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Abstract: This paper presents a deep learning-based hand gesture recognition system for controlling a simulated robot in
CoppeliaSim. A monocular camera is used to capture hand images, while MediaPipe extracts 21 hand landmarks in real time. These
landmarks are processed by a deep learning model to recognize predefined gestures, which are mapped to robot motion commands,
including moving forward, moving backward, turning left, turning right, and stopping. The recognized commands are transmitted
to CoppeliaSim through a Python interface for real-time robot control. The proposed system is evaluated using standard
performance metrics, including Accuracy, Precision, Recall, F1-score, and Confusion Matrix. Experimental results obtained on the
held-out test set demonstrate high gesture-recognition accuracy. The proposed approach provides a simple and computationally
efficient solution for human—robot interaction, with potential applications in intelligent robotics, industrial automation, and smart
control systems.
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1. Introduction

With the rapid development of Industry 4.0, intelligent robots have been widely applied in manufacturing,
healthcare, education, and service industries [1-3]. To improve human—robot interaction, hand gesture recognition has
become an attractive control method because it enables intuitive, natural, and contactless communication between
users and robots. Compared with traditional control devices such as keyboards, joysticks, and remote controllers,
gesture-based interaction provides greater flexibility and enhances user experience [4-6].

Recent advances in computer vision and deep learning have significantly improved the accuracy and robustness
of hand gesture recognition systems [7, 8]. In particular, MediaPipe enables real-time detection of 21 hand landmarks
with high precision, making it suitable for gesture-based robotic applications. Meanwhile, CoppeliaSim provides a
powerful simulation environment for developing and validating robot control algorithms before deployment on real
robotic platforms, reducing both development cost and experimental risk [9-11].

This paper proposes a deep learning-based hand gesture recognition system for controlling a simulated robot in
CoppeliaSim. The proposed framework utilizes a monocular camera to capture hand images, MediaPipe to extract
hand landmarks, and a deep learning model to classify predefined gestures into robot motion commands. The
recognized commands are transmitted to CoppeliaSim through a Python interface for real-time robot control.
Experimental results on the held-out test set demonstrate high recognition accuracy, showing the potential of the
approach for intelligent human—robot interaction applications.

2. Proposed Method
A. System Architecture

The proposed robot control system consists of four main modules: image acquisition, hand gesture recognition,
command generation, and robot control, as shown in Fig.1.
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First, a monocular webcam continuously captures real-time images of the user's hand. The captured images are
sent to the hand gesture recognition module, where the MediaPipe framework detects the hand and extracts 21 three-
dimensional landmarks representing the positions of the fingers and palm. These landmarks are then normalized and
used as the input features for a deep learning model to classify predefined hand gestures.

After the gesture is recognized, the corresponding control command is generated and transmitted to the
CoppeliaSim simulation environment through a Python communication interface. Each recognized gesture is mapped
to a specific robot action, including moving forward, moving backward, turning left, turning right, and stopping. The
simulated robot receives these commands and executes the corresponding motion in real time.

The proposed architecture enables fast and reliable communication between the vision-based recognition
module and the robot simulation environment. By combining MediaPipe with a deep learning model, the system
achieves robust gesture recognition while maintaining low computational complexity and real-time performance.
Furthermore, the modular design facilitates future integration with physical robots and other intelligent control
applications.

3. Gesture Recognition
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Fig. 1. Proposed system architecture for deep learning-based hand gesture recognition and robot control in CoppeliaSim.

B. Hand Landmark Extraction Using MediaPipe

MediaPipe Hands is employed in the proposed system to detect and track hand landmarks in real time. The
framework first identifies the hand region from the input image and then estimates 21 three-dimensional landmarks
that describe the positions of the wrist and finger joints. These landmarks provide compact and discriminative
geometric features for hand gesture recognition while maintaining high computational efficiency.
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(a) 21 Hand Landmarks Detected by MediaPipe (b) Landmark Index and Description
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Fig. 2. Detection of 21 hand landmarks using the MediaPipe Hands framework.

As illustrated in Fig. 2, the MediaPipe Hands model detects 21 landmarks, indexed from 0 to 20. Each landmark
is represented by three normalized coordinates ((x,y, Z)), where (x) and (V) indicate the horizontal and vertical
image coordinates, respectively, and (Z) represents the relative depth with respect to the camera. The detected
landmarks are connected according to the anatomical structure of the hand, forming a complete hand skeleton that
accurately represents different gesture configurations.

The extracted landmark coordinates are normalized and concatenated into a feature vector, which is
subsequently used as the input to the deep learning model for gesture classification.

C. Deep Learning-Based Gesture Recognition Using MLP

After the hand landmark extraction stage, the normalized coordinates of the 21 hand landmarks are used as
input to a Multi-Layer Perceptron (MLP) for gesture recognition [12, 13]. Compared with conventional machine
learning methods, the MLP is capable of learning nonlinear relationships among hand landmarks, enabling more
accurate classification of complex hand gestures while maintaining low computational complexity for real-time
applications [14, 15].

As illustrated in Fig. 3, the proposed MLP architecture consists of an input layer, two fully connected hidden
layers, and an output layer. Since each hand landmark is represented by three normalized coordinates ((x, y, z)), the
input feature vector contains 63 elements.

The first hidden layer contains 128 neurons with the Rectified Linear Unit (ReLU) activation function. This
layer extracts high-level geometric features from the landmark coordinates by learning nonlinear combinations of the
input data [16, 17].
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The extracted features are then forwarded to the second hidden layer, which consists of 64 neurons using the
same activation function.

This layer further refines the feature representation and improves the discriminative capability of the network
by capturing more complex spatial relationships among the hand landmarks.

The output layer contains five neurons, corresponding to the five predefined gesture classes: Forward,
Backward, Turn Left, Turn Right, Stop.
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Fig. 3. Architecture of the proposed MLP model for hand gesture recognition.
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After the training phase, the optimized MLP model is deployed for real-time inference. For each captured image
frame, MediaPipe first extracts the 21 hand landmarks, which are then converted into a 63-dimensional feature vector
and fed into the trained network. The predicted gesture is subsequently mapped to its corresponding robot command.
Specifically, the recognized gestures are translated into five motion commands: Forward, Backward, Turn Left, Turn
Right, and Stop. These commands are transmitted to the CoppeliaSim environment through the Python interface,
allowing the simulated robot to execute the corresponding movement immediately.

The hyperparameters of the proposed MLP model are summarized in Table 1. The network configuration was
selected to balance recognition accuracy and computational efficiency for real-time robot control.

Table 1. Configuration of the Proposed MLP Model

Parameter Value

Input Features

63 (21 landmarks x 3 coordinates)

Input Dimension

63

Hidden Layer 1

128 neurons

Activation Function ReLU
Hidden Layer 2 64 neurons
Activation Function ReLU

243



Output Layer

5 neurons

Output Activation

Softmax

Gesture Classes

Forward, Backward, Turn Left, Turn Right, Stop

Loss Function

Categorical Cross-Entropy

Optimizer Adam
Learning Rate 0.001
Batch Size 32
Number of Epochs 100

The proposed MLP-based gesture recognition model provides high recognition accuracy while maintaining low
computational complexity. Since only 63 numerical features are processed instead of the entire image, the
computational cost is significantly reduced, enabling real-time robot control without requiring high-performance

hardware.

Algorithm 1 summarizes the overall workflow of the proposed hand gesture recognition and robot control
system. The webcam continuously captures image frames, and the MediaPipe Hands framework detects and extracts
21 hand landmarks in real time. The extracted landmarks are normalized and converted into a 63-dimensional feature
vector, which is then classified by the trained MLP model. The predicted gesture is mapped to the corresponding robot
motion command and transmitted to the CoppeliaSim simulator through the Python interface. The entire process is

repeated for every incoming frame, enabling continuous and low-latency robot control.

Algorithm 1. Proposed Gesture Recognition and Robot Control

Input: RGB image captured from a webcam
Output: Robot motion command
Begin

Initialize webcam

Load MediaPipe Hands model

Load trained MLP model

Connect to CoppeliaSim

while webcam is active do

Capture RGB image

Detect hand using MediaPipe

if hand is detected then

Extract 21 hand landmarks

Normalize landmark coordinates
Construct 63-dimensional feature vector
Predict gesture using MLP

if Gesture == Fist then

Command < Forward
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else if Gesture == Two Fingers then
Command < Backward

else if Gesture == Three Fingers then
Command < Turn Left

else if Gesture == Four Fingers then
Command < Turn Right

else

Command « Stop

Send Command to CoppeliaSim
end if

end while

End

The proposed MLP architecture is computationally lightweight because it processes only the 63-dimensional
landmark feature vector rather than the entire image. Consequently, the model requires fewer trainable parameters and
achieves faster inference compared with convolutional neural networks (CNNs) [18]. This makes the proposed
approach well suited for real-time robot control, where low latency and high recognition accuracy are essential.
Furthermore, the modular architecture enables easy deployment on embedded platforms and can be extended to control
physical robots without significant modifications.

As illustrated in Fig. 4, the control process begins with image acquisition from a webcam. The captured image
is processed by the MediaPipe Hands framework to detect the hand and extract 21 three-dimensional landmarks. The
normalized landmark coordinates are then fed into the trained MLP model, which classifies the gesture into one of the
predefined command categories. Once the gesture is recognized, the corresponding robot command is generated and
transmitted to CoppeliaSim through the Remote API [19-21].

245



Capture image
from webcam

Recognized Gestures

Detect hand and extract ‘ 0 3
21 landmarks using ' Fist !
MediaPipe Hands i (Forward) i
E ! \/
Norr:‘allze landmark V) Two Fingers
coort |natis (x.y.2) g (Backward)
Construct 63-dimensional 'Y |
feature vector \ 4"/,/ Three Fingers
‘ ! (Turn Left)
Next Gesture recognition S
frame using MLP model \ \‘ /  Four Fingers

|
‘ \"x J (Turn Right)

{ Obtain predicted gesture ]

and confidence score Open Palm

A" (/ (Stop)

Confidence =

Threshold? Map gesture to

robot command ‘

(Table 2)

v \

and continue =
‘ Send command to
CoppeliaSim via
\\ Python Remote API ‘

( Robot executes
the din
CoppeliaSim

Fig. 4. Flowchart of the proposed hand gesture recognition
and robot control algorithm.

Figure 4. Flowchart of the proposed hand gesture recognition and robot control algorithm
The proposed system supports five robot motion commands:
* Forward: The robot moves straight ahead.
* Backward: The robot moves backward.
* Turn Left: The robot rotates to the left with a predefined angular velocity.
* Turn Right: The robot rotates to the right with a predefined angular velocity.
* Stop: The robot immediately stops all wheel movements.

The relationship between the recognized gesture and the corresponding robot command is summarized in Table

The recognized gesture is converted into the corresponding wheel velocity command and sent to CoppeliaSim
via the Python Remote API. The communication interface continuously updates the wheel velocities for every
captured image frame, enabling smooth and responsive robot movement. Because the gesture recognition module and
the robot control module operate in real time, the delay between gesture recognition and robot execution is minimized.

To improve system stability, the predicted gesture is validated before being transmitted to the robot. A control
command is executed only when the confidence score of the MLP classifier exceeds a predefined threshold. This
strategy reduces the influence of occasional misclassifications caused by rapid hand movements, temporary
occlusions, or illumination variations. Furthermore, repeated predictions of the same gesture can be accumulated over
several consecutive frames before issuing the control command, thereby improving robustness and preventing
unnecessary robot motion.
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Fig. 5. Communication framework between MediaPipe, MLP, Python, and CoppeliaSim.
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Fig. 5. Communication framework between MediaPipe, MLP, Python, and CoppeliaSim.

The overall robot control strategy integrates computer vision, deep learning, and robot simulation into a unified
framework. The modular architecture allows the proposed method to be easily extended from a simulated robot to a
physical robotic platform by replacing the communication interface while preserving the same gesture recognition
model.

As illustrated in Fig. 5, the proposed framework consists of four main modules: (1) Image Acquisition, (2)
Gesture Recognition, (3) Command Generation and Communication, and (4) Robot Simulation and Execution. First,

247



a webcam continuously captures hand images, and the MediaPipe Hands framework extracts 21 three-dimensional
hand landmarks. The normalized landmark vector is then processed by the MLP model to classify the input gesture.
The predicted gesture is converted into the corresponding robot motion command by the Python control program and
transmitted to CoppeliaSim through the Remote API. Finally, the simulated differential-drive robot executes the
received command in real time.

As shown in Table 2, each recognized hand gesture is mapped to a predefined robot motion command. This
mapping enables intuitive human—robot interaction by allowing users to control the robot using natural hand
movements. After the gesture is classified by the MLP model, the corresponding command is immediately transmitted
to the CoppeliaSim environment through the Python interface, ensuring real-time robot response.

Table 2. Gesture-to-Robot Command Mapping

Hand Gesture Description Robot Command Robot Action
Fist Closed hand Forward Move forward
Two Fingers Index and middle fingers Backward Move backward
extended
Three Fingers Three fingers extended Turn Left Rotate left
Four Fingers Four fingers extended Turn Right Rotate right
Open Palm Five fingers extended Stop Stop immediately

3. Experimental Setup

A. Experimental Environment

To evaluate the effectiveness of the proposed hand gesture recognition framework, a series of experiments were
conducted in a real-time simulation environment. The experimental platform integrates computer vision, deep
learning, and robot simulation to verify the feasibility of the proposed method for robot control.

A standard RGB webcam was used to capture hand gesture images. The captured video stream was processed
using the MediaPipe Hands framework to detect the hand and extract 21 three-dimensional hand landmarks. These
landmarks were normalized and transformed into a 63-dimensional feature vector, which served as the input to the
proposed Multi-Layer Perceptron (MLP) classifier [22-30].

The gesture recognition model was implemented using Python 3.x with the TensorFlow/Keras deep learning
framework. The OpenCV library was employed for real-time image acquisition and preprocessing, while MediaPipe
was used for robust hand detection and landmark extraction. Model training and inference were performed on a
personal computer equipped with an Intel Core i7 processor and 16 GB RAM.

The robot simulation experiments were carried out using CoppeliaSim, where a differential-drive mobile robot
was controlled through the Python Remote API. After a hand gesture was recognized by the MLP model, the
corresponding motion command was transmitted from the Python control program to CoppeliaSim, allowing the
simulated robot to execute the desired movement in real time. The robot supported five motion commands: Forward,
Backward, Turn Left, Turn Right, and Stop.

To ensure fair performance evaluation, the same experimental environment and software configuration were
maintained throughout all experiments. The proposed framework was assessed in terms of classification accuracy,
computational efficiency, and real-time responsiveness. The quantitative evaluation was performed using the metrics
introduced in Section III, including Accuracy, Precision, Recall, F1-score, and Confusion Matrix analysis.

Table 3 summarizes the hardware and software configuration used in the experiments.

Table 3. Experimental Hardware and Software Configuration
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Category Specification
Operating System Windows 11 (64-bit)
CPU Intel Core 17
RAM 16 GB
Programming Language Python 3.x
IDE PyCharm Community Edition
Computer Vision Library OpenCV
Hand Tracking Framework MediaPipe Hands
Deep Learning Framework TensorFlow / Keras
Simulation Software CoppeliaSim
Robot Model Differential-drive mobile robot
Communication Interface Python Remote API
Input Device RGB Webcam
Number of Gesture Classes 5
Output Commands Forward, Backward, Turn Left, Turn Right, Stop

B. Dataset Description

A dedicated hand gesture dataset was constructed to train and evaluate the proposed MLP-based gesture
recognition model. The dataset consists of five predefined hand gestures corresponding to the robot control commands:
Forward, Backward, Turn Left, Turn Right, and Stop. These gesture classes were selected because they represent the
fundamental motion commands required for controlling a differential-drive mobile robot in the CoppeliaSim
environment.

Hand gesture images were captured using a standard RGB webcam under different environmental conditions
to improve the robustness and generalization capability of the proposed model. The dataset includes variations in hand
orientation, distance from the camera, illumination conditions, and background scenes. These variations enable the
trained model to better adapt to practical operating environments.

For each captured image, the MediaPipe Hands framework was employed to detect the hand region and extract
21 three-dimensional hand landmarks. Each landmark is represented by its normalized Cartesian coordinates ((x, y,
7)), resulting in a 63-dimensional feature vector that serves as the input to the MLP classifier. Compared with image-
based approaches, using landmark coordinates significantly reduces the input dimensionality while preserving the
geometric characteristics of the hand.

The complete dataset contains 2,000 gesture samples, equally distributed among the five gesture classes. Each
class contains 400 samples, ensuring a balanced dataset and preventing classification bias during model training.

To evaluate the generalization capability of the proposed model, the dataset was divided into three subsets:
Training set: 70% of the dataset (1,400 samples), used for learning the model parameters.

Validation set: 10% of the dataset (200 samples), used to monitor the training process and select the final model.
Testing set: 20% of the dataset (400 samples), used exclusively for performance evaluation.

The detailed distribution of the dataset is summarized in Table 4.

Table 4. Distribution of the Hand Gesture Dataset
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Gesture Class Robot Total Samples Training Validation Testing
Command

Fist Forward 400 280 40 80
Two Fingers Backward 400 280 40 80
Three Fingers Turn Left 400 280 40 80
Four Fingers Turn Right 400 280 40 80
Open Palm Stop 400 280 40 80
Total — 2000 1400 200 400

A balanced data distribution across all gesture classes ensures that the classifier learns each robot command
equally well and avoids performance degradation caused by class imbalance. Furthermore, the diversity of the
collected samples improves the robustness of the proposed system when operating under different lighting conditions
and hand poses.

The extracted landmark features are subsequently used to train the proposed MLP classifier described in Section
II. After training, the testing subset is employed to evaluate the recognition performance using Accuracy, Precision,
Recall, F1-score, and Confusion Matrix analysis.

C. Model Training Configuration

The proposed hand gesture recognition model was trained using the normalized hand landmark features
extracted by the MediaPipe Hands framework. Each gesture sample was represented by a 63-dimensional feature
vector consisting of the normalized ((X, y, z)) coordinates of the 21 detected hand landmarks. These feature vectors
served as the input to the Multi-Layer Perceptron (MLP) classifier.

The MLP architecture comprises an input layer with 63 neurons, two fully connected hidden layers containing
128 and 64 neurons, respectively, and an output layer with five neurons corresponding to the predefined gesture
classes. The Rectified Linear Unit (ReLU) activation function was employed in the hidden layers to introduce
nonlinearity and improve the learning capability of the network. The output layer utilized the Softmax activation
function to estimate the probability distribution over the five gesture classes.

The network parameters were optimized using the Adam optimizer, which combines the advantages of adaptive
learning rates and momentum to achieve fast convergence and stable training. The categorical cross-entropy loss
function was selected because the proposed system addresses a multi-class classification problem.

The training process was performed for a maximum of 100 epochs with a batch size of 32. An initial learning
rate of 0.001 was adopted throughout the experiments. The fixed validation set of 200 samples, specified in Table 4,
was used to monitor model performance. In addition, an early stopping strategy with a patience of ten epochs was
configured to terminate training when the validation loss did not improve. The model parameters corresponding to the
lowest validation loss were retained as the final trained model.

Before training, all input features were normalized to ensure that the landmark coordinates were represented
within a consistent numerical range. Feature normalization improves convergence during optimization and reduces
the influence of differences in hand size, camera distance, and image resolution.

During each training epoch, the model parameters were updated through the backpropagation algorithm. The
objective of the optimization process was to minimize the categorical cross-entropy loss while maximizing the
classification accuracy on the validation dataset. The training and validation accuracy and loss values were recorded
throughout the learning process to monitor convergence and evaluate the stability of the proposed model.

After the training phase was completed, the optimized MLP model was evaluated using the independent testing
dataset. The recognition performance was assessed using Accuracy, Precision, Recall, F1-score, and Confusion Matrix
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analysis. End-to-end inference latency is an important deployment criterion and should be reported with the hardware
configuration and measurement protocol in future experimental evaluations.

The detailed hyperparameter settings used for training the proposed MLP model are summarized in Table 5.

Table 5. Hyperparameter Settings of the Proposed MLP Model

Parameter

Value

Input Features

63 (21 landmarks x 3 coordinates)

Input Layer 63 neurons
Hidden Layer 1 128 neurons
Hidden Layer 2 64 neurons
Output Layer 5 neurons
Hidden Activation ReLU
Output Activation Softmax
Optimizer Adam

Loss Function

Categorical Cross-Entropy

Initial Learning Rate 0.001
Batch Size 32

Number of Epochs 100
Validation Split 10%

Early Stopping

Patience = 10

Weight Initialization

He Normal

D. Evaluation Metrics

To comprehensively evaluate the performance of the proposed hand gesture recognition model, several widely
adopted evaluation metrics for multi-class classification were employed. These metrics provide quantitative
measurements of the recognition capability of the proposed MLP classifier and enable comparison with existing
methods reported in the literature.

To comprehensively evaluate the classifier, five widely adopted performance metrics are employed:

® Accuracy
® Precision
® Recall

® Fl-score

® Confusion Matrix

These evaluation metrics provide complementary information regarding both the overall recognition
performance and the classification capability for individual gesture classes.

Accuracy

Accuracy measures the proportion of correctly classified samples among all testing samples. It is calculated as



TP +TN

Accuracy = —
Y TP+TN+ FP+FN

X 100% (1)

where

* (TP) denotes the number of True Positive predictions,

* (TN) denotes the number of True Negative predictions,

* (FP) denotes the number of False Positive predictions,

* (FN) denotes the number of False Negative predictions.

A higher Accuracy value indicates better overall classification performance.
Precision

Precision evaluates the reliability of positive predictions by measuring the proportion of correctly classified
positive samples among all predicted positive samples.

.. TP 0
Precision =i X 100% (2)

A high Precision value indicates that the classifier rarely misclassifies other gestures as the target gesture.

Recall
Recall, also known as Sensitivity or True Positive Rate, measures the proportion of correctly recognized
positive samples among all actual positive samples.

TP
Recall = e 100% 3)

High Recall indicates that the classifier successfully detects most instances of each gesture class.

F1-score

The F1-score combines Precision and Recall into a single evaluation metric by calculating their harmonic mean.

Precision*Recall

F1 — score =2 X 100% (4)

Precision+Recall

The Fl-score provides a balanced evaluation of classifier performance, particularly when different gesture
classes contain slightly different numbers of samples.

Confusion Matrix

To further analyze the classification performance of the proposed model, a Confusion Matrix is employed. The
confusion matrix illustrates the relationship between the actual gesture labels and the predicted gesture labels.

Each row represents the ground-truth gesture class, whereas each column corresponds to the predicted class.
The diagonal elements indicate correctly classified samples, while the off-diagonal elements represent classification
errors. Therefore, a confusion matrix with dominant diagonal values indicates a highly accurate recognition model.

The confusion matrix also provides detailed insight into which gesture classes are more likely to be confused
with each other, allowing further optimization of the gesture recognition algorithm.

Inference Time

Besides recognition accuracy, computational efficiency is an important criterion for evaluating the practicality
of a real-time robot control system. In a future end-to-end evaluation, inference time should be measured from image
capture until the corresponding robot command is generated and transmitted to the CoppeliaSim environment.
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This end-to-end latency should include hand landmark detection using MediaPipe, feature normalization,
gesture classification using the trained MLP model, and command transmission through the Python interface.
Reporting the mean, variability, and measurement protocol would allow the real-time performance of the system to
be evaluated transparently.

The experimental results presented in the next section demonstrate the effectiveness of the proposed framework
using the evaluation metrics described above. The recognition performance is analyzed through training and validation
curves, confusion matrix analysis, quantitative performance metrics, and comparisons with existing methods.

4. Experimental Results and Discussion
A. Training Performance

This subsection evaluates the convergence behavior and learning capability of the proposed Multi-Layer
Perceptron (MLP) model during the training process. The model was trained using the hand landmark features
extracted by the MediaPipe Hands framework, while the training and validation datasets described in Section III were
used to optimize and evaluate the model performance. The evolution of the training process was monitored using the
classification accuracy and loss values recorded after each training epoch.

Fig. 6 illustrates the training and validation accuracy curves of the proposed MLP model over 100 training
epochs. During the initial training stage, both curves increase rapidly, indicating that the model effectively learns the
geometric relationships among the extracted hand landmarks. As the number of epochs increases, the learning process
gradually stabilizes, and the accuracy converges to a high value. The validation accuracy closely follows the training
accuracy throughout the training process, demonstrating that the proposed model exhibits good generalization
capability and does not suffer from significant overfitting.
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Fig. 6. Training and validation accuracy curves.

Figure 6. Training and validation accuracy curves

The convergence of the accuracy curves also indicates that the selected network architecture and
hyperparameter settings are appropriate for the hand gesture recognition task. The use of the Adam optimizer and the
ReLU activation function contributes to stable optimization and efficient gradient propagation, enabling the network
to reach convergence within a relatively small number of epochs.

The corresponding training and validation loss curves are presented in Fig. 7. At the beginning of the training
process, the loss decreases rapidly because the model gradually adjusts its parameters to minimize the classification
error. As training continues, both loss curves approach stable values and remain close to each other. The small gap
between the training loss and validation loss indicates that the model achieves a good balance between fitting the
training data and maintaining the ability to generalize to unseen samples.
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Figure 7. Training and validation loss curves

Early stopping was configured as a regularization measure, while the validation strategy was used to select the
model parameters with the lowest validation loss. The stable behavior of both accuracy and loss curves suggests that
the MLP learns useful feature representations from the normalized hand landmark coordinates extracted by
MediaPipe.

Overall, the training results demonstrate that the proposed learning framework converges efficiently and
achieves stable performance throughout the optimization process. The combination of MediaPipe-based feature
extraction and the lightweight MLP classifier enables the model to achieve high recognition performance with
relatively low computational complexity. These characteristics make the proposed approach suitable for real-time
hand gesture recognition and robot control applications.

The quantitative recognition performance of the trained model is further analyzed in the following subsection
using the confusion matrix, Precision, Recall, F1-score, and overall classification accuracy.

B. Gesture Recognition Performance

The gesture recognition performance of the proposed MLP model was evaluated using the independent testing
dataset described in Section III. The evaluation focused on the classifier's ability to correctly distinguish the five
predefined hand gesture classes, namely Forward, Backward, Turn Left, Turn Right, and Stop. The recognition results
were analyzed using the Confusion Matrix as well as the quantitative metrics of Accuracy, Precision, Recall, and F1-
score.

Fig. 8 presents the confusion matrix of the proposed gesture recognition model. The confusion matrix provides
a detailed visualization of the relationship between the actual gesture labels and the predicted gesture labels. The
diagonal elements represent correctly classified samples, whereas the off-diagonal elements indicate misclassified
samples.
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Figure 8. Confusion Matrix of the proposed MLP model

As illustrated in Fig. 8, most testing samples are concentrated along the diagonal of the confusion matrix,
demonstrating that the proposed MLP classifier accurately recognizes the majority of hand gestures. Only a small
number of samples are incorrectly classified into neighboring gesture classes, indicating that the extracted hand
landmark features effectively represent the geometric characteristics of each gesture.

The minor classification errors are primarily associated with gestures that exhibit similar finger configurations.
For example, gestures containing adjacent numbers of extended fingers may produce similar landmark distributions,
making them more difficult to distinguish under certain hand orientations or lighting conditions. Nevertheless, these
misclassifications occur infrequently and have only a limited impact on the overall recognition performance.

The quantitative evaluation results are summarized in Table 6. The proposed MLP model achieves consistently
high values of Accuracy, Precision, Recall, and F1-score across all gesture classes. The balanced performance of these
evaluation metrics indicates that the classifier not only correctly recognizes most gesture samples but also maintains
a low rate of false positive and false negative predictions.

Table 6. Performance Evaluation of the Proposed MLP Model

Gesture Class Precision (%) Recall (%) F1-score (%) Support
Forward (Fist) 97.50 97.50 97.50 80
Backward (Two 95.06 96.25 95.65 80
Fingers)

Turn Left (Three 95.00 95.00 95.00 80
Fingers)
Turn Right (Four 96.30 97.50 96.89 80
Fingers)
Stop (Open Palm) 100.00 97.50 98.73 80
Overall Accuracy 96.75 - - 400

Table 6 summarizes the quantitative performance of the proposed MLP-based hand gesture recognition model.
The results indicate that the classifier achieves consistently high Precision, Recall, and F1-score across all five gesture
classes. The Stop gesture exhibits the highest recognition performance, while the Backward and Turn Left gestures
show slightly lower scores due to the similarity of their hand configurations. Nevertheless, the differences among the
evaluation metrics are relatively small, demonstrating that the proposed model provides balanced classification
performance across all gesture categories.
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The confusion matrix in Fig. 8 contains 387 correct predictions out of 400 testing samples, corresponding to an
overall classification accuracy of 96.75%. These results indicate that the combination of MediaPipe hand landmark
extraction and the lightweight MLP classifier can accurately recognize the five predefined hand gestures on the held-
out test set. Because all gesture classes have equal support, the class-level metrics provide a balanced view of
performance across the evaluated categories.

C. Discussion

The experimental results demonstrate that the proposed hand gesture recognition framework effectively
combines MediaPipe-based hand landmark extraction with a lightweight Multi-Layer Perceptron (MLP) classifier to
achieve reliable real-time robot control in the CoppeliaSim environment. The training curves presented in Section [V
indicate stable convergence of the proposed model, while the confusion matrix and quantitative evaluation metrics
confirm its strong classification capability across the five predefined gesture classes.

One of the primary advantages of the proposed framework is the use of hand landmark coordinates instead of
raw RGB images as the input to the deep learning model. By representing each hand gesture using only 21 three-
dimensional landmarks, the dimensionality of the input data is significantly reduced without losing the essential
geometric information required for gesture recognition. This compact feature representation decreases computational
complexity, accelerates model training and inference, and improves the feasibility of real-time implementation.

Another important contribution of the proposed system is the integration of the gesture recognition module with
the CoppeliaSim robot simulation platform. Unlike many existing studies that focus only on gesture classification, the
proposed framework establishes a complete perception-to-action pipeline in which recognized gestures are
immediately translated into robot motion commands. This end-to-end architecture demonstrates the practicality of
applying deep learning techniques to intuitive human—robot interaction.

The experimental evaluation also indicates that the proposed MLP classifier provides a good balance between
recognition performance and computational efficiency. Although more complex deep learning architectures, such as
convolutional neural networks (CNNs) or recurrent neural networks (RNNs), may achieve competitive performance
in some scenarios, they generally require larger datasets, longer training times, and greater computational resources.
In contrast, the proposed MLP model processes a compact landmark feature vector, resulting in lower computational
cost while maintaining reliable recognition accuracy for real-time robot control.

Despite these promising results, several limitations should be considered. First, the current study evaluates only
five predefined static hand gestures. Extending the system to recognize a larger set of static or dynamic gestures would
increase its applicability in more sophisticated human-robot interaction tasks. Second, the experiments were
conducted primarily in the CoppeliaSim environment. Although simulation provides a safe and flexible platform for
algorithm development, additional validation on a physical mobile robot is necessary to investigate the influence of
camera positioning, communication latency, actuator dynamics, and environmental uncertainties.

Furthermore, the performance of the proposed system may be affected by severe hand occlusion, rapid hand
movements, or challenging lighting conditions that reduce the quality of landmark detection. Future studies may
address these issues by incorporating temporal information from consecutive video frames, applying data
augmentation strategies, or exploring hybrid deep learning architectures that combine spatial and temporal feature
learning.

Future research will focus on extending the proposed framework to real robotic platforms, enabling wireless
communication with embedded controllers, and supporting more complex gesture vocabularies. In addition,
integrating object detection, obstacle avoidance, and autonomous navigation with gesture-based control will further
enhance the intelligence and flexibility of the robot system. The incorporation of advanced deep learning models and
multimodal perception techniques may also improve recognition robustness in complex real-world environments.
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Overall, the proposed MediaPipe—MLP framework provides an effective and computationally efficient solution
for real-time hand gesture recognition and robot control. The encouraging experimental results demonstrate its
potential for applications in intelligent robotics, human—computer interaction, smart manufacturing, assistive robotics,
and educational robot platforms.

5. Conclusion

This paper proposed a deep learning-based hand gesture recognition framework for real-time robot control in
the CoppeliaSim simulation environment. The proposed system combines the MediaPipe Hands framework for
extracting 21 three-dimensional hand landmarks with a lightweight Multi-Layer Perceptron (MLP) classifier to
recognize predefined hand gestures and generate corresponding robot control commands. Experimental results
demonstrate that the proposed framework achieves reliable recognition performance while maintaining low
computational complexity and real-time responsiveness.

The integration of MediaPipe, MLP, and CoppeliaSim provides an effective solution for intuitive human—robot
interaction. Compared with conventional image-based approaches, the proposed method reduces input dimensionality
and computational cost while preserving high recognition accuracy. Future work will focus on extending the
framework to dynamic gesture recognition, deploying the system on physical mobile robots, and incorporating
advanced deep learning techniques to further improve recognition robustness and practical applicability.
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