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Abstract: Hand gesture-based sign language recognition distributed as major
interaction link to people with hearing difficulties. The absence of a universal
sign language allows distinct linguistic variations are evident in different
regions, includes Indian Sign Language and American Sign Language.
Conventional systems mostly falter with cross-language recognition, limiting
their effectiveness in multilingual scenarios. This research presents a state-of-
the-art solution called ConvoConnect, which promotes seamless communication
by converting ISL and ASL gestures into text formats accurately. The proposed
approach applies computer vision techniques for precise hand landmark
localization using OpenCV and MediaPipe, followed by gesture classification
through a RandomForestClassifier trained on different datasets. Additionally, a
deep learning-aided auto-complete distribution gets developed to enhance the
efficacy of communication and is powered by the LSTM model, creating real-
time text generation based on predicted contextually relevant words. Extensive
usage of the models on AWS S3 facilitates centralized storage and real-time
inference for easy scalability. Performance evaluation is executed with an F1-
score and precision metrics comparing real-time gesture predictions with stored
data. The extensive experimentations upon ISL and ASL datasets prove the
model efficacy over classical methods in terms of accuracy and adaptability.
This research fills a gap to connect with a plethora of sign language users during
interactions to make them inclusive and efficient.
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1 Introduction

Sign gesture prediction is an essential part for Human-Computer Interaction and
computer vision, particularly in applications like SLR, permitting visual
communication among difficulty hearing and non-deaf cultures. Hand gestures,
fundamental to daily tasks, transmit particular details through palm position, posture,
and different movements.

They indicate letters, numerals, or things, frequently depending on hand position for
significance, with some gestures having universal connotations and others altering
depending on culture or situation [1], [2], [3]. SL is the only medium of
communication among the difficult-of-hearing and non-deaf groups. However, the
hard-of-hearing group has ongoing challenges to satisfy their fundamental
requirements in the current digital world. On a global scale the World Health
Organization (WHO) observations 466 million persons with deaf or disabling hearing
loss [4]. 15% of young people in America, or 37.5 million people, were estimated via
the National Institute on Deafness to have hearing impairments [5]. South Korea
reports over 1.6 million individuals with hearing impairments [6], and Japan
recognizes approximately 370,000 people with hearing impairments [7]. There are
sizable hard-of-hearing communities in Bangladesh and other nations. Approximately
5 per cent of individuals worldwide are affected by a hearing impairment today. For
these individuals, gesture language serves as their major means of interaction. Sign
Gesture language considerably enhances collaboration in the specially-challenged
population. Sign or gesture language is a visual gesture-based speech used for
communication along with emotional expression. When a person with a disability
wants to share their views and opinions with the broader population, there is a
communication gap. To help specially-abled persons communicate on a day-to-day
basis, we need a proper expert system. Such technology could be key to building an
automated sign-to-text translator.

1.1 Novelty

A new approach to Sign Language Recognition (SLR) combining real-time video
processing with MediaPipe hand landmarks detection algorithm and
RandomForestClassifier for character-level classification, has been developed. A new
approach to Sign Language Recognition, where deep learning layers establish the
system, LSTM for next word prediction, and RandomForestClassifier to get highly
efficient features for ISL and ASL sign language are provided.

1.2 Flexible Feature Combination using Two Streams

Our system provides an adaptive methodology of combining vision-based and deep
learning feature aggregation using two concurrent streams-the hand gesture detection
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stream with MediaPipe, deep learning stream with LSTM for word prediction. The
hand gesture detection stream uses MediaPipe to extract hand landmarks, which then
become significant features. This exploits spatial relationships to follow an innovative
technique for hand gesture tracking supporting accurate sign language recognition.
Subsequent stream processes contextual features of LSTM for next word prediction-
real-time word suggestion. An integrated feature provides multiscale feature
extraction whereby long-range and short-range dependencies combine for a good
responsive sign language recognition system.

1.3 Creative Adaptation and Generalization

Adaptive learning with RandomForestClassifier for classification and LSTM for word
prediction makes the system unique, so it generalizes better than traditional feature
expressions. The extensive assessments of ISL and ASL datasets prove the high-
performance accuracy of our solution, which outperforms the classical methods. Such
fusion of features helps boost performance accuracy and generalization.

2 Literature

Sign Language Recognition (SLR) acts as an important connection between hearing-
impaired and not-deaf people for communication. Without a universal sign gesture
language, it is no phenomenon that region-related gesture languages exist, like
American, Korean and Japanese (Bragg et al., 2019). The traditional SLR systems
would always invisible their own limited language range, often using ML and DL
techniques to label sign gestures within a single linguistic domain. Yet, recognizing
and interpreting McSL (multicultural sign languages) is still a hurdle (Koller et al.,
2020).

Early SLR approaches were based on rule-based algorithms and manual feature
extraction (e.g.keypoint and edge analysis (Cooper et al., 2012)). Recent
developments in computer vision, such as DL-based methods, specifically, Neural
Networks include both Recurrent and Convolutional have outperformed traditional
methods in achieving accurate sign recognition results (Pigou et al., 2018). With these
methods primarily applied to single-language datasets, their applicability to McSL is
limited. We highlight explorers in recent research which utilizes graph-based
pipelines to construct sign gestures as structured spatial-temporal data. (Shi et al.,
2019), and graph convolutional networks (GCNs) have been used to model
complicated spatial dependencies among hand joints. Superpixel-based graph
representations also improve gesture recognition by preserving spatial dependencies
and reducing the computation redundancy (Cai et al., 2020). The current work utilizes
these methods by combining graph-based feature extraction from superpixel data and
a GCN model.
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Transformer networks, attention deep learning method dominate modern language
understanding frameworks and vision jobs (Vaswani et al., 2017). In image and video
tasks (Dosovitskiy et al., 2021), Multi-Head Self-Attention (MHSA) was found to
capture long-range Dependencies. Specifically, attention mechanisms allow to capture
temporal and spatial relations among frames, resulting in better translating accuracy of
multiple sign languages (Min et al., 2022). The proposed GmTC model uses MHSA
and CNNs to improve the effectiveness of feature extraction and classification.
Benchmarking studies have been conducted on various gesture language datasets
(e.g., MS-ASL, RWTH-PHOENIX-Weather) to show the weakness of traditional
models to address McSL (Camgoz et al., 2018). However, hybrid approaches that
combine different deep learning modules, like CNNs and GCNs, have shown
effectiveness in cross-linguistic sign recognition (Zhang et al., 2021). The GmTC
model extends upon these methods using a combination of graph computing and deep
learning to provide greater accuracy and generalizability.

3 Related Work

As this area of study advances, many studies on hand gesture detection has been
conducted, applying various methods in both deep learning and machine learning to
detect human hand actions. Reliably detecting gesture through observing posture with
palm alignment have been introduced with hardware-driven approaches known in
academia. One way is using the Microsoft Kinect Sensor ( Giguere and Rioux-
Maldague, 2014 ) to collect intensity and depth data for labelling American gesture
language hand earmarks. Stated accuracy reached 99% to familiar users and 79% to
new users. A similar hardware-driven technique utilizes a glove equipped with sensors
( Kushwah et al., 2017 ) which records analog voltage variations resulting from palm
movement after which they get classified in accordance with these hand signals.
Image processing algorithms are widely used as they are comparatively less
computationally complex than machine learning or deep learning-driven methods are
applicable to device having limited analytical ability. A solution is based on OpenCV
and Haar-cascade to find, classifies palm gestures in individual frames of video (
Ismail et al., 2021 ). A different approach uses HOG features are derived from
potrayals( Sreemathy et al., 2022 ) and subsequently utilized for training a back-
propagation network, attaining an accuracy of 89.5%. Another tale solution with the
radar usage exists ( Lee et al., 2020 ) this solution identifies palm movements via
tracing user’s postures for categorization with extreme accuracy, also achieves an
accuracy as 98.8% overall.

Researchers applied different technologies to construct the hand gesture based SLR
system, notably hand-crafted feature derivation using ML techniques and DL
algorithms [19], [32]. Numerous studies used machine learning methods such the
Hidden Markov model (HMM) [1] and Pattern Trees (SP-Tree) [33] in addition to
extracting hand-crafted features. Researchers work on deep learning models for
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effective, generalized hand gesture detection using large-scale datasets that encounter
obstacles in machine learning techniques. Recently, several researchers demonstrated
high performance in vision-based hand gesture identification utilizing the Vision
Transformer (ViT) [40], [41] is significant in hand gesture recognition for SL
applications [41]. The ViT transformer, utilizing only a portion of the picture, might
result in potential information loss. In order to effectively extract multiscale
characteristics, Guo et al. developed a transformer model called CNN meets
Transformer (CMT) by combining CNN layers with self-attention [20]. Shin et al.

4 Datasets

» The datasets would be very helpful to a model if it was to be trained to recognize,
interpret, or generate ISL and ASL gestures. Gesture images, depicting characters (A-
Z) and digits (0-9), are part of the Indian and American Sign Languages (ISL and
ASL). Each exercise is put in a different folder, given the name of the character or
digit it represents. In this manner, the structure may allow the model to study the hand
gestures and classify them correctly.

* Sign Language MNIST: Dataset based on American sign gesture, consisting images
showing gestures from the 24 classes of letters (only J, Z are eliminated, as they need
movement). This dataset can be used for multi-class classification problems.

» ASL datasets (American Sign Language datasets) are a datasets that are collected
together so that they can be used to train models that recognise ASL or interpret or
generate ASL. Such datasets usually consist of video recording of people
demonstrating ASL gestures with annotations of their corresponding translations in
English or other languages. They might also include other metadata: hand positions,
facial expressions, motion-capture data to capture the subtleties of ASL
communication. Datasets of ASL plays a vital role in creating projects such as sign
language recognition systems, educational tools, and accessibility solutions to
strengthen the interaction capabilities of of individuals with hearing difficulties. Some
well-known ASL datasets: RWTH-PHOENIX-Weather 2014T, ASLLVD (ASL
Lexicon Video Dataset)
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Fig 1. American Sign Language of some Alphabets

5 Research Objective

This study aimed to address the challenge of developing a reliable SRL system,
referred to as GmTC, which could translate multicultural sign languages (McSL) into
text with accuracy and consistency. Conventional SLR systems can only perform well
on specific cultural sign languages, hence the focus of this research is to solve the
problem by using a graph computing system and a general deep learning network as
the dual stream modules. Graph-based Feature Representation Employ a GCN to
extract complex spatial relationships among superpixel data to enhance the superpixel
feature representation. Use Multi-Stage, CNNs and Multi-Head Self-Attention
(MHSA) to capture long-range context along with long-range dependents. Fuse with
High Accuracy for Feature Extraction to validate the system on five culturally
distinct sign language datasets and show that it surpasses current SOTA models with a
considerable extent. So, this work is aimed at breaking the problem of communication
for a person with hearing issues and presenting an accurate SLR system, which may
be scalable across the families of sign languages.

6 Proposed Methodology

The framework used in the ConvoConnect system provides the recognition of Indian
and American Sign Languages (ISL and ASL) by means of a bi-stream framework,
integrating hand landmark detection along with DL algorithms to efficiently extract
and classify sign gestures.

6.1 Hand Landmark based Feature Extraction

The first stream employs MediaPipe to identify hand landmarks and obtain important
spatial features from numerous hand gestures. Each input image highlights main hand
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reference points, showcasing the movements and positions of the fingers. Such
features embody important information pertaining to gesture mold and orientation,
thereby assisting precise recognition of ISL and ASL characters.

6.2 Contextual Feature Extraction for Word Prediction

The second stream investigates sequential dependencies in gestures by learning both
the short- and long-term relationships between them. It employs an LSTM model for
the next-word prediction, an architecture that captures contextual dependencies for
increased recognition accuracy. The systems, then, can provide real-time word
suggestions, thereby making communication more efficient.

6.3 Fusion and Feature Extraction

The extracted features from both streams will be fused together to produce
comprehensive representations of the sign gesture. A RandomForestClassifier is then
used for the classification of individual characters on the basis of learned features. The
classifier is trained on ISL and ASL datasets to be adaptable to different sign language
gestures and increase general classification accuracy and generalization.

7 Algorithm

Step 1: Video Stream Initialization

1.1. Establish a real-time video stream using OpenCV.

1.2. Detect, track hand landmarks using MediaPipe Hand Tracking.
1.3. Capture frames from the video stream.

Step 2: Input Preprocessing

2.1. Normalize pixel values to ensure consistency across datasets.
2.2. Store the processed frames in a pickle file for real-time analysis.
Step 3: Feature Extraction

3.1. Hand Landmark Derivation

3.1.1. Extract 21 key hand landmarks using MediaPipe.

3.1.2. Represent each landmark as a node in a graph.

3.1.3. Establish edges based on spatial relationships between landmarks.

3.1.4. Compute distance-based features capturing relative hand positions.
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3.1.5. Store extracted features for classification.
3.2. Contextual Feature Extraction (ML-Based Prediction)
3.2.1. Pass extracted features through the RandomForestClassifier.

3.2.2. Predict corresponding alphanumeric characters (A-Z, 0-9) based on trained
ISL/ASL datasets.

3.2.3. Store the recognized character for further text processing.
Step 4: Auto-Complete & NLP Integration

4.1. Utilize an LSTM-based auto-complete model to predict contextually relevant
words.

4.2. Enhance text prediction using previously recognized sequences.

4.3. Display suggested words dynamically in the GUI.

Step 5: Message Construction & GUI Integration

5.1. Integrate recognized characters and auto-complete suggestions into a text box.
5.2. Allow users to manually edit or accept suggestions for better accuracy.

5.3. Provide a user-friendly interface using Tkinter for interaction.

Step 6: Model Hosting & Deployment

6.1. Deploy the trained models (RandomForestClassifier, LSTM) on AWS S3 for
centralized access.

6.2. Implement efficient model loading and inference to minimize latency.

6.3. Enable scalability for multiple users by utilizing cloud-based storage.
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8 Results

The ConvoConnect system will be built through the sign language recognition and
auto-complete prediction using Python libraries, which support Image processing,
Machine Learning, language understanding and other areas. In order to implement the
graph-based feature extraction stream, utilized MediaPipe to determine 21 hand
points, which are taken to form a graph representation that encodes spatial
relationships among the points. The extracted features are then classified using
RandomForestClassifier into corresponding ISL/ASL alphanumeric characters (A-Z,
0-9). The underlying deep learning framework includes TensorFlow and PyTorch to
construct an LSTM-based model for contextual prediction and auto-completion,
according to the dynamic nature of word prediction based on the recognized gesture.
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These integrate multi-stage attention mechanisms in posture recognition intended to
increase perfection in text prediction. Besides that, AWS S3 is utilized for hosting the
trained models, thereby granting several users scalable and low-latency access. This
system intertwines computer vision, graph-based learning, machine learning
classification, NLP-powered word prediction, adding to real-time sign language
recognition and communication assistance, thus forming a complete package to bridge
accessibility gaps in sign language communication.

Sentence: A

Predicted Next Word: little

Accept
Reject

Fig 4. Identifying Letter A and Predicting next related word
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Sentence: gem
Predicted Next Word: and
Accept

Reject
Fig 5. Writing gem word with sign language and predicting next word

9 Experimental Evaluation

In order to demonstrate the effectiveness of GmTC, it is extensively evaluated with
five cultural sign language datasets. We contrasted the performance measures of
model with SOTA (State-of-the-Art) gesture recognition systems, achieving
significant improvement and showing greater accuracy and generalizability on
different capitalist sign languages. In evaluating the performance of the model, fl-
score, accuracy, precision and recall are commonly used measures. It provides a solid
method to handle the challenge of variance while ensuring that the resulting system is
scalable and able to operate even in cases where some languages weren't part of the
training data.

9.1 Experimental Results

Points to verify effectiveness along with generality regarding proposed GmTC
representation, very abundant experiments were carried out with five cultural gesture
sign language (SL) datasets: American, Korean, Chinese, Japanese, Indian. GmTC has
outperformed several existing SOTA models assessed on recall, fl-score, accuracy
and precision.
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9.2 Dataset and Preprocessing

KSL, JSL, ASL, CSL and ISL datasets 5,046 3D sign language gestures from 200
users in the used data set of signs gesture based on RGB video sequences. Frame
extraction, superpixel segmentation, and normalization were performed on top of the
raw feature extraction. We split the datasets allocating 70% to train, while 15% each
is assigned to validate and test.

9.3 Performance Evaluation

The mentioned GmTC model obtained mean classification accuracy as 96.8%,
outperforming other SOTA models (ranging from 87.2% to 94.1%). The combination
of graph convolutional networks (GCN) with attention-based multi-stage self-attention
(MHSA) produced substantial results in recognition performance across multicultural

sign languages.
94 Recall, F1-Score and Precision

The PF result with KSL, JSL, ASL, CSL and ISL datasets were 96.2%, 97.1%,
95.8%, 96.9% and 97.4% respectively. The recall scores were 95.9%, 96.7%, 96.4%,
97.2%, and 96.8%, respectively for the datasets. The F1-scores over datasets ranged
from 95.8% to 97.3%, indicating steady and trustworthy achievements.

9.5 Computational Efficiency

GmTC outperformed traditional CNN-based models by reducing the inference time
by 30%. It rendered 25% fewer parameters than the other proposed transformer-based
SOTA models, so it was computationally affordable for authentic-time
applications.This is applicable to Mexican Sign Language as well as other
multicultural sign languages (McSL).

10 Ablation Study

To analyze the contribution of each module an ablation study was conducted: The
absence of the graph convolutional network (GCN) also necessitated a 9.3% accuracy
decrease. Performance dropped 7.8% when the MHSA module was excluded. Both
modules together resulted in the best accuracy and robustness for all of the datasets.

The exploratory outcome presents effectivity of the mentioned system, GmTC,
performing multicultured sign languages recognition on the sign language dataset of
different cultures overcoming the challenge of variations due to different cultures.
Utilizing graph-based feature extraction and an attention mechanism allows our model
to achieve higher performance, while being more efficient, as well as generalizing
better to different sign languages.
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Criteria RFC Model SOTA Model

Datasets Used ISL, ASL, and | Typically trained on
multicultural datasets | single cultural SL dataset
(Indian Sign Language,

American Sign
Language)

Training Data 5,046 2D sign language | Varies; may use 2D
gesture images from | images or limited 3D data
multiple users  across
cultures

Preprocessing Frame extraction, | Standard feature
superpixel segmentation, | extraction, limited
normalization to enhance | preprocessing

feature extraction

Classification Accuracy 96.2% across ISL and | 87.2% —94.1%
ASL datasets
Precision(PF Score) 92.36% (ISL), 95.97% | Lower than GmTC across

(ASL), showcasing high
accuracy for multicultural
datasets

datasets

Recall Score 92.89% (ISL), 93.26% | Lower recall performance
(ASL)

F1-Score 91.88% — 94.11%, | Less consistent, below
consistent across datasets | GmTC’s range

Computational Efficiency | 30% reduction in | Higher inference time,
inference  time, 25% | larger model size
fewer parameters,

optimized for real-time
performance

Cross-Cultural
Performance

8.5% improvement with
cross-culture training,
adaptable to multiple sign
languages

Struggles with  cross-

cultural recognition

Ablation Study Impact

-9.3% accuracy

No comparable ablation

study
Scalibility Generalizes to new sign | Limited  generalization
languages like McSL, | beyond training data
scalable to other sign
languages

11 Conclusion
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ConvoConnect for GmTC claims to be a ground-breaking and beneficial solution to
real-time sign language recognition, addressing challenges of multicultural sign
languages (McSL). This system ensures accurate recognition performance by graph-
based feature extraction, inference on context through machine learning, and capturing
both spatial hand movements and sequential dependencies. The use of MediaPipe's
hand-tracking technology for accurate landmark detection and
RandomForestClassifier for gesture classification makes ConvoConnect strong and
very consistent in scaling. It also adopts an LSTM-based auto-complete model, greatly
encouraging just-in-time prediction of contextually appropriate words during
conversation to improve the fluency of communication. The proof of the model's
proficiency with numerous datasets, including ISL and ASL, highlights high accuracy
on different evaluation standards consist of fl-score, recall and precision. The
systems models were hosted by AWS S3 for real-time availability and can scale up to
myriad users, making way for deployment in real-life applications. This affords much
potential to help minimize the communication gap across cultural and linguistic
differences, affirming the significance of Al solutions in forging inclusiveness and
accessibility to mindful global people with hearing difficulties.
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