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Abstract
American Sign Language (ASL) recognition system aims to recognise hand gestures’ meaningful
motions, and it is a crucial solution to communicate between the deaf community and hearing people.
However, existing sign language recognising algorithms still have some drawbacks, such as the di�culty
of recognising hand movements low recognition accuracy for most of the sign language recognition. To
address this problem, a Modi�ed Convolutional Neural Network (MCNN) deep residual 101 classi�er-
based American Sign Language identi�cation system is developed. There are three main parts present in
the method. The �rst part is preprocessing the images to remove the noise, enhance the contrast of the
picture, adjust the contrast level and smoothen the picture using various �lters. The second part is the
segmentation, and it’s used to partition the image using a modi�ed canny edge detection method by
removing all weak edges present in the image. Finally, classi�cation will be done using the Modi�ed CNN
deep residual 101 classi�ers. By classifying the image, the American Sign Language is accurately
identi�ed. This process is conducted through images. The outcome shows that the suggested approach
has a 0.95 per cent accuracy and a 0.05 per cent False Positive Rate. Other CNN such as resNet 50 and
resNet 18 reached 0.90% and 0.80% accuracy, respectively, which is lower than our proposed method. In
addition, the resNet 101 classi�er effectively recognises the di�cult hand gestures through the image
data and obtain high recognition accuracy for 36 signs is 0 to 9 numbers and a to z alphabets from
American Sign Language.

1. Introduction
ASL is a natural language used by deaf community peoples throughout the United States and most of the
Anglophone Canadians. American Sign Language is a well-organised visual language that includes facial
expressions and hand movements. In the early nineteenth century, an American school for the deaf in
West Hartford created American Sign Language (Snoddon, K. 2020). ASL is closely related to the French
sign language. The sign language of the deaf people in France and French-speaking citizens in
Switzerland is French sign language (Woodward, J. 1996). The majority of the educational interpreters
and deaf community teachers who serve hearing-impaired students in the k-12 group are adults within
university programs, and females who are learning American sign language and these learners are called
second modality-second language learners (M2L2) (Villwock, A et al. 2021). American Sign Language
has �ve expressive parameters: palm orientation, hand shape, non-manual makers, location, and
movement. Children learn words by incorporating the input they receive into things and events around the
environment (Lieberman, A.M et al. 2021). Deaf children who are learning American Sign Language will
receive linguistic input, notes and contents for its moderators through visual cues (Schniedewind, E., et al.
2020). Additionally, the continuous movements of a particular area of the body give informative cues
regarding signs (Hosain, AA, et al. 2020). 

Deaf persons and their friends and relatives are the only ones who learn sign languages. Because most
hearing individuals are inexperienced with sign language, deaf persons are isolated in society. To address
this di�culty, scientists are working on a sign language system that can transform signs from video or
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picture to speech or words automatically (Mahdikhanlou, K. and Ebrahimnezhad, H, 2020). Individuals
who do not understand sign language have a hard time communicating with deaf people. To address this
issue, researchers created a new language known as automatic sign language (Rastgoo, R et al.2020). In
the United States, American Sign Language (ASL), pidgin signed English (PSE) and signing precise
English (SEE) sign languages are used. For improved comprehension, PSE is a building block established
by persons who use American Sign Language and people who use manually coded English. SEE is a
manual communication method that aims to accurately portray the English language and grammar
(Kraus, J.C. and Hague, A.K. 2020).   

The most di�cult task in ASL is to identify the sign correctly. This can be accomplished by teaching
computers to recognise certain indications. The precision is determined by the approaches employed for
prediction and categorisation, both of which are accomplished through machine learning. For recognising
American Sign Language, a Convolutional Neural Network (CNN) and Support Vector Machine (SVM) are
proposed. Machine learning is a branch of AI that allows computers to learn from data without having to
be explicitly programmed (Rautaray, S.S. and Agrawal, A. 2015). The categorisation is the process of
categorising observations into distinct groups based on previous data used to train the unit, then
predicting the category connection of a new opinion in machine learning. To achieve classi�cation,
Neural Networks, Support Vector Machines, Decision Trees, Naive Bayes and other techniques are
employed. Support Vector Machines are a sort of supervised learning model that uses classi�cation and
regression techniques to analyse data. Kernel Approach is a low-dimensional input-to-high-dimensional
feature-space mapping technique that can be used in conjunction with SVM to do non-linear
classi�cation (Chen, Q. et al. 2007). 

A Convolutional Neural Network (CNN) is a collection of one or more layers of deep feed-forwarding
networks. CNN is very effective at dealing with data that is both visual and two-dimensional (Jia, Y. et
al.2014). Vision-based and sensor systems are the two approaches used to recognise Sign language. To
capture hand gestures, sensor-based techniques use a range of sensors. To track the hand emotions
(IMUs), Flex sensors and Inertial Measurement Units are to be used (Lee, B.G. and Lee, S.M. 2018). The
�nger is �tted with a �ex sensor that measures the bending angle and converts it to a digital output. The
�ex sensor, on the other hand, is unable to determine the orientation of the hand and �ngers. To solve the
problem, they used an IMU sensor (Wang, J. and Zhang, T. 2014). The IMU uses a template matching
method to classify hand motions. IMU has a 91 per cent accuracy rate in recognising training
gestures. For recognising sign language, a vision-based technique provides another strategy. Activities
are recorded using a video camera or a visual sensor, which are then analysed using motion algorithms.
For 48 ASL signals, the Dynamic Bayesian Network obtains the highest level of accuracy (DBN)
(Mummadi, C.K. et al. 2018). 

Microsoft and leap motion have developed a revolutionary way for detecting and tracking hand and body
motions with the introduction of Kinect and the leap motion controller mechanism. Kinect detects and
tracks hands by recognising the human skeleton, whereas LMC’s built-in cameras and infrared sensors
are only used to detect and track hands (Bakken, J.P et al. 2020). However, similar to how every country
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has its unique language, sign language is not universally accepted (Cheok, M.J. et al.2017). So modi�ed
CNN is proposed to recognise the sign language.

The remaining part of the paper contains: Portion 2 illustrates certain research papers that are related to
recognising American Sign Language. Portion 3 contains the proposed methodology of the paper. Portion
4 contain the result and discussion, and Portion 5 contain the conclusion part of the paper.    

2. Literature Survey
Sevgi Z. Gurbuz et al. (Gurbuz, S.Z. et al. 2020) had suggested Recognising American Sign Language
with an RF sensor (ASL). The paper’s major purpose was to use RF sensors in HCI applications for Deaf
community members. A multi-frequency RF sensor network was used to provide non-invasive, non-
contact ASL signing data that were not affected by lighting conditions. A machine learning (ML)
approach is used to investigate linguistic aspects of RF ASL data. With a 72.5 per cent accuracy, data
from an RF sensor network was used to classify 20 native ASL signs. With a 72.5 per cent accuracy, data
from an RF sensor network was used to classify 20 native ASL signs. 

Ankita Wadhawan et al (Wadhawan, A. and Kumar, P. 2020) had proposed a sign language recognition
system for static signs using a deep learning algorithm. In the context of sign language recognition,
estimation of the approach based on deep learning-based Convolutional Neural Network (CNN) provides
good modelling of static signals. For this strategy, 35000 sign photos of 100 static signs were obtained
from various operators. This method’s accuracy was tested on roughly 50 CNN models, with the
maximum accuracy for coloured and grayscale images being 99.72 and 99.90, respectively. Human sign
recognition is a multidisciplinary topic that has yet to be solved.

C.K.M. Lee et al. (Lee, C.K. et al. 2021) had suggested utilising a recurrent neural network detection and
training method for American Sign Language. The aim of the method was an ASL learning prototype. In
the ASL alphabets, there are both static and dynamic signs. The classi�cation approach employs a Long-
Short Term Memory Recurrent Neural Network with the k-Nearest Neighbour approach and is based on
the handling of input sequences. 100 samples were gathered for each letter, and the technique was
trained with 2600 samples. The recognition rate for 26 ASL alphabets is 99.44 per cent accurate on
average. The controller’s sample frequency, on the other hand, is inconsistent. It needs to be post-
processed to reduce the in�uence on real-time recognition systems.

Dongxu Li et al. (Li, D et al. 2020) had presented Deep Sign Language Recognition from Video by using a
New Large-Scale Dataset and techniques. A new large-scale World Level American Sign Language
(WLASL) video collection with over 2000 phrases has been added to the method. In this new big-scale
data set, we used multiple deep learning algorithms to recognise word-level signs and evaluate their
performance in large scale scenarios. The technique had a top 10 accuracy of 62.63 per cent on a total of
2000 words.
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Maria Parelli et al. (Parelli M et al. 2020) used 3D hand pose estimation and deep learning to recognise
sign language from RGB videos. The objective was to infer 3D coordinates for the hand joint from RGB
data using a sophisticated architecture that was previously suggested in the literature for the problem of
3D human posture prediction. The use of RGB-D sensors and depth sensors to analyse 3D hand positions
has received more attention. However, indicators are not caught in the great majority of SL corpora and in
real-world circumstances because depth sensors and depth information are lacking.

Nikolas Adaloglou et al. (Adaloglou, N.M et al. 2021) had presented a sign language identi�cation system
based on a deep learning algorithm. To recognise the sign language, they used a computer vision-based
technique. The method’s goal was to provide information on how to recognise sign language by mapping
unsegmented video streams to glosses. However, glosses generally display a signi�cantly shorter time
duration than actions.

Razieh Rastgoo et al. (Rastgoo, R et al.2020) had developed a deep cascaded model is utilised to
recognise video-based isolated hand sign language recognition. Single Shot Detector (SSD),
Convolutional Neural Network (CNN), and Long Short Term Memory (LSTM) deep learning approaches
were utilised to develop a systematic cascaded model for sign language recognition that compensates
for spatiotemporal hand-based input. In comparison to other models, the complexity of this one had the
lowest parameters.

Khadijeh Mahdikhanlou and Hossein Ebrahimnezhad (Mahdikhanlou, K. and Ebrahimnezhad, H. 2020)
had suggested that to recognise multimodal 3D American Sign Language, the static alphabet and
integers, hand joints, and form coding are used. The method’s goal is to recognise a Sign Language
system employing cutting-edge multimedia that includes a webcam and a Leap Motion Controller (LMC).
The approach computes two sets of characteristics, the �rst of which was the LMC sensor’s calculation
of angle at hand joints. The second set of attributes is derived from a webcam-provided hand shape
contour. In any case, descriptors established for RGB photos perform poorly when it comes to portraying
depth images due to their poor texture, high rate noise, and low resolution.

Razieh Rastgoo et al. (Rastgoo, R. et al. 2021) had presented Deep networks, and the SVD method can
recognise real-time isolated hand sign language. They presented an innovative and rebellious route to
apply SVD for integration of rated 3D keystrokes in order to gain more distinguishing traits. Each sign in
the model had a recognition accuracy of more than 99 per cent, although some of the RKS-PERSIAN SIGN
datasets were misclassi�ed due to some examples with higher inter-class similarities that the model was
unable to distinguish. 

Maher Jebali et al. (Jebali, M., et al. 2021) had suggested Multimodal sensor fusion was employed for
video-based continuous sign language recognition. They introduced a new method for recognising
accurate word boundaries in an unbroken sign language. When compared to other challenges mentioned
in the literature, the approach was effective in extracting independent signals from video. The method’s
accuracy was 95.18 per cent for one-hand gestures and 93.87 per cent for two-hand motions. Techniques
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based on special devices did not arouse on a large scale due to the challenges created by the motion
limit.

3. Proposed Methodology
The approach was designed to detect and recognise American Sign Language using machine learning
algorithms. In order to solve this issue, a machine learning method and a Convolutional Neural Network
were applied. Picture capture, image preprocessing, image segmentation, and image classi�cation are the
four steps of the suggested sign language recognition system. The architecture of the proposed system
is illustrated in �gure 1. The initial phase is picture acquisition, which involves collecting various sign
images with a camera. Gaussian �lter, contrast enhancement, equalisation of the histogram, and
averaging �lters are used to preprocess the gathered sign images. Then the preprocessed images are
segmented using Modi�ed Canny Edge Detector (MCED). Then the segmented images are classi�ed, for
classi�cation machine learning algorithm is used, and the images are trained using a modi�ed resNet
101 CNN classi�er. The �nal CNN settings are �ne-tuned till the outcome is accurate enough.

Image preprocessing is the method it contains different morphological operations. In this phase, four
methods can be used to preprocess the image that are Gaussian �lter, contrast, enhancement,
equalisation of the histogram, averaging �lter.

(i)Gaussian �lter

The �rst method in preprocessing is noise removal. In order to remove noise from the image Gaussian
�lter is used, and it is also used to correct the blurriness of the image and used for smoothing the image
(Kaur, S et al. 2021).

pG(z) =
1

σ√2πe−
(x −μ ) 2

22

1
σ Denoted as a standard deviation, the amount of smoothing is determined by the Gaussian standard
deviation, and μ is a mean value.

(ii)Contrast enhancement

The next method in preprocessing is contrast enhancement, and it is used to make the image features
stand out more clearly. Image quality should be improved, and enhancing contrast level of the images
and brightness of the image must be preserved (Luque-Chang A., 2021).

In(x) = In(x) + a(
−
I1 −

−
I2)(I − In(x))I1(x)

2
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X is the pixel location In represent the pixel intensity value. I1, I2 represent the average pixel intensity.

(iii)Equalisation of histogram

Histogram equalisation is the next approach to preprocessing. It is utilised to enhance the contrast of a
picture by altering the intensity distribution of the histogram (Reddy, K.S and Jaya, T. 2021).

Di =
i

∑
j=0

Nj ∗
maximumintensitylevel

noofpixels

3
N represents the number of pixels i, j represents intensity levels.

(iv)Averaging Filter

The next preprocessing approach is average �ltering, which smooths pictures by lowering the difference
in intensity between neighbouring pixels. The average �lter analyses the image pixel by pixel, substituting
the average value of surrounding pixels for each value. The averaging �lter is derived using Eq. 4,
(Shedbalkar J et al. 2021)

y[n] = 1/N
N−1

∑
i=0

x[n − i]

4
N represents the length of the average x(n) present input, x(n-i) represents previous input and y(n)
represents present output.

3.2 Image Segmentation
The image segmentation is utilised to split the image into different portions according to its features and
characteristics. In this method, Modi�ed Canny Edge Detector is used for image segmentation. MCDE is
used to detect the edges and hence de�nes the boundaries of an object. In MCDE, double thresholding
and edge tracking methods will be used then the �nal segmentation image will be produced.

(i)Modi�ed Canny Edge Detection (MCDE)

Step 1

Use a gradient in the x and y dimensions to �nd the edge direction. The direction is found using 3 by 3
convolution kernels in CDE, although CDE does not provide an exact direction, so we used MCDE.
Unnecessary features can be ignored by using a larger Sobel operator without affecting the detection of
actual edges. The middle pixel technique calculates the gradient intensity of non-edge pixels using a pair

[ ]
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of 55 convolution kernels. The �rst pixel of interest (POI) will be drawn in the centre of the adjacent pixels.
The distance between the centre pixel of interest and the relative distance between the centre pixels of
interest is then calculated.

Figure (2a)

The Taylor expansion of bivariate functions, which is utilised in nonparametric regression, was applied in
this study to estimate the regression function and local linear kernel estimation, which uses Eq. 5 to
evaluate the gradient (G x and G y). (Qin, X, 2021).

yi≈
^
y1 + Δx ∗ Gx + Δy ∗ Gy

5
Where x and y represent pixel distances, Yi is a measure of how interested a pixel is in one of its
neighbours.

The pixel of interest is (0,0), and a 25 by 3 matrix was created to de�ne the x and y directions, with the
�rst column entries being 1’s and the next two columns occupied with relative pixel locations. It was
calculated using Eq. 6 (Qin, X, 2021).

W (I, j) = exp (-d (I, j)/2k), k (6)

Use the weighted residual sum of squares to get the gradient intensity, which is de�ned in Eq. 7 [32]

Q=(Y-Xβ)1w(Y − Xβ) (7)

Equation 8 achieves the second and third parts by decreasing Q by subtracting the horizontal and vertical
gradients (Gx, Gy). (Qin, X, 2021)

β̂ = X'WX X'WY = AY

8
Closest neighbouring pixel to the Pixel of Interest. The intercept is represented by the �rst row of a 25 by 3
matrix. The gradient along the x-axis is shown in the second row, while the gradient along the y axis is
shown in the third row.

After that, the edge pixel must be located. The convolutional kernel fully maps every pixel in CDE. This
will have an impact on the pixel’s precision.

Figure (2b)

To address this problem in MCDE edge pixels, different operators are used. In order to generate an
appropriate convolution kernel using Eq. 9. An alternative form of surrounding pixels should be utilised to

( )
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determine the gradient of the pixel at (0,0). Then, without making any alterations, repeat the procedure for
each and every point in the original image. (Qin, X, 2021)

SSQ = ∑n
i=1(yi −

^
y1) 2 (9)

Step 2

Non-maxima suppression creates a narrow line for the edge by tracking along the edge path and
suppressing any pixel value that is not designated an edge.

The magnitude of a single-pixel q with a 45-degree edge will be compared to the magnitudes of r and p,
where r and pare interpolated values based on the two nearest pixels. For example, Eq. 10 can be used to
calculate r. (Qin, X, 2021)

R =αb + (1 − α)a (10)

where, a and b represent pixel’s original magnitudes closest to r.

α = Gx / Gy

Step 3

The dual thresholding approach is often used to prevent streaks and to �lter out the weak gradient values
generated by noise �uctuations.

Step 4

Edge tracking is a technique for identifying strong and weak edges in an image and subsequently
removing any weak edges.

Step 5

The �nal processed image will be displayed once we set the removed weak edges in the previous phase
to zero.

3.3 Classi�cation
Image classi�cation is the process of employing rules to locate and label groups of pixels or vectors
inside an image. The image is classi�ed using a modi�ed deep residual CNN classi�er. CNN represents a
signi�cant advancement in image identi�cation. CNNs have an input layer, an output layer, and a hidden
layer that includes convolutional, ReLU, and pooling layers, as well as fully connected layers.

(i)Modi�ed deep residual CNN

| | | |
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In this proposed method, modi�ed deep residual 101 CNN is used to recognise the 36 classes that are A
to Z and 0 to 9. A Convolutional Neural Network with 101 deep layers, ResNet 101 is a Convolutional
Neural Network. The ImageNet database can be used to load a pre-trained version of the network that has
been trained on over a million images. We test the suggested method’s ability to recognise various types
of sign images.

Figure 3 explains the �rst layer of the Convolutional Neural Network is the convolution layer, and it
performs convolution operation to the input. Then the sum result will be �ltered using an activation
function like ReLU and passes the output to the pooling layer. The procedure of the convolution layer will
be calculated using Eq. 11(Liew, W.S. et al. 2021)

Oi ( x , y) = f'
m−I

∑
i=0

m−I

∑
j=0

w(i, j). I(x + i, y + j) + bias

11
The pooling layer is being used to minimise the number of variables in the network and the number of
dimensions in the feature map. To extract features such as edges, points, and so on, max pooling is
utilised. The neurons from the current layer to the next layer are then connected using a fully connected
layer. The training dataset classi�es an input image into various categories. The result of the neural
network is classi�ed using Eq. 12, (Liew, W.S. et al. 2021)

y = σ wL. . σ w2σ w1x + b1 + b2 ⋯ + bL

12
x is input and σ is an activation function, and w is denoted as a network parameter and b denoted as
bias.

Original resNet 101 has 101 deep layers, and a network results with different structures and produces a
different outcome. Several changes to resNet 101 decreased the size, computational cost, and the
number of residual blocks, and the ReLU activation between each residual block was
deleted(https://www.kaggle.com/ayuraj/american-sign-language-dataset). To keep the output size of
each layer consistent, a max-pooling layer was added before each convolutional block. The upgraded
resNet 101 contains fewer �lters and lower complexity parameters than the original resNet 101. The
computation time is affected by the amount of data and the size of the neural network. The modi�ed
resNet 101 is employed in this proposed solution due to the high processing complexity of deeper and
more advanced neural networks. Modi�ed resNet 101 reduces training time and interference while
preserving as much of the original performance as possible. Finally, in this proposed method, 35 classes
are classi�ed using modi�ed resNet 101. Then all 35 signs are identi�ed using this proposed ASL system.

4. Result And Discussion

( )

( ( ( ) ) )
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The goal of this approach is to recognise sign language in order for deaf individuals to understand it. The
proposed modi�ed residual 101 CNN system is evaluated in this section. The proposed CNN classi�er for
recognising the sign language has been simulated using MatLab 2020b with CPU: Intel Core i5, GPU:
NVidia GeForce GTX 1650, RAM: 16GB. CNN examines the image entered to determine whether it has
been recognised in the sign language. An optimisation is utilised to solve the CNNs optimal problem to
increase its performance and accuracy. The image was initially taken and preprocessed to remove
irrelevant things from the image. Then the image was segmented to partition image into several parts.
Then the image was classi�ed using a modi�ed CNN resNet 101 classi�er to detect whether the signs
had been recognised or not.

Here we used these steps for removing unwanted things from the image and adding some �lters to
enhance and smoothening the images to improve accuracy and computational cost etc. The next phase
is preprocessing stage, which involves removing noise from the image, enhancing the image and
smoothening the image etc. In the proposed approach, there are four steps to preprocessing the image:
Gaussian �lter, contrast enhancement, equalisation of the histogram, averaging �lter. We started by
removing unwanted noise from the original image with a Gaussian �lter. The image will then be
enhanced with contrast enhancement to boost the image’s quality and brightness. Following that,
equalisation of the histogram will take place, and it is used to adjust the contrast level of the image. The
averaging �lter is the �nal stage, and it is used to smooth the image by lowering the difference in
intensity between adjacent pixels.

The next phase is segmentation which is used to partition the images into several parts according to their
features and properties. In this proposed approach, Modi�ed Canny Edge Detector is utilised to classify
the edges and boundaries of an image. Then double thresholding method is used to eliminate streaking
and �lter out all weak gradient values. Then Edge tracking method is used to remove all weak edges
present in the image then all weak edges are removed from the image. The segmented image is then
created to improve the method’s effectiveness and accuracy.

Original images of a raw dataset of ASL images that is 0 to 9 and a to z are placed in Table 1.

In Table 2, we applied a Gaussian �lter to the original images in order to remove noises from the images
and correct the blurriness of the image.

In Table 3, we applied contrast enhancement to the �ltered photos, which is used to make image features
stand out more clearly, increase image quality, and brighten the image.

Table 5 shows how we used an averaging �lter on the augmented image to smooth it out by lowering the
intensity differences between neighbouring pixels.

In Table 6, the modi�ed canny edge detection method is used for the segmentation process, and it is used
to extract the edges by removing all weak edges from the preprocessed image.
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A statistics accuracy relates to how close to its true value. This is signi�cant because results inaccuracies
might be caused by malfunctioning equipment, human mistakes, or insu�cient data processing. The
accuracy of proposed and existing approaches are sketched in Fig. 4(a). Proposed resNet 101 achieved
0.95% accuracy, and the existing method of resNet 50 and resNet 18 achieved 0.90% and 0.80% accuracy,
respectively. This clearly shows how the proposed system is more advantages than an existing system.
Figure 4(b) shows the suggested system’s sensitivity. The suggested system resNet 101 reached 0.90% of
accuracy, and the existing systems resNet 50 and resNet 18 reached 0.81% and 0.75%, respectively. The
speci�city of the suggested system is shown in Fig. 4(c), and in speci�city, the suggested resNet 101 give
0.92% of accuracy, and the existing system resNet 50 and resNet 18 give 0.84% and 0.71% of accuracy,
respectively. Figure 4 illustrates a comparison of planned and existing systems in terms of accuracy,
sensitivity, and speci�city.

In statistical analysis, the discrepancy between the calculated and real value is referred to as “error”. The
error of the proposed approach is analysed and sketched in Fig. 5(a). In the proposed system, 0.05% of
error occurred, and in the existing system, 0.1% and 0.2% errors occurred in resNet 50 and resNet 18,
respectively. The precision of the proposed and existing approach is sketched in Fig. 5(b), and the
precision has a well de�ned harmonic mean. The precision of the proposed resNet 101 is 0.94%, and the
precision of the existing approach resNet 50 and resNet 18 is 0.89% 0.79%, respectively. The F1 score of
the proposed approach is analysed and sketched in Fig. 5(c). The F1 score of the proposed resNet 101 is
0.90% and F1 score of the existing approach resNet 50 and resNet 18 is 0.85% ,0.80% respectively. F1
score is a machine learning metric that was used to calculate the system’s binary categories and quantify
the data set’s accuracy. The comparison of existing and proposed analysis of error, precision and F1
score is analysed and sketched in Fig. 5. When compared to the existing methodology, the new method
has a high precision value.

In Fig. 6, the comparison of proposed and existing approaches of kappa, MCC and FRR is analysed and
sketched. Matthews correlation coe�cient (MCC) is used to assess the validity of two binary classi�es. In
the proposed approach, the MMC value of resNet 101 is 0.88%, and the MMC value of the existing
approach is 0.70% and 0.67%, respectively. The MMC values are analysed and sketched in Fig. 6(a).
Comparing the observed values of a training dataset to the predicted value is how the statistical analysis
of kappa is stated. In the proposed approach, kappa is sketched in Fig. 6(b), and the value of kappa in
resNet 101 is 0.89%, and the kappa value of existing system resNet 50 and resNet 18 is 0.83% and 0.75%,
respectively. The FRR is analysed and sketched in Fig. 6(c). In the proposed approach, the value of FRR in
resNet 101 is 0.05%. In existing approach, the value of FRR in resNet 50 and resNet 18 is 0.08% 0.12%,
respectively. The proposed system has a high kappa value when compared to existing techniques

The experiment’s outcome shows that the resNet 101 classi�er can discover the optimal solution of the
modi�ed CNN classi�cation system, which increases the feature expression, e�ciency, greatest detection
rate without changing the characteristics of the image. American Sign Language recognition is still a
challenging problem even for recent and modern approaches. In this system, we proposed a method
based on a modi�ed CNN classi�er using resNet 101. According to the outcomes, the suggested modi�ed
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CNN based resNet 101 classi�er is best suited for recognising the sign language and should be used in
real-time applications

5. Conclusion
Sign Language recognition is necessary for deaf and dumb people to communicate with others. This
paper presents a method in order to recognise the American Sign Language using newly introduced
Modi�ed deep residual CNN, which can detect and track the hand gestures for 36 signs. Pre-processing
and segmentation will be done in this method by using images, preprocessing will be performed using
various �lters, and segmentation will be performed using a modi�ed canny edge detection algorithm. The
upgraded resNet 101 contains fewer �lters and lower complexity parameters than the original resNet 101.
The computation time is affected by the amount of data and the size of the neural network. This
suggested approach achieves low error rates when compared to other CNNs such as resNet 50 and
resNet 18, and it will be used to recognise challenging hand movements through images, and it will speed
up the training and interference while maintaining as much of the original performance as possible.
Modi�ed deep residual CNN has the following advantages: computational e�ciency, quick processing,
and cheap computational cost. The resNet 101 classi�er is utilised to recognise 36 signs from American
Sign Language in this proposed technique. The proposed system has a 0.95 per cent accuracy rate,
which is higher than the present system. Recognition of words, sentences, and hand movements will be
added in future work.
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Tables
Table1 to 6 are available in the Supplementary Files section.

Figures

Figure 1

Architecture of the proposed system
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Figure 2

Legend not included with this version
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Figure 3

Generic Architecture of Convolution Neural Network
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Figure 4

Comparison of proposed and existing system (a) accuracy

(b) sensitivity (c) speci�city
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Figure 5

Comparison of proposed and existing approaches (a) error

(b) precision (c) F1 score
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Figure 6

comparison of proposed and existing approaches (a) MCC (b) Kappa (c) FRR
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