
Arch Cienc Investig, 2025    Volume 1 | Issue 2 | 1

Sign Language Translation Using AI & ML
Research Article

Ankita Gandhi, Jaykumar Rameshbhai Makwana*, Viraj Rajendra Bhalodiya, Sharad Kalpeshkumar Patel and 
Priyank Kiritbhai Upadhyay

Department of Computer Science & Engineering, Parul 
University, India

*Corresponding author
Jaykumar Rameshbhai Makwana, Department of Computer Science & 
Engineering, Parul University, India.

Submitted: 2025 July 17; Accepted: 2025 Aug 18; Published: 2025 Sep 12

Abstract
The communication of the deaf depends greatly on sign languages. But low awareness and knowledge of these sign languages 
have limited the effectiveness of communication and interaction and hence integration. In this paper, we describe an AI-centric 
system for real-time translation of sign languages with support for English, Indian, Turkish, and Arabic signs and alphabets. 
The system has the ability to recognize and be responsive to the palm gesture of alphabets and numbers in these languages 
and is ready to enable full-fledged communication. The system leverages advanced machine learning algorithms to ensure 
portability, which makes it accessible for everyday use and immediately deployable. Key features include a user-friendly 
interface, as well as the ability to integrate with the majority of e-learning platforms to offer sign language lessons and to 
be continuously improved based on users' feedback through adaptive learning. Working with the deaf community, language 
experts, and teachers is part of the effort to fine-tune the system and improve its practical impact. The project will demonstrate 
the potential of ML and AI technologies in breaking the communication barrier for the deaf towards achieving full accessibility, 
inclusivity, and active participation in all kinds of social, educational, and professional environments.
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1. Introduction
Sign Language Translation Using AI and ML is an intriguing 
project, something that places within the portfolio advanced 
technologies offering human interpreters real-time translation 
between spoken language and sign language gestures. The system 
should be implemented using algorithms based on Artificial 
Intelligence (AI) and Machine Learning (ML) to accurately 
recognize applied sign language gestures, including alphabets 
and numbers, in such sign languages as American Sign Language 
(ASL), Indian Sign Language (ISL), Turkish Sign Language 
(TSL), and Arabic Sign Language (ArSL). The main goal of the 
project is to create an AI and ML model that will be capable of 
translating from spoken to sign language with portability and user 
friendliness while bridging educational practitioners or students' 
communication barriers with the teaching content or lessons. 
Additionally, it will be able to link to present communication 
networks and has continuous improvement mechanisms using 
users' comments and feedback to further enhance the system. The 
project shall enable the deaf to communicate, hence breaking the 
barrier between the deaf community and others in various social, 
educational, and professional settings. The application shall be 

developed taking ethical considerations in account, which includes 
issues related to data security and inclusivity. The deaf people will 
also be included in the development; therefore, a sign language 
expert and so cultural sensitivities in all rounds of the practical 
application will be considered to enhance its practical utility. 

1.1 Research Background
A survey of research literature sheds light on the state-of-the-art 
technologies used for automatic recognition and translation of sign 
languages. In “A Survey on Sign Language Machine Translation” 
(2023), for instance, authors explained a sign language video-
to-text translation system that they built, with its BLEU-1 score 
equating to 53.97; however, its current performance lags due to the 
strong reliance on publicly available datasets. In a peer-reviewed 
study “Real-time Vernacular Sign Language Recognition using 
MediaPipe and Machine Learning” (2021), the model is trained 
to recognize hand movement in four sign languages: ASL, ISL, 
TSL, Arabic; and achieves an impressive 99% accuracy rate. The 
“An Argentinian Sign Language Dataset” (2023) used the LSA64 
dataset for its translation into Argentinian Sign Language with a 
successful 95.95% accuracy rate, although it applies to no other 
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sign language. There is indeed a version described regarding 
“Sign Language Recognition System” (2023) wherein they have 
indicated the integration involved OpenCV and MediaPipe Holistic 
with lack of explicit results. The work by "Indian Sign Language 
Recognition Using Mediapipe Holistic" (2023) worked with 
Speeded Up Robust Features and Support Vector Machines and 
achieved an accuracy of 85% which opens perspectives up for AR 
and VR technologies. Each investigation is within the dynamics 
of the landscape of sign recognition emphasizing the need for 
advanced approaches, varied datasets, and further research that 
can be applied more generally [5].

2. Methodology
2.1 Data Collection and Dataset
For this research, a custom dataset was created to recognize and 
classify hand gestures in American Sign Language (ASL). The 
dataset includes a wide range of hand gestures corresponding 
to various words and phrases commonly used in ASL. Data 
collection was carried out using real-time videos captured from 
diverse sources, including both indoor and outdoor environments 
to increase variability and robustness. Each video was recorded 
with high-resolution cameras, ensuring that the fine details of 
hand gestures were captured accurately. The dataset was carefully 
labeled with each gesture corresponding to its ASL meaning, 
providing annotated images and videos that would serve as the 
basis for model training.

2.2 Preprocessing
Images and videos were collected and preprocessed before training 
to help the models learn well and generalize well. Images were 
reduced to a certain specific resolution to maintain uniformity and 
reduce computation. Techniques of background nullification were 
applied to remove background noise and superfluous artifacts; 
this helped keep the hand gestures by themselves. The dataset 
was balanced with augmentation techniques such as rotation, 
flipping, and scaling. Different variations of hand gestures were 
also simulated. Additionally, pixel values were normalized to 
standardize the data, ensuring that the input would be fair and 
unbiased, based on the difference in lighting conditions and camera 
settings.

2.3 Model Selection 
The major models applied for gesture recognition were the different 
YOLO (You Only Look Once) versions such as v5, v7, v8, v10, 
and v11. It has been chosen due to the efficiency that it has already 
proven with real-time object detection tasks. Since the presentation 
requires that the hand gesture be quickly and accurately localized 
and classified, YOLO's architecture is well-suited for this task. 
Choosing multiple versions of YOLO was decided so that any 
changes in performance over the different iterations could be 
investigated. Another benchmark used was Google Teachable 
Machine which, having great ease of implementation and capable 
of simultaneously training deep learning models with ease and 
without high demands on computational resources, also provided 
a benchmark for the comparison.

The models were trained on the ASL dataset as provided above 
after they were split into training, validation, and test sets to make 
the models generalize to unseen data. It was run on GPUS due 
to speed requirements in computation. For the YOLO models, 
learning rate and epochs were tuned with the batch sizes. The 
starting learning rate was taken as 0.001, while the batch sizes 
usually depended on the model and resource constraints. I iterated 
over 100 epochs; the model was based on performance carried 
out at each epoch to avoid overfitting. It was trained on a scalable 
platform that offers cloud resources for large datasets that are 
computationally expensive to run and scale.

2.4 Evolution
It used another hold-out test of images and videos to gauge how 
well it generalized. The performance was scored with accuracy, 
precision, recall, or F1. All of them surveyed how accurate the 
model was on its affirmative predictions, though precision and 
recall theorize correctly detecting gestures with the least number 
of false positives. F1 balances between these two, ensuring all 
bases are covered in estimating predictive power and can be quite 
general in real-life applications. Other models were tested for real-
time applicability.

2.5 Comparison and Analysis
The different versions of YOLO performance were compared 
against Google Teachable Machine to identify the most effective 
model for ASL gesture recognition. In general, their performance 
was compared on their ability to correctly classify ASL gestures, 
particularly taking into consideration the time taken to make 
detections and how robust these models were towards changes in 
the environment. Indeed, the results of this work demonstrated that 
the increased versions of YOLO, v8, v10, and v11, outperformed 
the earlier v5 and v7 in terms of achieving high positive predictive 
values. The Google Teachable Machine well demonstrated its 
competitive performance vis-a-vis set up that is simpler and faster 
but lags in terms of precision and choice of modeling complex 
gestures. This analysis throws up the very important trade-offs 
on model complexity versus accuracy versus speed in real-time 
applications critical for converting sign languages.

 2.6 System Architecture
The core system is proposed to support a functionality which will 
process signs in American Sign Language and translate it into text 
on a real-time basis, prepared with the use of AI and ML from 
three primary modules working coherently to carry the required 
operations on sign language gestures, present the output text, and 
deliver the processed output in a user-intuitive manner. These 
major building blocks are labeled Data Collection & Preprocessing, 
Model Training & Evaluation, and Real-time Translation System.

2.7 Data Collection and Preprocessing 
The allusion part of the system is based on a self-created ASL dataset 
with many gestures included in it. Each gesture is labeled so that 
in the future it would represent some specific word or phrase. Data 
collection is followed up by several image preprocessing steps to 
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get everything ready for model training. Image Normalization: 
This means resizing the images then converting them to grayscale 
and tuning them to meet the model's input format.

Model Training and Evaluation: The training process is done 
to apply the data augmentation technique. For now, the model 
needs to be used for detecting whether the right values are being 
predicted. Evaluate the model for finesse, in this case, further 
checking the model fitting metrics produced for bias and variance.

Multiple versions of YOLO (You Only Look Once) models can 
be used for training to achieve real-time ASL recognition. Each of 
them has its unique advantages with respect to speed and accuracy 
on object detection tasks.

For the purpose of comparison, YOLO v5 was considered for 
the baseline model. YOLO v7 and YOLO v8 indicate better 
performance with high detection accuracy and great results in 
translations.

2.8 Model Training and Evolution 
Though YOLO v10 and YOLO v11 are newer, they have 
inconsistencies in some cases; therefore, the performance of these 
networks will be less stable for specific ASL signs.
Perform training of YOLO models based on the annotated dataset 
aimed at recognition and detection of ASL gestures within images 
and video frames. Evaluate their work according to standard 
metrics: accuracy, precision, recall, F1 score. Unseen data 
separated from training is used for unbiased evaluation to compare 
all versions of the model fairly and comprehensively.

2.9 Real-time Translation System
The real-time translation system records live video of ASL 

gestures and subsequently passes it through the following layers 
of the system:
Input Layer: The capture of video frames through a webcam or 
any external camera; further preprocessing of frames is done in 
terms of resizing and normalizing them as per the requirements of 
the input dimensions of the YOLO models trained by the authors.

Gesture Detection: Analyzing the preprocessed frames by the 
YOLO models to locate hand gestures corresponding to a specific 
ASL sign.

Translation Layer: Output of the YOLO models, which is 
classification output, is used as the means of translating detected 
gestures into text. Post-processing might be performed to improve 
accuracy, as well as the contextual output.

Output Display: The translated text is delivered in a GUI, where the 
end-user will be able to use it to perceive the real-time output. This 
particular feature can also be further integrated into more extended 
communication systems for enabling smooth conversations 
between people with or without hearing impairments.

In this section, we give results of the project on AI- and ML-
powered sign language translation, presenting a comparison 
between different versions of YOLO (v5, v7, v8, v10, and v11) 
and the Google Teachable Machine for American Sign Language 
(ASL) recognition. The principal goal of this work is to evaluate 
and compare the performance of each model regarding their 
accuracy in recognizing sign language in real-time based on our 
own ASL dataset.

2.10 Flowchart

Figure 1: Data Flow Diagram
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Figure 2: Use Case Diagram

3. Results
The paper throws light on the results of our project on translating 
sign languages through AI and ML, emphasizing a comparative 
assessment of the different YOLO versions (v5, v7, v8, v10, 
and v11) and Google Teachable Machine for the recognition of 
American Sign Language (ASL). The main goal was to evaluate 
as well as compare the accuracy of each model for real-time 
recognition of sign language based on a custom dataset prepared 

on ASL.

3.1 Dataset and Model Training
A custom dataset for training was created to include an array of 
gestures in American Sign Language accurately and appropriately 
labeled with annotations. The dataset includes a balanced 
distribution of gestures for different words or phrases to make sure 
that enough data is provided for the learning models.

Figure 3: Dataset Creation

Figure 4: Model Training
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3.2 Yolo Versions Comparison
ASL was the dataset that was used to train YOLO models (v5, v7, v8, 
v10, and v11). One main change was noticed in the area of accuracy 
amongst these versions. YOLO v7 and v8 performed better than the 
other models in terms of both detection speed and accuracy; they 

thus granted the best performance for ASL recognition. These two 
models showed best results in the recognition of signs in varying 
conditions, such as different lighting and hand positions, which are 
standard real-time sign language recognition pitfalls.

Figure 5: Yolo Comparison Table

Figure 6: R Curve

The efficiency of v5 is retained, although with slightly lower 
accuracies as compared to YOLO v7 and v8 versions. In newer 
versions of the model, v10 and v11 show some inconsistencies and 
weaker results under certain conditions, hence slower recognition. 

Google Teachable Machine has also been tested and compared 
for performance, but the accuracy typically places relatively 
lower than that of the YOLO versions, more specifically real-time 
detection and translation.
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Figure 7: F1 Score

Figure 8: Precision Curve

Figure 9: Confusion Metrics

3.3 Accuracy Metrics
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To assess the models, metrics like accuracy, precision, recall, and 
F1 score were computed. YOLO v7 and v8 have the best accuracy, 
with YOLO v7 being marginally better in precision and recall. The 

Google Teachable Machine, simple and quick for initial testing, 
would be less consistent across different signs and particularly less 
so with the more complex or less frequently used ASL gestures.

Figure 10: Confusion Matrix

Figure 11: Detected Images

3.4 Real-Time Performance

In real-time, sign detection lags behind not more than the previous 
second. It marks YOLO version 7 and version 8 as prospective 
models meant to replace the static systems with real-time 

translation applications. These models achieve high frame rates 
and, when tested on video streams, too low latency. It thus makes 
them applicable to such real-time applications.
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Figure 12: Detection

Figure 13: Real Time Detection

3.5 Limitations and Areas for Improvement
While the results proved promising, several limitations shadow 
them. For some signs, especially due to the complexity emerging 
from hand orientation and motion, just some of the YOLO versions, 
among which include v10 and v11, performed rather poorly. The 
dataset, though quite extensive, may still be broadened to include 
more variations of signs, hand shapes, and backgrounds for 
generalization towards better model performance. Furthermore, 
more tuning of models would be appropriate since it still is real-
world application, and, normally, lighting and noise conditions 
vary very considerably.

3.6 Future Directions
Future work will focus on making the dataset far more diversified—
with various samples on the table—and range further expanded on 

ASL signs to be part of training. More advanced machine learning 
models like transformers or hybrid CNN and LSTM-based models 
could really lend weight to the efficiency of such a system in 
handling complex sign language gestures. Additionally, user 
feedback will be collected, such that systems are intuitive and can 
be accessed by users in their real-world settings.

4. Conclusion
To sum up, this paper discusses the tremendous potential that 
arises from the application of methods founded upon Artificial 
Intelligence and Machine Learning in translation questions of sign 
languages. Comparison research Between versions YOLO v5, 
v7, v8, v10, and v11 and Google Teachable Machine in a bid to 
enhance the detection American Sign Language recognition was 
carried out. The models for sign language detection and real-time 
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translation into text were trained using the proposed ASL gestures 
dataset. It was observed that the different versions of YOLO 
and Teach By Example had completely heterogeneous levels of 
accuracy, with versions v7 and v8 offering statistically the best 
performances both in terms of speed in detection and detection 
accuracy hence beating other YOLO versions and the Teacher. 
This research identifies the critical impact of dataset quality, 
model choice, and evaluation affordances for the optimization 
of sign language recognition systems. Further research will lead 
to more improvements in the real-time translation capacity of 
the system with the continual improvement of the dataset and 
upgraded models. This project is proof of the way in which AI 
and ML can be harnessed towards the provision of more inclusive 
and accessible communication- bridging the gap between the 
deaf and hard-of-hearing community and the rest of society. As 
we continue to develop and improve these systems, we will be 
making increasingly better accommodations for facilitating more 
seamless communication, which in turn shall create an atmosphere 
of inclusivity for the people who everyone has always felt were 
left out, thus empowering individuals with diverse needs around 
communication and helping to build an interconnected and loving 
world [1-26].
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