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In the day-to-day life of communities, good communication channels are crucial for mutual understanding.�e hearing-impaired
community uses sign language, which is a visual and gestural language. In terms of orientation and expression, it is separate from
written and spoken languages. Despite the fact that sign language is an excellent platform for communication among hearing-
impaired persons, it has created a communication barrier between hearing-impaired and non-disabled people. To address this
issue, researchers have proposed sign language to text translation systems for English and other European languages as a solution.
�e goal of this research is to design and develop an Amharic digital text converter system using Ethiopian sign language. �e
proposed system was created with the help of two key deep learning algorithms: a pretrained deep learning model and a Long
Short-TermMemory (LSTM). �e LSTM was used to extract sequence information from a sequence of image frames of a speci�c
sign language, while the pretrained deep learning model was used to extract features from single frame images.�e dataset used to
train the algorithms was gathered in video format from Addis Ababa University. Prior to feeding the obtained dataset to the deep
learning models, data preprocessing activities such as cleaning and video to image frame segmentation were conducted. �e
system was trained, validated, and tested using 80%, 10%, and 10% of the 2475 images created during the preprocessing step. Two
pretrained deep learning models, E�cientNetB0 and ResNet50, were used in this investigation, and they attained an accuracy of
72.79%. In terms of precision and f1-score, ResNet50 outperformed E�cientNetB0. For the proposed system, a graphical user
interface prototype was created, and the best performing model was chosen and implemented. �e proposed system can be
utilized as a starting point for other researchers to improve upon, based on the outcomes of the experiment. More high-quality
training datasets and high-performance training machines, such as GPU-enabled computers, can be added to the system to
improve it.

1. Introduction

Communication is the best tool for interchanging infor-
mation, ideas, feelings, and opinions to accomplish di�erent
tasks and increase the interaction between groups of people.
It can be done through verbal (vocal-auditory) and non-
verbal (sign-gesture) communication. �e verbal commu-
nication mechanism is e�ective to transfer sets of
information for intended group, but the nonverbal way is
not much e�ective as the verbal is [1]. Nonverbal way of
communication held through gestural movement and visual
aid. �is type of communication is called sign language [2].
Sign language is one of the natural languages that is most

widely used by the hearing and speech impaired (disability)
individuals and community. People living with impaired
speech and hearing use this gestural communication that is
used as a tool for representing their emotions within their
groups and common nonimpaired communities [3].

In the world, around 432 million (5.5%) total pop-
ulations are living with speech and hearing impairment
problem [4] and in Ethiopia, a total of 9.9–14.9% of the
population are hearing-impaired community [5]. �e
hearing and speech impairment is either at birth because of
prenatal disease or after birth because of illness and acci-
dental noises. Because of their medium of communication,
those communities are challenged to get e�ective
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communication when they need service and to work to-
gether with unimpaired people. )e vast majority of com-
munications technologies are designed to support spoken or
verbal and written language (which excludes sign lan-
guages), and most hearing people do not know a sign
language. As a result, many communication barriers exist for
deaf sign language users.

)ere is a strong need by a deaf community of having a
recognizer system for Amharic finger spelling from bor-
rowed alphabets and numeric rather than the all-first
Amharic characters. In a previously done research, the
authors try to conduct their research in Amharic alphabets
from either isolated characters, from only static images, or
from character level only. From these gaps, the previous
research work lacked applicability of Ethiopian finger
spelling in the real world since characters only cannot handle
any meaningful format of information. Researchers did not
conclude about concepts how borrowed/numeric characters
give computer understandable meaning by the use of dif-
ferent recognizer techniques. )e aim of this study is,
therefore, to investigate and develop a system that recognizes
the gesture and sign from video streams/frames of a word
level and convert automatically to computer understandable
text for effective communication between impaired persons
and unimpaired at word level recognition. )ere is a great
contribution about how sign and gestures are identified in
addition to the first alphabets and borrowed characters from
continuous datasets, applying the suitable techniques for the
recognition of EthSL and training a model for real-time
detection for Amharic finger spelling for continuous
datasets.

Sign language recognition (SLR) is the process of con-
verting signs (gestures) into sequence of texts (alphabet’s,
words, or sentences) automatically [6]. According to the
authors, SLR is the use of machine learning algorithms that
can detect the signer (object) gestural position, motion, and
hand movements during communication as input and
convert these to its equivalent computer understandable
format.

Ethiopian sign language (EthSL) recognition is a very
recent issue that is developed by different researchers to
bridge the gap between those impaired and unimpaired
communities. As [7] noted, the recognition system acts as an
intermediary between the deaf and normal communities by
decreasing barriers of communication. )e system they
implement is used to translate EthSL based on 34 Amharic
alphabets to its equivalent voice format.

)erefore, those communities can communicate easily.
As Fantahun and Kumudha [7] mentioned, sign language
recognition can be classified into three types. )e first one is
glove based, in which the recognition system based on
sensors at the hand glove of the signer and the sensor speaks
about the translation format loudly. )e second type of
recognition is vision based on the movement of hands and
gestures in time series (word and sentence level). )is kind
of recognition is very challenging to segment each move-
ment into frames and change them to its equivalent text or
audio format.

2. Literature Review

2.1. Sign Language. According to [8], sign language is a
natural visual-gestural language used as a communication
tool for hearing- and speech-impaired communities. It is
conveyed through visual and sight facilities, and it has its
own grammars and is independent of other verbal and
written languages. It has limited vocabularies and makes it
not easily communicated and adapted by other common
people and very complex as compared to spoken languages.

2.2. Ethiopian Sign Language. EthSL can be used as a sign
language communication tool for Ethiopian deaf and
hearing-impaired communities. Around 1,000,000 (10%)
total populations are hearing- and speech-impaired in the
country. )ose people living with impairment are very
challenged for being educated and communicating with
other unimpaired communities, and they do not have so-
phisticated vocabulary [9]. )e sign language that is used by
deaf Ethiopian society originated from American Sign
Language (ASL) by the influence of Nordic countries
(missionaries). Figure 1 presents the Ethiopian finger
spelling for EthSL.

)e sign language mainly consists of three parts to create
a clear understanding about the topic they want to convey.
)e first one is the use of manual features, which is by the
movement of the hand shape and position, the second is the
use of nonmanual features, which is by the movement of
facials (facial expression), and the third is the use of finger
spelling by spelt words or alphabets in their local gesture
language [10].

2.3. Ethiopian Finger Spelling. It has another name of
Ethiopia manual alphabets, which was developed by Ethi-
opian association for the deaf (ENAD) in 1971 and latterly
accepted by Ethiopian education minster as EthSL. Ethio-
pian finger spelling was constantly used for representing
proper nouns (personal, place, and objects), names with a
context/stress based, signs with a country name, technical
words, loan signs, and words from a foreign language “since
there may not be predefined signs for them” and to represent
different terminologies like subjective words [11]. Ethiopian
manual alphabets have a total of 34 signs to represent all
characters with their correspondence seven movements
(derivatives). All the first Ge’ez, characters are represented as
a static image without any movement, and the rest (six
characters) have their own different position of movement.
)ose six derivatives are representatives of vowels, whereas
the hand configuration is for consonants.

)e signer gives a sign by the combination of [12] hand
shape, hand orientation, and hand movements.

2.3.1. Hand Shape. )e proper and exact image for the
intended message can be described based on the right-hand
shape of the signer. Each sign for characters (alphabets),
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numbers, words, and sentences has a different hand shape
representation as shown in Figure 2.

2.3.2. Hand Orientation. It refers to the palm position in
which the signer uses to represent something. Different
orientations also represent different meanings; if the ori-
entation changes it, the meaning also changes. It can include
the palm facing in, out, horizontal, left, up, or down. )e
same characters of preprocessed images with various hand
orientations are shown in Figure 3.

2.3.3. Hand Location. )e location of the hand can move to
different directions to represent messages. Mostly, they used
locations like around the forehead, chest, left to right, right
to left, and some sinusoidal movements of the hand. As
shown in Figure 4, there are many more images for different
hand locations for representing derived letters.

2.3.4. Hand Movement. Some signs have static images, and
some have signs with motion. Knowing the proper move-
ment of the hand, palm, and shoulder is very important for
getting what we want to convey. Table 1 defines a variety of
trajectories of Amharic letter “” to give another derived letter
of the family name.

2.3.5. Nonmanual Features. In addition to the hand posi-
tion, movement, and location, the use of facial expression is
included to clear the feelings and degree behind the word.
)is is like expressing the degree of happiness surprise and
sadness.

2.4. Deep Learning. Machine learning (ML) is used for
complex and new tasks that are very tedious for manual
work by generating algorithms based on rules or relationship
between data sets and recognizing patterns in the given data.
Deep learning is a special kind of ML algorithm, which
works based on artificial neural networks (ANN) by taking
inputs from artificial neurons and adjusting them based on
the pattern they designed. )e existence of deep learning is
due to its data dependency rather than other ML algorithms
since deep learning works with huge amount of data for
perfect prediction, but other ML algorithms perform well
with small amount of data. Deep learning is more special for

high problem-solving approach and its high execution time
[13].

2.5. Supervised Learning and Unsupervised Learning.
Supervised learning is a category of machine learning that is
used for the classification, categorization, and recognition of
objects through the use of labeled dataset to train an al-
gorithm. )is learning category is mainly used for the
classification and any of prediction tasks by a machine
learning [14]. According to IBM [14], supervised learning
can be used for solving problems like classification and
regression. )e classification operation is done through the
use of algorithms, whereas unsupervised classification is
most important in the process of expressing and clustering
for the classification based on their similarities of data rather
than prediction of classification. It involves the separation
and expression of data into its groups based on their similar
characteristics [15]. Here, for unsupervised learning oper-
ation, the algorithms are used for finding hidden structures
and intrinsic pattern in the use of unlabeled data inserted.
Some of the algorithms used for unsupervised learning are
K-means clustering, anomaly detection, K-nearest neigh-
bors, and association.

3. Related Works

Rasha and Muntadher [16] attempted to develop a real-time
SLR system for ASL by including all ASL finger spelling. )e
recognizer system was built based on the use of CNN and
very deep neural networks (VGG-NET) for the multiclass
classification of 28 classes with the total of 61, 614 row input
images. )e recording and capturing of inputs were de-
pendent on the real coloring images. As a result, an accuracy
of 99.67% for training, 99% for testing, and 100% validation
rate was obtained, and the use of VGG-NET gave them a
better improvement in their system performance than
previous efforts.

Sugandhi and Sanmeet [17] conducted an experiment to
help hearing-impaired persons to effectively communicate
with other normal Indian community. )e recognition
system was based on the Indian sign language of numbers
(1–9), which are collected in the form of videos by the
resolution of 64× 64 pixels. )e researcher used CNN al-
gorithm with two hidden layer and used a dimensionality
reduction of max pooling to reduce overfitting and training

Figure 1: Ethiopian finger spelling for EthSL [9].
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time. )e data set was trained with Adam optimizer at 10
epochs with the total accuracy rate of 99.56%.

Legesse [18] attempted to develop Ethiopian finger
spelling classification towards automating Ethiopian sign
language. )e study was limited to finger spelling with static
signs while capturing the input image. As the authors dis-
cussed, this research has contributions to teleconferencing,
videoconferencing, and increasing the quality of life for the
community. )e overall accuracy was 88.08% for using NN-
principal component analysis (PCA) feature, 96.22% NN-
harr like feature, and 51.44% by template matching.

Nigus [9] attempted to develop Amharic sign language
recognition based on Amharic alphabet signs from the
Amharic first characters. )e significance for the author’s
contribution was to address special needs for the disabled
community specially for hearing-impaired ones. )is

research mainly focused on reducing the communication
gap between impaired and unimpaired communities, to
support students to learn Amharic alphabet signs quickly
and to help another researcher with the corpus when it is
collected during conducting his research. )e methodology
of algorithm used by the researcher was support vector
machine (SVM) and neural network (NN) by giving 90% of
the collected image for training model and 10% of test
model. )e overall accuracy of the recognizer system was
57.82% of the NN and 74.06% by SVM.

Isayas and Hussien [19] aimed to develop Amharic sign
language recognition model for Amharic characters using
deep learning approach. )e author aimed at recognizing
Amharic selected alphabets; those are the first of the tenth.
)e methodology of the research was the use of CNN and
faster R-CNN model for training and testing of the system.

Figure 2: Sign representation of two different characters ( and , respectively).

Figure 3: Different hand orientation for the Amharic character.

Figure 4: Hand locations for representing a letter derived from.

Table 1: Different trajectories of the letter “” with all types of motion [9].

Order 2nd 3rd 4th 5th 6th 7th

Form

Trajectory

Direction Left Right Down Nearly circle Down oscillatory Rotation
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Overall, the total system accuracy was 98.25% for single shot
detector (SSD) and 96% for faster R-CNN. For future re-
search, the authors outline that, to use dynamic/different
background while capturing input video, we take into
consideration using all Amharic characters to fully recognize
a system to develop for word/sentence level and to develop a
system for real-time recognition.

4. Methodology

Construction of Amharic sign language for Ethiopian finger
spelling is done based on the input dataset of both images
and videos. )ose datasets in the form of videos are changed
into sequence of frames to be ready for the feature extraction
tasks. )e developed recognizer model was followed by an
experimental research design. )e design was held based on
utilizing of approaches necessary for a computer vision
tasks. )e study used image processing and supervised
learning algorithms for the sign language recognition task.

4.1. Data Collection. Data for the research was collected
from the signer based on primary sources in Addis Ababa
University, 6-kilo campus, and from Ethiopian sign lan-
guage and deaf culture studies, the department of linguistics
and from Ethiopian center for disability and development
(ECDD). )e sampling technique used by a researcher for a

data collection was nonprobabilistic convenience sampling,
which works with only with the voluntarily participants of
the deaf person. )e total amount for recorded data was
including all Amharic alphabets from the first to the seventh
numeric characters and two borrowed characters. Different
signs for different Amharic characters are presented in
Figure 5.

)e total amount of classes for images and videos was
240 and total 26,424 extracted frames. From the collected
number of Amharic characters, fifteen different words were
randomly selected for the research demonstration with 2475
images of dataset. From 2475 images, 80% was given to the
training, 10% for validation, and the remaining 10% for the
testing sets. Table 2 shows randomly selected Amharic words
to be recognized by a classifier model as a final work.

4.2.DatasetPreparation. After changing collected video into
a sequence of framed images (video processing), there is an
image preprocessing task (cropping, resizing, and normal-
ization) to eliminate noises during the data capturing.
During the capturing of datasets, the image and video were
in huge size and contained unnecessary objects from the
background, and they still need cropping. Frames with huge
size need a greater computational space; as a result, the
height and width of the frame need cropping. Frames from
the original size of 3264× 2448 were resized to 2000×1200,
and frames from 1280× 720 resized to 500× 400 by using if
condition in python programming.

RGB colored images were also changed to BGR, by the
use of CvtColor conversion in python method, and we got a
great effect on the images. CvtColor method is used to
change the color of an image from one color space to an-
other. )e reason of changing RGB to BGR is an OpenCV
function for reading of an image file that needs a color space
arrangement of BGR. )e images presented in Figure 6 are
sample examples for the color conversion from RGB to BGR.

4.3. Feature Extraction. A CNN is a type of NN designed to
extract features from data to classify them into their rep-
resentatives and reduced vector form [20]. Transforming
the input data into the set of features is called feature
extraction. Features in computing refer to the fact that the
variables and attributes represent a quantifiable property of
an object in object detection, classification, and recogni-
tion. )e hand shape, motion, and color can be some of the
basic features extracted from the image frame. For the

Figure 5: Signs for different Amharic character.

Table 2: Amharic words to represent the number of classes for the
model construction.

Classes
Data

Training Testing Validation
/hana 84 14 14
/hawassa 120 20 20
/lema 96 16 16
/car 144 24 24
/honey 96 16 16
/sehar 138 23 23
/sara 108 18 18
/kebena 138 23 23
/kana 108 18 18
/augest 138 23 23
/jimma 138 23 23
/x-mass 120 20 20
/gari 120 20 20
/shoes 138 23 23
/horse 144 24 24
Total 1865 305 305
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representation of shapes, contour-based and region-based
shapes are used. Features are extracted from the contour
only in the case of contour-based classification and
extracted from the whole shape region for the region-based
classification [11].

)e possible features extracted for the model con-
struction are done through the use of hybrid CNN-LSTM
and a pretrained efficientNetB0 and Resent50 as a feature
extractor network architecture. Both algorithms are of a
CNN architecture and allow an image to forward-propagate
to the final max-pool layer. )e output of the max-pooling
layer for efficientnetB0 has a shape volume of 7× 7×1280.
)e next step was the process of incremental learning, which
plays a great role in deep learning to extract features on
relatively large datasets. )is is used to keep the model from
taking all the entire dataset at once for a training by fitting to
the available RAM. )is is not essentially tolerable, because
the datasets may have and take huge amount of memory. So,
what we did is an incremental learning of selecting a batch of
data to learn at once during the training phase. We train the
model with 224× 224× 3 and 150×150× 3 input shapes by
efficient netB0 and resnet50, respectively, and a batch size of

50. Figure 7 presents the architecture of a proposed Ethi-
opian finger spelling recognizer model.

5. Results and Discussion

)e model constructed is now ready to detect Amharic
selected words that were constructed from the combination
of different Amharic Alphabets. )e trained (efficientNetB0
and ResNet50) classifiers are fitting with a data of an image
with the portioning of training and testing sets. )e testing
and training work on validation and training of data sets with
batch size 50 from the total 2475 images and 10 number of
epochs for the entire training phase. )e need for the batch
size was because of the huge number of datasets. )e lower
number of batch size is needed to increase steps per epoch for
iteration and bring a good accuracy result. During the training
of a model, the accuracy rate is telling how well the model
performs, and the loss is the result for bad predictions.

5.1. Test Results of EFFICIENTNETB0. From the 1865
training datasets, the model fits with a batch size of 50 and
epochs of 10. )e model brings overall accuracy of 72.79%.

Figure 6: A cropped image of RGB color VS BGR color.

Collected
images and

Videos

Conversion of
Videos in to

Frames

Image Pre-
processing

Feature
Extraction

Dataset Splitting
(Training= 80%,
Validation= 10%
& Testing= 10%)

Training and
Classification CNN MODEL

LSTM model

Testing
(Recognition)

Figure 7: )e proposed Ethiopian finger spelling recognizer model’s system architecture [9].
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Each step takes a minimum of three seconds and an average
of 124 microseconds for each step per epoch as shown in
Figure 8.

�e developed model starts increasing the valid-
ation accuracy while decreasing the validation loss at
the beginning of training time in a model that is built
with better learning, and it works �ne, but at the end
of the training, validation accuracy increases with an
increasing rate of validation loss. �is tells us that
the model is in case of over�tting. �e validation accuracy
of the model decreases when the epochs increased at the
end of the epochs, and this represents that the model is
�tting with the training set better but losing the ability to
predict new data and starting over�tting as shown in
Figure 9.

5.2. Test Results of RESNET50. With the same training
dataset, the number of batch sizes and the number of epochs
with E�cienNetB0 and ResNet50 models bring the same
overall accuracy of 72.79%. It has an average of 122 mi-
croseconds for each step per epoch. �e time taken is rel-
atively small as compared to E�cienNetB0 for �nishing the
training task and having higher learning rate. Figure 10
shows the developed ResNet50 model performance.

Figure 11 illustrates that throughout the initial stages of
the model training, validation accuracy rises as training
accuracy falls, and validation accuracy remains constant while
training accuracy falls. As a result, themodel has likely stopped
learning and is over�tting. In summary, when validation
accuracy rises, the model validation loss begins to rise. �is is
as a result of the developed model being completely over�tted.

Figure 8: Overall accuracy of E�cientNetB0 model.
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Figure 9: Training accuracy and val_acc Vs training loss and val_loss of E�cientNetB0.

Figure 10: Overall accuracy of ResNet50 model.
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Although the model virtually accurately categorizes
more than half of the testing dataset even when it is over�t,
the training data still must be balanced by some dataset
organization. Table 3 shows the total number of images
being recognized correctly and incorrectly from the total
images of 305.

5.3. Comparison of the Classi�er Performance. �e accuracy
of the model was obtained by the ration of adding all
correctly classi�ed true positive values in the diagonal line
and all the values above and below the diagonal values that
represent the falsely classi�ed positive and negative values.
Figure 12 represents the total model performance by a
confusion matrix.

Accuracy �
13 + 16 + 24 + 16 + 21 + 1 + 23 + 23 + 20 + 20 + 23 + 24

224 + 2 + 20 + 18 + 18 + 23
� 0.73. (1)

From Figure 12, an approximate 73% of accuracy was
obtained. �e recall for the model is higher than that of
precision and f1-score, which tells us that the model created

correctly classi�ed the predicted values and the more true
positive values in the model. �e precision of the model is
relatively low as compared to recall and f1-score, and the
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Figure 11: Train_acc and Val_acc Vs Train_loss and Val_loss for ResNet50.

Table 3: Results on the number of recognized images using E�cientNetB0 and ResNet50 models.

No_of test signs Recognition in number Recognition percentage (%)
Correctly recognized signs 222 72.79
Incorrectly recognized signs 83 27
Total 305
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Figure 12: Confusion matrix for developed recognition model.
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model has higher false positive values. �e harmonic mean
of a model (f1-score) is about the model that has the lower
number of false rate values (FP and FN). Figure 13 shows the
performance metrics for the developed model.

�e test results for di�erent models with the same dataset
are shown, as well as the number of batch sizes and epochs
that unfortunately scored 72.79%, but the use of ResNet50
has fast learning rate, higher precision, and higher f1-score.
�e higher the precision of the ResNet50 model means, the
lower the rate of false positive values in the classi�er model.
A high F1-score value was scored in ResNet50 as well, which
has a relatively low number of false negative and false

positive values than those of E�cientNetB0. We are capable
of correctly classifying real threats through the use of
ResNet50 and make it perform better than E�cientNetB0.
Figure 14 shows the �nal model performance comparison of
constructed model.

Signs that are not correctly classi�ed for the two models
are four out of �fteen number of words. �e false classi�ed
words are , , , and .�e incorrect classi�cation of the words is
because the alphabets “” with “,” “” with “,” “” with “” and “”
with “” have little similar arrangements.�is makes Amharic
alphabet recognition system performance lower than that of
other language alphabets.

5.4. Real Time Detection. �e �nal stage is to create a real-
time detection model, as shown in Figures 15 and 16. �e
real-time detection is then performed using the previously
trained and saved. h5 model. �e ability to recognize objects
in real time is utilized to include and make information
available to a community group. Because most live com-
munications are based on textual languages, it will also be
utilized to facilitate live communications such as video
conferencing.

An OpenCV detects object features (shapes, edges, and
positions of a hand movement) as an input for detection and
recognition in real time, as shown in Figure 15.

In the image, a recognizer model tries in real time to
recognize an Amharic word “” presented in green text
format and begins to collect all of the object’s necessary
movements. �e built model is run and provides real-
time data on what is happening in the environment. �e
developed real-time model is used to process streaming
data and has the capacity to sense, evaluate, and act on
streaming data as it comes in without having to ingest and
store it in a back-end database. To process streaming data
asynchronously, real-time applications frequently use
event-driven architecture. It also enables real-time pro-
grams to respond to user needs faster and more e�ciently
than the manual sign language translation by experts.
Figure 16 shows a real-time recognition for selected

Figure 13: Performance metrics for the developed model.

Accuracy precision Recall F1iscore
EfficientnetB0 72.79 59 72 64
Resnet50 72.79 60 72 69
Column1

72.79 59 72 6472.79 60 72 69

0
20
40
60
80

Figure 14: Model comparison by four di�erent performance
metrics.

Figure 15: An image for a real-time detection feeding.

Figure 16: Image of real-time detection for Amharic word
“ ”.
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Amharic words from the screenshot of a model in live
detection.

6. Conclusion

)ere are millions of hearing-impaired people in Ethiopia
who are unable to communicate due to communication
channel failures. Hearing people are not experts at deci-
phering sign language, and deaf people are not experts at
deciphering written and spoken languages. )e established
recognizer model will have a significant impact on bridging
the gap in their communication.)e proposed model takes a
sign language from a video file and converts it into nu-
merous sequential frames in order to translate it into
Amharic text. Image preprocessing, feature extraction, and
classification are the three basic components of the model.
)e former employs a variety of image processing ap-
proaches, while the second and third employ CNN and
LSTM classifiers to complete the specified task using Effi-
cientNetB0 and ResNet50 classifiers, respectively. From the
EfficientNetB0 and ResNet50 models, the model achieves an
overall accuracy of 72.79 percent.

7. Recommendations

)is research has made a significant contribution to the
Ethiopian sign language by bridging a significant commu-
nication gap between the deaf and hearing communities.
Taking into account the following notions, we offer several
feature works for coming researchers:

(i) Long words and phrases should be added to the sign
language recognition model, and data from various
users should be collected to better comprehend
signers’ hand arrangement.

(ii) We virtually always employed the same background
during data collecting, and future studies should
take into account varying backgrounds from the real
world.

(iii) Because this study only focuses on one-way com-
munication (sign language to text), future studies
should think about recognizing sign language to text
in a harmonic method of sounds to help blind and
deaf people.

(iv) Finally, the researchers should focus on establishing
an Android application system that can recognize
and translate Amharic sign languages into a com-
puter-readable format.
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