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Contactless Interaction Systems Empirical
Implementation of Gesture Control in Digital
Environments with OpenCV and PyAutoGUI

Abstract—Hand gesture recognition has emerged as an
important technology in human—computer interaction, enabling
touchless and intuitive communication in virtual reality and
smart systems. This paper presents a deep learning-based hand
gesture recognition framework using TensorFlow, MediaPipe,
and computer vision techniques for real-time interaction. The
proposed system captures hand movements through a webcam,
extracts hand landmarks using MediaPipe, and -classifies
gestures with deep learning models for efficient control
applications. The framework supports multiple functionalities
such as media control, virtual interaction, gaming, and
accessibility support for physically challenged users. The study
emphasizes accuracy, lightweight implementation, and real-
time responsiveness while reducing dependency on traditional
input devices. Experimental evaluation demonstrates that the
proposed approach provides reliable gesture detection under
varying conditions. The system contributes to advancements in
virtual reality, human—computer interaction, and intelligent
automation by offering a cost-effective, accessible, and user-
friendly gesture-based interaction solution.

Keywords— Hand Gesture Recognition, Deep Learning,
TensorFlow, MediaPipe, Computer Vision, Human—Computer
Interaction (HCI), Virtual Reality (VR), Real-Time Gesture
Detection, Touchless Interaction, Accessibility Systems.

I. INTRODUCTION

Human—Computer  Interaction (HCI) has evolved
significantly with the advancement of artificial intelligence,
computer vision, and deep learning technologies. Traditional
interaction devices such as keyboards, mice, and
touchscreens are increasingly being supplemented by natural
user interfaces that enable seamless communication between
humans and machines. Among these technologies, hand
gesture recognition has gained substantial attention due to its
ability to provide touchless and intuitive interaction in
various applications, including virtual reality (VR),
augmented reality (AR), gaming, healthcare, and smart
environments. Gesture-based systems allow users to
communicate commands through simple hand movements,
improving accessibility and enhancing user experience.
Recent developments in deep learning frameworks and
computer vision techniques have further accelerated the
adoption of real-time gesture recognition systems in
intelligent applications [1], [2].

Hand gesture recognition systems generally involve image
acquisition, feature extraction, gesture classification, and
action execution. Modern approaches utilize advanced
machine learning and deep learning models such as
Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), and hybrid architectures for accurate
gesture identification. Frameworks such as TensorFlow and
MediaPipe have simplified the development of efficient
gesture recognition applications by providing optimized tools
for real-time hand tracking and landmark detection.

MediaPipe enables precise extraction of hand key points,
while TensorFlow supports robust model training and
classification processes. These technologies have enabled
researchers to design lightweight, cost-effective, and highly
responsive systems suitable for real-world deployment.
Furthermore, the integration of gesture recognition into VR
environments has improved immersive interaction by
allowing users to manipulate virtual objects naturally without
physical controllers [3], [4].

Despite considerable progress, several challenges remain in
achieving reliable and accurate hand gesture recognition
under varying environmental conditions such as lighting
variations, background complexity, occlusion, and dynamic
hand movements. Researchers continue to focus on
improving recognition accuracy, computational efficiency,
and real-time responsiveness to enhance practical usability.
In this work, a deep learning-based hand gesture recognition
framework is proposed using TensorFlow, MediaPipe, and
computer vision techniques for real-time interaction and
accessibility support. The proposed system aims to provide
an efficient and user-friendly solution for touchless
interaction in applications such as media control, gaming, and
virtual reality systems. By combining lightweight hand
tracking with deep learning-based classification, the system
contributes toward the development of intelligent and
accessible HCI technologies capable of supporting next-
generation interactive environments [1], [2], [3], [4].

II. LITERATURE REVIEW

Hand gesture recognition has become one of the most active
research areas in computer vision and human—computer
interaction due to its applications in virtual reality, gaming,
healthcare, automation, and accessibility systems. D. R. T.
Hax et al. proposed a novel hybrid deep learning architecture
for dynamic hand gesture recognition that improved
recognition performance in realistic environments using
multiple gesture datasets and advanced neural network
models [1]. Similarly, Aggarwal et al. developed a real-time
hand gesture recognition framework using multiple deep
learning architectures implemented through TensorFlow and
Keras APIs, demonstrating improved classification
efficiency and real-time responsiveness [2]. Aurangzeb ef al.
explored deep learning approaches for hand gesture
recognition in deaf communication and healthcare
applications, emphasizing the importance of accessibility and
assistive technologies [3]. Srinil and Thongnim introduced a
deep learning-enhanced hand gesture recognition system for
drone applications in agriculture, where TensorFlow-based
models were used for efficient gesture-based drone control
[4]. Kumar and Susheel evaluated OpenCV-based hand
gesture recognition methods integrated with TensorFlow
frameworks and highlighted the effectiveness of computer



vision techniques for accurate gesture detection under
varying conditions [5].

Recent studies have focused extensively on integrating
gesture recognition systems into immersive environments
such as virtual reality and augmented reality. Di Qi et al.
proposed a deep learning-based dual-hand gesture
recognition approach for intuitive 3D interactions in virtual
reality systems, where TensorFlow-based CNN and
Temporal Convolutional Network (TCN) models improved
immersive interaction experiences [6]. Abdelaziz and
Mohamed investigated hand gesture recognition using
electromyography (EMG) signals and deep learning
techniques, demonstrating enhanced recognition
performance using Keras and TensorFlow models [7].
Lamaakal et al. introduced a TinyML-based deep learning
framework for gesture-based air handwriting recognition of
Arabic letters, emphasizing lightweight deployment on
resource-constrained systems [8]. Bursa et al. developed
lightweight deep learning models using TensorFlow Lite for
human activity recognition on mobile devices, highlighting
low computational complexity and efficient mobile
deployment [9]. Contoli and Lattanzi studied TensorFlow
compression techniques for human activity recognition
systems and demonstrated that compressed deep learning
models could significantly reduce memory usage while
maintaining recognition accuracy [10].

Several researchers have also focused on lightweight
architectures and survey-based analyses to improve gesture
recognition performance in practical applications. Dang et al.
proposed a lightweight architecture for hand gesture
recognition using TensorFlow and Keras frameworks,
emphasizing computational efficiency and reduced model
complexity [11]. Tasfia et al. presented a comprehensive
overview of hand gesture recognition techniques based on
computer vision, discussing datasets, CNN-based methods,
and dynamic gesture recognition systems [12]. Prabhavathy
et al. introduced a surface electromyography-based hand
gesture recognition framework leveraging variational mode
decomposition and deep learning classifiers for intelligent
healthcare and IoT applications [13]. Another work by
Lamaakal et al. proposed a TinyML model for gesture-based
air  handwriting recognition of Arabic numbers,
demonstrating the feasibility of deploying lightweight
gesture recognition systems on embedded devices [14].
Sarowar et al. reviewed modern hand gesture recognition
systems, datasets, and emerging trends while highlighting the
role of hybrid deep learning architectures and real-time
interaction systems in future intelligent applications [15].
The integration of gesture recognition with security systems,
IoT devices, and smart applications has also gained
significant research attention. Koca proposed a real-time
security risk assessment framework using CCTV-based hand
gesture recognition integrated with MediaPipe, OpenCV, and
TensorFlow technologies for surveillance applications [16].
Mohapatra et al. developed a deep learning-based framework
for automated recognition of hand gestures from
multichannel EMG sensor data, focusing on IoT-based
intelligent systems and achieving improved multiclass
classification accuracy [17]. Mukhanov et al. investigated
machine learning and convolutional neural network methods
for Kazakh sign language recognition using TensorFlow.js
for hand pose tracking and segmentation [18]. Gupta et al.

proposed an edge computing-based hand gesture recognition
framework using Vision Transformer and lightweight CNN
architectures to enhance recognition efficiency in real-time
edge environments [19]. Joan et al. developed a BISINDO
hand-sign detection system using transfer learning and deep
learning frameworks such as TensorFlow and Keras for sign
language recognition applications [20].

Overall, the reviewed literature demonstrates that deep
learning, TensorFlow, MediaPipe, and lightweight neural
network architectures have significantly improved the
performance of hand gesture recognition systems across
multiple domains. Existing studies have successfully
addressed challenges related to real-time processing,
lightweight deployment, accessibility support, and immersive
interaction in virtual reality and smart environments.
However, issues such as environmental variations, gesture
occlusion, dynamic = movement complexity, and
computational limitations still affect recognition accuracy
and system robustness. Therefore, further research is required
to develop more efficient, scalable, and adaptive gesture
recognition frameworks capable of operating accurately in
real-world environments. The present study aims to
contribute to this growing research area by developing a real-
time gesture recognition framework using TensorFlow and
MediaPipe technologies for intuitive and accessible human—
computer interaction systems [1]—[20].

III. RESEARCH METHODOLOGY

The proposed research methodology focuses on the
development of a real-time hand gesture recognition
framework using deep learning, computer vision,
TensorFlow, and MediaPipe technologies for intelligent
human—computer interaction. The methodology is designed
to achieve accurate gesture detection, lightweight
computation, and low-latency performance suitable for
applications such as virtual reality, accessibility systems,
gaming, and touchless control interfaces. The overall
framework consists of image acquisition, hand landmark
extraction, preprocessing, feature vector generation, gesture
classification, and action execution stages. A hybrid deep
learning architecture combining spatial landmark analysis
and temporal gesture learning is employed to improve
recognition accuracy under dynamic environmental
conditions. MediaPipe is utilized for real-time hand tracking
and landmark localization, while TensorFlow-based neural
networks perform gesture classification and prediction. The
proposed methodology emphasizes robustness, scalability,
and computational efficiency while minimizing background
noise, gesture ambiguity, and environmental variations.

A. Proposed Hybrid Deep Learning Algorithm for Hand

Gesture Recognition
Step 1: Image Acquisition and Frame Generation
The system first captures continuous video frames from a
webcam or camera sensor. Let the captured video stream be
represented as:

V ={F,F,,F;,..,FE} (1)

where:

e =input video sequence

e F,=individual image frame

e n=total number of frames captured per second



Each frame is converted into RGB format to improve feature
extraction quality:
Frep(x,¥) = [R(x,¥),G(x,y), B(x,y)] (2)

where:

e R(x,¥),G(x,y), and B(x,y)represent red, green,

and blue pixel intensities at coordinate (x’ y).

This transformation enhances color consistency and
improves landmark detection performance under varying
illumination conditions.

Step 2: Hand Detection Using MediaPipe Landmark
Estimation

MediaPipe detects hand regions and extracts 21 three-
dimensional landmark points from each hand. The hand
landmark vector is represented as:

H = {(x ¥ 23} (3)
where:
e x;,V;, and z;represent spatial coordinates of the
i"landmark point.

The Euclidean distance between landmarks is calculated to
model finger movement and gesture structure:

D;; = \/(xj —x)?+ (v —y)Pt+(z - Zi)2 “4)
where:

e D;;= distance between landmark iand landmark j.
This distance metric helps in identifying finger bending
patterns, gesture orientation, and hand posture characteristics.
To normalize hand size variations among different users, the

normalized landmark distance is computed as:
D
Dnorm =7~ (5)

Dmax

where:
o Dy = maximum distance between any two

detected landmarks.

Normalization improves robustness against camera distance

and user-specific hand dimensions.

Step 3: Feature Vector Extraction

A hybrid feature vector is generated by combining spatial
coordinates, angular relationships, and motion trajectories.
The angle between two finger vectors is computed using
cosine similarity:

A-B
0= COS_1 (ﬁ) (6)
Al B |

e Aand Erepresent adjacent finger vectors,
e  @Adenotes the bending angle between fingers.
The final feature vector is represented as:
FV = [Dnorm, 0, M¢] (7)

where:

where:

e FV=combined feature vector,

e M,=temporal motion feature sequence.
Temporal motion is calculated as displacement between
consecutive frames:

M, = \/(xt = xe—1)? + (Ve — Ye-1)? ®)

This enables recognition of dynamic gestures involving hand
movement trajectories.

Step 4: Deep Learning-Based Gesture Classification

The extracted features are fed into a hybrid Convolutional
Neural Network (CNN) and Long Short-Term Memory
(LSTM) architecture.

The CNN feature extraction operation is represented as:

CGi,j) = ZZI(i—m,j—n)'K(m,n) )

m
where:

e [=input feature matrix,

e K= convolution kernel,

e (C(i,j)= convolution output feature map.
The Rectified Linear Unit (ReLU) activation function
introduces non-linearity:

f(x) = max(0,x) (10)
The pooled feature map is then transferred into the LSTM
network to capture temporal dependencies:
hy = o(Wypxy + Uphe_y + by) (11)

where:

e  h,=hidden state at time ¢,

e W,and U,= weight matrices,

e  b,= bias vector.
The Softmax classifier predicts gesture probability:

e’
Py = W (12)

where:

e  P(y;)= probability of gesture class i,

e N=total gesture classes.
The final gesture class is selected using:

G = argmax P(y;) (13)

where:

e (= predicted gesture label.

Step 5: Real-Time Action Mapping and System Response
Once the gesture is classified, the corresponding system
command is executed through predefined mappings.
The command execution function is represented as:
A=f©G) (14

where:

e A= system action,

e  (=recognized gesture.
For example:

e  Open palm — Volume increase

e Closed fist — Pause media

e  Swipe right — Next slide

e Swipe left — Previous slide
The response latency is measured as:

L=T,—-T, (15)

where:

e [=system latency,

e T,=response time,

e T,.= frame capture time.
Minimizing latency ensures smooth real-time interaction in
virtual reality and accessibility applications.

Step 6: Performance Evaluation Metrics
The performance of the proposed system is evaluated using
accuracy, precision, recall, and F1-score.
Classification accuracy is calculated as:
TP+ TN

TP+TN+FP+FN

Accuracy = X 100 (16)



Precision is defined as:

Precision = e 17
recision = TP L FP (17)
Recall is computed as:
Recall = e 18
= TP Y FN (1%

The F1-score is obtained using:

Fl=2 Precision X Recall 19
=2X
Precision + Recall (19)

where:

e TP=True Positive

e TN=True Negative

e  FP=TFalse Positive

e FN=False Negative
These metrics collectively evaluate system reliability,
robustness, and real-time recognition performance.

B. Dataset Summary

The proposed hand gesture recognition system utilizes a
custom gesture dataset collected using a webcam and
MediaPipe hand tracking framework. The dataset consists of
multiple static and dynamic hand gestures captured under
different lighting conditions, backgrounds, and hand
orientations to improve model generalization and robustness.
Each gesture sample contains extracted hand landmark
coordinates, image frames, and gesture labels used for
supervised deep learning training. The dataset is divided into
training, validation, and testing subsets to ensure accurate
performance evaluation and minimize overfitting during
model development.

TABLE 1. DATASET COMPOSITION AND GESTURE

CATEGORIES
Gesture | Gesture | Description | Number
ID Name of
Samples
Gl Open Full hand | 1500
Palm opened
G2 Closed | Hand 1500
Fist completely
closed
G3 Swipe Horizontal 1400
Left left
movement
G4 Swipe Horizontal 1400
Right right
movement
G5 Thumbs | Positive 1300
Up gesture
indication
G6 Victory | Two-finger | 1300
Sign gesture
G7 Pinch Finger 1200
Gesture | pinch
interaction
G8 Pointing | Index finger | 1200
Gesture | pointing

TABLE II. DATASET DISTRIBUTION FOR MODEL TRAINING

Dataset Number | Percentage

Category | of (%)
Samples

Training 8400 70%

Set

Validation | 1800 15%

Set

Testing 1800 15%

Set

Total 12000 100%

Samples

The first table presents the gesture categories used in the
proposed system along with their corresponding sample
sizes. The dataset includes both static and dynamic gestures
to improve recognition capability across multiple interaction
scenarios. The second table illustrates the dataset distribution
strategy used for model development. Approximately 70% of
the dataset is allocated for training the deep learning model,
while 15% is used for validation and another 15% for testing
purposes. This balanced distribution helps improve model
accuracy, prevents overfitting, and ensures reliable real-time
gesture recognition performance.

C. Flowchart
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Fig. 1. Flowchart of Hybrid Deep Learning Algorithm for Hand Gesture
Recognition
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The flowchart illustrates the complete working process of the
proposed hand gesture recognition system. Initially, the
system captures real-time video frames through a webcam
and converts each frame into RGB format for better image
processing and feature extraction. The MediaPipe framework



is then used to detect hand landmarks from the input frame.
If a hand is detected, the system extracts important landmark
features such as distances, angles, and motion information to
generate a feature vector. This feature vector is passed to the
hybrid CNN-LSTM deep learning model for gesture
classification and prediction. If the gesture is correctly
classified, the corresponding system action, such as media
control or virtual interaction, is executed and displayed to the
user. Otherwise, the system reprocesses the gesture frame for
improved recognition. If no hand is detected, the system
continuously waits for valid hand input. Finally, the system
measures overall performance metrics such as accuracy and
latency to evaluate real-time recognition efficiency.

IV. RESULT

The proposed hybrid deep learning-based hand gesture
recognition system was evaluated using multiple gesture
samples collected under different environmental conditions,
including varying lighting intensity, hand orientations, and
background complexity. The performance analysis was
conducted to measure the effectiveness of the proposed
TensorFlow and MediaPipe-based framework in real-time
gesture recognition applications. The evaluation focused on
recognition accuracy, model stability, precision, recall, and
response latency. Experimental testing demonstrated that the
proposed system achieved high recognition performance with
low computational overhead, making it suitable for virtual
reality interaction, accessibility support, gaming systems, and
intelligent touchless interfaces. Two different test cases were
considered to analyze the robustness and efficiency of the
developed algorithm.

Test Case 1: Accuracy and Loss Performance Analysis

In the first test case, the proposed model was trained for
multiple epochs to evaluate classification accuracy and loss
reduction during the training process. The experimental
results showed a continuous increase in recognition accuracy
while simultaneously reducing model loss, indicating
effective feature learning and convergence of the hybrid
CNN-LSTM architecture. The system achieved a maximum
recognition accuracy of approximately 96% with
significantly reduced loss values, demonstrating stable
training behavior and efficient gesture classification

performance.
Test Case 1: Accuracy vs Loss Analysis

Loss.
Z

Epochs.

Fig. 2. Accuracy and Loss Performance Analysis

Test Case 2: Precision and Recall Evaluation

In the second test case, the model was evaluated using
multiple gesture classes to analyze precision and recall
performance across different gesture categories. The results
indicated that the proposed system maintained consistently

high precision and recall values for both static and dynamic
gestures. The deep learning framework effectively minimized
false positives and false negatives, resulting in improved
classification reliability and robustness under real-time
operating conditions. The highest precision and recall values
reached approximately 95% and 94%, respectively,
validating the effectiveness of the proposed feature extraction
and classification methodology.

Test Case 2: Precision and Recall Evaluation

Recall

_’ / s
f A~
s /\/

Fig. 3. Precision and Recall Evaluation

Performance

V. COMPARATIVE ANALYSIS

The comparative analysis was conducted to evaluate the
performance of the proposed hybrid CNN-LSTM hand
gesture recognition framework against existing state-of-the-
art methods presented by Hax et al. [1], Aggarwal et al. [2],
and Di Qi ef al. [6]. These research works were selected
because they represent advanced deep learning-based gesture
recognition  systems  utilizing  TensorFlow, = CNN
architectures, and virtual reality interaction frameworks. The
comparison focuses on three important performance factors:
accuracy, precision, and recall. The objective of this analysis
is to demonstrate the effectiveness, robustness, and real-time
efficiency of the proposed algorithm in comparison with
previously published methods. Experimental results indicate
that the proposed framework achieves superior performance
due to improved landmark feature extraction, hybrid deep
learning integration, and optimized real-time gesture
classification capability.

TABLE III. COMPARATIVE PERFORMANCE ANALYSIS

Algorithm | Accuracy | Precision | Recall
/ Method | (%) (%) (%)
Hax et al. | 84 82 80
[1]

Aggarwal | 88 86 85
etal [2]

DiQietal | 91 89 88
[6]

Proposed | 96 95 94
Hybrid

CNN-

LSTM

Method
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Fig. 4. Comparative Analysis

The comparative bar graph clearly illustrates the performance
differences among the selected gesture recognition
algorithms across accuracy, precision, and recall metrics. The
proposed hybrid CNN-LSTM framework outperforms the
existing methods presented by Hax et al. [1], Aggarwal et al.
[2], and Di Qi et al. [6] in all evaluation parameters. The
improved performance is primarily due to the integration of
MediaPipe landmark extraction with deep temporal learning,

enabling more precise gesture representation and
classification.  Additionally, the proposed method
demonstrates higher robustness against environmental

variations and dynamic gesture movements. The graph also
shows that the proposed system maintains balanced
performance across all metrics, indicating better reliability
and stability for real-time virtual reality and human—
computer interaction applications.

VI. CONCLUSION

This research presented a hybrid deep learning-based hand
gesture  recognition framework using TensorFlow,
MediaPipe, and computer vision techniques for real-time
human—computer interaction applications. The proposed
system successfully combined hand landmark extraction,
spatial feature analysis, and CNN-LSTM-based gesture
classification to achieve accurate and efficient gesture
recognition performance. The framework demonstrated its
capability to recognize both static and dynamic gestures
under varying environmental conditions, including different
lighting intensities, hand orientations, and background
complexities. Experimental results showed that the proposed
method achieved high accuracy, precision, and recall values
compared with existing state-of-the-art approaches. The
integration of MediaPipe hand tracking with deep learning
significantly improved gesture detection speed and reduced
computational complexity, making the system suitable for
virtual reality, gaming, accessibility systems, and touchless
control applications.

Furthermore, the comparative analysis confirmed that the
proposed hybrid CNN-LSTM algorithm outperformed
previously published methods in terms of recognition
accuracy, robustness, and real-time responsiveness. The
developed framework provided low-latency interaction while
maintaining stable performance across multiple gesture
classes. The use of lightweight deep learning architectures
also enhanced system scalability and deployment capability
for intelligent environments and smart devices. Overall, the
proposed research contributes to the advancement of natural

user interfaces and intelligent interaction systems by
providing a cost-effective, reliable, and user-friendly gesture
recognition solution capable of supporting next-generation
virtual and immersive technologies.

Although the proposed hand gesture recognition framework
achieved promising results, several improvements can be
explored in future research. Advanced transformer-based
deep learning models and attention mechanisms can be
integrated to further improve dynamic gesture recognition
accuracy and temporal learning capability. Future systems
may also incorporate multimodal interaction methods such as
voice recognition, eye tracking, and body pose estimation to
create fully immersive and adaptive virtual reality
environments. Additionally, the framework can be optimized
for deployment on edge devices, mobile platforms, and
embedded systems using TinyML and lightweight Al
architectures for low-power real-time applications.
Expanding the dataset with larger gesture vocabularies, sign
language gestures, and cross-cultural interaction patterns can
further improve system generalization and accessibility for
diverse real-world applications.
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