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Abstract: In recent years, advancements in artificial intelligence (Al) and robotics have revolutionized
defense and security operations, particularly through the deployment of autonomous systems. This research
presents the design and implementation of an autonomous camouflage color adaptive robotic vehicle aimed
at enhancing stealth and threat response capabilities in military environments. The proposed system leverages
computer vision algorithms and sensor fusion techniques to dynamically adapt its surface color in real-time,
allowing it to blend seamlessly with varying surroundings. This adaptive camouflage significantly reduces
the risk of detection during covert operations. Additionally, the robot is equipped with an automated turret
gun system powered by deep learning models, enabling autonomous identification and engagement of threats
such as enemy intrusions and micro-unmanned aerial vehicles (UAVSs). These features collectively enhance
situational awareness, improve response times, and bolster the effectiveness of modern defense strategies.
The research was conducted independently, with no external funding or conflicts of interest. Overall, this

study contributes to the development of intelligent, adaptive robotic systems for advanced military
applications.
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l. INTRODUCTION

In recent years, the rapid advancement of artificial intelligence (Al) and robotics has significantly
transformed the landscape of defense and security operations. The integration of autonomous systems into
military applications has emerged as a critical area of research, particularly in enhancing operational efficiency
and effectiveness in complex environments. Among these innovations, the development of autonomous robotic
vehicles equipped with advanced camouflage capabilities has garnered considerable attention due to their
potential to improve stealth operations and reduce detection risks during covert missions. The primary objective
of this research is to design and implement an autonomous camouflage color-adaptive robot that can
dynamically alter its appearance to blend seamlessly with its surroundings. This capability is achieved through
the utilization of sophisticated computer vision algorithms and sensor fusion techniques, enabling the robot to
analyze its environment and adapt its color in real-time. Such adaptive camouflage not only enhances the
stealth capabilities of the robotic vehicle but also significantly complicates enemy detection efforts, thereby
increasing the safety and effectiveness of military operations. In addition to camouflage, this research
addresses the pressing need for automated threat detection and neutralization systems. The proposed robotic
vehicle is equipped with an automatic turret gun system that leverages deep learning algorithms to identify
and engage potential threats autonomously. This system is designed to detect enemy intrusions and micro-
unmanned aerial vehicles (UAVSs), which pose significant challenges to current defense mechanisms due to
their small size and low radar visibility. By integrating these capabilities, the robotic vehicle aims to provide
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a comprehensive solution for modern defense applications, enhancing situational awareness and response
times in critical scenarios. Furthermore, the authors declare that there are no conflicts of interest regarding the
publication of this paper. All authors have disclosed any financial or personal relationships that could be
construed as influencing the research presented in this study. Additionally, the authors declare that no funding
was received for this research. In summary, this paper presents a novel approach to the development of an
autonomous camouflage color adaptive robot, focusing on its design, implementation, and potential
applications in defense and security. By leveraging cutting-edge technologies in Al, sensor fusion, and
robotics, this research aims to contribute significantly to the field of military robotics, addressing current
challenges and paving the way for future innovations in autonomous defense systems.

Il. LITERATURE REVIEW

The integration of artificial intelligence (Al) and robotics in defense applications has gained significant
traction in recent years, particularly in the development of autonomous systems capable of enhancing security
and operational efficiency. This literature review explores the current state of research on autonomous
camouflage robots, drone detection systems, and the application of Al in military contexts, identifying key
advancements and existing gaps in the literature. Introduction to Autonomous Robotic Systems in Defense:
The integration of autonomous robotic systems in defense applications has become increasingly vital in
addressing modern security challenges. Recent advancements in artificial intelligence (Al), sensor fusion, and
computer vision have paved the way for the development of sophisticated robotic vehicles capable of
performing complex tasks autonomously. These systems are designed to enhance border security, monitor
high-risk areas, and respond to threats in real-time. [4] Autonomous Camouflage Systems: The development
of autonomous camouflage systems has been a focal point in military robotics research. Recent studies
emphasize the importance of adaptive camouflage technologies that enable robotic vehicles to blend
seamlessly into their environments. For instance, the proposed robotic vehicle in this research utilizes
advanced computer vision algorithms and sensor fusion techniques to dynamically change its color based on
the surrounding environment.[2]This capability significantly enhances the stealth of the robotic vehicle,
making it difficult for enemy personnel to detect during covert operations.[2] Threat Detection and
Neutralization: The literature highlights the pressing need for automated threat detection and neutralization
systems in military applications. The proposed robotic vehicle is equipped with an automatic turret gun system
that employs deep learning algorithms to autonomously detect and engage potential threats.[2] This system is
particularly relevant in the context of countering micro-unmanned aerial vehicles (UAVs), which pose
significant challenges due to their small size and low radar visibility.[2] The integration of computer vision and
Al allows for rapid identification and engagement of threats, thereby improving the vehicle's defensive
capabilities. Drone Detection Technologies:The increasing use of drones in military operations necessitates
the development of effective detection and classification systems. Recent research has focused on utilizing
machine learning techniques to enhance drone detection capabilities. For example, studies have demonstrated
the effectiveness of deep learning models, such as Convolutional Neural Netwarks (CNNs), in identifying and
classifying small drones based on their micro-Doppler signaturesAdditionally, the integration of Al-based
systems for drone detection has shown promising results, with models achieving high accuracy rates in real-
time scenarios.[2]

I1l. METHODOLOGY

The methodology for developing the autonomous camouflage color adaptive robot involves several key
components and processes, as outlined below. This section details the design process, technologies utilized,
and the integration of various systems to achieve the project objectives

Table : methodology chart
Design & Development of Robot Chassis
Al Model Training (Color Adaptation)
Camouflage System Development
Autonomous Surveillance System
Automated Targeting System
Detection Systems (Landmine & Explosion)
Energy Management (Solar Power System)
Testing & Validation (Simulation & Physical)

Design and Calculations: Motor Torque for Lifting Load
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Weight of Panel (W): W=8kg, Force: 78.48 N , Torque:.047 Nm, Motor Torque:4.704 kg-cm Wheel Torque

for Motion
Total

Load (W): W=120 Kkg,Force:
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Fig: Design in Catia V5

F=1177.2 N, Wheel

Radius (r): 0.1m. Torque per Wheel:
=1177.2x0.1=117.7 Nm. Torque per Motor (6 Motors): Tmotor=T6=117.76=19.61 Nm Lead Screw Design

Lead: L=8 mm, Helix Angle (a): 0.364, Torque for Lead Screw: 13.96Nm

Structural Analysis
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Modal Analysis:

Modes 1 & 2: 5.33 mm, 7.05 mm

Modes 3 & 4: 5.77 mm, 7.58 mm

Modes5 & 6: 4.84 mm, 6.07 mm

CFD Analysis:
Drag Force (N):

Original Design: 6.89—60.756.89 - 60.756.89—60.75 (varied by angle/speed). Modified Design: Reduced drag
by ~45% through triangular frontal adjustments.
frame front. Velocity Streamlines: Improved airflow across frame, minimizing vortex effects.

Pressure:

Max 39.7 Pa39.7 \, \text{Pa}39.7Pa at the
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Result: summery and graph for the 0°Rotating Angle,45°Rotating Angle, 90°Rotating angle, 135 rotating angle

Fig : Modified Design

S

The following table for all cases respective rotating angle
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The following modules are developed through the process of development of Autonomous robot with
threat neutralization system.
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Train and Test Data: The data is split into train and test. Choosing a best fit model for model retrain
using transfer learning: The model is trained using the transfer learning approach to detect humans and
weapons. Two different models are trained in this hybrid approach. One for weapon detection and one for
human detection. The model training and performance parameters obtained are given below

5

f
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Fig: Training graph of the weapon detection models for corresponding loss with respect to iteration.
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Fig: The detection results on the different sample images for weapon detection.

For person detection the dataset consisting of 3000 images of person annotated and labelled was included
which was later augmented as required. The person detection dataset was trained using the following
approach:

Model Initialization and Architecture:

e The model comprises multiple convolutional layers (Conv2d), batch normalization layers
(BatchNorm2d), activation functions (ReLU), and residual blocks (BasicBlock).
It contains a total of 12,955,230 parameters.
The initial learning rate for the model is set to 0.001. Training Progress:
Training is conducted over 200 epochs.
Loss components tracked during training include total loss (‘loss’), confidence loss (‘loss_conf"),
position loss ("loss_pos’), and class loss (‘loss_class’).
The learning rate decreases gradually over epochs. Evaluation:
The model's validation accuracy is evaluated every 10 epochs.

v Initial validation accuracy starts at around 14.47% and fluctuates throughout the training, ending at

approximately 13.8% at the final epoch.

Observations: The loss generally decreases over epochs, indicating that the model is learning.

The validation accuracy shows minor improvements but fluctuates, suggesting potential overfitting or a
need for further hyperparameter tuning.

The Graph training graph is as shown below:

SRR

ASRN

\i‘\w-‘..__—s,- B oot

The overall loss, positional loss, confidence loss, and class loss over the epochs reveal distinct patterns.
Initially, there's a sharp decrease in the overall loss, indicating effective learning in the early stages. However,
the positional loss exhibits periodic fluctuations throughout the training, suggesting the model is encountering
varied positional information and adjusting its weights accordingly. This fluctuation may point to the need for
further data augmentation or regularization to stabilize the learning process. Confidence and class losses
remain relatively low, implying that the model is fairly confident in its predictions and is not overly penalized
for misclassification.
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In terms of validation accuracy, both ‘val acc’ and

“val_acc_Person” show a gradual increase, but the values remain relatively low. This suggests that while
the model is learning and improving over time, it still struggles to generalize well to the validation set. The
periodic rises and falls in validation accuracy metrics hint at potential overfitting or sensitivity to specific data
patterns. This observation indicates that the model could benefit from additional fine- tuning, possibly through
techniques such as dropout, early stopping, or a more diverse and extensive training dataset to enhance its
generalization capabilities.

Fig: The detection results post-training Experimental Setup for camouflage

The experimental setup of the camouflage robot is designed to integrate hardware components to achieve
seamless operation and advanced functionality The key component of this setup is the Raspberry Pi 4, which
acts as the primary carrier effective. The choice of the Raspberry Pi 4 is due to its robust processing power,
wide range of GPIO pins, and compatibility with sensors and peripherals. The Raspberry Pi 4 is paired with a
5 MP camera, which takes a real-time video feed of the robot’s surroundings. This video feed is important for
color recognition and monitoring. The captured images are processed using a Raspberry Pi 4 to show the main
colors in the environment. The system includes an RGB color sensor in order to enhance camouflage
capabilities. The color sensor accurately detects the colors in the robot’s environment, providing data to help
optimize the camouflage system The color sensor data is used to adjust the colors displayed on the P10 RGB
screens along with a video feed of the s. These panels, driven by an RGB panel driver, are mounted on the
back of the robot and can reproduce multiple colors to match the surroundings A motor driver H-bridge is used
to control,

and enable, the movement of the robot navigate well different landscapes. Additionally, a GPS modem is
included to provide real-time location tracking, which is essential for synchronized movement during survey
and reconnaissance missions and to ensure accurate communication This combination of features a it further
ensures that the robot can efficiently adapt to its environment, perform inspection tasks and communicate its
location in real time..

System Implementation

The system implementation of the camouflage robot consists of several interconnected modules, each of
which fulfills a specific task to ensure smooth operation. The Camera Interfacing Module accepts the real-
time video feed from the

5 MP camera, initializes the camera, configures capture settings, ensures proper frame recovery and this
module acts as an entry point for video data, preparing it for later application. The Frame Processing Module
takes it by resizing, cropping and enhancing each video frame and optimizing it for accurate color recognition.
This preprocessing step ensures that the input data is consistently formatted and suitable for analysis. The core
of the work is the Color Detection Module, which applies a KNN-based algorithm on the processed frames to
detect the primary color. This module is trained on a dataset of coloration samples and uses KNN algorithm to
accurately classify colors. It includes functions to load the trained model, run search algorithms, and return
known character information. The KNN Model Training Module supports this process by collecting
characterization samples, preprocessing the data, and training the KNN model. This gives the picture more
accuracy and stability, and it can handle a variety of lighting conditions and colors.

The dataset collection for training the KNN classifier involves gathering images of different colors and
extracting color histogram  features  from these images. The

“color_histogram_of _test_image" function captures histogram features from test images, splitting them into
blue, green, and red channels to find the most frequent color values, which are then recorded in the “test.data’
file.
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Similarly, the “color_histogram_of training_image™ function processes training images by extracting color
histograms, labeling them according to the image filenames, and appending the results to the “training.data’
file. The “training™ function automates this process across directories of color- labeled images, building a
comprehensive dataset for the KNN model. Once trained, the KNN classifier uses these features to accurately
identify colors in test images, enhancing the system's accuracy and robustness in real-world applications. The
color sensor interfaced also returns the color data in the vicinity of robot. This is used as a supportive data for
machine learning model which uses the computer vision techniques to appropriately predict the environment
surrounding the Robot. Settings for drawing and manipulating the known color information include the Display
Module and the RGB Panel Control Module. The display module displays the displayed characters in a user-
friendly format, either through a graphical user interface (GUI) or console output. This allows users to see and
understand the characters they see in real time. The RGB Panel Control Module translates the known color
information into signals that modulate the output of the P10 RGB panels, ensuring that.

Result
Human Detection and Target marking by calculating centroid:

Code for calculating the centroid: # Calculate and draw the centroid

centroid_x = int((box_x + box_width) / 2) centroid_y = int((box_y + box_height) / 2)
print(f"Centroid coordinates:

({centroid_x},

{centroid_y})")

cv2.drawMarker(orig, (centroid_x, centroid_y), (0, 255, 0), cv2.MARKER_CROSS,

markerSize=20, thickness=2)

In the code snippet, the centroid of the detected human bounding box is calculated to place a crosshair
marker at the center of the box. The centroid's x-coordinate (‘centroid_x") is found by averaging the x-
coordinates of the top-left and bottom-right corners of the bounding box, and similarly, the y-coordinate
(‘centroid_y") is calculated by averaging the y- coordinates of these corners. These coordinates are then printed
for verification. A crosshair marker is drawn at the centroid using OpenCV's “cv2.drawMarker™ function,
which places a green crosshair of specified size and thickness on the original frame. This visual marker aids in
accurately identifying the center of the detected human, which is useful for targeting or further analysis.

Result for enemy and weapon tracking system

Graph of weapon detection

IJCRT2507805 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | g973


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 7 July 2025 | ISSN: 2320-2882

For camouflage

Colour showing to system- Detection of blue colour- Colour transfer to RGB panel

CONCLUSION

This methodology outlines the comprehensive approach taken to develop the autonomous camouflage color
adaptive robot. Each component plays a crucial role in ensuring the robot's effectiveness in defense
applications, leveraging advanced technologies in Al, sensor fusion, and robotics. The integration of these
systems aims to enhance border security and provide a robust solution for modern defense challenges. The
results demonstrate the effectiveness of the developed autonomous camouflage color adaptive robot in
detecting and neutralizing threats. The high accuracy rates in weapon and drone detection, combined with the
successful implementation of adaptive camouflage, highlight the potential of this technology in defense
applications. Future work will focus on enhancing the model's robustness and generalizability by
incorporating diverse datasets and real- world testing scenarios. The development of the Autonomous
Camouflage Color Adaptive Robot represents a significant advancement in the field of defense and security
applications. This research has successfully integrated cutting-edge technologies, including artificial
intelligence (Al), sensor fusion, computer vision, and deep learning, to create a robotic system capable of
operating effectively in complex and dynamic environments. In conclusion, the Autonomous Camouflage
Color Adaptive Robot represents a comprehensive solution for modern defense challenges. By leveraging
advanced technologies, this robotic system not only enhances border security but also sets a precedent for
future innovations in military robotics. The successful integration of adaptive camouflage, automated
targeting, and counter-drone capabilities positions this research at the forefront of defense technology, paving
the way for more sophisticated and effective security solutions in the years to come.

FUTURE DIRECTIONS

While this research has achieved significant milestones, there are opportunities for further enhancement.
Future work could focus on:Continuous refinement of the Al models used:for detection and camouflage can
enhance the robot's adaptability and accuracy in various environmental conditions. Incorporating more
advanced sensors, such as thermal imaging and acoustic sensors, could improve the robot's detection
capabilities and situational awareness. Conducting extensive field tests in real-world scenarios will provide
valuable insights into the robot's performance and reliability, allowing for iterative improvements based on
practical feedback.
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