International Journal of

INTELLIGENT SYSTEMS AND APPLICATIONS IN
ENGINEERING

www.ijisae.org

ISSN:2147-6799 Original Research Paper

Unveiling Gesture Language: Advancements in Deep Backpropagation
Neural Networks for Image-Based Sign Language Recognition

G.K. Vaidhya*!, Dr. G. Paavai Anand?
Submitted: 26/01/2024 Revised: 04/03/2024  Accepted: 12/03/2024

Abstract: A defined set of languages called sign language (SL) uses both manual and visual methods to communicate information. It is
frequently used to communicate with non-verbal individuals. The majority of people can only comprehend if they acquire knowledge of
universal sign language. Thus, not everyone is unable to understand when we use sign language to communicate with hearing-impaired
individuals. It is difficult to communicate with peoplewithout a translator. The prior approach to this problem concentrated on reading
sign language. However, because it takes longer and providesincorrect precision performance, it is difficult to detect sign language in
it. To solve this issue, this book offers an improved solution based on deep learning methods. For Sign Language Identification (SLI), we
introduce a Deep Backpropagation Neural Network (DBNNet) method using a softmaxactivation function. First, collect the ASL dataset
of SL images. Furthermore, we use the GaussianSmoothing Histogram Filter (GMHF) method to improve contrast and image quality.
Additionally, based on an enhanced sign image, the Intensity Gradients Sign Edge Detection (IGSED) method locates the edges. Next,
we use a Cluster-Based Watershed Segmentation (CBWS) algorithm to examine the region of interest (ROI) for a sign. Subsequently, the
DBNNet method with the softmax function is suggested to efficiently identify the sign. As a result, the suggested algorithm
outperformedearlier techniques in terms of sign identification accuracy, sensitivity, specificity, and F-measure performance.

Keywords: Sign Language ldentification (SLI), pre- processing, segmentation, histogram, impaired people, and deep
learning.
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Fig. 1. Example of sign language (SL)

1. Introduction

Visible gestures and signs are used in sign language (SL)
[1].Gestures, which can be made with the body, hands,
arms, faces, or lips, are a type of non-verbal
communication that take the place of spoken
communication [2].1t includes about 300 different types of
SL depending on the natural language process (NLP) and
culture of each country region [3]. Deaf people use sign
language (SL), which is difficult for those with visual
impairments to understand.

A hand sign language example is shown in Figure 1.
Speaking with people is made simpler when a translator is
present. The prior approach to this problem concentrated
on reading sign language. However, because it takes longer
and provides incorrect precision performance, it is difficult
to detect sign language in it. This article employs a deep

2. Summary of this Paper

The remainder of this article, chapter 2, is devoted to
current assessments of sign detection. The suggested
methodology for sign detection is examined in Chapter 3.

learning-based method known as Deep Backpropagation
Neural Network (DBNNet) to address this proposal. The
primary contribution of this paper is increasing the
accuracy of SL identification through the use of
segmentation and classification techniques.
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The analysis of the experimental results is explained in
Chapter 4, and Chapter 5 presents the conclusion.

3. Related works

American Sign Language is primarily some sort of default
reorganization problem. Universal application is hampered
by similarity and sign trajectory problems. The confused
sign transaction algorithm is known as ALS. Quick support
has been extended to the fast fisher vector (FFV) and bi-
directional Long-Short Term Memory (Bi-LSTM)
methods, which are used for quick memory processing and
simple sign and signature verification recognition. The
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system is readily identifiable by the motion detection-
based evaluation system [4].

American Sign Language (ASL) to enhance the
verification of signs and signatures. To increase user
security, voice-based recognition has been the foundation
for sign verification. The best micro Dupler is ASL, and
motion detection ought to be used to identify a safety
situation correctly [5].

Motion detection and recognition's default task is dynamic
gesture recognition. In order to enable quick motion
detection and identification in the security system, real-
time dynamic non-repetitive gestures are introduced as a
solution to the gesture detection problem. The user
identification systems have been improved as a result [6].

Sign Language (SL) videos are automatically generated to
test the faction recognition. Based on moving and running
video motion detection labels and credit of the cyber
security system, the SL-based face identification system
operates. Certain disadvantages of recognition accuracy

[71.

Motion and facial recognition using signals and surface
electromyography (SEMG) in the security system. Gestures
should be used with signal and surface electromyography
(SEMG) in order to achieve the highest accuracy possible
for fast and dynamic user identification with security
systems. [8].

Gesture Detection to Sign Language Classification is
currently the most widely used machine learning
technique. High-level freedom techniques are the crucial
step to wuse there. Businesses use sensors and
microcontrollers to classify data through usage. A few
defaults happen while classifying. [9].

As a quick and safe way to identify signs and gesture
patterns, a new dynamic hand gesture recognition
algorithm (DGDL-GR) is suggested. Check patterns and
user identities dynamically, then use gestures in the future
to swiftly identify security systems. There, human
identification is quickly made [10].

Our ideas are not empty words; sign language is an art that
changes. As a crucial idea in communication, SL stands for
Deaf/Mute Community. For the 90 million deaf and mute
people who live in the world, sign language is vital.
Translation and sign language recognition (SLR) are
therefore rich fields for research. It uses one or more
cameras to take a series of pictures. After the signature is
completed, image processing is used to identify the
signature. Instrumented gloves with sensors are used in a
sensor-based technique to expose the hands [11].

Gestures have been the most basic form of communication
since humans first learned to speak. Nonverbal
communication is still crucial, though. These hand gestures

have a variety of applications, such as games, human-
computer interaction, and life development [12].

A text-to-speech mobile application for Android has been
developed that translates text into speech that can be heard
without the pressure sensor, which is missing from the
proposed system [13]. As demonstrated by our
experiments, the proposed LSTM algorithm performed
exceptionally well in classification, which could benefit
the ongoing research in HCI and hand gesture recognition
[14]. Computer vision is a very active study area in
traditional vision-based methods. Additionally, we have
compiled a fairly extensive database of ten hand movement
sequences from ten participants, including five static
gestures and five dynamic gestures.

This paper proposes a glove that measures pressure at 1052
points on the human hand, based on a twig-shaped tactile
sensor sheet. The impact of the suggested glove design on
the variation in joint movement that takes place when the
glove is worn is assessed through an experiment. As a
final, preliminary conclusion, the measured data for
everyday items are presented. The robot's skill and strategy
will be enhanced by a glove designed for human talent
evaluation [15].

This paper presents a method for translating Mexican Sign
Language into Spoken Spanish. Two major challenges are
developing continuous sign problem solving methods and
signer-independent methods. No particular clothing,
gloves, or accessories are needed in order to work. [16].

Several deep learning algorithms were employed in the
novel [17] to recognize dynamic sign language. Both local
and global features of the SL image were examined by the
suggested method. To create an effective recognition
system, however, issues with hand segmentation, local
hand shape representation, global body structure modeling,
and gesture flow modeling must be resolved.

The first two fundamental models are constructed with this
issue in mind. One is the Conv EMG model, which has a
deeply separable convolution and an initial block that is
densely connected. Subsequently, the fundamental models
are enhanced through the application of a multi-stream
fusion technique that leverages the relationship between
muscles and gestures as well as the advantages of
complementary models [18].

The hand gesture recognition process for proper progress
and future directives was covered in the review [19].
Additionally, the accuracy of term identification for vision-
based hand gesture recognition is found in this review.

Smaller performance gains were obtained from higher-
order synergies, suggesting a trade-off between accuracy
and control complexity. The data presented here is used to
determine how many synergies to use in control, taking
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into account the accuracy of the controlled robot system
and the precision of the controller. The resultant system
achieved high capture efficiency with  minimal
computational or manual effort from assist devices [20].

Every application can benefit from the lightweight and
expanding personal identification and user verification
features of the automatic signature verification system.
This document employs date- wise user signature
verification. User-provided date- wise guarantees are more
secure identification advanced enhancements [21]. [22]
developed Optimized Keyframe-Centered Clips (OKCC)
for sign language recognition. In order to assign
significance to temporal and spatial attributes extracted
from skeletal data, this study also used attention-based
networks.

The signature identification model framework approach
uses the sigma-lognormal model; gesture is presented in
the framework along with handwritten signatures. When it
comes to user identification security, the sigma-lognormal
model performs exceptionally well when compared to
different datasets, natural language, and multiple author
identifiers [23].

A major barrier to statistical analysis and pattern
recognition in automated signature verification is the small
number of reference signatures per user. The difficulty of
normalizing scores is due to the absence of information on
intra- user variability. In this paper, we propose a novel
two-stage normalization process that first detects simple
fakes and then handles more sophisticated fakes in the
second stage. Furthermore, it talks about different
approaches to normalize dynamic time warp scores [24].

Convolutional Block Attention Module (CBAM) algorithm
for dynamic sign recognition was presented by the author
[25]. In order to obtain feature vectors with extremely
small dimensions, the model first created a pre-trained
convolutional auto- encoder network. In order to accelerate
the training process and improve the network's inference, it
makes use of BN networks.

The article focused on the use of the boundary adaptive
encoder method for Chinese SL recognition [26]. In the
decoding step, a position- based windowed attention model
is employed to improve the modeling performance of
lengthy sign language sequences. This makes it possible to
create weighting factors that are more effective.

In order to improve the speed of the authentication process,
the study makes use of a multi-gesture user authentication
system, a touch sensor system, a multi-gesture touching
algorithm, and a well-defined user authentication system
for the multi-gesture touching algorithm [27].

The transformer Encoder tool for recognizing Indian sign
language (ISL) was introduced in the novel [28]. The

method proposed by the author outperformed other cutting-
edge convolutional structures in standard ISL recognition.

Furthermore, using their 11SL2020 dataset, the paper
introduced a DL-based method for ISL recognition, similar
to LSTM and GRU [29]. However, the accuracy
performance for sign identification is lower with this
method.

The preceding issue of sign identification was the main
topic of the article. Consequently, the Deep CNN
algorithm for ASL identification was introduced in the
novel [30]. The assigned image size improved the Deep
CNN model's performance. They used data augmentation
techniques to purposefully increase the size of the training
data set from the available data. ASLs are difficult to
distinguish due to similarities within their class.

In order to identify Arabic sign language, the study used a
transfer learning algorithm [31]. In order to interpret visual
data with text, a structure based on Arabic Sign Language
is created to take an image dataset of visual motions.

In a similar vein, the study employed a standard ASL
dataset and a Resnet-based DNN algorithm for SL
recognition [32]. Several augmentation strategies are first
applied to the dataset. The input image is divided into four
classes using the ResNet50's stage 1 method, which is the
next stage approach. An image is fed as input to the
corresponding second-level model for hand gesture
prediction once it has been classified into one of the sets.

Our suggested Intensity Gradients Sign Edge Detection
(IGSED) technique is used in the second step to identify
the sign's edges. In order to effectively identify the pixels
that represent the hand SL regions using the Cluster-Based
Watershed Segmentation (CBWS) approach, segmentation
is a necessary second step. Following the ROI of the hand
from the SL image, the wrist line is traced in order to
extract the forearm portion of the SL hand, which is then
used to shape the correct hand section. In order to
efficiently generate the output classes of various
characters, we employ DBNNet to automatically detect the
invariant features from segmented depth sensing images.

SL recognition using a hierarchical sign learning algorithm
created by [33]. By concatenating the primary postures of
the landmarks back and forth to affect the overall video
movement frames, the suggested approach preserves the
spatiotemporal information of the landmarks.

Using the Pakistan SL dataset, Support Vector Machine
(SVM) and the MKL algorithm were developed by [34] for
SL identification. Four vision- based elements are
extracted in the following steps: edge orientations,
directional gradients, local binary pattern, and essential
components.

Similarly, a hybrid deep neural method for Russian and
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Indian sign recognition was presented in the paper [35].
Furthermore, a 3D-based DNN with convolution was used
in the study to extract spatial elements from hand gestures.
The vision-based recognition frameworks, however, only
took into account a small number of the spatial details
required for accurate sign recognition.

4. Proposed  methodology for  sign
identification

language

The suggested deep learning-based method used for Sign
Language Identification (SLI) is demonstrated in this
section. Three steps make up the suggested method for
identifying signs: edge detection, segmentation, and
classification; the first stage involves pre-processing the
sign image using histogram equalization. The DL
technique's structure for sign language identification (SLI)
is depicted in Figure 2.The first step in SLI is pre-
processing, which uses the Gaussian Smoothing Histogram
Filter (GMHF) technique to reduce noise, boost brightness,
and resize the image to improve image quality.

Our suggested Intensity Gradients Sign Edge Detection
(IGSED) technique is used in the second step to identify
the sign's edges. In order to effectively identify the pixels
that represent the hand SL regions using the Cluster-Based
Watershed Segmentation (CBWS) approach, segmentation
is a necessary second step. Following the ROI of the hand
from the SL image, the wrist line is traced in order to
extract the forearm portion of the SL hand, which is then
used to shape the correct hand section. In order to
efficiently generate the output classes of various
characters, we employ DBNNet to automatically detect the
invariant features from segmented depth sensing images.

4.1. Gaussian Smoothing Histogram Filter (GSHF)

Using the Gaussian Smoothing Histogram Filter (GSHF)
technique, this stage involves pre- processing the images to
remove noise, brightness, and scaling individually from the
gathered SL dataset. Precise undesired background details
are removed from the input SL image. Using a Gaussian
smoothing filter, noise deduction entails removing noise
and discontinuities. This method uses a smoothing process
to get rid of the noise. The process of adjusting and
normalizing the processed image's brightness and contrast
is known as histogram equalization.

Fig. 2. SLI identification based on deep learning
Mean Mn — EX Tk,l (1)

Based on the total number of pixels in the input sign image
for background removal, equation 1 estimates the mean in
the input image T coordinates pixel (k, ).

NReduction(k’I) =Yy M™{T(k, D} (2)

The input sign image's noise is removed by expression 2.
Next, we compute the smoothing image that is determined
by equation 3.

GSmoath (kr D = NReductéun [EXP (k’2+:rl’2 + lp)] (3)

In this case, it is assumed that the noise reduction sign
image's aspect ratio and central frequency correspond to a
smooth process.

k' = kcos8 + lsin@ (4)
l! = —ksin8 + lcosO (%)

Assuming that @ refers to the angle of sign language, it is
expressed by equation 6.

0="+(n-1) n=123.d, d En ©)

Where d.. refers to the amount of direction in the input SL

image, the below equation estimates the aspect ratio A"

r_ M (k)
A" = M (1) ™)

Standard devationa(k) = (12,106 )~ G & D)) ®)

The above equation 8 finds the color variation in the sign
language.

By(e, ) = L XX oy 0(k,1) ©
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Based on the smooth Gaussian image and the total number
of pixels X, Expression 9 increase the brightness of the
sign image.

HCrange = Maximum(By (k,1)) - minimum(By (k1)) (10)
Determine the input image's minimum and maximum
brightness image and  histogram  color  range
H CrgngeUsing expression 10.

Penhance =P = Eﬁ,l HCRange (k - 1)2 (11)

From the input image, the equation is used to produce a pre

-processed sign image with improved contrast. The
suggested Filters effectively remove noise and improve
image contrast.

4.2. Intensity Gradients Sign Edge Detection (IGSED)

The preprocessed sign image with enhanced
contrast is obtained from the input image through the use
of an equation. Image contrast is enhanced and noise is
effectively removed by the suggested filters.

-1 0 1
-2 0 2
-1 0 1

Fig. 3a. X — axis Kernel representation

-1 -2 -1
0 0 0
1 2 1

Fig. 3b. Y —axis Kernel representation

Figure 3 depicts the a) X-axis kernel representation and b)
y-axis kernel representation in the sign image. This
proposed method finds gradient intensity at pixel

coordinates points k, [ for a processed image P

ap

o =PUk+1,D-P(k-1D (12)
Z_fzp(k,iﬂ) —P(k,1—1) (13)

Sign image X-axis kernel and Y-axis kernel gradient
estimation can be defined by equations 14 and 15:

Let assuming that Sy denotes horizontal direction and Sy
refers to vertical direction on the enhanced image P.

Ag = tan! (;—X) (16)

Y

Equation 16 is used to find the hand sign angle4;.

Edetection = <’SX2 + SY2 (17)

To estimate edge detection Ejorection |10 Sign language,
use equation 17 above. For sign edge detection, the
Intensity Gradients Sign Edge Detection (IGSED)
algorithm has been proposed. In order to produce clean
edge detection, this method seeks to extract the image's
salient edge features.

4.3. Cluster-Based Watershed Segmentation (CBWS)

After edge detection, the Cluster-Based Watershed
Segmentation (CBWS) algorithm is used in this section to
estimate the sign language ROI. The recommended
technique is dividing a digital image into regions or
clusters of pixels. a proposed pixel-by-pixel CBWS
method for image segmentation. After the image has been
segmented, a set of regions that contain the entire image
are created and numerous contours are extracted from the
image. By using edge detectionE g ¢ection: this suggested
technique mines the sign object boundary. Equation 18
represents image.,

DE = Ea‘.etection - (Edetectian e SElement) (18)

Assuming that DE  refers to boundary extraction,

©Osymmetric difference, and Sgjomen: denotes sign
structure element.

k = % (19)
[ = % (20)

Equations 19 and 20 estimate centroid points of every
boundary imageDE.

s =Yx 1 (k—=1D*DE(k, D) (21)

From equation is used to hand sign skewness s° based on

boundary extraction imageD £,

1
Eeon(l, 1) = {(ssmajaruxis)z 3 (ssminarﬂxis)z} /2 (22)

2 2

The above equation can be used to find eccentricity based
on the major and minor axes in the hand sign image. The
ROI of sign language is effectively analyzed by this
algorithm by utilizing the CBWS technique.

4.4. Deep Backpropagation Neural Network (DBNNet)
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This section applies our proposed Deep Backpropagation
Neural Network (DBNNet) algorithm to identify hand
signs based on segmentation imagesE . ,,,. This method
accurately classifies the segmentation image for text-to-
sign identification. The segment module receives the
resized image as input. The output of this stage is
appropriately classified as text. A thorough description of
the proposed DBNNet method is given in Figure 4.

Output Layer

Input Layer

Hidden Layer Hidden Layer

Fig.4. Process of DBNNet Approach

The obtained segmentation sign input is first taken and
passed through an input layer in this classifier. The
features in the first layer image are extracted by this
neuron.

ILaye‘r = G(Ek,l:o Eccen(k! I) * KF + bi.as) (23)
Assuming that o is soft-max activation function, K input

layer kernel filter and bias. Here we calculate the ¢ soft-
max activation function designed by equation 24.

. . _ Exp 24
Softmax activation (¢) = S Et (24)

Let's assume that in denotes the exponential function for
input, Ot presents the exponential function for sign output,

and cl is several classes. The next layer is the hidden layer,

which decreases the number of elements when the sign

image is enormous.
W= [1 if (IoU > (.5 among default true box on class (ci]) (25)

The above equation is to calculate sign weight values from
the Input layer. Let us assume [oU denotes the interest of
the unit.

Ac(@,B) = X250 Wi(ap) (20)

The above equation estimates the density of the sign angles
a and f5 for each axis.

HL =0 E%,S‘!é:o ILayer * Ae (CE, B) + bias (27)

The output is converted to a vector and sent to an output
layer after being fed through a number of hidden layers. To
create a sign-to-text format, the Softmax layer is the last
layer.

arg max

Mgen1 = v, B Hi(a,p) (28)
arg max

Mgen, = -y,ﬁ/MdeanL(a:ﬁ) (29)

Equations 28 and 29 identify the maximum axis density of
the sign image.

W, = HU [Exp_|Mdem(kl]_Mdenz(kl]|} (30)

The above equation is used to update the weight from the
hidden layer's output layer.

Error rate(w) = ;E(Tt —PB,)? (31)

Expression 31 is used to find the error rate for
backpropagation of the hidden layer to the hidden layer.

Assuming that w denotes the error rate, T; refers to the
target class, and P, represents the prediction class.

dw _ dw « aTt % aTt

oW,, 9T, 0H, oW,

(32)

The above equation is used to back-propagate the sign
identification process.

Signident(k,i!,af,,ﬁ?) = CRR,IWup (33)
The above equation is used to identify the sign language to

convert text format based on conjugate (connection)C, R
pure color of the sign image and update weight R.

Loss =—Y<§ L9 Mident(k o) N(Pps CC) (34)

The above equation finds the sign language identification
loss function based on predicted probability p,,, correct

class cc. This section efficiently identifies the sign
language and converts it to text format from segmented
sign images.

5. Experimental analysis

In this section, we evaluate the performance of the
proposed approach for sign language identification using a
Deep Backpropagation Neural Network (DBNNet). First,
we look at the design of the experiment, performance
assessment, and results related to sign identification.

5.1. Experiment setup

This section is included in Simulation Table 1 for sign
identification based on the collected dataset and a Jupyter
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notebook with an Anaconda tool in order to train the

Classification performance in %

No of sign Bi-
images/approaches | LSTM | CNN | CBAM | DBNNet
1 65.25 | 69.45 | 71.68 76.24
2 73.50 | 76.32 | 79.26 81.78
3 79.69 | 80.48 | 84.62 88.14
4 84.15 | 86.24 | 89.90 94.88

proposed model.

The proposed implementation hardware platform is
Windows 10-64bit OS, 16GB Ram with processor 15.

Table 1. The SLI model's simulation parameters

Parameter Values

Dataset name ASL Alphabet
dataset

Number of images | 87,028

Tool Anaconda jupyter
notebook

Language Python

Training images 87,000

Testing images 28

5.2. Dataset collection

Indian Sign Language (ISL) character images are gathered
in this dataset and arranged into 29 folders that correspond
to various genres. Figure 5 displays the 87,000 200x200
pixel gesture images that are contained in the training
dataset folder.

Together with 29 categories and 26 letters, A through Z,
there are three folders with the contents space, delete, and
nothing. The test dataset only contains 29 hand gesture
images in order to facilitate the use of real test images.

Fig. 5. Sample images of ASL images

Table 2. Performance classification results for the
suggested and prior approaches

4.3 Evaluation metrics

Using a confusion matrix, we take into account sign
identification accuracy, sensitivity, specificity, and F-
measure in the evaluation models. The equation for the
parameters used is defined as

T
Sensitivity =), - fF * 100 (35)
pTin
RS
Specificity=). AT, * 100 (36)
T,+T,
Accuracy=y, m +100 (37)

Sensitivity+Specificity .

Fl-score =), 2 * 100 (38)

Sensitivity+Specificity
The confusion matrix for hand sign language identification
is defined in Figure 6. It serves as an example of how well
classification works.

4.4 Comparative result analysis for SLI

We compared the suggested approach with recently created
methods such as CNN [30], Convolutional Block Attention
Module (CBAM) [25], and Bi-directional Long-Short
Term Memory (Bi-LSTM) [4].

The suggested method yielded high accuracy
identification, as seen by the sign identification of accuracy
result displayed in Figure 7 and Table 2. A total of 756
sign images are used for training and 244 for testing in the
proposed DBNNet. The input image is trained into each of
the three layers of this suggested method one at a time in
order to extract crucial features. Therefore, when compared
to other methods, the suggested method performs the best
for sign language identification.

Fig. 6. Confusion Matrix
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Classification accuracy
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& — O— CNN
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Clasgificaties perfasnancehn
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===>== DBNNet

1 2 3 4 5

No of images

Fig. 7. Classification result for the SLI

Sensitivity performance in %
No of sign Bi-
images CNN | CBAM | DBNNet
LSTM
/Approaches
1 64.59 | 67.32 | 69.12 74.38
2 72.89 | 75.98 | 77.98 79.35
3 78.98 | 79.21 | 84.19 87.26
4 83.59 | 85.23 | 88.38 93.45

Table 3. Sensitivity performance comparison results

The robust DBNNnet algorithm SL identification process
is described by the sensitivity result displayed in Figure 8
and Table 3. Comparing the suggested algorithm to other
techniques like Bi-LSTM and CBAM, it achieved a
sensitivity performance of 93.45%.

The suggested and current methods for specificity
performance in sign language identification are shown in
Figure 9 and Table 4. Comparing the proposed method to
previous techniques such as CNN, CBAM, and Bi-LSTM,
the specificity performance was 93.14% higher.

Sensitivity performance

\0100
2 90 S ey,
@ 80 R ﬁ:?tiw"“"
ol - o
570 P i’_‘ ---e--- Bi-
E 60 455 LSTM
o 1¢° coo oo CNN
s 50 ¢
& 40 {'

0 1 Noof il?nages 3 4

Fig. 8. Results for Sensitivity performance

Specificity performance

0 \\\\\\\\\\\\\z\\\\\\\\
N \\\\\\
Eo L K \\\\\\\\\\\\\\\
. il ;- ;I hseeY
» AR

performance provides an explanation of the results of the
comparison between the proposed method and alternative
methods. The suggested approach provides superior SL
identification since it uses the intensity gradients sign edge
detection (IGSED) method for hand sign edge detection
after first improving the SL image through pre-processing.

Afterwards, divide the ROI using the segmentation
technique. Lastly, the SL is found using the suggested DL-
based DBNNet technique.

Table 4. Specificity performance for SLI

Specificity performance in %

No of Sign EgT CN | CBA | DBNN
images/Approaches M N M et
1 634 16701 6593 | 74.01
7 3
722 [ 74.3
2 . e | 76.98 | 78.12
3 7811786 | 8356 | g6.89
2 8
4 82.1 8‘30 88.01 | 93.14
Fmeasure Performance
100 5
= B s
=80 - s L
T 5"
260 T o LSTM
.40
0 1  No oflnages 3 4

Fig. 10. Comparison of F-measure performance
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False rate performance

= ‘ —8—Bi-LSTM
% —o—CNN
2 0 2 4 CBAM
©
L
No of images DBNNet

Fig. 11. Comparison of False rate performance

The false performance rating using the suggested and
earlier methods is contrasted in Figure 11. The suggested
method's efficiency is shown in the figure to have a lower
false rate due to its three layers, which allow the input
image to be trained into each layer one at a time in order to
extract crucial features.

Accuracy for sign detection

—— accuracy
val_accuracy

0.98

o
[
o

4
©
4

Accuracy performance

0.92 4

4 Y r T T T v T T
0.0 0.5 1.0 1.5 2.0 2.5 3.0 35 4.0
Epochs

Fig.12. Result for accuracy of sign identification

Figure 12's result demonstrates how sign detection
accuracy reaches a high level of performance accuracy.
Since extending the epochs enhances the performance in
terms of accuracy for sign identification.

The loss for hand sign identification with validation loss is
described in Figure 13. The hand sign identification loss
graph analysis shows the validation performance in blue
and the loss performance in orange. The validation loss
performance loss is 0.24, while the suggested loss
performance result is 0.065.

Loss for sign detection

0.35 4 —— loss
y ——— val_loss

Loss performance

0.0 0.5 1.0 15 2.0 25 3.0 35 4.0
Epochs

Fig. 13. Result for loss of sign identification

4.5 Discussion

This paper employs the ASL dataset to identify hand
gesture signs using the deep learning-based DBNNet
algorithm. Table 5's simulation results showed that the
suggested algorithm was capable of accurately and
proficiently identifying the sign. As of right now, the
accuracy of CBAM sign classification is 89.90%, with
sensitivity at 88.38%, specificity at 88.01%, F-measure at
88.59%, and false classification at 38.47%.

Table 5. Simulation screenshots for hand sign
identification

Figure Description

The hand gesture
image from the
gathered dataset is
defined in Figure
14,

75 100 125 150 175

Fig. 14. Input image

The pre-processed
image is examined
in Figure 15 using

the Gaussian
Smoothing
Histogram  Filter

(GMHF) method.
The brightness and
quality of the sign
image are
improved by this
technique.

0 50 100 150

Fig. 15. Pre-processed image

Number of pixels in each intensity value The

intensity
values in the hand
sign ~ from  the
processed  image
are defined in
Figure 16.

Fig. 16. Intensity values in the
image

Sign image X axis kernel and Y axis kernel gradient estimation

The X and Y axis
kernel

representation for
determining  the

horizontal and

vertical direction
Fig. 17. X and Y axis of signs is defined
kernelrepresentation in Figure 17.
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The sign is
executed based on
edge detection in
Figure 18. To

achieve  flawless
edge detection,
oo = this technique
Fig. 18. Intensity Gradients Sign | extracts the
Edge Detection essential edge
features from the

image.

Cluster-Based Watershed Segmentation To estimate the

sign language
ROI, Figure 19
investigates  the
use of cluster
segmentation. The
sign object

boundary is mined

Fig. 19. Cluster-based using this
watershed segmentation suggested method
from edge

detection images.

True: H
Predicted: H
(o]

100 k 100

150

Tharue: w Deep
relcted

150

o 100
True: S
Predicted: S
S0
100
150

(o] 100
recognizes the
Fig. 20. Sign ldentification hand sign and

formats it as text.

5. Conclusion

The book presents a deep learning-based approach for
categorizing and dividing the dataset of sign language
images. Pre-processing, the first method that has been
suggested, has been carried out to improve the sign input
image. Next, we examined the sign edges of the processed
image using the Intensity Gradients Sign Edge Detection
(IGSED) method. The sign ROI was then estimated using
Cluster-Based Watershed Segmentation (CBWS). Lastly,
the suggested DBNNet method for locating the sign and
converting it to text. As a result, the simulation
classification method identified SL with 94.88% accuracy.
Performance for specificity was 93.14%, sensitivity was

93.45%, the F-measure rate was 94.21%, and the false rate
was 20.14%. As a result, the suggested approach performs
better than earlier ones.
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