential top points. Each top point has a height lower than the two surrounding curve points 

Loop on the image E1() starting from the original point (0,0) 

Loop on curve points  

Check if y-coordinate of the next curve point ≥ y- coordinate of the current curve point  then  

Check if y-coordinate of the previous curve point > y-coordinate of the current curve point  then  

Top()← x and y-coordinates 

Increment counter M // M is the number of top points 

End if 

End if 

https://doi.org/10.54216/FPA.190201
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End loop 

End loop 

Step 2: Eliminate the repetition of top points at the top of the same finger by taking the average of the x-

coordinates of sequential top points that have the same height and the difference between the x-

coordinates is 1. 

Step 3: Eliminate spurious top points.  

Step 3.1: Calculating the distance between each two subsequent top points using: 

𝒅𝒊𝒔 ← √(𝒕𝒐𝒑(𝒊 + 𝟏). 𝒙 − 𝒕𝒐𝒑(𝒊). 𝒙)𝟐 + (𝒕𝒐𝒑(𝒊 + 𝟏). 𝒚 − 𝒕𝒐𝒑(𝒊). 𝒚)𝟐 //i is an //index of top() 

Step 3.2: if the 𝒅𝒊𝒔 is not exceeding 7, replace the two top points with the mid of the coordinates of the two top 

points. Otherwise, keep the first top point at the same coordinates. 

Step 3.3: Enter the last top point in Top(). 

Step 3.4: Delete the repetition of the top points in the Top array (delete the duplication of the top points that have 

the same coordinates) 

Step 3.5: If the new top point (mid-point) is not on the hand curve, then search for the nearest curve point to it in 

eight directions and replace the nearest curve point with the mid-point.   

Step 4: Extract all potential bottom points.  

Step 4.1: The bottom points lie at the bottom of each finger. So, start from each top point and follow the curve 

points next to the top point until reaching the maximum height of the sequential curve points.   

Loop on the top points  

 Loop on the curve points  

Find the top point at the curve 

Loop While y- coordinate of the next curve point ≥ y- coordinate of the current curve point   

End loop  

Bottom()← x and y-coordinates 

Increment counter  

  End loop 

End loop 

Step 4.2: Eliminate the repetition of bottom points at the bottom of the same finger by taking the average of the x-

coordinates of sequential bottom points that have the same height and the difference between the x-

coordinates is 1. 

Step 4.3: Delete the repetition of the bottom points in the Bottom array (delete the duplication of the bottom points 

that have the same coordinates) 

Step 5: Sort both the top and bottom points in such a way that the x-coordinates appear in ascending order in the 

Top and Bottom arrays.   

Step 6: Extract an elbow point in the fourth quarter of the image. 

Step 6.1: Get the last top point coordinates from the Top array ‘T2 is a top point of the fifth finger 

Step 6.2: Find the top point T1 of the fourth finger by searching in the Top() for the top point with x-coordinate > 

Image width /2 and has the minimum distance from the last top point. 

Step 6.3: loop on the curve points between the two detected top points and calculate the gradient of the curve slope 

using  𝑺 =
∆𝒙

∆𝒚
=

𝒙𝟐−𝒙𝟏

𝒚𝟐−𝒚𝟏
 , where x1 is the x-coordinate of the current curve point, x2 is the x-coordinate of 

a curve point that stays five points away from x1 and y1 and y2 are the y-coordinates of the two curve 

points. All the 𝑺 values between the two top points range between [-1, 1] except one region that exceeds 

the value (1.5).  

https://doi.org/10.54216/FPA.190201
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Step 6.4: Check if 𝑺 ≥ 1.5 then calculate the average of x-coordinates (Avx) and the average of y-coordinates (Avy) 

for that part of the curve (the elbow point).   

Step 6.5: If the elbow point (Avx, Avy) is not on the hand curve, then search for the nearest curve point to it in 

eight directions and replace the nearest curve point with the elbow point.  

Step 6.6: If the elbow point in the fourth quarter of the image where its x-coordinate > width/2 and its y-coordinate 

> height/2, delete all the top and bottom points between T1 and T2.  

Step 6.7: Add the coordinates of the elbow point to the Bottom() and set a Boolean flag (F) to true. 

Step 7: Return Top() and Bottom(). 

 

Algorithm (3): The NoF Extraction 

Input:   Top(): an array of top points 

Bottom(): an array of bottom points 

Output: NoF: a number of opened fingers 

Step 1: Calculate the distance between each top and bottom point using 𝒅𝒊𝒔 equation and put the result in h(). ‘h 

contains the heights of the five fingers. 

Loop on the Top()       

Check if the top point is not the last point then  

𝒅𝒊𝒔 ← √(𝑻𝒐𝒑(𝒊). 𝒙 − 𝑩𝒐𝒕𝒕𝒐𝒎(𝒊). 𝒙)𝟐 + (𝑻𝒐𝒑(𝒊). 𝒚 − 𝑩𝒐𝒕𝒕𝒐𝒎(𝒊). 𝒚)𝟐 //i is an index of Top() and 

Bottom(). 

Else 

  Check if the number of bottom points < the number of top points then  

Calculate 𝒅𝒊𝒔 between the last top point and the last bottom point //connect the last top point with the 

previous bottom point 

 End if 

End if 

End loop 

Step 2: Find the maximum value in h(). 

Step 3: Calculate the ratio 𝑹𝒂 using the following equation: 

 𝑹𝒂 =∝∗ 𝒎𝒂𝒙 //  ∝ is a constant and equals to 0.49 for the testing dataset 

 Step 4: Extract the Number of opened fingers. 

Initial counter NoF←0 

Loop on h() 

Check if h(i) > 𝑹𝒂 then Increment NoF 

End loop 

Step 5: Return NoF. 

 

C. Classification Process 

Algorithm (4) shows the main steps for digit classification. 

 

Algorithm (4): The classification process 

https://doi.org/10.54216/FPA.190201
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Input:    Cc(): the output of the chain coding process  

Output: Cl: detected digit 

Step 1: Check if the tested sample represents a zero sign. 

Area← 8-directions boundary filling method 

Ra1←0.009* image area 

Ra2← 0.02* image area 

Check if  Ra1 ≤ Area ≤ Ra2 then 

     cl←0  

Else 

Step 2: Detect the top and bottom points. 

Perform Algorithm (2)  

Step 3: Calculate NoF  

Perform Algorithm (3)  

Check if F=True then  

Check if NoF=3 and h(0) < Ra and h(1) < Ra then ’ h(0)and h(1) are the heights of the first and the second 

fingers. 

Cl←3 

Else Check if NoF=5 then Cl←5 End if 

End if 

Else   ‘F equals False 

Step 4: Check the locations of the opened fingers 

Check if NoF=1 then Cl←1 

Else Check if NoF=2 then Cl←2 

Else Check if NoF=4 then Cl←4 

Else Check if NoF=3 and h(0)< Ra and h(1)>Ra and h(2)>Ra and he(3)>Ra then  Cl←6 

Else Check if NoF=3 and h(0)> Ra and h(1)<Ra and h(2)>Ra and he(3)>Ra then  Cl←7 

Else Check if NoF=3 and h(0)> Ra and h(1)>Ra and h(2)<Ra and he(3)>Ra then  Cl←8 

Else Check if NoF=3 and h(0)> Ra and h(1)>Ra and h(2)>Ra and he(3)<Ra then  Cl←9 

End if 

End if   

Step 5: Return Cl. 

  

4. Experimental Results 

To evaluate the performance of the designed model, the precision, recall, and F1 scores have been computed, 

which show the optimal system's performance. To obtain these quantitative measures, we initially compute the 

confusion matrix that is shown in figure 10. As explained in Section 2, the number of samples for each class is 

forty samples, representing 10% of the total number of the examined samples. These ratios are highlighted in blue 

in figure 10 and misclassified samples are represented in red. So, the results showed the system’s high ability to 

recognize all the samples in the examined data set. 

True Negative value (T_N) represents the total number of negative examples that the system classifies them 

accurately and True Positive value (T_P) represents the total number of positive examples that the system classifies 

them accurately. While False Positive value (F_P) represents the total number of actual negative examples that the 

system classifies them as positive and False Negative value (F_N) is the total number of actual positive examples 

that the system classifies them as negative [36].  From (T_P, T_N, F_P and F_N) values, we can obtain precision, 

recall, and F1 scores using (5-7) equations [37]. Table 1 shows the values of these measures for the testing dataset. 

The misclassification rate is the number of incorrect predictions divided by the total number of predictions. 

Precision (p) = T_P/(T_P + F_P)                                                                  (5) 

Recall (R) =  T_P /T_P + F_N                                                                        (6) 

F1 score = 2 ∗  [(P ∗ R)/(P + R)]                                                                  (7) 

https://doi.org/10.54216/FPA.190201
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Figure 10. Confusion matrix of 10 single-hand ASL digits 

Table 1: (P, R, and F1) score for the testing data set 

Class F-N F-P T-N T-P Precision 
Recall/ 

Sensitivity 
F-score 

0 0 0 360 40 1 1 1 

1 0 0 360 40 1 1 1 

2 0 0 360 40 1 1 1 

3 0 0 360 40 1 1 1 

4 0 0 360 40 1 1 1 

5 0 0 360 40 1 1 1 

6 0 0 360 40 1 1 1 

7 0 0 360 40 1 1 1 

8 0 0 360 40 1 1 1 

9 0 0 360 40 1 1 1 

Accuracy 1 

Misclassification Rate 0 

Average of F1 Scores 1 
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Another test of the system’s performance is the time factor. The test showed the high execution speed of the system 

for classification of the digits as explained in table 2.  

Table 2: Average computational time for each executed process and the total time 

Process Time in (milliseconds) 

Image Loading 0.0298 

Global Thresholding 0.0084 

Remove the Surrounding Aura / Shadow 0.0006 

Blots Removing 0.0049 

Gaps Removing 0.0128 

ROI Allocation 0.0013 

Edge Detection & Removal of Points Having D4 Neighbors 0.0026 

Chain Coding 0.0017 

Feature Extraction & classification 0.0031 

Total Time 0.0652 

5. Conclusion 

A novel recognition system for a numerical ASL was adopted in this research. Many image-processing techniques 

were used to detect the boundary of the hand’s fingers. For features extraction, the gap area in the Zero digit was 

calculated to distinguish this digit where it should lie between (0.009 and 0.02) of the total area of the tested image 

and for classifying other digits, the number of the opened fingers was obtained depending on the heights of the 

fingers. Although all 3, 6, 7, 8, and 9 digits have the same number of opened fingers, the system recognized them 

perfectly relying on the sequence in which the opened fingers appear. The tests showed the speed and high 

performance of the system to distinguish between the digits where the obtained precision and F-score percentages 

reached the desired optimal value (100%) and the total execution time was 0.0652 milliseconds. In future work, 

the ASL alphabet will be taken into consideration as well as applying the system to other types of SLs or datasets. 
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