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Abstract

Communication between Indian Sign Language (ISL) users and people
who do not understand sign language can be difficult, whereas
involuntary hand movements can make gesture-based interactions
more challenging. This work presents a real-time assistive system that
combines ISL alphabet recognition, landmark-based temporal
stabilization, and augmented-reality (AR)-style visual feedback. A
webcam provides the input stream, and MediaPipe Hands obtains 21
three-dimensional hand landmarks from each detected hand. The
landmark representation is converted into 128 x 128 skeleton-based
samples and classified using a convolutional neural network
implemented with TensorFlow. The project dataset contains 500
images for each of the 26 ISL alphabet classes, yielding 13,000 images in
total. For the reproducible quantitative evaluation reported here, a
stratified 80:20 train test split with random_state = 42 was used,
yielding 10,400 training and 2,600 held-out test images. The CNN
achieved 99.27% accuracy, with a macro precision, macro recall, and
macro F1 score equal to 99.27%. Live processing was benchmarked
over 100 webcam frames at 108.40 ms per frame, corresponding to
approximately 9.23 FPS. MediaPipe landmark processing accounted for
38.30 ms per frame, and CNN inference accounted for 69.73 ms per
frame. The runtime implementation uses a confidence threshold of 0.85
and a temporal stability rule requiring 20 consecutive identical
predictions before a letter is appended. Shaky-motion testing was
qualitative, and AR-style output was demonstrated in the working
prototype. The system is presented as an assistive recognition
prototype and not as a medical treatment or diagnostic system.

Keywords: Indian Sign Language (ISL); Tremor support; Augmented
reality (AR); Real-time gesture recognition; Computer vision; Assistive
technology; Hand landmarks.
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1. Introduction

Indian sign language (ISL) is a structured visual language
used for communication by sign-language users in
India.l31  Automatic recognition can help reduce
communication barriers by converting visible signs into
text and, where needed, speech.l'34 Vision-based
recognition is attractive because a conventional camera
can capture hand configurations without the use of
wearable sensors. Recent work has investigated skeleton
and landmark representations because they preserve
hand structure while reducing the dependence on raw
RGB appearance, background clutter, illumination, and
other irrelevant visual variations.s-8 This representation
is therefore appropriate for a lightweight real-time
pipeline in which the classifier should focus on hand
geometry rather than the complete camera image. Real-
time recognition remains challenging because hand
position, signing speed, occlusion, background
conditions, and differences between users can affect
recognition performance.lt5210 [nvoluntary  hand
movement can introduce short-term fluctuations into the
observed landmark sequence. Computer vision studies
have demonstrated that camera-derived motion
information can be used to characterize hand movement
and tremor.'1121 [n the present work, tremor-related
movement is treated as a recognition-support concern
rather than as a clinical measurement or treatment. The
implemented runtime uses temporal stabilization based
on 20 consecutive identical predictions; a moving-
average filter can be implemented in the future for
detecting tremor movements, as it aligns with the
lightweight, real-time and low-latency requirements of
the system. The proposed system integrates hand-
landmark extraction, skeleton-based CNN classification,
temporal stabilization, and AR-style visual feedback in
one live workflow. The implementation uses a
conventional webcam and a lightweight local processing
pipeline so that the system can be demonstrated on a
standard laptop.

Fig. 1: Indian Sign Language alphabet chart
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1.1 Main contributions

e A 26-class ISL alphabet recognition pipeline using 21-
point MediaPipe hand landmarks and 128 x 128 skeleton
representations. [413]

¢ A CNN-based classifier trained on 13,000 project
images and evaluated using a reproducible 80:20
stratified split with random_state = 42.

e Quantitative reporting of accuracy, macro precision,
macro recall, macro F1 score, end-to-end latency, FPS,
and processing-stage latency.

¢ A runtime temporal-stability mechanism requiring 20
consecutive identical predictions before a letter is
appended, reducing short-lived prediction fluctuations
during live interaction.

 Integration of recognition output with the project's
Unity/AR-style interface and visual runtime feedback.
The ISL alphabet used as the basis for the 26-class
recognition task in the current implementation is
presented in Fig. 1.

2. Literature review

Research on sign language recognition has moved from
handcrafted image-processing methods to machine
learning and deep learning approaches. Earlier ISL work
has demonstrated the use of computer vision and
MediaPipe-based landmark extraction for recognizing
hand configurations.il More recent work has examined
real-time ISL translation using combinations of RGB
information, pose estimates, convolutional networks,
and temporal models. For example, Geetha et al.
proposed SignFlow, which combines CNN features with
transformer-based temporal modeling for continuous
ISL recognition and specifically addresses real-time
processing across different frame rates.is! Skeleton and
landmark representations are also widely investigated
because they describe hand or body structure without
the need for a classifier to process every pixel in the
original image. Deng et al. proposed a skeleton-based
multifeature learning method and reported that skeleton
information can be used for sign language recognition
while reducing the dependence on raw RGB
appearance.lsl This finding supports the use of hand-
landmark  representations in  systems  where
computational efficiency and robustness to background
variation are important. Recent reviews have shown that
sign language interpretation systems commonly combine
computer vision, machine learning, deep learning, and
text or speech output. Najib's review highlights the
continuing need to connect research prototypes with
practical interpretation functions, including real-time
processing and text-to-speech support.ii4l A 2025 survey
by Violet and Leena Sri further discussed vision-based,
sensor-based, and data-driven sign language recognition
approaches and the importance of dataset diversity and
generalizability.l9 A broader review by Tao et al. similarly
surveyed traditional and deep learning approaches,
datasets, and challenges in sign language recognition,
situating vision-based recognition within the wider
research landscape.l’sl Tremor analysis is a related but
distinct research area. Computer-vision methods have
been investigated for estimating and analyzing hand
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tremors without physical contact.['112I These studies
motivate the use of landmark trajectories and temporal
processing when hand motion involves unwanted
movement. The present work does not attempt to
diagnose Parkinson’s disease; instead, the evaluated
implementation uses a confidence threshold and a 20-
consecutive-identical-prediction temporal-stability rule
to reduce short-lived recognition fluctuations. A moving-
average filter was discussed in the earlier project
description but is not present in the evaluated
implementation. AR has also been explored as a way of
providing visual feedback during sign language
interactions.lel The gap addressed by the present project
is therefore not the invention of any individual
component. Rather, the contribution is the integration of
ISL alphabet recognition, landmark-based preprocessing,
temporal stabilization, and AR-style output in a single
lightweight workflow intended for live camera
interaction. The current work is an implementation-
focused prototype, and its quantitative performance still
requires more detailed benchmarking.

2.1 Summary of related work

To position the proposed framework within the current
research landscape, a comparative overview of
foundational literature is provided in Table 1.

3. Methodology

3.1 System design and architecture

We designed the system as a sequence of modules
connected through the live camera stream. The user first
accesses the application through a login interface. The
interface includes user name-password authentication
and face-login support using OpenCV. After successful

access, the user is directed to the camera interface. The
login path used before the camera interface is opened is
shown in Fig. 2. The camera-side workflow used to obtain
live ISL gesture input is shown in Fig. 3.

[ User opens App ]
Choose Login
Method
. Username +
Face Login Password

Validate Credentials
Success — Failure — Error
Home/Dashboard Message

Fig. 2: Login and authentication workflow

The webcam stream is processed with MediaPipe
Hands. MediaPipe detects the hand and estimates 21
three-dimensional landmarks for each detected hand.
The system uses these landmarks rather than the
complete RGB image as the main representation for
recognition. This reduces the dependence on background
appearance, clothing, illumination, and skin-tone
variation. The extracted landmark information is
converted into a skeleton-based representation and
resized to 128 x 128 pixels. The dataset is organized into
26 class folders corresponding to the ISL alphabets A-Z.

Table 1. Methodological summary and relevance of closely related literature

Study Main approach

Focus Relevance to this work

Velmathi & Goyall4] MediaPipe-based recognition

Machine-learning-based ISL
Singhal et al. 1 : ng
detection

Computer-vision tremor
Friedrich et al. [11] P .
analysis

Contactless hand tremor
Bungay et al. [12]
measurement

Nunnari et al. [16] AR sign-language interaction

CNN + Transformer +

Geetha et al. [5]
pose/RGB

Skeleton-based multifeature
Deng et al. [ .
learning

Research review

Najib [14]

Violet & Leena Sri [°] Comprehensive survey

. Supports landmark-based

ISL gesture recognition .

ISL recognition.

Shows the continuing
Real-time translation importance of real-time ISL
systems.
. Motivates vision-based
Video-based tremor .

handling of tremor
measurement

movement.

) Supports camera-based

Hand tremor analysis

tremor assessment concepts.

Supports AR as an
3D/AR feedback interaction and feedback
mechanism.
Recent real-time ISL
Continuous ISL recognition benchmark and
methodology.
Supports use of
Sign language recognition skeleton/landmark
information.
Highlights integration and
ML/AI sign interpretation practical interpretation
requirements.
Provides current research

Recent SLR methods
context and challenges.
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- ™
Navigate to Camera Page
N .
= ™
Request Camera
Permission
N _/
- ™
Open Live Camera Feed
N .
s B
Capture ISL Gestures in
Real-Time
N =
- ™
Send Frames for
Processing
N -

Fig. 3: Camera interface for capturing ISL gestures

Examples of the skeleton representation used to preserve
the spatial configuration of the hand while reducing
irrelevant background information are shown in Fig. 4.

Fig. 4: Skeleton-based gesture representation

The project dataset contains 500 images for each
alphabet class. Therefore, the complete dataset contains
26 x 500 =13,000 images. For the quantitative evaluation
reported in this revision, a stratified 80:20 train test split
with random_state = 42 was used, corresponding to
10,400 training images and 2,600 held-out test images.
No separate validation set was created; the held-out test
set was supplied as validation data during model
training.

3.1.1 Dataset and split

A comprehensive breakdown of the dataset architecture,
total volume, and explicit distribution subsets is detailed
in Table 2.

3.2 Experimental environment

Hardware: 12th Gen Intel Core i7-1265U @ 1.80 GHz (10
cores/12 logical processors), 16 GB RAM, Intel UHD
integrated graphics with no dedicated GPU, and a built-in
laptop webcam at 640 x 480. Software: Windows 11,
Google Chrome, Python 3.11.9, TensorFlow 2.15.0,
MediaPipe 0.10.9, OpenCV 4.8.0.74, NumPy 1.26.4, and
scikit learn 1.3.2.

3.3 Operational workflow

The operational workflow begins with the camera input
and ends with the visual output. First, the webcam
captures the user's hand. MediaPipe Hands detects hand
landmarks and provides a 21-point representation. The
landmark representation is then prepared as the model
input. The CNN produces a class prediction, and the
runtime accepts a prediction only when its confidence is
at least 0.85. Temporal stabilization then requires the
same predicted letter to be observed for 20 consecutive
detections before that letter is appended to the output
sequence. The recognized result is displayed through the
project’'s AR-style interface. This stabilization rule is a
decision-level temporal mechanism; the evaluated
implementation at present does not contain a moving-
average landmark filter. The complete processing
sequence from camera input to recognition, temporal
stabilization, AR-style output, and optional text-to-
speech output is summarized in Fig. 5.

- 3

Camera Input

v

MediaPipe Landmark
Extraction

v

Tremor Filtering
(Moving Average /
Low-pass)

v

CNN Classification
(ISL Gesture)

h 4
- N

AR Overlay +
Text-to-Speech Output

e

Fig. 5: End-to-end workflow showing gesture capture,
temporal stabilization, recognition, and AR-style feedback

Table 2: Distribution matrix and structural breakdown of the ISL alphabet dataset

Item Value Details

Number of classes 26 ISL alphabet A-Z

Images per class 500 Classwise image samples

Total images 13,000 26 x 500

Training split 80% 10,400 images

Testing split 20% 2,600 held-out images

Validation split None No separate validation set; held-out test set used as validation_data during training
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Fig. 7: Convolutional neural network concept used for classification

3.4 ISL recognition, tremor correction, and AR
integration

The recognition component uses the spatial relationship
between the detected hand landmarks. The prepared
skeleton representation is supplied to a lightweight CNN
implemented with TensorFlow 2.15.0. The model is
intended to recognize the 26 alphabet classes
represented in the project dataset. The use of landmark
information allows the system to focus on hand geometry
rather than processing the full camera frame. Tremor-
related movement is handled at the recognition decision
stage rather than through a separate moving-average
filter. The evaluated implementation uses a confidence
threshold of 0.85 and requires 20 consecutive identical
predictions before a letter is appended. This rule is
intended to suppress short-lived prediction fluctuations
during live interactions. Future work can evaluate
adaptive low-pass filters such as the Kalman filter or 1€
filter.171 After classification, the recognized output is
placed over the live camera view using our project’s AR-
style interface. The AR-style overlay in the working
prototype is described using JavaScript and the Canvas
API for displaying recognized output over the live camera
view. The working prototype includes image recognition,
shaky-movement/tremor handling, and AR support. The
cross-platform mobile extension shown in Fig. 6 is
treated as an extension of the design rather than as
evidence of a separately benchmarked Android or i0S
deployment. The planned route for extending the web-
based interface to the Android and iOS platforms while
retaining the same overall processing workflow is shown
in Fig. 6. The CNN-based classification concept after the
hand representation has been prepared is shown in Fig.
7.

4. Results and discussion

The results combine reproducible quantitative
evaluation with live prototype observations. The
quantitative evaluation uses the 13,000-image project
dataset with a stratified 80:20 train-test split and

Journal of Biomedical Systems and Engineering

random_state = 42. The held-out test set contains 2,600
images. Live performance was measured separately over
100 webcam frames on the stated laptop hardware.

[ Build User Interface j

4 N
Integrate Camera +
AR Modules

8

-
Use Platform Bridge

APIs
% J

[ Android Build j [ iOS Build J

Deploy
Cross-Platform App

Fig. 6: Cross-platform support and future mobile extension

4.1 Classification performance

The final CNN evaluation yielded a 99.27% overall
accuracy (Table 3). The macro precision, macro recall,
and macro F1 score were 99.27%. Because all 26 classes
contribute equally to the held-out set, the macro
measures provide a balanced summary of class-level
performance.

Table 3: Core classification metrics and validation capacity
of the evaluated CNN

Performance metric Result

Overall Accuracy 99.27%
Macro Precision 99.27%
Macro Recall 99.27%
Macro F1-score 99.27%

Held-out test set 2,600 images (20%)

gr-journals.com | 5
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26 x 26 Confusion Matrix — Held-out Test Set (n = 2,600)

True class

No= o x E o<

- = o

z 0 & o @ w - 5 > =T x > N

Predicted class

Fig. 8: 26 x 26 confusion matrix for the held-out 2,600-image test set

4.2 Confusion matrix and classwise performance

The complete 26 x 26 confusion matrix is shown in Fig. 8.
The diagonal contains 2,581 correct predictions out of
2,600 held-out test images, matching the reported
99.27% accuracy. The 19 errors are concentrated in
visually similar configurations: C—0 (3), E=I (1), E=Q
(2), E-Y (1), H-M (1), H->N (2),]-Z (1), L-U (1), L»V
(1), M—H (1), 0-C (2), 0-S (1), U>N (1),and V-U (1).

4.3 Real-Time performance

Real-time performance was benchmarked over 100
webcam frames (Table 4). The average end-to-end
processing time was 108.40 ms/frame, corresponding to
approximately 9.23 FPS. MediaPipe landmark processing
accounted for 38.30 ms/frame, and CNN inference
accounted for 69.73 ms/frame. These are processing-
stage timings, not a filtering-versus-classification
comparison. The benchmark was performed locally and
excludes network transfer, JPEG encoding, Unity
rendering, and text-to-speech latency.

4.4 Shaky/Tremor-Motion evaluation

Shaky-motion testing was performed qualitatively using
the live webcam interface. The following screenshots
provide direct visual evidence from the working
prototype, including interface states before detection
(Fig. 9, Fig. 10), skeleton extraction (Fig. 11), Unity
simulator output during recognition (Fig. 12, Fig. 13, Fig.
14), and runtime/API prediction logs (Fig. 15).

181

Fig. 9: Runtime interface before sign detection

Fig. 10: Runtime interface state before live sign recognition

Table 4: Computational latency and real-time processing benchmarks of the framework

Metric Result Measurement basis

Benchmark frames 100 Live webcam frames

End-to-end latency 108.40 ms/frame Average total local processing time
Frame rate 9.23 FPS Derived from average frame time

MediaPipe processing 38.30 ms/frame

CNN inference 69.73 ms/frame

Temporal stabilization

20 consecutive identical predictions

Hand/landmark processing
Classification inference
Decision rule; not separately timed

6 | gr-journals.com
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Fig. 11: Extracted hand skeleton representation during live processing

3 i # Scene 10 Simulator
2] Simulatorv Apple iPad Pro 12.9 (2018) v Scale 1 Fit to Screen Rotate (® <)

R signvoice
£ maincamera
3 Canvas
&) AppManager
antSystem
) CameraManager
D PythonManager

$$$5883ds508:

12

Project E Console 15 Unity Version Control

lear v Colla Error Pause Editor v
[15:09:36] Detected Letter: L

[15:09:37] API RAW: {"letter":"L"}

[15:09:37] Detected Letter: L

Fig. 12: Unity simulator showing live ISL gesture recognition and detected output

R signvoice
P maincamera
Canvas
AppManager
EventSystem
CameraManager
¥) PythonManager

Detected sign

& Console ®X2 Unity Version Control
Error Pause Editor v

Project

lear ¥ Collapse

Q [15:10:13] API RAW: {"letter":"O"}

Q [15:10:13] Detected Letter: O
Q [15:10:13] ADDED LETTER: O

Fig. 13: Unity simulator showing recognition of another ISL hand configuration and console output
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[15:09:36] Detected Letter: L

[15:09:37] APl RAW: {"letter":"L"}

[15:09:37] De ted Letter: L

Rotate (& <&

Fig. 14: Unity simulator showing live sign recognition and the corresponding console output

-= API HIT --—-
Saved original:
Hand detected

Saved skeleton

onfidence: 1.0

Predicted: L
Fig. 15: Runtime API log showing successful hand detection,
skeleton generation, confidence, and predicted letters

The screenshots support the functional integration of
camera capture, landmark extraction, prediction, API
communication, and AR-style display. They do not
establish clinical tremor correction or a quantitative
filtering benefit. The 20-consecutive-identical-prediction
rule is a decision-level temporal stabilization mechanism
and may introduce delay when a user changes signs
rapidly.

4.5 Discussion

The quantitative results indicate strong classification
performance on the held-out test set, with only 19
misclassified images. The confusion matrix shows that
most classes were recognized without error and that the
remaining errors are localized to a small set of visually
similar configurations. The live benchmark shows that
CNN inference is the larger component of the measured
processing time (69.73 ms/frame), while MediaPipe
landmark processing accounts for 38.30 ms/frame. The
temporal stabilization mechanism is lightweight and easy
to deploy, but it has several limitations. Requiring 20
consecutive identical predictions can suppress short-
lived fluctuations but can also delay the acceptance of a
legitimate sign change. It is not equivalent to smoothing
landmark coordinates and does not quantify tremor
amplitude. Future work should compare this approach

8 | gr-journals.com

with adaptive filters such as the Kalman filter and 1€
filter,l17] using controlled tremor protocols and reporting
recognition accuracy, latency, and responsiveness. The
results should also be interpreted in the context of the
experimental setup: a conventional laptop webcam,
integrated graphics, and local software execution. The
benchmark is therefore a prototype-level measurement
rather than a universal hardware-independent real-time
guarantee.

5. Conclusion

This paper presents an integrated assistive system for
Indian Sign Language recognition with temporal
stabilization and AR-style feedback. The implementation
uses MediaPipe hand landmarks, a skeleton-based
representation, a CNN classifier implemented with
TensorFlow 2.15.0, and live visual output. The project
dataset contains 13,000 images covering 26 ISL alphabet
classes. Quantitative evaluation using a stratified 80:20
split with random_state = 42 produced 2,600 held-out
test images and 99.27% accuracy, precision, recall, and
F1 score. Live benchmarking over 100 webcam frames
produced 108.40 ms/frame, or approximately 9.23 FPS,
with 38.30 ms/frame attributed to MediaPipe processing
and 69.73 ms/frame to CNN inference. The evaluated
runtime does not contain the moving-average filter.
Instead, it uses a 0.85 confidence threshold and a 20-
consecutive-identical-prediction temporal-stability rule.
Shaky-motion evaluation was qualitative, so no
unsupported numerical tremor-reduction claim was
made. Future work should include controlled tremor
experiments, adaptive filtering such as Kalman or 1€
filtering, broader datasets, and measured deployment
performance. The system is intended as an assistive
recognition prototype and not as a medical treatment or
diagnostic system.
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