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3.3. Antiarthritic activity
The antiarthritic activity of  MECCL on protein denaturation is offered in 
Figure 2. The extract manifested dose-dependent inhibitory potency when 
compared to diclofenac sodium. Percentage of  inhibition was 26.71 ± 2.53, 
37.62± 1.88, 42.58 ± 2.03, 48.82 ± 3.25, and 60.32 ± 1.71 for MECCL; and 
50.29± 1.09, 58.95 ± 0.89, 70.57 ± 0.82, 81.19 ± 0.73, and 86.78 ± 0.21 was 
for diclofenac sodium at the various concentration of  31.25, 62.5, 125, 250 
and 500 µg/mL, subsequently.

Figure 2
Antiarthritic activity of MECCL at di�erent concentrations.

3.4. Anthelmintic activity
Anthelmintic activity of  MECCL was demonstrated on Tubifex tubifex 
worms which findings were encapsulated in Table III. In this examination, at 
the 5, 10, 20 µg/mL concentrations the plant extract demonstrated paralysis 
time 38.12 ±2.60, 21.22 ±2.21 and 11.15 ±5.33 min; and death time 43.10 
±7.79, 29.08 ±6.72 and 17.22 ±4.55 min, subsequently, however the standard 
drug levamisole presented paralysis time 15.15±9.29, 7.4±4.02 and 4.5±5.33 
min, and the death time 20.10±3.14, 12.26±7.47 and 8.55±2.42 respectively. 
The results indicated that the anthelmintic effect was in dose dependent 
manner.

Table III 
Anthelmintic activity of methanol extract of Chaetocarpus castanocarpus (Roxb.) leaves 
(MECCL).

MECCL: Methanol extract of  Chaetocarpus castanocarpus (Roxb.) leaves

4. Discussion
Since the down of  human civilization, plants have been one of  the dominant 
origins of  medicines and are still available as one of  the crucial sources of  
drugs in modern as well as in traditional systems of  medicine (Akter et al., 
2021; Jahan et al., 2022). Divergent classes of  bioactive compounds have 
been secluded and distinguished from plants since the middle of  the 
nineteenth century and a great number of  these are used as the active 
ingredients of  modern medicines, or as the lead compounds for new drugs 
uncovering. In this investigation, we directed numerous tests to estimate 
variety of  health interest like antioxidant, antiarthritic, and anthelmintic 
potential of  the methanolic extract of  Chaetocarpus castanocarpus (Roxb.)  
leaves. Phytochemical screening of  methanol extract of  Chaetocarpus 
castanocarpus (Roxb.)  leaves authenticated the existence of  variety of  
secondary metabolites such as alkaloids, phenols, flavonoid, triterpenoids, 
coumarins, glycosides, tannin and cardiac glycoside etc. The presence of  
secondary metabolites are responsible for their antioxidant, antiarthritic, and 
anthelmintic activity (Akter et al., 2021).

An overabundance of  free radical put up  oxidative stress leads to 
destruction of  proteins, DNA and lipids that is connected with chronic 
declinatory diseases (Hossen et al., 2021). Essential antioxidants in the form 
of  raw extracts or their chemical components are very fruitful to put a stop 
to the declinatory processes brought about by oxidative stress (Hoque et al., 
2021). Methanol extract of  Chaetocarpus castanocarpus (Roxb.)  leaves (MECCL) 
was found to possess better ROS (Reactive oxygen species) counteracting 
capacity. Our present study manifested dose dependent antioxidant activity 
that is when concentration increased, the antioxidant potency also increased 
and a handful of  studies confirmed dose dependent activity of  plant extracts. 
MECCL also exhibit dose dependent antiarthritic activity. Antiarthritic 
potency was conducted by inhibition of  protein denaturation method 

considering that denaturation of  protein is one of  the causes of  rheumatoid 
arthritis. The standard drug and the plant extract both showed dose 
dependent activity but standard drug was noticed to give superior results.

The in vitro anthelmentic activity of  MECCL revealed moderate 
potency when we compared with standard levamisole. People prefer 
medicinal plant as an possible sources of  anthelmintic drugs, despite the 
availability of  a number of  commercial drugs. It is evident through a large 
number of  studies that plants possessing strong anthelmintic activity (Osei 
Akoto, Acheampong, Boakye, Naazo, & Adomah, 2020).

5. Conclusion
The incidence of  phytoconstituents such as total phenolics, alkaloids, 
flavonoids, triterpinoid, glycosides, and tannins in Chaetocarpus castanocarpus 
(Roxb.) offers a few scientific mark for biological activity and also responsible 
for pharmacological usage of  the plants. The existence of  high flavonoid, 
phenolic compounds could be accredited to its pharmacological action 
related with free radicals. In this investigation, MECCL has been shown to 
have favourable radical scavenging properties. Additionally, MECCL holds 
notable ‘anti-inflammatory, arthritis, and anthelmintic’ activity. However, 
Chaetocarpus castanocarpus (Roxb.) can be contemplated as a latent origin for 
uncovering the secondary metabolites that can be used for several 
pharmacological utilizations. Additional analysis are essential to disclose the 
procedure behind its potency.
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1. Introduction
According to the World Health Organization, there are currently 466 million 
people who are deaf. It accounts for approximately 5% of  the world’s total 
population. Yet the people who know sign language are rare. Though more 
and more people are learning sign language gradually, it is not the norm. So, 
in many instances, it might happen that a deaf  person knows sign language 
but the person with whom he is trying to communicate is not aware of  any 
sign language. This limits the scope of  communication for deaf  people in all 
areas of  life. Due to this, many technological advancements are being used to 
ease this problem. Some computer software technologies can recognize sign  
language through the use of  a camera. There is also some specialized 

hardware that can be used by deaf  people to communicate with people who 
don’t know any sign language. In this research, we will use a computer vision 
technique to recognize American Sign Language (ASL) alphabets or words 
and translate them into readable words, which will greatly help deaf  people 
around  the globe.

Traditionally, the most common approaches in the field of  video 
applications involving temporal dynamics, including gesture detection, have 
relied on Recurrent Neural Networks (RNNs) or Long Short-Term Memory 
(LSTM) networks. For the purpose of  recording sequential patterns across 
time, these designs are ideal. But their effectiveness depends on thorough 
conditioning and preprocessing, which can greatly increase processing time. 
In our recent research endeavor, we sought to explore alternative 
methodologies that could potentially mitigate the processing overhead while 
maintaining or even enhancing accuracy levels. Our investigation led us to 
experiment with Convolutional Neural Networks (CNNs), a class of  deep 
learning models primarily associated with image processing tasks. While 
CNNs have traditionally been applied to static image analysis, their ability to 
capture spatial hierarchies and patterns made them a compelling candidate 
for temporal data analysis as well. Surprisingly, our findings revealed that 
CNNs exhibited remarkable performance when tasked with recognizing 
gestures from video data. Notably, we achieved an impressive accuracy rate 
of  99.40% for alphabet recognition and an even higher accuracy of  99.70% 
for word recognition. These results surpassed the performance of  traditional 
RNN and LSTM approaches, while also mitigating the need for extensive 
preprocessing steps.

2. Literature review 
In most of  the cases, camera equipment used to get image data and analysis 
of  those images has been done based on popular analysis methods to get the 
gesture information (Luzanin & Plancak, 2014). As the camera is very much 
available in all devices and not much high price which gives much 
opportunity of  human machine interaction (Chen et al., 2017; Lu, Chen, Li, 
Zhang, & Zhou, 2014; Sun et al., 2018). Another significant method we 
found in some research works is Hidden Markov Model. Hidden state and 
actual state are the two states of  the Hidden Markov Model (Liu, Chen, 
Jafari, & Kehtarnavaz, 2014; Liao et al., 2017). Zhang and Deng (2017) 
proposed a method called dynamic gesture track recognition strategy based 
on HMM-CART model and showed higher accuracy of  dynamic gesture 
recognition. Wang, Xia, Cai, Gao, and Cattani (2012) trained the time-based
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3.3. Antiarthritic activity
The antiarthritic activity of  MECCL on protein denaturation is offered in 
Figure 2. The extract manifested dose-dependent inhibitory potency when 
compared to diclofenac sodium. Percentage of  inhibition was 26.71 ± 2.53, 
37.62± 1.88, 42.58 ± 2.03, 48.82 ± 3.25, and 60.32 ± 1.71 for MECCL; and 
50.29± 1.09, 58.95 ± 0.89, 70.57 ± 0.82, 81.19 ± 0.73, and 86.78 ± 0.21 was 
for diclofenac sodium at the various concentration of  31.25, 62.5, 125, 250 
and 500 µg/mL, subsequently.

Figure 2
Antiarthritic activity of MECCL at di�erent concentrations.

3.4. Anthelmintic activity
Anthelmintic activity of  MECCL was demonstrated on Tubifex tubifex 
worms which findings were encapsulated in Table III. In this examination, at 
the 5, 10, 20 µg/mL concentrations the plant extract demonstrated paralysis 
time 38.12 ±2.60, 21.22 ±2.21 and 11.15 ±5.33 min; and death time 43.10 
±7.79, 29.08 ±6.72 and 17.22 ±4.55 min, subsequently, however the standard 
drug levamisole presented paralysis time 15.15±9.29, 7.4±4.02 and 4.5±5.33 
min, and the death time 20.10±3.14, 12.26±7.47 and 8.55±2.42 respectively. 
The results indicated that the anthelmintic effect was in dose dependent 
manner.

Table III 
Anthelmintic activity of methanol extract of Chaetocarpus castanocarpus (Roxb.) leaves 
(MECCL).

MECCL: Methanol extract of  Chaetocarpus castanocarpus (Roxb.) leaves

4. Discussion
Since the down of  human civilization, plants have been one of  the dominant 
origins of  medicines and are still available as one of  the crucial sources of  
drugs in modern as well as in traditional systems of  medicine (Akter et al., 
2021; Jahan et al., 2022). Divergent classes of  bioactive compounds have 
been secluded and distinguished from plants since the middle of  the 
nineteenth century and a great number of  these are used as the active 
ingredients of  modern medicines, or as the lead compounds for new drugs 
uncovering. In this investigation, we directed numerous tests to estimate 
variety of  health interest like antioxidant, antiarthritic, and anthelmintic 
potential of  the methanolic extract of  Chaetocarpus castanocarpus (Roxb.)  
leaves. Phytochemical screening of  methanol extract of  Chaetocarpus 
castanocarpus (Roxb.)  leaves authenticated the existence of  variety of  
secondary metabolites such as alkaloids, phenols, flavonoid, triterpenoids, 
coumarins, glycosides, tannin and cardiac glycoside etc. The presence of  
secondary metabolites are responsible for their antioxidant, antiarthritic, and 
anthelmintic activity (Akter et al., 2021).

An overabundance of  free radical put up  oxidative stress leads to 
destruction of  proteins, DNA and lipids that is connected with chronic 
declinatory diseases (Hossen et al., 2021). Essential antioxidants in the form 
of  raw extracts or their chemical components are very fruitful to put a stop 
to the declinatory processes brought about by oxidative stress (Hoque et al., 
2021). Methanol extract of  Chaetocarpus castanocarpus (Roxb.)  leaves (MECCL) 
was found to possess better ROS (Reactive oxygen species) counteracting 
capacity. Our present study manifested dose dependent antioxidant activity 
that is when concentration increased, the antioxidant potency also increased 
and a handful of  studies confirmed dose dependent activity of  plant extracts. 
MECCL also exhibit dose dependent antiarthritic activity. Antiarthritic 
potency was conducted by inhibition of  protein denaturation method 

considering that denaturation of  protein is one of  the causes of  rheumatoid 
arthritis. The standard drug and the plant extract both showed dose 
dependent activity but standard drug was noticed to give superior results.

The in vitro anthelmentic activity of  MECCL revealed moderate 
potency when we compared with standard levamisole. People prefer 
medicinal plant as an possible sources of  anthelmintic drugs, despite the 
availability of  a number of  commercial drugs. It is evident through a large 
number of  studies that plants possessing strong anthelmintic activity (Osei 
Akoto, Acheampong, Boakye, Naazo, & Adomah, 2020).

5. Conclusion
The incidence of  phytoconstituents such as total phenolics, alkaloids, 
flavonoids, triterpinoid, glycosides, and tannins in Chaetocarpus castanocarpus 
(Roxb.) offers a few scientific mark for biological activity and also responsible 
for pharmacological usage of  the plants. The existence of  high flavonoid, 
phenolic compounds could be accredited to its pharmacological action 
related with free radicals. In this investigation, MECCL has been shown to 
have favourable radical scavenging properties. Additionally, MECCL holds 
notable ‘anti-inflammatory, arthritis, and anthelmintic’ activity. However, 
Chaetocarpus castanocarpus (Roxb.) can be contemplated as a latent origin for 
uncovering the secondary metabolites that can be used for several 
pharmacological utilizations. Additional analysis are essential to disclose the 
procedure behind its potency.
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1. Introduction
According to the World Health Organization, there are currently 466 million 
people who are deaf. It accounts for approximately 5% of  the world’s total 
population. Yet the people who know sign language are rare. Though more 
and more people are learning sign language gradually, it is not the norm. So, 
in many instances, it might happen that a deaf  person knows sign language 
but the person with whom he is trying to communicate is not aware of  any 
sign language. This limits the scope of  communication for deaf  people in all 
areas of  life. Due to this, many technological advancements are being used to 
ease this problem. Some computer software technologies can recognize sign  
language through the use of  a camera. There is also some specialized 

hardware that can be used by deaf  people to communicate with people who 
don’t know any sign language. In this research, we will use a computer vision 
technique to recognize American Sign Language (ASL) alphabets or words 
and translate them into readable words, which will greatly help deaf  people 
around  the globe.

Traditionally, the most common approaches in the field of  video 
applications involving temporal dynamics, including gesture detection, have 
relied on Recurrent Neural Networks (RNNs) or Long Short-Term Memory 
(LSTM) networks. For the purpose of  recording sequential patterns across 
time, these designs are ideal. But their effectiveness depends on thorough 
conditioning and preprocessing, which can greatly increase processing time. 
In our recent research endeavor, we sought to explore alternative 
methodologies that could potentially mitigate the processing overhead while 
maintaining or even enhancing accuracy levels. Our investigation led us to 
experiment with Convolutional Neural Networks (CNNs), a class of  deep 
learning models primarily associated with image processing tasks. While 
CNNs have traditionally been applied to static image analysis, their ability to 
capture spatial hierarchies and patterns made them a compelling candidate 
for temporal data analysis as well. Surprisingly, our findings revealed that 
CNNs exhibited remarkable performance when tasked with recognizing 
gestures from video data. Notably, we achieved an impressive accuracy rate 
of  99.40% for alphabet recognition and an even higher accuracy of  99.70% 
for word recognition. These results surpassed the performance of  traditional 
RNN and LSTM approaches, while also mitigating the need for extensive 
preprocessing steps.

2. Literature review 
In most of  the cases, camera equipment used to get image data and analysis 
of  those images has been done based on popular analysis methods to get the 
gesture information (Luzanin & Plancak, 2014). As the camera is very much 
available in all devices and not much high price which gives much 
opportunity of  human machine interaction (Chen et al., 2017; Lu, Chen, Li, 
Zhang, & Zhou, 2014; Sun et al., 2018). Another significant method we 
found in some research works is Hidden Markov Model. Hidden state and 
actual state are the two states of  the Hidden Markov Model (Liu, Chen, 
Jafari, & Kehtarnavaz, 2014; Liao et al., 2017). Zhang and Deng (2017) 
proposed a method called dynamic gesture track recognition strategy based 
on HMM-CART model and showed higher accuracy of  dynamic gesture 
recognition. Wang, Xia, Cai, Gao, and Cattani (2012) trained the time-based
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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information-handling HMM using the Baum-Welch technique.
LeCun, Bengio, and Hinton (2015) provided a basic outline of  the 

Neural Network types and their application about speech recognition, visual 
object recognition, drug discovery and genomics studies. They also discussed 
about the power of  back propagation and how it enabled more sophisticated 
learning in terms of  dynamic data set. They concluded that the advanced 
reasoning of  the algorithm will be in charge of  the majority of  successful 
learning in the future. O'shea and Nash (2015) discussed about the basics of  
the Convolutional Neural Network which is under the field of  Artificial 
Neural network also the different variety of  neurons and the group of  them. 
These groups are called layers which is discussed in the section of  CNN. As 
mentioned, these CNN layers are convolutional layers, dense layers/fully 
connected layers, pooling layers etc. In their papers they also showed the 
patterns that have been learned from the data set which looks almost 
identical to the data set images. they used MNIST database to train the 
network to recognize hand written digits. Wenjin et al. (2018) used CNN to 
recognize the alphabets of  the ASL. As they required huge amount of  
training data, they captured some and used data augmentation technique to 
multiply those data into large data set. Moreover, they used a technique called 
inference fusion which enabled them to increase the accuracy of  the model. 
Masood, Srivastava, Thuwal, and Ahmad (2018) attempts to recognize words 
of  the ASL. Words of  the ASL are not static images so conventional CNN is 
not feasible here. Being temporal sequence of  images gestures requires 
special NN architecture known as Recurrent Neural Network. The authors 
used both CNN and RNN to recognize the different characteristics of  the 
video data. By designing appropriate model of  the network, they achieved 
above 95 percent accuracy. Saleem (2020) trained a CNN to recognize 24 
ASL alphabet and tried to finger spell any word as required. For the training 
data set they used both image intensity data and depth data. Though in our 
project we did not use color image for training, this paper showed that color 
images and depth info can be useful to better predict the desired classes. 
They also showed that their proposed model is 3% more accurate than the 
previous works. By using both the architecture geometric information is 
captured using CNN and time series information is captured using RNN. 
Their work was able to recognize 27 ASL gestures with 69.2% accuracy. They 
collaborated with computational ASL recognition researcher to create this 
new data set. They used Kinect 2.0 sensor to record the gestures. Ko, Son, 
and Jung (2018) proposed a method that uses human key point vector to 
recognize Korean sign language gestures. This key point vector has different 
angles and deviation for different signs. These values are then fed into the 

RNN for training. They introduced KETI sign language dataset containing 
10,480 videos. Their system showed 89.5% accuracy even when there is 
insufficient training data. Yu, Si, Hu, and Zhang (2019) reviewed Recurrent 
Neural Network and several Long Short-Term Memory (LSTM) cell 
architectures. They pointed out the drawback of  the RNN and discussed the 
importance of  LSTM for different application. The authors summarized 
several types of  LSTM networks and their possible application. In the final 
remarks they pointed out some techniques to further improve RNNs 
effectiveness. Deshmukh and Jagade (2022) proposed the CNN Algorithm to 
detect Hand Sign Language. The neighborhood framework or the webcam 
camera casing are used as information in this suggested framework. The 
convolution neural network algorithm-based classifiers receive input images 
that have been handled. It organizes the image and turns it into a model. 
Finally, the desired result comes to fruition. Atitallah et al. (2021) suggested 
using a low-complexity Electrical Impedance Tomography imaging system 
for hand sign detection and monitoring. They also incorporated a virtual 
hand model for visualization, a Gauss-Newton image reconstruction 
technique, a robust CNN based hand sign classification, and an 8- electrode 
electronic interface. Following table includes the comparative analysis of  
ASL.

Table I 
Comparative analysis

Our main objective in this research is to use state-of-the-art techniques of  
Artificial Intelligence (AI) and create a program that will recognize a portion 
of  the vocabulary of  ASL. For instance, our program will recognize various 
predetermined alphabets from the captured data set from the camera. To do 
that, first we will create a data set of  the alphabets and selected words. Then 
we will make our program learn the patterns of  the words without 
remembering all the unimportant details. In order to  make  our  computer 
learn  the  words,  we  have to train our program using the aforementioned 
data set. In computer vision, ‘learning’ is facilitated by the technology called 
Neural Network (NN). NN is currently very popular among Machine 
Learning (ML) researchers. We also need to make some changes to the 
collected images from the camera because NNs do not work with the raw 
image data. After doing these necessary steps, our system will be able to 
recognize many static images as alphabets and moving images as words of  
the English language.

In this research, we will create a program that will recognize 24 letters of  
the English alphabet without ‘J’ and ‘Z’ as well as 50 English words using 
American Sign Language. Since ASL words are an example of  temporal 
sequence data, we will transform this data in such a way that we can use CNN 
instead of  RNN to train our program. 

To accomplish our goal, we will follow a step-by-step approach. Firstly, 
we will create a standard image dataset for the individual letters involved in 
the American Sign Language (ASL). Next, we need to find a way to 
transform the temporal sequence of  data, typically found in video 
applications, into static image data that can be processed by a Convolutional 
Neural Network (CNN). Using this transformed static data, we will create a 
separate dataset specifically for recognizing words in ASL. Prior to inputting 
the images into the CNN, we will preprocess them to enhance their quality 
and optimize the learning process. Furthermore, we will design two separate 
CNN architectures: one for recognizing individual letters and another for 
recognizing complete words. These models will be trained extensively using 
the constructed datasets to ensure optimal performance. Finally, to assess the 
accuracy and generalization capabilities of  the models, we will test them 
using a set of  images that are outside the original dataset. This 
comprehensive approach will enable us to effectively recognize both 
individual letters and words in ASL.

3. Methodology
Our research is an example of  multiclass classification in AI. Convolutional 
neural networks (CNN) are used to create the system’s fundamental deep 

learning model. The data set is created by us for both alphabets and words. 
The image set for words is different from the conventional images of  CNN 
because ASL words are hand gestures, which are a temporal sequence of  
data. For this reason, we have converted time series data into static image 
data first, and then those images will eventually create the data set for the 
ASL words. Then we have compared both CNN model architectures for 
words and alphabets.

A. Multiclass Classification
Multiclass classification involves categorizing data into multiple categories, 
while binary classification focuses on distinguishing between two categories. 
For our research, we will be solving a multiclass classification problem 
because our designed CNN architecture will detect the 24 alphabets   of  the 
English language using ASL signs. Another model will be trained to classify 
50 words of  the ASL containing gesture data. Below is a visual example of  a 
multiclass classification problem where the problem domain contains three 
groups.

B. Dataset pre-processing
As we have selected CNN as our ML algorithm, we preprocessed the data as 
required for the CNN. At first, we collected still images from the camera for 
the alphabets of  the ASL. Then we strategically converted the video data of  
the gesture into still image data for the words of  the ASL. After that we 
organized the collected data into different folders to indicate the different 
classes.

Figure 1 
Multiclass classification 

i. Data collection
For alphabetical data: We began capturing raw camera frames for alphabetical 
data. In the raw footage, we drew a green rectangle in the middle where we 
placed our hand and did the required pose. That image was then captured, 
and that captured image was one of  the many images that composed the final 
data set. An example of  the raw frame and captured image is shown below. It 
is the sign for the alphabet ‘W’.

Figure 2 
Raw image and cropped image

We took many photos for an alphabet and stored them into a folder. Since 
this image capture process is lengthy, we automated this task for each 
alphabet. At first, the camera starts showing the raw frames from the camera. 
Then the user places the hand in the rectangle. After a previously set time, a 
camera starts recording every frame and converting the frame into an image. 
Then every image is stored into that folder until the required number of  
images have been saved. For other alphabets, the same process is followed, 
and images are saved into another directory.

For word data: The signs for the ASL words are not static but moving 
gestures of  hands and fingers. We created a way to convert this time series 
data into a static still image. We stood in front of  the camera and did gestures 
for a word. With the help of  a computer vision library, we captured only the 
movement of  the user. The built-in function of  the library 
‘BackgroundSubtractor’ captures only the movement in a video and shows this 
movement in the form of  a binary image.

For a gesture, we collected all the frames of  the binary image during a 
gesture and then added all of  them. This added binary image is now the 
testament of  the whole movement, but in the form of  a still image. We 

repeated a gesture in front of  the camera 500 times and captured 500 images. 
These 500 images will form a dataset for an ASL word.

ii. Preparation of  the dataset
As mentioned, we collected images for both alphabets and words. For 
alphabets, we captured 2000 images for each of  the 24 classes. And for 
words, we captured 500 images for every gesture class. We created different 
folders for each class and put the corresponding images in the folders to 
create separate datasets.

C. CNN model
The overall success of  a convolutional neural network depends on its model 
architecture, which means the design and sequential structure of  different 
layers within the CNN. In our model, we have tested many configurations 
and selected one that gave us satisfactory results. The selected models for 
alphabets and words are given below.

i. Model for alphabets

Figure 3
CNN model for alphabets

The CNN model for the alphabets uses 3 convolution layers, 3 pooling layers, 
and 3 fully connected layers. A schematic of  the model is shown in the figure 
3.

The first layer of  our CNN alphabet is a 2D convolution layer, which 
does the spatial convolution over the images. In this layer, 128 filters are used 
as the dimensionality of  the output space. According to the Keras 

documentation, the first layer needs the dimension of  the input images. So, 
we added input shapes from our data set. In this layer, we used 2 x 2 filter 
sizes to do the convolutions. To activate this layer, we used a rectified linear 
function, also known as ReLU. This function will output directly if  the input 
is positive, and otherwise it will output zero. This activation function is the 
default go-to function because it makes the training easier and often leads to 
better performance. It also solves the vanishing gradient problem. The 
pooling layer down sample the input image and make it ready for the next 
convolution pass. We used the max pooling 2D from the Keras library, which 
selects the maximum value from neighboring pixels. Our selected pool size is 
2 x 2. Here no stride length is mentioned, and by default it is set to 2 x 2 as 
the pooling size. In the second Conv2D layer, the number of  filters and 
output space are the same as the 1st convolution layer. In the second layer, we 
don’t have to mention the input shape like before. Right after the 2nd 
convolution layer, we used the same ReLU activation function. For the next 
pooling layer, we used MaxPooling2D as before with a 2 x 2 pooling size. In 
the third Conv2D layer, the number of  filters and output space are the same 
as in the 1st convolution layer. In the second layer, we don’t have to mention 
the input shape like before. Right after the 2nd convolution layer, we used the 
same ReLU activation function. For the next pooling layer, we used 
MaxPooling2D as before with a 2 x 2 pooling size. In this layer, all the 
previous input of  a 2-dimensional matrix is flattened into a vector, which is 
fed to the fully connected layer next. In every CNN problem, a fully 
connected layer is crucial for generating prediction. In this dense layer, we 
used 256 neurons. For the dense layer, we used the same ReLU activation 
function. Another dense layer is used here with a 256-unit size. For the 
second dense layer, we used the same ReLU activation function. In the final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer   has 24 neurons for each of  the recognizable 
alphabets. For activation of  the neurons, we used softmax because our 
problem domain is multiclass classification problems.

ii. Model for words
The model architecture to recognize the words consists of  2 convolution 
layers, 2 pooling layers, and 3 fully connected layers. The figure 4 shows the 
layers and neurons of  the model. The first layer of  our CNN for words is a 
2D convolution layer, which does the spatial convolution over the images. In 
this layer, 256 filters are used as the dimensionality of  the output space. The 
dimension of  the input images   is required by the first layer, according to the 
Keras documentation. So, we used our data set to add input shapes. In this
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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layer, we used 3 x 3 filter sizes to do the convolutions. After that, we followed 
every step from the previous model except the final output layer. In this final 
output layer, we have used another fully connected layer. Since it is the last 
layer of  the model, this layer has 50 neurons for each of  the recognizable 
words. For activation of  the neurons, we used softmax just like before.

Figure 4
CNN model for words

D. Loss function for classification
Typically, neural networks try to minimize the error in every successive pass 
and update the weights of  the neurons accordingly. There are numerous loss 
functions to be used from the Keras library. Binary Crossentropy, Categorical 
Crossentropy, Mean Absolute Error, Mean Squared Error, Sparse 
Categorical Crossentropy, Squared Hinge are some of  the loss functions 
from the library. We used sparse categorical cross entropy as our loss 
function because our problem is a multiclass classification problem.

E. Optimization algorithm
An optimization algorithm acts like a support for the loss function. When 
compiling, any loss function may require a huge amount of  time and 
resources, depending on the starting neuron weight values. With the use of  
an optimizer, we reduce the resource requirements in training. There are 
many optimizers in the Keras library, which we used for our training. Some 

of  them are RMSprop, SGD, ADAM, Adagrad, Ftrl etc. All of  these 
optimizers have different use cases, and there is no default optimizer that 
works best. We experimented with these optimizers and chose the Adam 
optimizer because it has lower memory requirements and is suitable for 
numerous parameter handlings.

4. Result and discussion
As mentioned before, we have created our own data set from scratch. The 
data set for words contains a total of  25000 images, with 500 images in each 
folder for each class. All the images are binary images for words, which 
contain the movement information of  the corresponding word. The 
resolution of  the images is 640 x 480 and their average size is around 35 
kilobytes. Before training, their size had been decreased to speed up the 
training process. Similar to alphabets, this data set was also divided into two 
parts; one for training and one for testing.  20,000 images were used for 
training, and 5,000 images will be used for testing. We utilized the Python 
programming language for this research. For the required libraries, 
programming language, software, and all other dependencies, we used the 
Spyder IDE of  Anaconda as our distribution platform. For the libraries, we 
have used TensorFlow, OpenCV, Matplotlib, Numpy, OS and Keras. After 
successful training, we evaluated our designed architecture by using the Keras 
library. After 10 epochs, both the accuracy for alphabets and words were 
satisfactory, at more than 99%. Before finalizing our proposed NN 
architecture, we have experimented with many designs and parameters to 
make sure we get the desired accuracy. During the design of  the architecture, 
it is accepted among researchers that there is no one design guideline to 
follow but rather trial and error with many structures. The variables we 
experimented with are-

• Number of  CNN layers.
• Number of  Neurons and filters within the CNN layers.
• Different activation function.
• Pooling size and strides.
• Number and size of  dense layers.

For alphabets, we selected a model architecture that gave us satisfactory 
accuracy. We trained our CNN 10 times with the dataset, and each time the 
accuracy has increased. Every epoch took around 13 hours to complete. Line 
charts are given below to illustrate the learning of  the CNN model.
Similar to alphabets, we chose a model architecture for word after many trials. 
We also trained the model for 10 epochs, and in every epoch the accuracy has 

increased and the loss has decreased. Every category had 500 images, which 
is relatively low compared to the alphabets, which contained 2000 images per 
category. 

Figure 5
Line chart of  the validation loss (Alphabet)

Figure 6
Line chart of  the validation accuracy (Alphabet)

Figure 7
Line chart of  the validation loss (Word)

As a result, training took less time than the alphabets. Moreover, our CNN 
architecture was simpler than the alphabet’s model. Each epoch took around 
2 hours to complete.

Figure 8 
Line chart of  the validation accuracy (Word)

When we successfully finished training our CNN model,  we predicted some 
images that were foreign to the data set. Even though our program divided 

the data set into training and validation sets, the use of  external images 
bolsters the agility of  the CNN architecture. We used a few images that are 
not present in the data set and showed that our model successfully classified 
them. To predict these images, we had to preprocess the images according to 
our CNN requirements.
Table II 
Performance of  the proposed model

As stated earlier, we have proposed two CNN models to solve a multi-class 
classification problem. Since Neural Networks try to minimize the error, in 
both times our training errors have been decreased gradually and in turn 
accuracy went up. 

The results of  both models used in our study for American Sign 
Language (ASL) recognition have shown impressive accuracy rates, 
exceeding 99%. These models have been trained to predict the meaning of  
individual ASL signs based on single input images. However, it's worth 
noting that during our testing, we encountered challenges with correctly 
classifying external images that were not part of  the training data.

We have not yet implemented live classification using cameras in our 
model due to the need for a larger and more diverse dataset to ensure 
accurate performance in real-time scenarios. Although we anticipate that the 
accuracy may decrease to around 80% to 90% when using a larger dataset, we 
believe our model will still be capable of  effectively classifying images 
captured by a camera.

To improve the robustness of  our model, we recognize the importance 
of  incorporating a diverse dataset. This includes images captured within 
different environments and from various individuals. By incorporating such 
diversity, we aim to enhance the model's ability to accurately classify ASL 
signs across a wider range of  conditions and contexts.

5. Comparison 
We know that in terms of  static images, we need to use a convolutional 
neural network. Whereas for dynamic or time series data, we have to use 
RNN or LSTM. A huge disadvantage of  RNN and updated LSTM is lengthy 
data preprocessing, as well as prolonged training. So, in our research, we will 
generate static data from sequential data, which can then be fed into the 
CNN network. As a result, the time and resources required for preprocessing 

will be saved, and training time will also be minimized. We believe that by 
avoiding the use of  RNN architecture, we can achieve similar accuracy to a 
recurrent neural network while reducing training time. Following table 
contains the comparison of  other works with the proposed in terms of  
accuracy. 
Table III
Comparison of  the proposed method to published works

6. Conclusion
In this research, we have trained two CNNs to recognize the alphabet and 
some words in the American Sign Language. We minimized the total 
processing for time series data by utilizing the convolutional neural network. 
We have evaluated our network for random data from the dataset and 
showed that by transforming the temporal sequence of  data into static data, 
a convolutional neural network can effectively classify temporal-ordered 
images. This model provides more than 99% accuracy. We hope that our 
research will enable non-sign language speakers to communicate with deaf  
people effectively and easily. In the future, we will include additional words 
and create a graphic interface for simple understanding.
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