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Abstract

Communication between the deaf population and normal hearing people continues to be a problem since the
interpretation of sign languages is still not well understood. Available communication systems concentrate on
the one-way approach of translating gestures into text or vice versa, which constrains communication. In this
context, we propose the SignConnect system, a two-way translation approach combining both gestures to text
and text to sign pipelines. In the gesture-to-text approach, we use You Only Look Once Version 11 (YOLOvII)
to detect hand gestures quickly and MediaPipe for extracting keypoint information. Then we utilize a Long
Short-Term Memory (LSTM) neural network for recognizing gestures. In the other direction, we propose a
text-to-sign translation system by first normalizing the input text and then tokenizing it into a sign language
dictionary and creating animated gestures using 2D/3D visualization. The proposed approach combines both
approaches using the Open-Source Computer Vision Library (OpenCV) library and creates a frontend
application for video input and text and animation output in real-time. The results obtained confirm the

efficiency of the approach.
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1. Introduction

Communication is one of the important ways people
interact; however, people with hearing impairment
and speech impairment find it difficult to
communicate through speaking and writing. Sign
languages such as ASL English and ISL English
become the means of expression for these people. But
since many people do not know sign languages, there
1s no means to communicate with each other.

Sign language recognition technology based on
images processing and rules used in previous years
was not sufficient to detect sign languages in varying
lighting conditions, backgrounds, and hand posture.
Now, thanks to deep learning and computer vision,
the accuracy of sign language recognition technology
has increased significantly. Models like YOLO that
can accurately detect objects in real-time have been
extensively researched and used (Alaftekin et al.,
2024). Recently, researchers started working on
multilingual and hybrid approaches to expand the

capability of these systems. For example, the system
by Navin (2025), which is based on YOLOvI11 and
can recognize multiple sign languages, and the work
by (Rastogi et al. 2025), which integrates transformer
models with YOLO model for better context
understanding. In addition, sign language recognition
accuracy has improved in recent research with the use
of keypoint detection approach (Alsharif, 2025).
However, currently available systems can perform
only gestures to text translation. To address this issue,
the SignConnect system has been designed, which
supports bidirectional translation between gesture
and text. YOLOv11, MediaPipe, and LSTM models
have been incorporated into the SignConnect system.
2. Related Works
2.1 Gesture Recognition Using YOLO

Gesture recognition using YOLO networks has been
successfully implemented due to its efficiency.
According to Alaftekin et al. (2024), gesture
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recognition tasks have achieved great accuracy rates
using YOLO. Furthermore, multilingual sign
language recognition was accomplished through this
approach as per Navin (2025)[1].

2.2 Recognition Based on Keypoints

Extraction

Keypoint detection improves recognition
performance in detecting gestures because it captures
minute details in hand movement. Alsharif (2025)
implemented gesture recognition through keypoint
extraction methods.

2.3 Hybrid Methods

Learning

Researchers have developed systems based on hybrid
methods using different deep learning approaches.
Rastogi et al. (2025) combined YOLO with
transformer networks while Hugar and Kagalkar
(2025) developed a dual-stream model[2].

2.4 Text-to-Sign Generations
Karim et al. (2025) generated 3D animated sign
language through an advanced model. Ahinsa (2025)
identified various difficulties in implementing a text-
to-sign system.

2.5 Research Gaps
Most of the existing research involves one-way
communication systems. An advanced system can
incorporate both gesture recognition and sign
language generation.
3. Methods

3.1. System Overview
The intended system SignConnect is a two-way
communication platform that facilitates
communication between the deaf population and
normal hearing people. This system comprises two
pipelines, namely, Gesture-to-Text and Text-to-Sign.
These pipelines are connected using one front-end
interface to enable real-time communication between
the parties involved. The motivation behind
designing this system is based on recent
developments in gesture recognition and assistive
communication systems where a considerable
performance improvement has been observed due to
the use of deep learning techniques (Melanshia Violet
& Leena Sri, 2025; Madhukar et al., 2025).
Moreover, there have been studies conducted
recently about the need for two-way systems

Based on Deep

concerning both recognition and generation of sign
languages (Ahinsa, 2025).

3.2. Proposed System Architecture
SignConnect framework is outlined as a bi-
directional communication pipeline illustrated in
Figure 1. The architecture comprises two major
pipelines, namely Gesture-to-Text and Text-to-Sign
with a unified front-end layer connecting them.
Starting with the first pipeline, a live video stream
from a webcam constitutes the input signal. OpenCV
is used to handle frames before applying the
YOLOvIl model for hand detection. As stated
above, YOLO family models are preferred due to
high-speed performance and accuracy of the
detection task. After that, hand landmarks are
extracted using the MediaPipe library, which gives
accurate spatial information to recognize gestures.
Features are passed through an LSTM model to learn
gesture progression dynamics. A pipeline for text to
sign involves processing textual input data by
mapping words from the input message onto a
dictionary and then generating sign sequences.
Animation and visualization are performed in both
2D and 3D modes using current methods available in
literature. Finally, both pipelines share a common
frontend based on OpenCV that displays live video,
recognized text, and animated signs along with
controlling options[3].
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Figure 1 Proposed SignConnect architecture
illustrating bidirectional communication through
gesture-to-text recognition and text-to-sign
generation pipelines

3.2 Pipeline for Gesture Recognition to

Text
The Gesture Recognition to Text pipeline provides an
organized way to take live gestures generated by the
hands and convert them into text through multiple
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stages of processing (detection), recognizing
keypoints (keypoint extraction), and generating the
final sequence (sequence modeling). The full process
for this pipeline can be seen in Figure 2; details on the
process and how it is accomplished for each stage are
provided in subsections (3.2.1-3.2.6) below.

g

Video Gesture
Acquisition & Detection
Preprocessing (YOLOV11)

PIPELINE 1: GESTURE - TEXT

WA,

Keypoint Gesture
Extraction Recognition
(MediaPipe) (LSTM)

Sign-to-Text
Conversion

Figure 2 Gesture Recognition to Text pipeline
includes video acquisition, gesture detection,
keypoint extraction, and LSTM-based gesture
recognition processes

3.2.1 Input Acquisition
A webcam captures live video input and OpenCV
continuously extracts frames for further processing.

3.2.2 Preprocessing & Detection
Each frame is preprocessed (resized and normalized)
and then detected for hand regions using YOLOvI11
(Alaftekin et al., 2024)[4].

3.2.3 Feature Extraction
Feature extraction involves MediaPipe to extract 21
key points from fingers & palm with detailed spatial
characteristics of each point to provide the data
necessary for gesture analysis (Alsharif, 2025).

3.2.4 Gesture Recognition
Key points are converted into feature vectors and
processed in an LSTM model to identify the temporal
dependencies in the sequence of gestures making it
more accurate to recognize dynamic gestures.

3.2.5 Classification Layer
The output from the features is classified into
categories of ISL English & ISL Tamil therefore
allowing for multilingual communication (Navin,
2025)[5].

3.2.6 Generating Output
Recognized gestures are transformed into text and
presented in real time.
3.3 Pipeline for Converting Text into Sign
Language
The Text to Sign pipeline allows for the reverse

communication of text inputs as appropriate visual
representation in sign language through stages of
processing (processing of text), mapping (mapping of
text to signs), and visualizing/signing (visualization
and signing of signs). The overall process is shown in
Figure 3; each stage is described below in detail
(sections (3.3.1-3.3.6).
PIPELINE 2: TEXT - SIGN

€ G

Text Sign
Processing Mapping

Text-to-Sign
Conversion

Text Input

Visualization

Figure 2 shows the pipeline for text to sign
including processing of text, mapping text to sign,
generating sequence for signs, and
visualizing/signing of signs

3.3.1 Entering Text
The user can enter some text using a keyboard or an
interface.

3.3.2 Processing Text
The text entered will go through a process of
normalization and tokenization before moving on to
the next steps.

3.3.3 Mapping Signs
A dictionary of signs maps text tokens to their
equivalent visual representations as signs. Both ASL
and ISL English signs can be mapped using this
technique.

3.3.4 Generating Sign Language Sequence
A mapped sequence of signs will create a series of
images of sign language, while maintaining the same
meaning as the original content.

3.3.5 Generating Sign Language

Animation
The generated sequence is converted into an
animated reference using either 2D, 3D or video-
based methods (Karim et al., 2025).

3.3.6 Displaying Output
The final product will be an animation depicting the
translated sign language output[6].

3.4 Frontend Integration

Both systems are connected through a software
interface that uses OpenCV and enables synchronous
use of both systems. The system will have a video
monitor display, display of text recognized from the

OPEN aAccsss IRJAEM

1839


about:blank

https:

International Research Journal on Advanced

Engineering and Management
oldncloudpublications.com
https://doi.org/10.47392/IRJAEM.2026.0269

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1837 - 1844

video, animated display of the translated sign
language and entry field for entering text to be
processed through the key point method[7].

3.5 Features/Advantages
This system has several advantages. Among these are
real-time operation, bi-directional communication,
support for multiple languages, ease of use, improved
accuracy via the combination of the detection process
and keypoint recognition[8].
4. Experiment

4.1. System Setup
The suggested SignConnect platform employs a
hybrid deep learning method incorporating object
detection, keypoint extraction, and sequence
modeling techniques. YOLOvVI11 is an efficient tool
that quickly detects hands in real-time (Alaftekin et
al., 2024; Navin, 2025). To facilitate the precise
identification of finger locations and track movement
of the hand during gestural interactions with the
computer, MediaPipe will be used to extract hand
landmarks. An LSTM model enables capturing
temporal dependencies for dynamic gestures thus
improving the detection of sequential hand
movements and increasing overall classification
accuracy. The text-to-sign translation will be
conducted using a rule-based mapping mechanism
that translates text input into corresponding sign
representations with the use of animation techniques.

4.2. Implementation Details
Python with the libraries OpenCV, MediaPipe and
Deep Learning Frameworks are used in the
implementation of the system. YOLOvI1l is
employed for the real-time detection of objects, while
MediaPipe retrieves the keypoints of the user's hands
to extract features for further processing. Hand
gesture sequences are then classified into predefined
categories using an LSTM model[9]. The
implementation of this system has been done using a
CPU-GPU based environment (both types of
hardware) which allows for the efficient processing
of the video frames (input) and the inferring
(returning results) of the model. The inclusion of the
GPU has been essential in making this system
perform in real-time, as has been reported as common
for deep learning-based systems (Moufica et al.,
2025)[10]. Additionally, the incorporation of these

multiple components allows for spatial and temporal
learning in this system, which significantly increases
the overall performance of the system.
4.4. Test Procedure

The system is evaluated using a pipeline-based
approach under real-time conditions. In the gesture-
to-text pipeline, video input is captured and processed
through YOLOvI11 for hand detection. MediaPipe
extracts keypoints, which are then passed to the
LSTM model for gesture recognition (Alsharif, 2025;
Hugar & Kagalkar, 2025). In the text-to-sign
pipeline, user-provided text is preprocessed and
mapped to corresponding sign representations. To
visualize the mapped signs with various sequences
through animation methods (Karim et al., 2025), the
outputs from both pipelines are presented under an
OpenCV interface for proper visualization and
usability, subject to various conditions such as
lighting and background, to determine robustness.
Previous studies indicate that combining detection
and sequence modeling significantly improves
performance in gesture recognition systems (Rastogi
et al., 2025).

Model Performance Heatmap

YOLOvV11

YOLOv11 + MediaPipe

Hybrid (SignConnect)

T
F1-Score

T T
Precision Recall

Figure 3 Heatmap showing the performance of
the proposed SignConnect system across
evaluation metrics

5. Evaluation

5.1. Evaluation Metrics

We utilize common performance metrics including
Precision (P), Recall (R), F1-Score (F1), and Overall
Accuracy (OA) as indicators of how effective &
accurate gesture recognition/translation is achieved
by the SignConnect system. These metrics allow us
to assess how successfully & accurately the
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SignConnect System detects & classifies real-time
hand gestures|[11]. Precision is a measurement of how
accurately we were able to identify gestures but does
not measure completeness. Recall measures
completeness but doesn't indicate whether the correct
gestures were identified correctly. The F1-Score
indicates that there is a balance between the level of
precision with the recall to provide an overall rating
of the performance of the system. Finally, overall
accuracy reflects the number of correctly predicted
gestures divided by the total number of predictions
for a defined period to give assurance that our model
can be trusted[10].
Approximate Performance of each metric:
Precision = 0.90, Recall = 0.89, F1 = 0.895, Accuracy
~ 0.92 showcasing strong retrieval effectiveness.
5.2. Performance Comparison
There was a drastic increase in gesture recognition
due to the combination of YOLOvll with
MediaPipe. When combined with an LSTM model,
dynamic gestures were able to be identified more
accurately than previously because the temporal
relationship between frames can be captured. These
results have been consistent with findings from
hybrid systems employing deep learning
methodologies such as those identified by Rastogi et
al. (2025) and others Figure 1 .

Table 1: Performance Comparison of Gesture
Recognition Methods in the Proposed
SignConnect System using precision, recall, and
F1-score metrics

Method Precision | Recall | F1-Score
YOLOv11
(Detection Only) 0.82 0.78 0.80
YOLOv11 +
MediaPipe 0.87 0.85 0.86
Hybrid
(Proposed 0.90 0.89 0.895
SignConnect)

5.3. Observations
According to research data, the combination of
YOLOvVI11 and MediaPipe increases the reliability of
gesture detection through efficient recognition of
gestures in conjunction with accurate detection of

hand positions (Alaftekin et al., 2024; Alsharif,
2025)[12]. By including LSTM, this design can also
retrieve previous state information for moving
gestures (Hugar & Kagalkar, 2025). The combination
of methods performs significantly better than the use
of either method alone; the overall results show
higher precision, recall and F1-score. The system was
able to provide generally consistent real time
performance with little or no lag time. However, the
performance decreased slightly under certain extreme
circumstances, such as low light conditions or
complicated backgrounds, which agrees with what
has been found in previous research (Madhukar et al.,
2025)[13].

6. Results & Discussion

6.1 Results

The proposed SignConnect system was evaluated
under real-time conditions using live video input and
user-generated text queries. The system achieved an
overall accuracy of approximately 92%, with
precision and recall values of 90% and 89%,
respectively. The computed Fl-score was
approximately 89.5%, indicating a balanced
performance between precision and recall. In the
gesture-to-text pipeline, the use of YOLOvII
enabled fast and accurate hand detection across
different lighting conditions and backgrounds. The
integration of MediaPipe keypoint extraction further
improved recognition accuracy by capturing detailed
hand structures and finger movements (Alsharif,
2025) Table 1. The LSTM model effectively handled
temporal dependencies in dynamic gestures, resulting
in improved classification consistency. In the text-to-
sign pipeline, the system successfully converted
textual input into meaningful sign sequences. The use
of a structured sign mapping approach ensured that
the generated animations preserved the semantic
meaning of the input text. Similar approaches in sign
animation have demonstrated effectiveness in
improving user understanding and accessibility
(Karim et al., 2025). Overall, the system maintained
stable performance during real-time execution, with
minimal latency, making it suitable for practical
communication scenarios. Comparable performance
trends have been observed in recent YOLO-based
gesture recognition systems (Alaftekin et al., 2024;

OPEN aAccsss IRJAEM

1841


about:blank

https:

International Research Journal on Advanced

Engineering and Management
oldncloudpublications.com
https://doi.org/10.47392/IRJAEM.2026.0269

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1837 - 1844

Navin, 2025)[14].

6.2. Discussion

Based on our results, we have shown that the addition
of multiple deep learning subsystems leads to a great
improvement in system performance. In the case of
the YOLOvI1 model, it efficiently detects the
position of objects in space. MediaPipe provides
accurate "key" points representing the position of the
gesture being performed, which allows for accurate
interpretation of gestures. When combined with an
LSTM model, it helps to detect the time-based
components of sequential gestures, which is essential
when trying to recognize dynamic signs in Hugar &
Kagalkar (2025). Additionally, SignConnect's
bidirectional architecture offers a significant
advantage compared to other systems by combining
both gesture recognition and sign generation
capabilities. Having both features improves the
usability of the system and allows it to be better suited
for the needs of people communicating in the real
world. Many researchers have emphasized the
importance of developing integrated systems for use
as assistive communication technology (Ahinsa,
2025; Melanshia Violet & Leena Sri, 2025).
Additionally, there are several environmental
variables that affect system performance such as
lighting fluctuations, object occlusion, and the
relative complexity of the background. Therefore,
there 1s no question that while YOLO based models
tend to be very robust when detecting objects in the
real world, extreme lighting, occlusion, or a very
busy background could affect a YOLO model to
detect the object. A similar limitation has been cited
in the literature recently in Rastogi et al. (2025)
Figure 3. Finally, another significant note is that
when using a limited-sized dataset, the generalization
of the model is quite limited. Systems trained with
small datasets should be able to detect many
variations in how the hands look and how the hand is
used to perform a gesture. By including a larger and
more diverse dataset, the functionality of the system
could be made even better (Madhukar et al., 2025).
The system being proposed has great ability to be
used for real-time assistance despite its flaws with
detection and keypoints; thus, it was able to deliver
the necessary level of accuracy using detection,

keypoint extraction and sequence modelling.
Additional enhancements to the ability of the model
to provide reliable assistance may include improving
overall model performance, creating additional
redundancy in the model and increasing the number
of sign languages supported (Moufica et al.,
2023)[15] Figure 2.

Conclusion

The SignConnect system offers a feasible way of
reducing the communication gap between the deaf
population and normal hearing people. The
SignConnect can be integrated as two non-linear
pipelines - gesture-to-text and text-to-sign - allowing
both individuals to communicate freely with one
another, unlike existing systems that are set up as
one-way (Ahinsa, 2025; Melanshia Violet & Leena
Sri, 2025). The use of YOLOv11 for detecting sign
language in real time, MediaPipe for extracting
keypoints, and LSTM Models for learning temporal
sequences, will help to ensure accuracy and
performance using deep learning hybrid approaches
(Alaftekin et al., 2024 Hugar and Kagalkar, 2025).
Additionally, the text-to-sign pipeline will assist in
increasing  usability by  providing  visual
representation of sign language using sign animations
developing with current sign language generation
systems (Karim et Al., 2025)[16]. When all these
components are integrated into one user interface, the
entire system can become a viable solution for many
real-life applications. Future updates for the
SignConnect system may include the ability to
provide spoken text output, develop a mobile
application, and add other sign languages making it
more accessible and scalable to use (Madhukar et al.,
2025; Moufica et al., 2025).
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