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Abstract- The communication gap between the Deaf 
community and the hearing community has created a 
need for accessible assistive technologies. This paper 
introduces a sign language recognition and illustration 
system based on static hand gesture detection to form 
sentences. The proposed system differs from other 
hardware-based techniques in its use of a contactless 
approach based on computer vision with OpenCV/CV2 and 
MediaPipe Hands to detect a 3D skeletal model of the hand 
with 21 points. The system uses a 63-element feature 
vector, which is invariant to environmental noise, with a 
detection threshold set at 0.3 to acquire the landmarks. A 
dataset was created in real-time with 1,300–1,400 
samples to train a Random Forest classifier, which was 
serialized using Joblib. The vocabulary of this system 
includes 26 ASL alphabets, 10 numeric signs ranging from 
1 to 10, and 8–10 basic communication words that are 
frequently used. A new temporal stability buffer logic is 
used for moving from isolated gestures to sentence 
construction. This also includes "Space" and "Delete" 
gestures for text editing. In addition to this, this system 
also uses gTTS (Google Text-to-Speech) and Pygame for 
providing audio feedback. TextBlob is used for text 
processing. During experimental evaluation using a 
dataset of 276 samples, exceptional results were obtained. 
This is because this system has obtained a perfect 
accuracy, precision, recall, and F1-score of 1.00. This 
stability filter has successfully minimized flickering. 
However, this performance may be influenced by 
controlled dataset conditions and requires further 
validation in real-world environments. 

Keywords: Sign Language Recognition, MediaPipe, 
Hand Skeleton Tracking, Machine Learning, Real-
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I. INTRODUCTION 

 
Sign language is a highly evolved form of communication 
that uses a combination of manual gestures, facial 
expressions, and body language to convey meaning. 
Unlike spoken languages, sign languages are usually 
spatial gestural languages that may not be governed by 
the same grammatical rules or word/sentence structures 
as the spoken counterparts. Additionally, they may not 

be organized in a set format as in the case of written or 
spoken languages [1]. 

In the past, people with hearing impairment have faced 
major barriers in society. The term "deaf and dumb" 
represents the misunderstanding of the past where 
people who were unable to hear were also unable to talk 
[2]. Children who suffer hearing impairment in early 
stages of development due to illness or accident often 
lose the power of speaking in no time because they are 
unable to learn the language by imitating others [3, 4]. 
As there are various distinct sign languages in the world, 
such as British Sign Language (BSL), Spanish Sign 
Language (LSE), Arabic Sign Language (ArSL), and 
American Sign Language (ASL), communication between 
the Deaf community and the hearing community is a 
major challenge [5]. For effective communication to take 
place, hearing individuals need professional translators, 
which is not only costly but also compromises the 
privacy of the hearing-impaired individual [6]. 

The magnitude of this problem is enormous. According 
to the World Health Organization (WHO), over 5% of the 
world's population, which translates to 430 million 
people, needs to be rehabilitated for "disabling" hearing 
loss [8]. The figure is projected to reach almost 700 
million by the year 2050 for debilitating hearing loss [9]. 
Despite the need for assistive technology for hearing-
impaired individuals, sign language has not received as 
much academic attention as natural language processing 
because of its complexity and the advanced computer 
vision required for interpreting sign language [10]. 

Sign Language Recognition (SLR) is a significant 
subdomain of the field of machine translation and 
human-computer interaction (HCI), with research in the 
field tracing back to the 1940s [11]. In the development 
of such systems, there are two major phases involved: 
feature extraction and classification [12, 13]. Feature 
extraction is particularly challenging in the case of 
dynamic signs, where the sequences of signs in various 
frames of the video have to be extracted. This is then 
processed by the classifier to arrive at the probability of 
the signs representing the intended meaning [14]. 
However, the existing research is mostly limited to 
manual features, and there is a significant absence of 
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systems that can be practically applied in the real world 
[15, 16]. 

To address these limitations, this research aims to 
develop a real-time system capable of not only 
recognizing individual sign language alphabets but also 
forming meaningful, editable sentences from sequential 
inputs. By leveraging a lightweight, camera-based 
approach, this study assesses the viability of an 
interpretation solution that is accessible to the general 
public without the need for specialized hardware. 

The main goals of this research work are: 

1. To develop a real-time system for recognizing sign 
language alphabet gestures using the MediaPipe Hand 
Skeleton. 

2. To implement a temporal logic for forming meaningful 
sentences from sequential gesture inputs. 

3. To evaluate the effectiveness of incorporating control 
gestures (Space and Delete) for real-time text editing. 

II. Literature Review 

The field of Sign Language Recognition (SLR) has 
evolved significantly, driven by the need to bridge the 
communication gap between the hearing-impaired and 
the hearing world. This review categorizes previous 
research into hardware-based methods, vision-based 
approaches, and the recent shift toward landmark-based 
real-time systems. 

2.1 Evolution of Recognition Methods 

2.1.1 Traditional Hardware-Based Methods 

Early SLR systems relied heavily on wearable 
technology, such as data gloves and motion sensors, to 
track finger articulation and hand orientation. While 
these methods provided high accuracy by directly 
capturing physical movements, they were inherently 
limited. As noted in recent reviews, such systems are 
costly, invasive, and impractical for daily use [17, 18]. 
The requirement for specialized hardware prevents 
these systems from being scaled for general public use, 
leading researchers toward contactless solutions [21]. 

 

 

 

 

 

 

 

2.1.2 Computer Vision and Image-Based Approaches 

To overcome the invasive issue of wearables, vision-
based systems were developed, employing conventional 
cameras for image acquisition and image processing 
techniques [19, 20]. Initially, skin color detection, edge 
detection, and shape features were employed. However, 
these techniques were associated with considerable 
challenges: 

Sensitivity to Environment: These systems were very 
sensitive to changes in illumination conditions and 
camera orientation. 

Complex Background: Overlapping skin areas or 
presence of background objects similar to a hand in the 
scene were major issues. 

Computational Overhead: Real-time processing of raw 
pixel values or high-resolution video streams was 
computationally expensive, requiring high-end 
hardware. 

2.2 The Paradigm Shift: Skeleton-Based Recognition 

Recent research has moved toward Skeleton-Based 
Recognition, which defines model parameters based on 
geometric properties rather than raw pixels [17, 21]. 
This method utilizes a skeletal hand model to define 
constraints, trajectories, and correlations between joints. 
The most prominent features applied in this paradigm 
include: 

Joint Orientation and Space: Measuring the relative 
distance and angle between skeletal joints. 

Skeletal Joint Position: Using $(x, y, z)$ coordinates to 
create a 3D representation of the hand. 

Trajectories: Tracking the movement paths of specific 
joints over time. 

This skeletonization approach, primarily enabled by 
frameworks like MediaPipe, offers superior robustness 
against background noise and environmental variations 
compared to traditional image-based techniques [21]. 
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Fig -1: Skeleton Recognition 

2.3 Role of MediaPipe in Hand Landmark Detection 

MediaPipe has emerged as the industry standard for 
real-time hand detection. It offers a lightweight and 
efficient platform capable of detecting 21 landmarks on 
the hand with high accuracy [5, 7]. By providing a 
"contactless communication" bridge, MediaPipe allows 
researchers to build systems that are invariant to scale 
and rotation [21]. 

2.4 Machine Learning and Sentence Formation 

While machine learning algorithms (SVM, Random 
Forest, etc.) are effective at classifying static hand 
gestures, their application in real-time sentence 
formation is less explored. Most existing work focuses on 
isolated alphabets or gestures [13, 15]. Forming 
complete sentences involves temporal complexities, such 
as handling repeated gestures and providing a robust 
mechanism for word segmentation [16]. 

2.5 Limitations of Existing Research 

Despite the progress detailed in the literature, several 
critical limitations persist in current SLR research: 

1. Focus on Isolated Gestures: A significant 
portion of research remains restricted to 
recognizing single characters, failing to 
address fluid sentence formation [12, 16]. 

2. Hardware Constraints: Many high-accuracy 
systems still require specific camera 
configurations (e.g., TOF or IR cameras) [18, 
22]. 

3. Dataset Gaps: Pre-existing datasets often lack 
the real-world noise encountered in live 
environments. 

4. Lack of User Control Logic and Multi-Modal 
Output: Many systems do not include 
intuitive "control gestures" (like Space and 
Delete) or text-to-speech (TTS) conversion. A 

notable gap in the researched subject is that 
no previous research paper has successfully 
integrated real-time text-to-speech 
conversion in a lightweight, skeleton-based 
framework. This research solves this problem 
by providing immediate auditory feedback, 
closing the communication loop for both the 
sender and the receiver. 

2.6 Motivation for the Current System 

The current project addresses these gaps by proposing a 
lightweight, Python-based system that utilizes the 
MediaPipe Hand Skeleton as its core feature extractor. 
By incorporating real-time data collection and specific 
logic for sentence formation, this system provides a 
practical and scalable solution. 

III. METHODOLOGY 

This section describes the systematic approach to the 
development of the sign language illustration system, 
including real-time data acquisition, skeleton-based 
landmark detection, feature extraction, model training, 
and sentence formation logic. 

3.1 Real-Time Data Collection 

A new dataset was created to accommodate the 
intricacies of static hand gestures for all 26 alphabets (A-
Z), numbers ranging from 1 to 10, and a list of 8-10 basic 
words used in communication, along with "Space" and 
"Delete" commands. Unlike using pre-existing datasets of 
static images, this dataset was created using a live feed 
from a webcam. 

Interactive Capture: A new interface was created that 
allowed the user to input each gesture in front of a live 
webcam feed. For each symbol or word, a total of 30 
different instances were captured. This figure was 
specifically chosen since many sign language gestures 
are similar in nature (the distinction between 'M', 'N', 
and 'T' is very minor). It is believed that this will allow 
the model to be able to detect these gestures by 
capturing sufficient variance. 

Direct Landmark Recording: Using the MediaPipe 
library, the $(x, y, z)$ coordinates of the hand's 
landmarks were directly recorded and saved in a 
structured format (such as CSV) directly from the live 
feed. This ensured that the data that was captured 
matched perfectly with the environmental conditions 
and sensor characteristics that will be present at the 
time of actual deployment. 

Data Diversity: There were several samples for each 
class, taken with different hand positions, distances, and 
small rotations, in order to increase the generalization 
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capability of the model, where there are a total of about 
1,300 to 1,400 samples.           

 

Fig -2: Alphabet Reference 

3.2 Skeleton Tracking and Hand Landmark Model 
(The Core Component) 

The core of the gesture recognition system is the 
MediaPipe Hands skeletonization model. This 
component is the primary engine that transforms raw 
video frames into a structured geometric representation 
of the hand. 

3.2.1 MediaPipe Skeleton Architecture 

MediaPipe employs a machine learning pipeline to 
achieve high-fidelity hand tracking. In each video frame, 
it locates a total of 21 hand landmarks (key points), 
which represent the "skeleton" of the hand. The hand 
landmarks are numbered as follows: 

Wrist (0): The base of the hand. 

Thumb (1-4): Four landmarks for the CMC, MCP, IP, and 
tip of the thumb. 

Index Finger (5-8): Four landmarks for the MCP, PIP, 
DIP, and tip of the index finger. 

Middle Finger (9-12): Four landmarks for the MCP, PIP, 
DIP, and tip. 

Ring Finger (13-16): Four landmarks for the MCP, PIP, 
DIP, and tip. 

Pinky Finger (17-20): Four landmarks for the MCP, PIP, 
DIP, and tip.      

 

Fig -3: Feature Importance chart 

3.2.2 3D Landmark Representation 

In each of the landmarks, the coordinates $(x, y, z)$ are 
obtained. Here, the coordinates $(x, y)$ represent the 
landmark position in the image space and are 
normalized in the range $[0.0, 1.0]$ based on the image 
width and height. In the same way, the $z$ coordinate 
represents the landmark depth with the wrist as the 
reference point. This 3D skeletal model makes the 
system robust with the changes in the size of the hand 
(depth) and rotation using a threshold of 0.3 for 
precision. 

3.3 Feature Vector Generation and Serialization 

The extracted 21 landmarks were converted into a 1D 
feature vector for the input of the model: 

Normalization: Normalization was performed by 
normalizing the coordinates relative to a reference point 
(such as the wrist landmark) to ensure scale and 
translation invariance. 

Flattening: The 21 landmarks were flattened into a 63-
dimensional feature vector, where each landmark has 3 
coordinates. 

Serialization with Joblib: Joblib was used to serialize the 
trained machine learning model for efficient deployment 
in real-time inference without the need for re-training 
the model. 

3.4 Model Training and Classification 

The supervised learning Random Forest classifier was 
trained on the self-collected real-time dataset. 

Training Process: The labeled feature vectors were split 
into a set for training and a set for testing. The classifier 
was trained to match the 63-dimensional feature vectors 
to the corresponding alphabet, number, or word. 

Optimization: The training was optimized to ensure that 
the classifier minimizes the classification error for 
visually similar signs, such as 'A', 'S', and 'M', by 
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analyzing the distributions of the features collected in 
the real-time phase. It was observed that the classifier 
has a perfect accuracy and F1-score of 1.00 on the test 
set. 

3.5 Alphabet-to-Sentence Formation Logic 

The system uses a temporal logic to make the 
predictions on individual gestures into a coherent 
sentence. In the Character Recognition section, the 
system predicts the character in each frame with high 
confidence, stability buffer to avoid flickering and wrong 
key entries, where a character is "appended" to the 
sentence only if it is stable for a certain number of 
frames (e.g., 20-30 frames), and the alphabets are 
concatenated in real-time and displayed as a sentence on          

 

Fig -4: Number Reference 

3.6 Text-to-Speech (TTS) Conversion 

In order to bridge the gap between visual recognition 
and auditory communication, a Text-to-Speech module 
was incorporated. Once the sentence is finalized or a 
specific "Speak" command is invoked, the system uses 
the gTTS library to transform the text string into an 
audio stream. The audio stream is then played in real-
time using the Pygame library. This dual form of output 
enables the system not only to assist the hearing-
impaired but also to facilitate the communication needs 
of individuals with speech disabilities through vocalizing 
the gestures they make. 

3.7 System Implementation 

The proposed system will employ a variety of 
sophisticated technologies to ensure the efficiency of 
sign language recognition and interpretation in real time. 
The proposed system will be developed using the Python 
programming language, which can be easily adapted to 
accommodate different programming libraries. The 
proposed system will employ OpenCV to ensure the 
visualization of sign language. This ensures efficiency of 
the sign language in the proposed system. The proposed 
system will employ MediaPipe to ensure the accurate 
detection of the hand, which plays a critical role in 
recognizing the patterns in sign language. The proposed 
system will employ a classifier to recognize the alphabet 
in sign language. Joblib will be used to serialize the 
model, which ensures the model can be saved for future 

use without having to train the model. The proposed 
system will also employ a sentence formation 
mechanism to ensure the interpretation of the alphabet 
to form meaningful words or sentences. 

IV. DISCUSSION 

The explanation of the sign language illustration system 
also shows the practicality of using static hand gestures 
for interpretation. This is because the system can 
recognize all 26 alphabets and also include space and 
delete commands. This is important because it ensures 
that there is no interruption in communication. This is 
usually a problem in such systems. 

The use of Mediapipe for hand landmark detection is 
also important because it ensures that there is precise 
detection of hand gestures. This is also because Joblib is 
used for model management. This shows that it is 
important to ensure that there is proper management of 
models to ensure that they are efficient. 

The accuracy of the model in distinguishing between 
static gestures also shows that it can recognize slight 
variations in hand shapes. This is important because it 
ensures that there is no error in recognizing alphabets. 
However, the limitations that were experienced in 
distinguishing between gestures also show that there is a 
problem with static hand gestures. These problems 
indicate that, even though the system has a firm base in 
static recognition, the addition of dynamic gesture 
analysis could enhance the robustness of the system in 
real-world applications. 

Moreover, the addition of the space and delete 
commands not only improves the sentence construction 
but also demonstrates a user-centric design philosophy 
by addressing the needs that a user may have in a 
system. This addition improves the usability and 
practicality of the system, making it more accessible to 
the end user, who may be in need of the sign language 
for communication. 

When comparing the proposed system to existing sign 
language recognition technology, it demonstrates a much 
simpler solution that could be scaled up for greater 
functionality. The emphasis on static gestures makes the 
system easier to deploy, which would be advantageous 
in a wider scope of applications.    
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Fig -5: Random Forest vs SVM 

Future Enhancements 

Some of the possible improvements that could be made 
in the future to this sign language illustration system 
include the addition of two-hand gesture recognition, 
thus enabling the system to interpret more complex 
signs. Further, the addition of dynamic gesture 
recognition would be beneficial, thus enabling the 
system to interpret hand movements. This would be 
instrumental in addressing one of the challenges 
associated with rapid change in gestures. Yet another 
possible enhancement that could be made to this system 
is the addition of text-to-audio output, thus enabling the 
user to hear what is being said, thus enhancing its 
accessibility.      

V. RESULTS 

The sign language illustration system shows a 
comprehensive and effective approach to recognize and 

translate static hand gestures to their corresponding 
alphabets and create meaningful sentences. By using 

Python libraries like MediaPipe for precise detection of 
hand landmarks and Joblib for efficient serialization and 

loading of models, the system has shown a successful 
recognition of all 26 alphabets from A to Z, numbers 
from 1 to 10, some communication words, and two 

critical control words: space and delete. These control 
words are very helpful in structuring sentences and 

correcting errors, respectively.   

 

Fig -6: Confusion Matrix 

This matrix represents the performance of your sign 
language recognition model over various classes of 
objects (alphabets, numbers, and special signs such as 
space, delete, stop, etc.). The diagonal line with the value 
6 indicates that the model has correctly classified all the 
test cases for each class of objects. In other words, the 
predicted labels of the objects are the same as the actual 
labels. All the other cells of the matrix are filled with the 
value 0, indicating that the model is not confusing any 
two objects. This is a clear indication of the excellent 
performance of the model with almost 100% accuracy 
and precision in the classification of the objects. In other 
words, your model is working correctly in the sense that 
it is recognizing all the signs without any errors. 

The accuracy and precision of the gesture recognition 
model in differentiating between the various static hand 
positions were remarkable. This accuracy of the model 
played a vital role in the correct identification of the 
alphabets, as the identification of alphabets is the base 
for the correct formation of sentences. 

Moreover, the performance evaluation of the system 
indicates that the system is functioning with low latency 
and is hence highly suitable for the development of real-
time systems, particularly as a communication aid for 
the hearing-impaired community. Moreover, the model 
has shown outstanding results in the evaluation process 
with an accuracy of 1.00 for 276 samples overall and 
perfect precision, recall, and F1 score of 1.0 each. 
Additionally, the macro and weighted averages of the 
model's performance indicate the overall consistency of 
the model in the classification of all the classes, 
indicating that the system is highly reliable and can 
accurately identify the sign language gestures without 
any errors 

In the development of the system, various classes of 
different libraries have been utilized in combination with 
the development of a custom class in order to develop a 
complete real-time system. A custom VideoProcessor 
class has been developed by extending the 
VideoTransformerBase class of the streamlit-webrtc 
library in order to process the video in real-time. In the 
development of the machine learning module of the 
system, the RandomForestClassifier class of the scikit-
learn library has been utilized in order to classify the 
hand gestures of the users. To ensure stability in 
predictions, data structures like 'deque' and 'Counter' 
from 'collections' were used for smoothing and selecting 
the most frequent prediction. Also, 'Hands' class from 
MediaPipe was used for detecting hand landmarks and 
obtaining significant features. These components were 
used for efficient gesture recognition, prediction, and 
interaction in the application.      
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Fig -7: Letter Detection 

Therefore, the project has successfully established a 
framework for the automation of sign language 
interpretation using static gesture recognition. The 
addition of the space command as well as the delete 
command has made the interface more natural, hence 
making it more effective in the communication process. 
This is a stepping stone towards further improvements 
in the same area, which could lead to the enhancement of 
accessibility for the hearing-impaired. 

VI. CONCLUSION 

The sign language illustration system developed in this 
project has successfully demonstrated its capability to 
recognize and translate static hand gestures into the 
corresponding alphabets, as well as form meaningful 
sentences. This has been achieved through the effective 

utilization of Python programming libraries like 
Mediapipe to ensure accurate hand landmark detection 
and Joblib to efficiently handle model management. 
Through these developments, the system has been able 
to recognize all the 26 alphabets, as well as vital control 
commands like space and delete. This has significantly 
enhanced the naturalness of the sign language 
illustration system, making it a very effective tool for 
communication. 

The high accuracy and low latency observed in the 
performance of the sign language illustration system 
have significantly demonstrated its potential for use in 
real-world applications, especially in helping the 
hearing-impaired community. Although there are still a 
few challenges to be addressed, especially in dealing 
with ambiguous hand gestures, the foundation 
established in this work has laid a very effective platform 
for future developments. 

On the whole, this project makes a significant 
contribution to the development of automated sign 
language interpretation, which will go a long way in 
enhancing accessibility as well as effective 
communication for individuals who use sign language as 
a means of communication. 
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