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Abstract—Plastic pollution is a major environmental 

issue, HDPE contributing largely due to its extensive use 

in packaging and household items. In order to fight the 

current manual and semi-automated inefficient sorting 

methods, the paper proposes an intelligent system with 

automation for HDPE detection and separation from 

mixed waste. The system uses the YOLOv8 deep learning 

model to detect HDPE materials in real-time through a 

camera input. After detection, socket communication 

commands are sent to a Raspberry Pi to control the 

robotic arm through an Adafruit PCA9685 servo driver. 

With MG995 and SG90 servo motors, the arm carries out 

detailed pick-and-place operations to separate the 

detected HDPE objects. Powered by a lithium battery 

with a buck converter to maintain voltage regulation, it 

is set-up for portability and efficiency. The system 

maintains accuracy in recognition, processing speed, and 

comes with adaptability to various shapes and colors of 

HDPE. The automated solution uplifts the efficiency 

level of recycling, reduces contamination, and builds 

smart waste management compliant to Industry 4.0 

standards. 

 

Index Terms—HDPE Detection, YOLOv8 Object 

Recognition, Robotic Sorting System, Smart Waste 

Management, Deep Learning Automation. 

 

I. DESIGN AND CONSTRUCTION 

 

The robotic arm system is characterized by combining 

mechanical, electronic, and software components to 

obtain precision and functionality. Driving the system 

is the Raspberry Pi 3V, functioning as the central 

processing unit. The control over the servo motors, 

receiving camera inputs, and execution of software 

algorithms required for various applications, including 

object detection, all fall under its jurisdiction. The use 

of 3.3V by the Raspberry Pi allows for low power 

consumption yet offers adequate computational 

capability to process real-time information. It 

converses through its GPIO pins with multiple 

components, controlling the movements of the arm in 

accordance with visual inputs from the camera. 

 
Fig-1(3D Design) 

 

Another rechargeable battery powers the entire robotic 

arm, immediately bringing forth smooth running. This 

battery supplies power to the Raspberry Pi, servo 

motors, and other components. Using a large capacity 

lithium-ion or lithium-polymer battery allows the 

telescope to operate for a long time without requiring 

constant recharging for power. Proper power 

management like putting the Raspberry Pi into a low-

power state during idle time will extend battery life 

and make the telescope power efficient during long 

tasks or prolonged idle times. 

 

The camera module is another crucial component that 

provides real-time visual feedback to the Raspberry Pi, 

letting the system analyze the environment for 

purposes such as object detection, sorting, or pick-and-

place operations. Live video is captured by the camera, 

and the Raspberry Pi applies image processing via 

YOLO or OpenCV to the images. The robotic arm can 

then interact with objects in its environment, recognize 

them, and make decisions based on visual stimulus. By 

associating the camera with the Raspberry Pi, the arm 
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can apply itself in various ways in either autonomous 

or semi-autonomous mode. 

The robotic arm is actuated by a combination of 

MG995 and SG90 servo motors. Each of these has 

been selected for specific torque and precision 

requirements. The MG995 motors are employed at the 

base and shoulder joints, where higher torque is 

needed to handle heavy movements. Whereas the 

SG90 motors are lighter and provide something for 

delicate precision at the wrist and gripper. The servo 

motors are directly controlled by the PWM signals 

generated by the Raspberry Pi, and this promotes the 

smooth and precise movement of the arm. A buck 

converter provided the correct voltage to the 

Raspberry Pi and the servo motors, stepping down the 

battery voltage to 5–6V to ensure stable and safe 

operation. Together, the components contribute 

toward the ability of the robotic arm to accomplish the 

complete range of tasks, ranging from object sorting to 

precise manipulation and real-time. 

 

Calibration and feedback can be implemented to 

improve the system further. Python calibration scripts 

can be written to test each servo motor's range of 

motion in order to fine-tune it, so the movements 

always remain within the mechanical limits. In this 

way, over-rotation is avoided, and wear is reduced, 

enhancing the life and reliability of the system. As an 

added benefit, a sensor feedback loop using 

potentiometers or encoders would allow the Raspberry 

Pi to keep track of the joint positions in real-time, 

correcting any drift in position. Having such a 

feedback loop would enable the system to move more 

smoothly and accurately and adapt better to dynamic 

environments, especially when dealing with 

unpredictable or moving objects. 

 

The other significant application lies in making the 

system more intelligent and adaptable through the use 

of machine learning methods. Appreciating the 

inclusion of models such as TensorFlow Lite on the 

remote end, i.e., the Pi itself, or YOLO, the robotic arm 

is capable of recognizing and classifying various 

objects in real time. These features allow for advanced 

applications such as the smart sorting system, 

automated inspection lines, and human-robot 

interaction assignments. When combined with 

communication modules, such as Bluetooth, WiFi, or 

even LoRA, the entire system can then be controlled 

remotely, monitored in real time, or be integrated into 

a larger IoT framework. These technologies all, 

together, advance the robotic arm system from mere 

automation towards intelligent, autonomous robotics. 

 

II. ARCHITECTURE 

 

This structure of the robotic system consists of the 

integration of design of mechanical equipment, 

electronic hardware, and an intelligent software. The 

robotic arm is generated with 3D CAD tools to check 

for structural integrity, range of motion of the joints, 

and weight optimization. The MG995 and SG90 

servos are installed in specific locations depending on 

torque and precision requirements. At the hardware 

level, a 3.3V Raspberry Pi serves as the central 

controller that interfaces with a high-resolution 

camera for real-time video input and outputs PWM 

signals via its GPIO pins that are used to drive the 

servo motors. The entire system is powered by a 

rechargeable battery, whereas a buck converter steps 

down the voltage to safe levels of 5–6V for the 

Raspberry Pi and motors, so they keep running 

smoothly. On the software part, the control logic is 

built on Python, and it governs the camera and motors 

through libraries such as pigpio, gpiozero, and 

OpenCV. For object detection and classification at real 

time, light-weight deep learning models such as 

YOLOv8 or TensorFlow Lite would be used. Such a 

layered architecture allows a robotic arm to do 

autonomous, vision-assisted activities such as sorting, 

pick-and-place, and tracking, thereby making it a 

compact yet intelligent mechatronic system. 

 

Top Layer: 3d design 

The The whole 3D design system is essentially the 

physical body of the robotic arm. Designed in CAD 

software like Fusion 360, the structure of the robotic 

arm is modeled to achieve mechanical stability and 

flexibility, while also considering weight distribution. 

Each segment of the arm is dimensioned to carry out 

specific tasks with mounting points for the servo 

motors, camera module, and electronic boards. The 

usage of lightweight yet strong materials, such as ABS 

or carbon fiber, ensures that the arm moves in a 

controlled manner and can sustain the demand of 

repeated operations. Furthermore, joint ranges and 

torque requirements assist in the determination of 

motor placement and contribute to the motion 
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complexities required for applications such as sorting 

and pick-and-place. 

 

 2. Middle Layer: Hardware  

The hardware layer consists of electronic components 

and actuators that convert digital commands into 

physical actions. Acting as the brain for the entire 

system, the Raspberry Pi 3V communicates to all 

peripherals through PINs under GPIO. MG995 servo 

motors take position at the base and at the shoulder to 

handle heavy loads, while SG90 motors take over 

wrist and gripper duties for smaller, more precise 

movements. A high-definition camera supplies real-

time video input for visual feedback. The system is 

powered by a rechargeable battery, with voltage being 

stepped-down to a safe 5–6V range for the Raspberry 

Pi and motors via a buck converter. Appropriate 

electrical isolation and grounding are provided to keep 

away signal interferences and ensure the system's 

reliability and safety. 

 
Fig-2(Hardware) 

 

 Bottom Layer: Software 

Intelligence and automation are applied at the software 

and deep-learning layer. Serving the need to control 

servos, Python scripts execute on Raspberry Pi using 

pigpio or gpiozero libraries while OpenCV manages 

the camera feed. For even more advanced uses, 

lightweight models such as YOLOv8 or TensorFlow 

Lite would be introduced to do real-time object 

detection and classification, and so on. These models 

analyze the camera feed and produce actionable 

decisions such as raising an alert if a particular object 

is detected, or providing guidance for arm movement 

based on the learned data. The results were then 

converted into PWM signals to tightly control servo 

angles so that the robotic arm might interact with its 

surroundings autonomously. These three layers 

together make for a robust, responsive system   

capable of intelligent automation. 

 

 
Fig-3(DL model) 

 

Control Layer Raspberry pi 3v 

The central processing and control unit of the robot is 

Raspberry Pi, which maintains all operations including 

image processing, motor control, and executing tasks. 

It functions at 3.3V. This is a very compact and 

powerful platform that can run programs in Python to 

control the various input signals from sensors and 

cameras and produce outputs to activators. Its GPIO 

pins are thus used for generating PWM signals with 

the utmost precision for controlling the MG995 and 

SG90 servo motors to achieve fine and responsive 

movements of the robotic arm. Also, the Raspberry Pi 

receives data from the attached high-resolution camera 

and processes real-time video streams using libraries 

such as OpenCV for object detection and tracking. By 

allowing the use of lightweight deep learning models 

like YOLOv8 or TensorFlow Lite, it facilitates 

intelligent decision-making from visual input. 

Besides, with various other peripherals and 

communication protocols, the Raspberry Pi further 

enhances its ranking as an excellent platform to bring 

together the mechanical, electronic, and software 

layers of the robotic system into one complete 

autonomous solution. 

 

Deep learning  

Deep learning enables intelligent decision-making 

within the robotic system by allowing the robot to 

make sense of and react to visual input from its 

immediate environment. Real-time video feeds from a 

high-resolution camera connected to the Raspberry Pi 

are processed through lightweight deep learning 

models such as YOLOv8. These models are 

trained to detect and classifying objects, identifying 

their shapes, or recognizing colors and patterns like 
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sorting or tracking, depending on the task it faces. 

After detecting an object, its coordinates and label are 

output by the model, thereby facilitating the 

determination of movement commands to be issued to 

the servo motors. This deep-learning integration 

imparts autonomy to the robot while giving it greater 

degrees of freedom, thereby increasing accuracy in 

situations that require working in complicated or 

unstructured environments. They can continuously 

analyze visual data and learn from it, so therefore, with 

experience, the system can perform better in 

automated sorting, obstacle detection, and pick-and-

place operations. 

 

Methodology 

The first phase of the robotic arm project is 

accomplishing research and setting clear project 

objectives. Defining the problem, analyzing and 

understanding the application, and listing a few tasks 

the robotic arm needs to accomplish form this step. 

Project objectives clarify what kind of material and 

motion will be utilized and how much precision must 

be required; they help set standards, such as accuracy, 

speed, and load capacity, which will be used to judge 

performance. Hence, the basic footing ensures it's not 

a directionless project. 

 

Once the objectives are set, the second phase presents 

the selection of the hardware: servo motors, Raspberry 

Pi processors, sensors, cameras, and actuators must all 

be chosen. These must fit the requirements laid out by 

the system design, to guarantee successful software 

deployment, vision integration, and deep learning 

model deployment.  

 

After the hardware has been selected, the structure of 

the robotic arm is designed in CAD software. This 

design intends to make sure that the movements 

required from the arm are realized while providing 

stability and precision. Moreover, lightweight but hard 

materials should be chosen, and it must be easy to 

assemble. 

 

Next, camera integration occurs with the Raspberry Pi 

for vision processing. The camera sends real-time 

images and or videos to the Raspberry Pi for analysis 

to support robotic actions such as detect an object, sort 

by color, or recognize a part. This visual feedback is 

necessary for the robot to interact with its 

environment. 

 

The robotic arm is controlled via movements produced 

by servo motors under the control of the Raspberry Pi. 

Once the movement and vision system are integrated, 

testing and validation follow. This involves verifying 

the system in real-life scenarios and making 

adjustments so that the arm can efficiently perform 

various activities under different conditions. 

 
Fig-4(Methodology) 

 

III. CONCLUSION 

 

In closing, this robotic solution is an example of the 

successful coalescence of mechanical design, 

hardware, and software into an intelligent autonomous 

agent capable of performing rather sophisticated tasks. 

The 3D design of the robot arm ensures optimized 

structural stability and motion efficiency; the servo 

motors too having been carefully selected to provide 

the required torque and accuracy for the different joint 

movements. The control system architecture allows 

for a straightforward interaction between the 

mechanical design and the electronic control systems 

that enable precise control and instant response in task 

execution. 

The hardware layer, with the Raspberry Pi at its center, 

acts as the brain of the installation, sending PWM 

signals to the servo motors and processing real-time 

inputs from the vision system. Battery power through 

a buck converter optimizes battery life and ensures 

that the system remains stable during operation. This 

layered structure ensures all components can interact 

seamlessly with each other, thus presenting a strong 

front for real-time engagement within the 

environment. 

The software layer uses Python, along with deep 

learning models such as YOLOv8 or TensorFlow Lite, 
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essentially providing the robotic arm with intelligence 

to perceive and react to visual stimuli. Through image 

processing and object detection, the platform can carry 

out sorting, pick-and-place, and tracking tasks with 

high precision. Deep learning integration makes the 

robotic arm responsive to changes in the environment, 

thereby increasing its capacity. 

This project showcases the potentialities of robotic 

integration with artificial intelligence, particularly 

suitable for applications of automation, manufacture, 

and logistics. Being modular in design and vectored 

toward open-source software enables expansion and 

customization in the future, thus potentially opening 

avenues to new ideas in robotic technologies. 

Improvements in deep learning and hardware can, in 

turn, lend this system more force and versatility for 

industries of different types. 
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