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Introduction 
Over the last several decades, human-computer interaction (HCI) 
has changed immensely, moving from simple command-based 
systems to more and more complex multi-modal gestural interfaces 
which try to recreate how humans generally interact with one 
another [1,2]. Advances in speech recognition, natural language, 
and touch interfaces are the engines for these changes. The 
vast majority of HCI systems still depend heavily on explicit, 
manual input devices - like typing, clicking, or pressing buttons 
- which do not necessarily grasp the rich, non-verbal nature of 
human communication [3-5]. In most of today's digital systems, 
human gestures, body language, and facial expressions, which 
are important aspects of non-verbal communication, are mostly 
ignored. So many advantages could be gained from our human 
ability to communicate using non-verbal cues most appropriately 
when developing systems that allow for more natural human- 
like interaction between the user and the computer, where body 
language can be shown to communicate more nuanced or abstract 
concepts than spoken communication [6-8]. 

Gesture recognition ranks among the highly promising means 
of infusing body language into human-computer interaction 
(HCI). Gesture recognition is defined as the interpretation of 
human motions, usually through visual information, to the end 
of interaction with a computer [9-11]. Gesture recognition aims 
then at the accurate recognition and classification of a variety of 
bodily gestures, including hand movements, postures, or facial 
expressions. Gesture recognition holds huge promise in areas 
where a natural and intuitive mode of communication can enhance 
user experience, such as virtual reality, healthcare, distance 
education, assistive technology, and security systems. Several 
issues, however, impede the design of reliant real-time gesture 
detection systems [12,13]. A huge concern is the need for an 
accurate and effective gesture recognition system that can operate 
in a variety of environmental settings without relying on expensive 
or specialized hardware. The current systems are therefore not 
widely applicable in real-world scenarios as they typically involve 
expensive depth sensors, 3D cameras, or complicated wearables. 
Variations in user attributes, such as body sizes and hand shapes, 
and gesture-drawing techniques may also present challenges 
to gesture detections supervised by conventional 2D cameras. 
Another major limitation of existing gesture recognition systems 
is that they seldom allow real-life applications, with users in 
various locations and doing gestures at different speeds and under 

   

ABSTRACT 
This study presents the development of the Body Gesture Decoder System (BGDS), a real-time body gesture recognition system designed to improve 

human-computer interaction (HCI) by enabling natural, gesture-based communication. The purpose of this research is to create an accessible, lightweight 

system that recognizes human gestures through standard webcams, making it applicable in a variety of real-time, low-cost environments such as remote 

education, telemedicine, and security. The BGDS utilizes the MediaPipe Holistic framework for pose estimation, which extracts high-precision landmarks 

from body, face, and hand movements. A Random Forest classifier is trained on these landmarks to classify predefined gestures like- Happy, Sad, 

Thumbs Up, Victory. The system architecture is designed for modularity and real-time performance, achieving an accuracy of over 85% across various 

test conditions. It is implemented as a web-based application, making it scalable and easy to integrate with different platforms. The significance of this 

study lies in its demonstration of a practical, real-time solution for gesture recognition using only standard hardware, eliminating the need for expensive 

sensors or specialized equipment. The findings indicate that the BGDS can effectively recognize and classify a range of gestures with minimal latency, even 

in challenging lighting conditions. The implications of this research suggest broad potential applications in diverse sectors, including online education, 

telemedicine, assistive technologies, and interactive gaming. Furthermore, ethical considerations such as user privacy and data protection are central to 

the system’s design, ensuring that no raw video or biometric data is stored. This work paves the way for future developments in the field of body language 

analysis, with opportunities for expanding gesture recognition capabilities and improving system accuracy and scalability.  
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a variety of lighting conditions, because they tend to focus on 
the recognition of rather simple types of motions or necessitate a 
highly controlled environment [14,15]. 

There is a lack of research that has established a flexible, scalable, 
inexpensive system to detect gestures in real time using only 
commercially available consumer hardware, such as browser- 
based learning algorithms like webcams. All existing systems 
are either too complicated to use for qualify for the casual users 
or typically consider only a limited number of promotions of 
gestures overtime without any consideration to the context in 
which the gesture is displayed-reducing the relevance and utility 
of the technology overall. The limitations this imposes on the 
use of gesture-based technologies in real world applications 
severely limits usability. This work attempts to address this gap 
by presenting the Body Gesture Decoder System (BGDS), a real- 
time gesture detection system designed for simple, gesture-based 
human computer interaction (HCI) that makes available consumer 
hardware like webcams useful by utilizing low power consume 
processes like browsers' machine learning algorithms. BGDS 
uses a powerful posture detection software to capture high fidelity 
landmark data of the drivetrain (facial/hand/body) by appending 
the MediaPipe Holistic framework into a stitched function that 
streamlines BGDS information capture. BGDS uses significantly 
less processing requirements to☆®n only from landmark data 
instead of framerate specific raw image data from stream-based so 
BGDS achieves good accuracy at minimal computing complexity. 
Once landmark data is captured consistent with the event to be 
detected, BGDS collects the GPS information is stored for input to 
a Random Forest classifier, which it trained to detect pre-defined 
gestures such as "Happy", "Sad", "Thumbs Influencers", "Thumbs 
Up", and finally detecting and displaying users use of "Victory" 
and others, a simple but very powerful way of real-time gestures. 

The BGDS system is suitable for many different applications due 
to its scalability and flexibility. The cost of hardware is minimized 
because BGDS uses already commercially available devices, like 
cell phones and desktop computers, and does not require special 
technology to enable real-time gesture detection. As opposed to 
other strategies that require expensive or specialized hardware 
[16], this strategy will enable more practical, affordable, and 
scalable solutions across many industries, such as interactive 
entertainment, telemedicine, assistive technologies, and distance 
education. BGDS is modular, which makes it possible to add 
additional gestures, support multiple users, and, in theory, improve 
the performance of gesture classification accuracy. 

This study has made two key contributions. The first is that we 
have demonstrated how accurate and efficient real time gesture 
recognition can be achieved with simple machine learning 
algorithms and common webcams. The second contribution is 
that we have expanded HCI to include non-verbal communication 
as we present a workable method of using gesture-based 
interaction in countless real-world applications. BGDS is not 
only technologically capable, we also want to make sure we 
are putting ethical and privacy considerations in the forefront 
of the design. This system only keeps the landmark coordinates 
needed for gesture classification and not the raw video or biometric 
data, thus following the guidelines established for data protection 
policies. The design, implementation and evaluation of BGDS is 
presented in this paper and we will also discuss technical details 
about the system and suggest potential and practical uses. We 
will highlight the various issues we experienced as we processed 
through the development, discuss how the system performed in 
various environmental circumstances and suggest avenues for 

improvement and efficiency for accurate gesture detection use in 
real time applications. BGDS is also a significant leap forward 
in body language analysis and human-computer interaction 
as it remedied the issues embroiled in the development of the 
gesture detection system and provides a low-cost solution for the 
production of a scalable gesture system. 

Literature Review 
Gesture Recognition Systems 
The area of gesture recognition has undergone major transformations 
in recent times, especially when deep learning has been adapted 
along with the development of potent computing tools. Earlier 
systems mainly relied on hardware-dependent techniques like 
depth cameras, infrared sensors, and accelerometers, which 
could achieve high accuracy but were beyond the price range 
of an average user. Now, standard 2D cameras could be used 
for recognizing gestures as technology came up with computer 
vision-based techniques while computing power increased; 
however, under different lighting and background interference, 
these systems suffered inaccuracy [17-19]. Recent trends have 
gone towards more easy-to-use, cheaper, and scalable solutions 
that rely on software and algorithms based on computer vision 
and machine learning. Increasing accuracy through deep learning 
methods, especially convolutional neural networks (CNNs), has 
been the major trend in gesture identification in the past five 
years. Such techniques, though promising in achieving high 
performance in controlled environments, are seldom inexpensive 
in computational resources, such as the best GPUs, and cannot 
easily process in real-time [20,21]. Moreover, a wide variety of 
lighting conditions, occlusions, and inter-user variations are just 
a few of the challenges faced by deep learning-based methods 
in becoming widely applicable. Because of these constraints, 
researchers have been looking for new and better techniques that 
do not compromise speed and efficacy while running on more 
mainstream hardware [22-24]. 

Pose Estimation Techniques 
It is critical now for gesture-recognition systems to include pose 
estimation, which helps in detecting significant points on the 
human body, face, and hands, so that spatial references can be 
given during the interpretation process. In recent years, pose 
estimation has been revolutionized with the implementation 
of frameworks like OpenPose and MediaPipe, which provides 
reliable real-time accurate solutions. OpenPose was one of the 
first frameworks to develop highly accurate multi-person posture 
estimation but has a drawback since it is computationally intensive 
for deployments on consumer-grade devices [25,26]. In contrast, 
Google's MediaPipe has gained rapid traction in the last five years 
since it can offer real-time performance on low-end devices. 
MediaPipe Holistic is the industry standard for real-time pose 
estimation, where more than 500 hand, facial, and body landmarks 
can be estimated. It has changed the game in mobile devices, and 
web-based systems with a low-cost hardware setup, as it does not 
need depth sensors or GPUs [27]. Recent contributions toward 
posture estimation have been primarily aimed at optimizing these 
frameworks for scalability and minimizing the computational 
overhead. This is extremely important for applications that need 
real-time processing, such as your Body Gesture Decoder System 
(BGDS). MediaPipe's impressive posture estimation pipeline 
can thereby be adapted to improve performance in complicated 
or mobile gesture recognition contexts. BGDS offers the same 
gesture classification across diverse real-time applications, but 
without requiring expensive hardware or specialized sensors, by 
using the extensive body, face, and hand landmarks offered by 
MediaPipe [28]. 
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Machine Learning for Gesture Classification 
Machine learning is largely a prerequisite for gesture recognition 
systems, which are required to categorize gestures using spatial 
knowledge about posture estimation [29,30]. Most early 
approaches had simple classifiers like Support Vector Machines 
(SVM) and k-Nearest Neighbors (k-NN), but as more diverse and 
large datasets became available, these techniques were frequently 
found not scalable or adaptable enough. Over the past five years, 
an observable trend has developed in favor of ensemble learning 
such as Random Forests and Gradient Boosting Machines, which 
perform excellently on large, high-dimensional datasets with 
little adjustment [31,32]. Such schemes are particularly fruitful in 
gesture recognition, where highly dimensional and complicated 
feature spaces require models that generalize well across a wide 
range of movements and users. Merging posture estimation and 
ensemble classifiers is among the significant advances achieved 
within the last few years. Random Forest classifiers were profiled to 
be very effective on real-world data intended for gesture detection 
because they avoid overfitting when there is noise and rely on 
high-dimensional data, as evident in BGDS. They illustrate perfect 
harmony between classification accuracy and the computational 
efficiency, thus presenting a robust edge in real-time systems and 
suited for both real-time and resource-limited hardware [33-35]. 
By using a lightweight Random Forest classifier, trained on the 
high-fidelity posture data from MediaPipe, BGDS boosts this trend. 
The BGDS paradigm is scalable and performs efficiently, which 
is beneficial for the real-time systems with restricted hardware 
resources, unlike deep learning techniques which usually demand 
large-scale datasets and significant processing resources [36]. 

Real-Time Gesture Recognition Systems 
High classification accuracy and low latency are two major 
competing requirements that real-time gesture recognition systems 
must fulfill. It becomes especially challenging while working 
with common consumer hardware, which has considerably less 
capability compared to high-performance systems specifically 
utilizing GPUs [13,37,38]. The recent developments in real- 
time gesture recognition have mainly focused on improving 
processing efficiency to achieve the above objectives without 
sacrificing accuracy. Over the last five years, numerous real- 
time systems have incorporated lightweight frameworks like 
MediaPipe and TensorFlow Lite to implement real-time gesture 
recognition on mobile and embedded devices. Such systems 
provide autonomy by enabling framework-less video frame 
processing and predictions, expanding the outreach of gesture 
recognition systems across many platforms. However, the real- 
time performance still suffers under various lighting conditions, 
occlusions, and other environmental issues. Moving with this real- 
time approach, BGDS comprises building blocks that use Random 
Forests for gesture classification and pose estimation through 
MediaPipe. This allows BGDS to work decently on a consumer 
hardware-independent low-latency setup despite the challenges 
posed by lighting conditions or dynamic user movements. It is 
thus a feasible and scalable solution offering real-time posture 
estimation and categorization for a variety of applications [39-41]. 

Applications of Gesture Recognition 
Gesture recognition has untold possibilities for application, from 
entertainment and security to health and education. Recently 
there have been studies that have investigated the use of gesture 
detection in virtual classrooms, wherein gesture data can be used 
as one approach to measuring student activity and attendance in 
online learning environments. In a similar manner, the use of 
gesture-based recognition technologies has been used in telehealth 

settings to facilitate communication between patients and health 
professionals without direct verbal communication [42,43]. 
In addition, gesture recognition is increasingly being applied 
within security contexts, aimed at identifying strange movement 
patterns or suspicious activity displayed while monitoring 
surveillance feeds. Gesture recognition has also gained traction 
in the entertainment industry; interactive games are using body 
movements for game control, and with the advent of gesture 
control, provide a more engaged interaction with the user by 
removing physical controllers (as one example). The health and 
education applications of gesture recognition directly relate to 
improved accessibility through assistive technologies, enabling 
people with physical impairments to more easily engage with 
technology by using their natural body movements. BGDS is 
able to build off developments like these, by providing a simple, 
flexible, real-time, low-cost, scalable gesture recognition system 
that can easily be embedded into these and other application 
areas. Gesture based systems have the possibilities to expand the 
applications of awareness and outcomes in a variety of enhanced 
real-world settings, like interactive entertainment and remote 
learning [44,45]. 

Challenges in Gesture Recognition 
Although gesture recognition has made some progress, there 
are several problems that need to be addressed. One major issue 
is inter-user variability. This occurs when the type of motion 
taken by various individuals often varies based on body size, 
style of gesture, and physical competence. If the system has 
not had sufficient exposure across many datasets, this can 
pose a challenge in generating systems that are generalizable 
to different populations. Different factors can also vary gesture 
detection system performance, including lighting, clutter of the 
background, degree of occlusion and other surrounding factors. 
While frameworks including MediaPipe provide some resistance 
to extreme conditions, real-world applications continue to 
experience challenges of variability. Further complicating this 
area of research, gesture ambiguity is still a problem in gesture 
recognition. Similar gestures can have completely different 
meanings in context, and gestures that look identical are very 
difficult to resolve, even for existing algorithms. This research 
confronts some of these challenges, while providing for real- 
time speed, modular scalability and privacy concerns for BGDS 
as a viable and economically feasible alternative. Real-time 
gesture recognition was enabled even in complex or dynamic 
environments, as the BGDS system used MediaPipe for a full 
pose estimate and Random Forests for classification, providing a 
stable method to afford accuracy and efficiency [46-49]. 

Methodology 
The methodology adopted in the development of the Body Gesture 
Decoder System (BGDS). The BGDS is a real-time gesture 
recognition system consuming webcam input and recognizing 
predetermined body gestures through the use of MediaPipe 
Holistic for landmark detection and Random Forest for gesture 
recognition. It defines the tasks in the process of data collection, 
feature extraction, model training, system integration, and 
performance testing. 

System Architecture 
The BGDS is modular in nature to efficiently address real-time 
processing. It consists of the following principal components: 
• Client-Side Webcam Interface: Handles real-time video 

stream from user via a webcam. 
• Back-End Processing Engine: Uses MediaPipe Holistic for 
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detection of body landmarks and a Random Forest classifier 
for gesture predictions. 

• Web-Based Front-End Interface: It is hosted on Flask and 
HTML/CSS and displays the live video feed along with the 
labeled gesture inferred. 

Simple updates can be performed on individual modules in this 
modular system. For example, the gesture vocabulary can be added 
to by repurposing the model without changing the entire system. 

Pose Estimation Using MediaPipe Holistic 
MediaPipe Holistic is used for landmark extraction from video 
frames. MediaPipe provides a complete solution for the detection 
of the following body landmarks: 
• 468 face landmarks 
• 21 landmarks per hand 
• 33 pose landmarks (shoulders, elbows, wrists, etc.) 

Real-time processing is achieved by feeding frames from the 
webcam (sensed via OpenCV) into MediaPipe Holistic to produce 
a list of 3D coordinates for the detected landmarks of each. These 
landmarks are employed to characterize the user's pose. 

Process Steps 
• Capture Video: A webcam captures frames at an accepted 

fps. 
• Landmark Detection: MediaPipe Holistic identifies the face, 

hands, and body positions in a frame. 
• Normalization: Landmark positions are normalized with 

respect to the torso (shoulder center) so that body-independent 
and position-independent feature extraction can be enabled. 

• Landmark Flattening: Landmarks are flattened into a 

machine learning-compatible feature vector. 

Data Collection and Preprocessing 
A dataset was created to train the Random Forest classifier using 
different predefined gestures. The dataset comprised the following 
gestures: Happy, Sad, Angry, ThumbsUp, Victory, Peace Sign, no 
one is here, hide face, Neutral face, and Love. Over 30 participants 
with diverse demographics executed each gesture in front of a 
webcam. Each gesture was captured under various conditions, such 
as lighting, body orientation, and execution speed, to provide the 
model with the ability to generalize across contexts. 

Data Collection Procedure 
Data collection was conducted by having the participants repeat 
the gestures in front of the camera multiple times for different light 
and camera angles. Landmark real-time coordinates were recorded 
by MediaPipe using a Python script. Each frame was labeled with 
the respective gesture. Data were stored in CSV format wherein 
each row contains flattened landmark coordinates (x, y, z, v) and 
respective gesture label. 

Preprocessing Steps 
A few preprocessing steps were performed to obtain high-quality 
data: 
• Outlier Removal: Missing or huge landmark detection error 

frames were removed. 
• Missing Values: Missing values (where a hand or face was 

not present) were imputed or the respective frames were 
removed. 

• Feature Normalization: Landmark data was normalized to 
remove the impact of camera scale and distance. 

Feature Engineering 
All video frames provide a set of landmarks (typically 522 for 
full-body pose and hand detection), but gesture classification does 
not require all of them. For the purpose of reducing computational 
complexity and improving model performance, feature selection 
was applied. 

Selected Landmarks 
The selected landmarks for gesture classification include: 
• Pose Landmarks: Shoulders, elbows, wrists, hips, knees. 
• Hand Landmarks: Wrist positions and fingertips. 
• Face Landmarks: Eyebrows, nose tip, and mouth corners. 

These features were selected since they have sufficient information 
for the system to distinguish between different gestures with a 
minimal computational burden. 

Dimensionality Reduction 
In spite of landmark selection, reducing the number of features, 
the data were still very high dimensional (each frame having 
many hundreds of features) and therefore overfitting could occur. 
To prevent this, Principal Component Analysis (PCA) was tried 
but not utilized. The Random Forest classifier was stable to high- 
dimensional data without PCA and generated confident predictions 
without overfitting. 

Model Selection and Training 
After preprocessing and feature extraction, the data were divided 
into 80% training set and 20% test set. Random Forest classifier 
was utilized because it is capable of high-dimensional noisy data 
handling and making accurate predictions with little parameter 
tuning. 

Random Forest Model 
Random Forest is a type of ensemble learning algorithm, which 
builds large numbers of decision trees and aggregate them to 
promote accuracy and reduce overfitting. The classifier has been 
trained with the scikit-learn Python library. 

Key parameters of the Random Forest model include: 
• Number of Trees: 100 decision trees. 
• Maximum Depth: 5. 
• Criterion: Gini impurity. 
• Random State: Fixed for reproducibility. 

Model Evaluation 
The performance of the trained model was evaluated on the 
following measures: 
• Accuracy: Ratio of true predictions. 
• Precision, Recall, and F1-Score: Per-class performance 

metrics. 
• Confusion Matrix: To compute misclassifications among 

gestures. 

Cross-validation (5-fold) was used in training for ensuring the 
model's stability and avoiding overfitting. The best-trained 
model achieved over 85% accuracy in the test set with favorable 
classification performance for individual gestures like "Victory" 
and "Thumbs Up". 

System Integration 
After the model had been trained, the challenge was to install it into 
an actual real-time system that was capable of giving predictions 
to the user via a web interface. 
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Real-Time Video Processing 
OpenCV library was used to capture live video from the webcam 
and stream it to MediaPipe for landmark detection. The recognized 
landmarks were converted to feature vectors and passed to the 
trained Random Forest classifier to predict the gesture. The 
predicted gesture label was overlaid on the video stream in real 
time and shown to the user. 

Web Application Integration 
A web interface was also made using Flask to serve as the front- 
end of the system. The application displayed: 
• The live video feed from the webcam. 
• The predicted gesture label on the video stream. 
• System status indicators (Processing, Idle). 

Ethical Considerations 
Development of the BGDS incorporated ethical concerns, notably 
those of privacy and data protection: 
• Data Privacy: No video frames and personal data were stored. 

Only landmark coordinates were saved in model training. 
• Transparency: The system predictions were being visualized 

in real-time, hence making the model decision-making 
transparent. 

• Inclusivity: Members of the public involved in data collection 
had different body shapes and genders to enable the model 
to generalize over diverse populations. 

Limitations of the Methodology 

The following are a few limitations of the methodology: 
• The system's gesture vocabulary is limited and does not 

represent all potential body gestures. 
• The efficiency of the system is diminished if minimal light 

is present or the user is partially occluded. 
• The model is not considering dynamic movements, or 

sequential movement. 

System Design 
The system design of Body Gesture Decoder System (BGDS) 
is to practically demonstrate a flawless and efficient solution for 
gesture identification in real time through a webcam interface. 
The technology encompasses computer vision, machine learning, 
and web development to achieve a gesture recognition system 
that is timely, accurate, and responsive. The modular design of 
the BGDS divides the system into several components that each 
carry out a single independent task, making the system flexible, 
scalable, and manageable. In the following section, the core parts 
of the system architecture, the main parts, the technologies used, 
and their interrelations will be briefly described. 

System Overview 
The Body Gesture Decoder System (BGDS) operates in a 
client-server paradigm wherein two main components exchange 
information with one another: the client-side program (user 
interface) and server-side program (data processing and gesture 
categorization). The system is implemented as modular and 
scalable such that the system may be readily altered or expanded 
without affecting other components. The workflow as a whole is to 
provide real-time gesture detection, and exchange of information 
between the client and server components happens seamlessly. 

Gesture Recognition and Classification (Admin-Side) 
Input (Live Webcam Feed) 
• Role: Captures live video input from the user's webcam. 

Video Capture and Preprocessing 
• Role: It takes the live video stream from the webcam and 

pre-processes the video frames to provide the desired data. 
• Connection: Pre-processed video frames are provided to 

Feature Extraction. 

Feature Extraction 
• Role: It extracts features from the processed video frames to 

be utilized in gesture recognition. Extracts key points such 
as body landmark positions (shoulders, elbows, wrists, etc.). 

• Actions: 
1. Extract key points like the position of body landmarks 

(shoulders, elbows, wrists, etc.). 
2. Normalize the coordinates for further processing. 
• Connection: Features are passed to MediaPipe Holistic for 

extra landmark detection and data handling. 

MediaPipe Holistic (Face, Hand, Pose Detection) 
• Role: Uses MediaPipe to analyze and locate body landmarks 

to classify the gesture according to face, hand, and pose 
positions. 

• Actions 
1. Detects landmark of pose, hand, and facial expression. 
2. Returns landmark data to be processed further to be classified. 
• Connection: Passed on to Gesture Recognition and 

Classification to be classified. 

Gesture Recognition and Classification 
• Role: The core element of the system that takes in landmark 

data and classifies gestures using machine learning algorithms. 
• Actions: Uses a trained model, the Random Forest Classifier, 

to perform classification of the detected gesture from the 
landmarks. 

• Connection: The classified gesture prediction passes to the 

Client-Side Web Interface for display. 

Client-Side Web Interface 
Server-Side Processing and Data Management 
• Role: Loading the pre-processed data and managing the 

database. 
• Actions: 
1. Processing Video Frames: Undertakes most of the 

data processing, such as feature extraction and gesture 
classification. 

2. Managing Models: Manages the model and processes new 
gesture data when it is being captured. 

Output (Predicted Gesture Label) 
• Role: Displays the predicted gesture label on the client-side 

once the system has labeled the gesture. 
• Actions: 
1. Display Label: The learned gesture label is sent back to the 

client-side web interface and shown to the user. 
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Figure 4.1: System Architecture Diagram for BGDS 

Use Case Diagram 
 

Figure 4.2: Use Case Diagram for BGRS 

Three primary actors of the system are the Admin, Volunteer 
Participant, and User. They have different responsibilities, and 
the diagram shows how they execute specific actions in the 
system. The Admin keeps the system operational and in control. 
Their process starts with MediaPipe-based input acquisition and 
preprocessing, which is crucial for the detection of landmarks of 
gestures. After collecting the input, the Admin has to train the 
Random Forest Classifier from the observed features of gestures. 
This classifier is significant to identify and categorize gestures 
during runtime processing. Once the model is trained, the Admin 
saves and updates the trained model so that the system is up-to- 
date and can recognize new gestures. 

The Admin also monitors the performance and logs of the system 
so that the system operates at its best levels and resolves whatever 
inquiries are making it slow. They also retrain and refresh the 
model as and when required, which maintains the system at its 
optimum levels of efficiency and accuracy since new gestures or 
new variations are available. Finally, the Admin access controls 
system, whereby only authorized individuals deal with certain 
aspects of the system. The Volunteer Participant plays a critical 
role in offering gesture samples for model training. They perform 
gestures in front of the webcam, helping in collecting an enriching 

mix of data which the Admin uses to train the system. The gestures 
of the participant are crucial in helping to ensure that the model can 
learn to identify a wide mix of actions, thereby helping to increase 
the accuracy and resilience of the gesture recognition system. 

The User uses the system primarily for gesture recognition. 
Through a web interface, they perform gestures and have them 
recognized by the system. They real-time process their gestures 
and provide the User with immediate feedback on whether their 
gesture has been properly categorized or not. The User experiences 
a smooth ride as they see their gestures get displayed and receive 
predictions from the trained model. In short, the use case diagram 
shows a neat division of responsibility where all the actors are 
working towards the functioning of the system in a collaborative 
way. The admin does system maintenance and updating, the 
Volunteer Participant helps with model training, and the User 
runs the system for gesture recognition. 

Client-Side Web Interface 
The BGDS client is built using Flask, which is a Python web 
development framework with lightweight and universal 
applicability. It was utilized since it is simple, cross-platform, 
and easy to be integrated with Python-based libraries like OpenCV 
and MediaPipe, which are necessary for video processing and 
hand gesture recognition. 

The UI is used for: 
• Video Display: The interface receives video as input from 

the user's webcam and shows the same as real-time output 
with some latency. 

• Gesture Feedback: Once the gesture is detected, the class 
label of the gesture is also displayed. This provides an 
unambiguous real-time visual feed of the executed gesture. 

• Interaction: It is an interactive and inviting interface. It is 
providing the user with options to configure settings such 
as webcam and system settings. It is providing flexibility 
to the system for use in various environments and as per 
users' needs. 

• WebSocket Communication: The interface talks to 
the server-side using WebSockets, offering two-way 
communication for real-time video streaming and gesture 
anticipation. WebSockets offer low-latency communication, 
which is merely needed in real-time systems such as this. 

Video Capture and Feature Extraction 
The module for capturing video catches webcam frames. OpenCV 
is used to capture and process the video in real time because 
it is a computer vision library that is high-level. OpenCV has 
effective functions to read webcam data and handle video frames 
and thus is suitable for this. Once the frames are extracted from 
the video, the framework uses MediaPipe Holistic to identify 
landmarks. MediaPipe is an open-source library developed by 
Google that provides pre-trained models for 2D and 3D key point 
detection from images and video. MediaPipe Holistic, in the 
gesture detection scenario, identifies key human body, face, and 
hand landmarks. These landmarks provide useful information 
required in the detection and classification of gestures. MediaPipe 
Holistic operates on identifying the pose of the body, hand gesture, 
and face expression to identify the key points. For instance, it 
identifies the elbows' position, shoulders, wrists, and fingers, as 
well as the face orientation. This enables the system to identify 
the full range of gestures, from simple hand signals like "Thumbs 
Up" to body movement and face expression subtleties. 
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Gesture Recognition and Classification 
After they have received the landmarks, they have to be interpreted 
into a format that can be handled by a machine learning model. 
The system uses a Random Forest classifier, a robust ensemble 
learning algorithm, to classify the gestures into their respective 
classes. Random Forests work by making a large number of decision 
trees and training each one on a different subset of data. When 
the new sample is provided, the model adds up all the predictions 
of the trees to provide the final response. This is an extremely 
efficient way for problems like gesture classification, where there 
can be complex relationships in the data and high dimensions. 
The milestone coordinates found by MediaPipe are passed to the 
Random Forest classifier. The machine calculates the coordinates of 
the major landmarks (hand, arm, and face locations) and normalizes 
them to remove variations in user distance and orientation. These 
normalized features serve as the basis for gesture-prediction output. 

Prior to utilization in real-time, the classifier is trained with a 
personal dataset consisting of a mixture of predefined gestures. 
The dataset includes examples of labeled gestures like "Happy," 
"Sad," "Thumbs Up," "Victory," and more. Training is a matter of 
presenting the model with a set of labeled data (i.e., the coordinates 
of the landmarks for each gesture) and allowing it to learn the 
distinguishing patterns between one gesture and another. The 
Random Forest classifier is chosen because it is strong in handling 
noisy, high-dimensional data, which makes it highly suitable to 
the dynamic nature of gesture recognition. Random Forests are 
also more resistant to overfitting compared to other classifiers, 
the system can generalize to new, unseen gestures. 
 

Figure 4.5: Sequence Diagram for BGDS 

Real-Time Processing and Optimization 
Low-latency performance is one of the BGDS's main requirements. 
The system must process video frames, detect landmarks, classify 
gestures, and display results at low 
latency. These optimizations follow: 
• Efficient Video Frame Handling: The OpenCV module 

reads frames at a more or less steady frame rate to guarantee 
smooth video playback and impose no delay. The system 
kind of skips the redundant frames and processes only those 
frames that have useful information to gain in performance. 

• Asynchronous Processing: The system ensures asynchronous 
processing for the video frames so that gesture classification 
is carried out in parallel with other tasks like frame capture 
and rendering. This is excellent because the user gets real-time 
feedback immediately the system has processed the gestures. 

• Model Optimization: Model optimization of the Random 
Forest predictor for prediction time includes model parameter 
tuning and use of model-pruning techniques wherein 
additional decision trees or branches are removed to obtain 
predictions faster. 

Caching and Memory Management: Model optimization of the 
Random Forest predictor for prediction time includes model 
parameter tuning and use of model-pruning techniques wherein 
additional decision trees or branches are removed to obtain 
predictions faster. 
 

Figure 4.6: Real-time Processing Latency Per Frame 

System Integration and Communication 
Client-side web interface and server for computation communicate 
information via WebSockets to make the system act in an integrated 
form. Once a new frame is obtained, it is sent to the server for 
processing. The server performs the landmark extraction and 
gesture classification, then sends the output prediction back to 
the client-side interface for displaying. The transaction happens in 
real time, therefore giving the user immediate feedback for their 
gestures. To further enhance the user experience, the system further 
includes an error-handling mechanism to deal with instances where 
the webcam feed is unstable or when the gesture is unidentified. 
In these cases, the system shows the user a message informing 
him/her of a problem and requesting him/her to readjust or alter 
his/her posture or gesture. 

 

 

 

 

 

 

 

 

 
 

 

 

 

Figure 4.7: System Integration Diagram 

Scalability and Future Enhancements 
The BGDS is scalable and extremely portable between 
environments. The modular nature ensures it's easy to expand and 
upgrade, for instance, by supporting more kinds of gestures or with 
more sophisticated machine learning models. The system is also 
capable of being executed on a variety of platforms, ranging from 
local computers to cloud servers, even mobile phones, depending 
on the user's needs. In the future, the system could be extended 
with support for multiple users, i.e., multiple users can talk to 
the system simultaneously. More sophisticated models of gesture 
recognition, deep learning-based models, could be employed for 
higher accuracy and generalization to more gestures. 
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Implementation 
Implementation of the Body Gesture Decoder System (BGDS) 
focused on casting the conceptual framework as an actual working, 
real-time gesture recognition program. This chapter contains a 
detailed account of the way the individual components of the 
system pose estimation, gesture classification, video streaming, 
and web integration were brought together to make an overall 
system. Implementation was primarily in Python using libraries 
like MediaPipe, OpenCV, Scikit-learn, and Flask for backend 
implementation, while HTML and CSS were utilized to set up 
the front-end interface. 

Environment Setup 
It was implemented and executed on a local Windows 11 system 
that supported a webcam. The core language employed was 
Python 3.8, with excellent computer vision and machine learning 
libraries. The build environment consisted of the following big 
dependencies: 
• MediaPipe for landmark detection. 
• OpenCV for video capture and processing. 
• Scikit-learn to run and train the Random Forest Classifier. 
• Flask for hosting the web interface. 
• NumPy and Pandas for data manipulation. 

The development environment itself was modular and script-based 
in the extent that each major step-handling data, training, detection, 
and web deployment-was scripted out separately. 

Data Capture and Landmark Extraction 
The first important action of implementation was the data 
collection, done through the script S2_Capture_Landmarks.py. 
The script started a webcam stream using OpenCV and executed 
each video frame using MediaPipe Holistic to produce pose, 
hand, and face landmarks. For each frame, the script gathered 
corresponding landmarks, normalized coordinates relative to the 
torso, and put the data in a vector form. In order to preserve data 
quality, the script jumped over frames automatically in which 
MediaPipe was unable to identify all of the necessary landmarks. 
The final product of each session was saved as a row in a CSV file 
(landmarks_data.csv) after appending the last gesture label at the 
end. This file alone was utilized as the primary training dataset. 

 

Figure 5.1: Data Capture 

Model Training 
The information was processed and employed to train a machine 
learning classifier utilizing the script S3_Random_Forest.py. The 
script first loaded the landmark dataset and performed typical 
preprocessing, including handling missing values and feature 
normalization. A Random Forest classifier was then trained using 
Scikit-learn's implementation. 

Main parameters were (here is some code snippet for that): 
 

Figure 5.2: Model Depth 

The dataset was divided such that 80% went to training and 20% 
to testing. The trained model was serialized for storage in a file- 
binding object named body_posesrf.pkl, which will be further 
used later for real-time detection. We measured four metrics, 
accuracy, precision, recall, and F1-score; all showed that the model 
learned quite well, with accuracy greater than 85% when tested. A 
confusion matrix was also generated to plot the misclassifications. 

Real-Time Detection and Inference 
The S5_Make_Detections.py script ran real-time detection system. 
It loaded the trained Random Forest model and opened the webcam 
stream with the help of OpenCV. The processing philosophy for 
each frame is as follows: 
• Landmarks were detected via MediaPipe. 
• Do the same feature engineering and apply normalization 

just like in training. 
• The feature vector is forwarded to the classifier. 
• The predicted gesture label gets drawn on the video frame 

via OpenCV text drawing functions. 

Okay, so basically it ran with less than 50ms latency, which makes 
it pretty much good enough for any real-time kind of application. 
Flask Integration and Web Interface 
A fusion of this real-time system and the web interface was done 
on Flask, as implemented in S6_Flask_Decode.py. The script 
provided server-side functionality to capture video frames, perform 
inference, and send the predictions to the client interface. 

The main functionalities were: 
• A VideoCamera class for continuous webcam capture. 
• An endpoint (/video_feed) streaming video frames to the 

client in Motion JPEG. 
• Real-time prediction overlays rendered server-side and 

streamed to the browser. 

A Restful endpoint to get the system status (Idle, Processing). 
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Figure 5.3: Flask Implementation 

Modular Organization 
The project was divided into logical modules: 
• Data Collection (S2_Capture_Landmarks.py) 
• Model Training (S3_Random_Forest.py) 
• Model Evaluation and Visualization (S4_Evaluate_model.py) 
• Detection and Inference (S5_Make_Detections.py) 
• Flask Deployment (S6_Flask_Decode.py)’ 

This modular structure facilitated easier development, debugging, 
and modifying. 

Performance and User Testing 
Performance evaluation was done in terms of technical 
measurement and user response. Frame level accuracy and delay 
were measured, with the system reporting in excess of 85% 
accuracy. User trials verified informally that the predictions were 
generally accurate with a small percentage of incorrect predictions 
for ambiguous or quickly executed gestures. 

User opinions were also collected to ascertain: 
• Ease of use of the interface 
• Reaction time of the predictions 
• Comfort in front of the webcam. 

The majority of participants found the system easy to use and 
responsive enough for real-time use. 

Ethical and Security Measures 
From an ethical standpoint, the system was designed so that user 
privacy would be guaranteed. No video or image data was retained 
during inference or testing. It retained anonymized landmark 
coordinates only during data collection. The users were informed 
of this and permission was taken initially before data collection 
sessions were carried out. Additionally, the system was made 
inclusive. The training dataset included gestures performed by 
individuals with different body types, ages, and genders to make 
it generalizable. 

Challenges and Solutions 
Implementation created several practical glitches: 
• Lighting Conditions: The Accuracy of MediaPipe suffered 

whenever there was little light. So users were requested to 
use the system in good lighting. 

• Frame Drops: Webcam frame capture occasionally dropped 
on slower computers. Frame skipping logic was introduced, 
honoring the real-time flow. 

Gesture Ambiguity: Some gestures ("Victory" and "Peace") 
were often confused. The problems were solved by adding more 
training data and fine-tuning the classifier accordingly. 

Testing and Evaluation 
A thorough testing and evaluation process must be undertaken 
to ascertain the performance, ruggedness, and reliability of any 
machine learning system. In this research, the Body Gesture 
Decoder System (BGDS) was tested on five major dimensions 
of evaluation: accuracy, confusion matrix analysis, F1-score, 
precision, and recall. These metrics were chosen to give both a 
macro- and a micro-level understanding of strengths, weaknesses, 
and areas for development of the model on different classes of 
gestures. 

Blackbox Test 
The system went under black box testing to report the accuracy of 
gesture recognition without looking into its code. Gestures were 
performed by users such as Happy, Sad, Thumps Up, Peace Sign, 
and Love through a webcam interface, and system predictions 
were recorded. 

 

Figure 6.1: Blackbox Test Result for BGDS 

The chart illustrates that ThumbsUp occurred most often in correct 
identification, reflecting very strong recognition performance, 
followed by moderately identified Happy and Sad. Less frequently 
found were Peace Sign and Love; this may result from its proximity 
with other gestures or isolation in the way it was being done. Either 
way, the system significantly responds correctly and consistently, 
though will need minor adjustments for ambiguous gestures. 

Whitebox Test 
Confusion Matrix Analysis 
While accuracy provides an overall impression of how the model 
is performing overall, it doesn't inform us of how well it performs 
on each individual class of gesture. To determine this, a normalized 
confusion matrix was constructed and is illustrated in Figure 6.2.1. 
 

 

Figure 6.2: Confusion Matrix 
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The confusion matrix illustrates the performance of the model in 
terms of classifying eight classes of gestures: Happy, Sad, Angry, 
Thumbs Up, Victory, Peace Sign, Neutral Face, and Love. Several 
key points can be determined: 

• The "Love" gesture had perfect classification (0.98) and thus 
demonstrated high separability and distinct features. 

• "Victory" and "Thumbs Up" did exceptionally well, with 
scores of 0.98 and 0.96, respectively. 

• Misclassifications are evident in more complex emotional 
gestures. For instance, "Angry" was labelled as "Sad" or 
"Happy" 31% of the time in total. 

• The Neutral Face class was quite confusing, most probably 
due to its tendency to mimic emotion-based gestures, and it 
accurately identified just 65% of occurrences. 

These findings illustrate the challenge of distinguishing between 
affective gestures with comparable visual features. Future 
enhancement can potentially be achieved by incorporating facial 
expression features or using temporal dynamics to better capture 
subtlety. 

Confidence Distribution Evaluation 
Prediction confidence distribution is checked in model validation 
in terms of confidence levels for class predictions. Figure 6.2.2 
shows the histogram of the highest class probability for the model's 
predicted classes. The x-axis shows the highest class probability 
values from 0.2 to 1.0, and the y-axis shows the number of samples 
for each confidence level. There is a definite peak around 0.7, 
suggesting that the model mostly assigns confidence levels to 
its class predictions around this value. The smooth orange line 
represents the kernel density estimate (KDE), and it shows that 
the distribution is concentrated around the 0.7 confidence level- 
apart from very few predictions with either low (<0.3) or very 
high confidence (>0.9). The model, therefore, tends to make fairly 
confident predictions, with only a small number being uncertain. 
Considering this confidence distribution, we can infer that the 
model generally is well-calibrated to express confidence in the 
predictions. However, there are still low-confidence areas that 
must be analyzed further-for instance, predictions with confidence 
lower than 0.3-to find whether they need fixing through model 
tweaks or might require additional data for better performance. 
 

Figure 6.3: Prediction Confidence Distribution 

Accuracy Evaluation 
Accuracy is the proportion of accurately predicted gestures among 
the total number of predictions made by the model. It is one of 
the most important performance metrics, especially for balanced 
datasets, and gives a general overview of how well the model will 
perform on new data. At model training, accuracy improvement 
was tracked over five epochs. As seen in Figure 6.1, the model 
began with a level of accuracy at around 75% and consistently 

improved to around 88% by the fourth epoch. The dip to 86% 
on the fifth epoch suggests a minor overfitting or flattening of 
learning. 
 

Figure 6.4: Accuracy Evaluation 

The formula for Accuracy in a classification model is: 
 

 

Where: 
• TP (True Positives): Correctly predicted positive class. 
• TN (True Negatives): Correctly predicted negative class. 
• FP (False Positives): Incorrectly predicted as positive. 
• FN (False Negatives): Incorrectly predicted as negative. 

This is evidence that the model captured general gesture patterns 
from training data well. The plateau also indicates that additional 
training would not make much difference without more data 
augmentation or changes to the model architecture. Generally, 
the system has consistent learning trend and reasonable levels of 
accuracy for a real-time system. 

Precision Evaluation 
Precision computes the number of positive instances predicted 
correctly as a fraction of the total predicted positives. Precision 
is useful when there is high false positive cost labeling a neutral 
sign as an emotion, which would trigger an inappropriate response 
in a human-computer system. 
 

Figure 6.5: Precision Test 

The formula for Precision in a classification model is: 
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Where: 
• TP (True Positives): The number of correctly predicted 

positive instances. 
• FP (False Positives): The number of instances incorrectly 

predicted as positive. 

Overall, across all classes: 
• "Thumbs Up", "Victory", and "Love" showed high precision, 

which reflects the model's low false positive rates. 
• "Angry" and "Neutral Face" scored lower as predicted when 

they were misclassified within the same groups of emotions. 
• This means that while the model generalizes well in certain 

gestures, it overgeneralizes in others, showing that additional 
contextual learning (proximate gestures, temporal dynamics) 
would assist discriminative power. 

Recall Evaluation 
Recall is correctly predicted positives divided by actual positives 
and is a measure of the ability of the model to capture all instances 
of a gesture. Low class recall would imply that the model was 
forgetting it every day. 
 

Figure 6.6: Recall Test 

The formula for Precision in a classification model is: 
 

Where: 
• TP (True Positives): Correctly predicted positive cases 
• FN (False Negatives): Actual positive cases that were not 

predicted correctly 

The experiments showed: 
• High recall for "Victory", "Peace Sign", and "Love", indicating 

that the model is responsive to these classes. 
• Decreased recall for "Angry" and "Neutral Face," which is 

due to the model ignoring these gestures while classifying. 

Low recall can lead to opportunities lost in the identification of key 
emotional cues, particularly in fields like therapy support systems 
or learning aids. Training must translate into future years with 
underperforming classes in order to level the recall distribution. 

F1-Score Evaluation 
The F1-score is the harmonic mean of precision and recall. It is 
particularly applicable in performance measurement in instances 
of imbalanced class distributions or both false positives and false 
negatives having significant penalties. 

 

 
Figure 6.7: F1-Score 

The formula for Precision in a classification model is: 
 

Figure 6.6 shows that: 
• "Victory" achieved a nearly perfect F1-score of 0.99, reflecting 

better predictive consistency. 
• "Love" was maximally scored again at 1.00. 
• Lower scores of 0.69 for "Angry," 0.72 for "Neutral Face," 

and 0.74 for "Happy" were observed, which is in line with 
their confusion matrix performance. 

The F1-score indicates where the model is best balanced (both 
minimal false negatives and false positives) and where there 
are compromises. For example, the "Angry" gesture may need 
more diverse training samples or more distinguishable feature 
engineering in order to be as reliable. 

Conclusion 
The study of a motion- and gesture-recognition-based body language 
analysis system has opened up the tremendous possibilities that 
exist as computer vision is employed in understanding human 
expression. The project was conceived with a view to creating 
a system that would be able to interpret gestures and body 
movements in some meaningful and useful way, so that human- 
machine interaction is made more natural. During the course of the 
research, Mediapipe's full pipeline included within it provided a 
consistent pipeline for volumetric human body landmark detection, 
capturing the subtle movement of the face, hands, and full body 
all at once. It enabled the system to accept gestures as a whole 
rather than being aware of divided regions. The stored data served 
as the framework for gesture decoding that spanned from basic 
hand movements to subtle facial and bodily cues. With this, the 
project demonstrated formal encoding and decoding of body 
language by means of a computer system. Ease of use and real- 
time processing were always key factors during the development 
process. It became essential to make the system smoothly respond 
to gestures such that intuitive interaction could be facilitated. 
Through its focus on natural interaction, the system has been 
forthcoming in various applications such as digital communication 
enhancement, gesture interfaces, and assistive technology for 
communication disorder patients. Gesture recognition systems, 
in general, can greatly assist users in certain situations where 
speech is impossible or undesirable, such as silent conversation, 
noisy environments, or for hearing- or voice-impaired individuals. 
This project also began to research more in-depth discussions of 
how humans physically communicate and how machines might 
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decode such communications. Body language is a culturally 
intricate, sometimes subconscious, and variably individualistic 
rich form of communication. The ability of the system to sense 
such expression is not merely of technical fascination but also 
invites deliberations on the nuances of emotional intelligence in 
artificial systems. While this project was directed at recognizing 
pre-defined gestures, the natural next step is to develop systems 
that are capable of interpreting more subtle and spontaneous 
non-verbal cues. As well as the technical development, there 
were also some important areas of consideration brought up by 
the research. The ethical challenges in gesture recognition are 
gigantic, especially regarding privacy, surveillance, and consent. 
Hence, even as such technologies will inevitably become more 
ubiquitous, there needs to be an urgent necessity for open data 
strategy and rules of prevention of abuse. It's essential that these 
technologies have to be created with a human-centered mentality, 
human dignity and freedom above all else. Its design has also 
served to show how interdisciplinary solutions are necessary. 
Gesture recognition is not purely a technical issue it intersects 
with psychology, linguistics, ergonomics, and cultural studies. 
Understanding how gestures convey meaning and how populations 
utilize various expressions is a shared need that unites diverse 
fields of expertise. The future of such technologies will not only 
depend on advances in computing but on our ability to grasp 
human behavior in general. 
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