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Abstract: Recent advancements in computer vision and artificial intelligence have significantly improved the way
humans interact with machines, enabling alternatives to traditional input devices such as keyboards and touchscreens.
This study introduces a real-time, touchless media control system that operates entirely through hand gestures, using only
a standard webcam without the need for specialized hardware.

The system utilizes the MediaPipe Hands framework to detect and track 21 three-dimensional hand landmarks in each
frame. These landmarks are converted into a 63-dimensional feature vector that represents the hand’s spatial structure. A
supervised machine learning pipeline was developed using five different algorithms: Random Forest, Support Vector
Machine, Multilayer Perceptron, K-Nearest Neighbours, and Gradient Boosting. The models were trained on a custom
dataset consisting of 2,700 labelled samples across nine distinct gesture classes.

Among the evaluated models, the Random Forest classifier delivered the best performance, achieving a test accuracy of
97.4% and a macro F1-score of 0.971. The system maintains real-time responsiveness, operating at approximately 28.6
frames per second on a standard laptop without requiring GPU support. Recognized gestures are translated into system-
level media commands such as play/pause, volume control, track switching, mute, and full screen mode through a cross-
platform interface.

The system was also tested under different lighting conditions, showing only a minor drop in accuracy of about 3.3% in
low-light environments. Overall, the proposed approach is efficient, accessible, and platform-independent, making it a
promising solution for touchless interaction in applications such as smart environments, healthcare systems, and assistive
technologies.

Keywords: Hand Gesture Recognition, Computer Vision, Human-Computer Interaction, Touchless Interface,
MediaPipe, Real-Time Gesture Detection, Random Forest, OpenCV, Machine Learning, Accessibility Technology.

LINTRODUCTION

Human-Computer Interaction (HCI) has undergone significant transformation as computing technologies and artificial
intelligence have advanced over time. Early forms of interaction were limited to command-line interfaces and keyboards,
which required users to possess technical knowledge. The introduction of graphical user interfaces (GUIs) and pointing
devices such as the mouse made computing more accessible to a wider audience. Although these innovations improved
usability, they still depended heavily on physical interaction with hardware. More recently, touch-based interfaces have
brought a more intuitive experience; however, they still require direct contact, making them less suitable in situations
involving hygiene concerns, physical limitations, or hands-busy environments.

With the rapid development of computer vision, new possibilities for interaction have emerged. Modern devices are
commonly equipped with high-resolution webcams capable of capturing real-time visual data. At the same time, efficient
machine learning models and optimized processing frameworks now allow real-time hand and body tracking to run
directly on standard CPU hardware, eliminating the need for high-end GPUs or cloud-based processing. These
advancements have paved the way for gesture-based systems that are both practical and responsive.

Among various forms of gesture interaction, hand gestures stand out due to their natural expressiveness and universal
familiarity. People intuitively use hand movements to convey meaning in everyday communication, such as pointing,
waving, or signalling. This makes hand gestures an ideal medium for translating human intent into machine commands.
In particular, media control is a suitable application area for such systems, as it involves a limited and well-defined set
of actions like play, pause, and volume adjustment, where occasional recognition errors do not lead to critical issues.
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This work introduces a complete real-time touchless media control system driven entirely by hand gestures. The system
leverages the MediaPipe Hands framework to track hand movements and extract 21 three-dimensional landmarks per
frame, forming a 63-dimensional feature representation. Multiple machine learning models were trained and compared,
with the Random Forest classifier ultimately chosen for deployment based on its superior performance. The system
recognizes nine predefined gestures and translates them into system-level media commands through a cross-platform
control module, enabling seamless interaction with any media application without requiring any additional integration.

The remainder of this paper is structured as follows. The problem statement and research objectives are first outlined,
followed by a description of the proposed system architecture. The methodology is then explained in detail, covering
feature engineering, dataset construction, and the machine learning classifiers used. Subsequently, the experimental
results and performance analysis are presented and discussed. The paper concludes with a summary of findings and
directions for future work.

II.LPROBLEM STATEMENT

Although there is a growing interest in touchless interaction systems, a noticeable gap still exists between research-level
gesture recognition models and solutions that can be effectively used in real-world applications. Many existing studies
focus primarily on improving recognition accuracy using controlled datasets, but they often overlook the complete system
design required for practical use. In most cases, these approaches do not address how live video input from a webcam
can be processed and translated into meaningful system-level actions in real time.

Another major limitation is the reliance on specialized hardware. Several advanced gesture recognition systems depend
on devices such as depth cameras, sensor-based gloves, or electromyography (EMG) bands to achieve high accuracy.
While these technologies can enhance performance, they are expensive and not commonly available in everyday
computing environments. This creates a barrier for widespread adoption, especially for users who rely only on standard
devices like laptops with built-in webcams.

Real-time responsiveness also remains a critical challenge. For gesture-based media control to feel intuitive, the system
must react instantly to user inputs. However, many research works evaluate their models using static images or pre-
recorded videos, without considering real-time constraints such as processing speed, latency, and continuous
performance. A system with high accuracy but low frame rates or noticeable delays cannot provide a smooth user
experience in practical scenarios.

To address these challenges, this work pursues four key objectives. First, a gesture-based media control system is
developed to run efficiently on a standard laptop using only a webcam, without requiring GPU support or additional
hardware. Second, multiple machine learning models are evaluated to identify the most suitable classifier for recognizing
nine predefined hand gestures using 3D landmark features. Third, a reliable cross-platform mechanism is designed for
executing system-level media commands, with particular attention to handling repeated inputs and ensuring gesture
stability. Finally, the system’s performance is assessed under varying lighting conditions to verify consistent operation
across real-world environments.

III.PROPOSED WORK

The proposed system is designed as a modular pipeline consisting of six distinct stages, as shown in Figure 1. Each stage
is configurable through a centralized setup, allowing parameters such as detection thresholds, gesture mappings, and
model settings to be adjusted easily without changing the core implementation. This modular design supports flexibility
and simplifies experimentation.

The process begins with frame acquisition, where video is captured from the system’s webcam using OpenCV at a
resolution of 1280x720. To provide a more intuitive user experience, each frame is flipped horizontally, creating a mirror-
like view. The captured frame is then converted from the BGR colour format to RGB, ensuring compatibility with the
MediaPipe framework.

In the second stage, the MediaPipe Hands model handles hand landmark detection. With appropriately tuned confidence
thresholds, the model identifies and tracks a single hand, extracting 21 three-dimensional landmark points that represent
key regions such as the wrist, finger joints, and fingertips. Together, these points provide a compact yet informative
representation of hand posture that remains relatively stable despite variations in position, scale, and lighting.
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STEP 1 - Webcam Frame Capture
OpenCV reads 720p frames | Flip + BGR—RGB

STEP 2 - Hand Landmark Detection
MediaPipe extracts 21 keypoints (x, y, z)

STEP 3 - Feature Vector Assembly

63-D normalised landmark vector per frame

STEP 4 - ML Gesture Classification
Random Forest/ SVM / MLP — gesture label

STEP 5 - Debounce & Cooldown

0.8 s gate | Pinch-to-volume (continuous)

STEP 6 - OS Media Command Dispatch

pynput — Play/Pause/Vol/Next/Mute/Screen

The third stage focuses on feature construction. The detected landmarks are combined to form a 63 -dimensional feature
vector by concatenating their (X, y, z) coordinates in a consistent order. The x and y values are normalized relative to the
frame dimensions, while the z value captures relative depth information, providing additional spatial context even with
a single camera.

In the fourth stage, a trained machine learning model classifies each gesture. During development, multiple algorithms
were evaluated, and the Random Forest classifier was ultimately selected for deployment due to its outstanding
performance. The model predicts one of nine predefined gesture classes or returns a neutral label when no recognizable
gesture is detected.

To ensure stable system behaviour, the fifth stage introduces a debounce and control mechanism. A time-based delay is
applied so that the same gesture cannot trigger repeated actions within a short interval, reducing unintended inputs.
Additionally, certain gestures, such as a pinch, are treated as continuous controls, enabling smooth adjustment of
parameters like volume based on the distance between fingertips.

Finally, in the sixth stage, the recognized gesture is mapped to a corresponding system-level media command. This is
implemented using a cross-platform input control approach, where keyboard-like signals are sent to the operating system
to perform actions such as play/pause, track navigation, volume control, mute, and full screen toggle. On Windows
systems, enhanced volume control is achieved using audio interface libraries that allow precise and continuous adjustment
independent of the active application.

Overall, the proposed pipeline provides an efficient and scalable solution for real-time, touchless media control,
combining computer vision and machine learning techniques into a seamless end-to-end system.
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IV.METHODOLOGY

A. Feature Engineering and Normalisation

Each hand gesture is represented using landmark points extracted from the MediaPipe model. Let each landmark be
denoted as (x;, ¥, z) for i = 0 to 20. These coordinates are combined to form a 63-dimensional feature vector, created
by concatenating all landmark values in a fixed order.

Before training the models, the feature values are standardised using z-score normalisation. This process adjusts each
feature based on its mean and standard deviation calculated from the training data. As a result, all features are brought
onto a similar scale, preventing those with larger numerical ranges from dominating the learning process. This step is
particularly important for distance-based algorithms such as K-Nearest Neighbours and Support Vector Machines.

B. Dataset Construction

The dataset used in this study was collected using a custom script that captures real-time hand landmark data along with
corresponding gesture labels. Data collection was carried out in three different lighting environments: bright daylight,
normal indoor lighting, and low-light conditions. This variation helps improve the robustness of the model in real-world
scenarios.

For each of the nine predefined gesture classes, a consistent number of samples were recorded across multiple sessions,
resulting in a well-balanced dataset. After removing a small number of low-confidence detections, the final dataset
consisted of slightly over 8,000 samples.

The dataset was then divided into training and testing sets using an 80:20 stratified split to maintain class balance. This
ensures that each gesture class is equally represented in both sets, improving the reliability of performance evaluation.

TABLE 1. Defined Gesture Classes and Media Actions

1 PLAY PAUSE Open palm all fingers up Play / Pause toggle

2 MUTE Closed fist all fingers down Toggle mute

3 NEXT _TRACK Index pointing right Skip to next track

4 PREV_TRACK Index pointing left Go to previous track
5 VOLUME UP Thumb pointing upward Volume +5%

6 VOLUME DOWN Thumb pointing downward Volume —5%

7 PINCH Thumb + index tip close Continuous vol slider
8 FULLSCREEN V-sign / peace (2 fingers) Toggle Fullscreen

9 SCREEN_ OFF Pinky only extended Brightness down
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C. Machine Learning Classifiers

To identify the most suitable model for gesture recognition, five supervised learning algorithms were trained and
compared:

Random Forest (RF):

An ensemble-based method that combines multiple decision trees trained on different subsets of the data. This approach
improves generalisation and reduces overfitting by aggregating predictions from all trees.

Support Vector Machine (SVM):

A powerful classification technique that separates classes using optimal decision boundaries. A radial basis function
(RBF) kernel is used to handle non-linear relationships in the data.

Multilayer Perceptron (MLP):

A feedforward neural network consisting of multiple hidden layers with non-linear activation functions. It learns complex
patterns in the data through iterative optimisation.

K-Nearest Neighbours (KNN):

A simple yet effective algorithm that classifies a sample based on the majority label among its nearest neighbours in the
feature space.

Gradient Boosting (GB):

An ensemble technique that builds models sequentially, where each new model focuses on correcting the errors made by
previous ones.

All models were trained on the same standardised feature set and evaluated using identical conditions to ensure a fair
comparison.

D. Evaluation Protocol

The performance of each model was evaluated using standard classification metrics, including precision, recall, F1-score,
and overall accuracy. These metrics together provide a thorough picture of how well each model handles the full range
of gesture classes.

Special emphasis was placed on class size. This ensures that each gesture is given equal importance, preventing bias
toward more frequent classes.

To further validate model performance, five-fold stratified cross-validation was performed on the training data. This
technique helps in selecting the best model while reducing the risk of overfitting. Final results were reported on the
unseen test set to ensure an unbiased evaluation of the system.

V.RESULTS AND ANALYSIS
A. Classifier Comparison

The performance of all five machine learning models was evaluated using the same test dataset and identical experimental
conditions. The results show that the Random Forest model achieved the best overall performance, with an accuracy of
97.4% and a macro F1-score of 0.971. It also demonstrated consistent behaviour during cross-validation, indicating strong
generalisation ability.

TABLE II. Classifier Performance Comparison

Classifier Accuracy CV Mean F1 ms/inf |

Random Forest | 97.4% 96.8+0.9% 0.971 1.2
SVM (RBF) 96.1% 95.6+1.1% 0.958 0.8
MLP Neural Net | 95.7% 94.9+1.4% 0.954 0.6
Gradient Boost 94.8% 94.1+1.2% 0.945 34
KNN (k=5) 91.3% 90.5+1.8% 0.909 4.1
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The Support Vector Machine (SVM) with an RBF kernel ranked second, achieving slightly lower accuracy but offering
faster prediction time per sample. This makes it a good option in situations where low latency is more critical than
marginal gains in accuracy. The Multilayer Perceptron (MLP) produced similar results to SVM, suggesting that the
feature space derived from hand landmarks is already well-structured and does not require highly complex models for
effective classification.

Gradient Boosting showed moderate performance but required more computation time compared to other models due to
its sequential learning approach. The K-Nearest Neighbours (KNN) model performed the worst among the five, both in
terms of accuracy and speed, as it relies on comparing each new input with the entire training dataset, which becomes
computationally expensive in higher-dimensional spaces.

Overall, the results confirm that a relatively simple ensemble model like Random Forest is sufficient to achieve high
accuracy in gesture recognition without the need for deep learning or specialised hardware.

B. Per-Gesture Classification Analysis

A closer look at individual gesture performance reveals that some gestures are easier to distinguish than others. For
example, gestures such as an open palm (used for play/pause) and a closed fist (used for mute) were classified with
perfect accuracy due to their clearly distinct shapes.

On the other hand, gestures that are visually similar caused occasional confusion. For instance, the gestures used for next
and previous track both involve extending the index finger, with the only difference being the direction of pointing. This
subtle variation led to a small number of misclassifications.

The most common errors occurred between the volume up and volume down gestures. Both gestures involve extending
only the thumb, differing mainly in its direction (upward or downward). Changes in hand orientation, especially when
tilted toward or away from the camera, made this distinction harder for the model. Future improvements could include
incorporating additional spatial features, such as angle-based measurements, to better capture these differences.

C. Real-Time Performance and Latency

The system was evaluated in a live setting to measure its responsiveness. The complete processing pipeline covering
frame capture, hand detection, feature extraction, classification, and command execution achieved an average throughput
of approximately 28.6 frames per second on a standard laptop without GPU support.

Among all stages, hand landmark detection contributed the most to processing time, while the classification step required
only a small fraction of the total computation. The delay between performing a gesture and executing the corresponding
media command remained well below the threshold at which users perceive lag, ensuring a smooth and responsive
experience.

These results demonstrate that the system meets the requirements for real-time interaction and can be effectively used in
practical scenarios.

D. Robustness Under Varying Lighting Conditions

To assess reliability, the system was tested across a range of lighting environments, including bright daylight, standard
indoor lighting, and low-light conditions. It performed consistently well in well-lit settings, with only a modest drop in
accuracy under dim conditions.

The reduction in accuracy in low-light conditions can be attributed to decreased confidence in hand detection, which
occasionally leads to missed or uncertain predictions. Despite this, the overall performance remained stable, indicating
that the system is reasonably robust.

Further improvements could involve adaptive parameter tuning based on lighting conditions or enhancing the detection
model to better handle low-visibility scenarios.

VI.CONCLUSION AND FUTURE SCOPE

This work presented the development and evaluation of a real-time, touchless media control system driven by hand
gestures. The system was implemented using a standard webcam, the MediaPipe Hands framework, and a machine
learning-based gesture classifier. It successfully operates in real time at approximately 28.6 frames per second on a regular
laptop without requiring GPU support. The Random Forest model achieved the best performance, delivering an accuracy
of 97.4% across nine predefined gesture classes using 3D hand landmark features. The system is capable of translating
gestures into system-level media commands such as play/pause, track navigation, volume control, mute, and full screen
mode, making it practical for everyday use.
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A key contribution of this study is the comparative evaluation of multiple machine learning algorithms, including Random
Forest, Support Vector Machine, Multilayer Perceptron, K-Nearest Neighbours, and Gradient Boosting. The results
indicate that simpler ensemble methods can outperform more complex models when working with structured, low-
dimensional data like hand landmark features. This insight highlights the importance of choosing efficient models that
balance accuracy and computational cost, especially for real-time applications on resource-limited devices.

The proposed system demonstrates how computer vision and machine learning can be combined to create an intuitive
and contact-free interaction method. By removing the need for physical input devices, the system has potential
applications in areas such as smart home environments, healthcare settings where hygiene is critical, assistive
technologies for individuals with physical limitations, and hands-free control in workspaces.

Looking ahead, several improvements and extensions can be explored. One important direction is the inclusion of
dynamic gesture recognition, where sequences of movements over time are used instead of static hand poses. This would
allow for a richer set of commands and more natural interaction. Techniques such as LSTM networks or Transformer-
based models could be used for this purpose.

Another potential enhancement is the use of multi-hand gestures, where both hands work together to perform more
complex actions. Personalisation is also an important aspect for future work, where the system can adapt to individual
users by learning from a small set of customised samples, improving accuracy across different hand shapes and usage
styles.

In addition, deploying the system on mobile or embedded platforms would increase its accessibility and usability in real-
world scenarios. Integration with smart home systems and IoT devices could further extend its functionality beyond
media control, enabling gesture-based management of lighting, appliances, and other connected devices.

Overall, the system provides a strong foundation for future research in touchless interaction and demonstrates the
feasibility of building efficient, real-time gesture-based control systems using readily available hardware.
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