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The integration of biological signals with embedded systems has 

significantly advanced the development of assistive prosthetic technologies. 

This paper presents INNOARM, an Electromyography (EMG)-based 

prosthetic arm designed to provide an affordable and intuitive solution for 

amputees. The system captures muscle activity using EMG sensors placed 

on the user’s residual limb. These signals are amplified, filtered, and 

processed using an Arduino microcontroller to generate control signals for 

servo motors. The proposed system enables real-time hand movements such 

as grasping, releasing, and wrist rotation through natural muscle 

contractions. Unlike traditional prosthetics that rely on mechanical switches 

or complex interfaces, INNOARM offers direct bio-signal control, enhancing 

usability and responsiveness. The system is built using low-cost, open-

source components, making it accessible for wider adoption. Experimental 

evaluation demonstrates high signal detection accuracy, low response time 

(less than 200 ms), and reliable performance under different conditions. The 

results highlight the effectiveness of integrating bio-signal processing, 

embedded systems, and robotics.  
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1. Introduction 

The advancement of biomedical engineering has led to the development of intelligent prosthetic systems 

that aim to restore mobility and independence for amputees. Traditional prosthetic arms often rely on 

mechanical switches or external control systems, which limit natural movement and usability [1] [2]. In contrast, 

EMG-based prosthetic systems utilize electrical signals generated by muscle contractions to enable intuitive 

control. Electromyography (EMG) sensors detect electrical activity in muscles and convert these signals into 

control commands. These signals are processed and interpreted using microcontrollers to drive actuators such 

as servo motors [3] [4]. This allows prosthetic arms to perform movements like grasping and releasing objects 

in real time. However, existing systems face challenges such as high cost, complex calibration, signal noise, and 

lack of accessibility [5]. Advanced prosthetic arms are often expensive and require professional setup, making 

them unsuitable for widespread use. This research addresses these challenges by proposing a low-cost EMG-

sensored prosthetic arm using Arduino. The system focuses on affordability, simplicity, and real-time 

responsiveness [6] [7]. 

https://ijasit.org/
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Research Gap: 

Despite advancements in smart waste management, several gaps remain: 

• Lack of integrated systems combining IoT monitoring and image-based waste classification 

• Limited real-time risk prediction for waste overflow and contamination 

• Inefficient use of data for decision-making and route optimization 

• Lack of scalable solutions for large urban environments 

• Limited focus on sustainability and smart city integration 

Objective: 

The objectives of this work are: 

• To design a smart waste management system using IoT and image processing 

• To implement waste classification using clustering and machine learning techniques 

• To monitor bin fill levels and environmental conditions in real time 

• To predict waste risk levels based on multiple parameters 

• To develop a centralized dashboard for monitoring and analysis 

• To improve efficiency, sustainability, and decision-making in urban waste management 

 

2. Literature Review 

The development of prosthetic arms has evolved significantly over the years, moving from purely 

mechanical devices to advanced bio-signal-controlled systems. Early prosthetic arms were simple mechanical 

structures operated manually using cables and body movements [8] [9]. Although these systems provided basic 

functionality, they lacked precision, flexibility, and ease of use. With the advancement of electronics and 

embedded systems, myoelectric prosthetic arms were introduced, enabling control through electrical signals 

generated by muscle activity [10] [11]. 

Electromyography (EMG) technology has played a crucial role in modern prosthetic development by 

allowing direct interaction between human muscle signals and robotic systems. These systems use sensors to 

capture electrical impulses from muscles and convert them into control signals [12]. Recent research has further 

enhanced these systems by integrating microcontrollers, signal processing techniques, and intelligent 

algorithms, enabling more accurate and responsive prosthetic control [13]. Traditional prosthetic arms rely on 

mechanical or switch-based control mechanisms, which limit natural movement and require significant user 

effort. These systems often fail to provide intuitive control and are not suitable for complex movements. 

Myoelectric prosthetic systems improved this by introducing EMG-based control, allowing users to operate 

prosthetic devices through muscle contractions [14]. However, many existing EMG-based systems face 

challenges such as high cost, complex calibration procedures, and sensitivity to noise in signal acquisition. 

Advanced prosthetic arms with multiple degrees of freedom often require sophisticated hardware and 

software, making them expensive and less accessible to a wider population [15]. Some systems also lack real-

time responsiveness and adaptability, reducing their effectiveness in practical applications. Recent approaches 

have explored the use of machine learning algorithms for gesture recognition and improved signal 

interpretation. While these methods enhance accuracy, they increase system complexity and computational 

requirements. Additionally, many systems are not designed with affordability and simplicity in mind, limiting 

their usability in developing regions [16]. Despite significant advancements in prosthetic technologies, several 

limitations still exist in current systems. Many solutions focus either on advanced functionality or affordability, 

but rarely achieve a balance between both. High-end prosthetic arms provide accurate control but are expensive 

and require complex setup, whereas low-cost systems often lack precision and responsiveness. [17] [18] Another 

major challenge is the presence of noise and variability in EMG signals, which affects the accuracy of signal 

interpretation. Existing systems also lack efficient real-time processing and simple control mechanisms that can 

be easily adapted by users. Furthermore, limited focus has been given to designing scalable and user-friendly 

systems that can be widely adopted [19] [20]. 

To address these gaps, the proposed INNOARM system focuses on developing a low-cost, EMG-based 

prosthetic arm that provides reliable performance, real-time responsiveness, and ease of use. The system aims 

to bridge the gap between affordability and functionality by integrating efficient signal processing with a simple 

control architecture. 
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3. Proposed System 

The proposed system, INNOARM, is designed as an integrated and modular framework that enables real-

time control of a prosthetic arm using electromyography (EMG) signals. The architecture consists of multiple 

interconnected layers, including signal acquisition, signal conditioning, processing, and actuation. The system 

begins with the acquisition of muscle signals through surface EMG sensors placed on the user’s forearm. These 

sensors detect electrical impulses generated during muscle contraction and convert them into analog signals. 

 
Fig. 1. Architecture of INNOARM System 

 

The acquired signals are then passed through a signal conditioning stage, where amplification and filtering 

are performed to remove noise and improve signal quality. The conditioned signals are fed into a 

microcontroller unit, where analog-to-digital conversion is carried out. The digital signals are processed using 

a threshold-based algorithm to determine the user’s intended movement. Based on this analysis, control signals 

are generated and transmitted to servo motors, which drive the movement of the prosthetic arm. The overall 

system ensures smooth coordination between sensing, processing, and actuation, enabling natural and intuitive 

control. 

3.1 Signal Acquisition Module 

The signal acquisition module is responsible for capturing real-time EMG signals from the user’s muscles. 

Surface electrodes are placed on the skin to detect electrical activity generated during muscle contraction. These 

signals are typically low in amplitude and highly sensitive to external noise. The module continuously collects 

muscle signal data and transmits it to the next stage for processing. Proper placement of sensors is crucial to 

ensure accurate signal detection and consistent system performance. 

3.2 Signal Conditioning Module 

The signal conditioning module processes the raw EMG signals to make them suitable for analysis. Since 

the acquired signals are weak and noisy, amplification is performed to increase signal strength. Filtering 

techniques are applied to remove unwanted noise and interference, ensuring that only relevant signal 

components are retained. This stage improves the reliability and accuracy of the system by producing clean and 

stable signals for further processing. 

3.3 Signal Processing and Control Module 

The signal processing module converts the conditioned analog signals into digital form using the 

microcontroller’s analog-to-digital converter. The system then analyzes the digital signal values and applies 

threshold-based logic to interpret user intent. When the signal exceeds a predefined threshold, it is classified as 

an active muscle contraction. Based on this classification, appropriate control signals are generated. This 
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module acts as the decision-making unit of the system, ensuring real-time response and accurate control of the 

prosthetic arm. 

3.4 Actuation Module 

The actuation module is responsible for executing the movements of the prosthetic arm. It consists of servo 

motors that are controlled using pulse width modulation signals generated by the microcontroller. Based on 

the processed EMG signals, the motors perform actions such as opening and closing of the hand, gripping 

objects, and wrist rotation. The module ensures smooth and precise movement, enabling the prosthetic arm to 

mimic natural human actions. 

3.5 Power Supply Module 

The power supply module provides the necessary electrical energy required for the operation of the entire 

system. It ensures stable voltage and current supply to the EMG sensors, microcontroller, and servo motors. 

Proper power management is essential to maintain consistent system performance and prevent fluctuations 

that may affect signal processing or motor operation. 

 

4. Results And Discussion 

The proposed INNOARM system was implemented using an Arduino-based embedded platform 

integrated with EMG sensors and servo motors for real-time prosthetic control. The EMG sensor module was 

used to capture muscle activity signals from the user’s forearm, while the Arduino microcontroller handled 

signal processing and control logic. Signal conditioning was performed using amplification and filtering circuits 

to improve signal quality and reduce noise. The processed signals were converted into digital values using the 

built-in analog-to-digital converter of the microcontroller. The experimental setup involved testing the system 

under different muscle contraction conditions, including varying signal strengths and repeated movements. 

The performance of the system was evaluated based on parameters such as signal detection accuracy, response 

time, movement precision, and system stability. Multiple trials were conducted to ensure consistent results and 

reliable operation of the prosthetic arm. 

Table 1 Performance Evaluation Metrics 

 

Metric  Value 

Accuracy 0.85 

Precision 0.8 

Response 

Time 

< 200 ms 

Stability High 

 

The experimental results demonstrate that the proposed INNOARM system effectively detects muscle 

signals and translates them into corresponding prosthetic movements. The system accurately responds to 

variations in EMG signal strength, enabling actions such as hand opening, closing, and gripping. The use of 

signal conditioning techniques improves the clarity of EMG signals, resulting in better control accuracy and 

reduced noise interference. 

 
Fig. 2. Energy Efficiency 
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The prosthetic arm exhibits smooth and consistent movement during operation, with minimal delay 

between signal detection and motor response. The system also maintains reliable performance during 

continuous usage, indicating its suitability for real-time assistive applications. 

4.1 Signal Analysis Discussion 

The signal analysis module evaluates EMG inputs based on predefined threshold values to determine user 

intent. The system classifies muscle activity into different levels, allowing precise control of the prosthetic arm. 

Strong muscle contractions result in higher signal amplitudes, triggering specific motor actions, while weaker 

signals maintain the system in a resting state. 

 
Fig. 3. Experimental Evaluation 

The results indicate that threshold-based signal interpretation provides a simple yet effective approach for 

real-time control. However, variations in muscle signal strength due to user differences may affect performance, 

highlighting the need for adaptive calibration mechanisms in future improvements. 

4.2 Performance Analysis 

The system was tested under different operating conditions, including variations in signal strength, 

electrode placement, and repeated usage cycles. It maintained consistent accuracy and response time across all 

test scenarios. The modular architecture of the system allows efficient processing and easy scalability for 

additional functionalities. The integration of EMG sensing, signal processing, and actuator control ensures 

robust system performance and real-time responsiveness. Overall, the proposed INNOARM system 

demonstrates reliable operation, making it a practical and cost-effective solution for prosthetic applications. 

The proposed INNOARM system demonstrates significant improvements in prosthetic control, 

responsiveness, and usability compared to traditional prosthetic devices. Unlike conventional prosthetic arms 

that rely on mechanical switches or manual control, the integration of electromyography (EMG) signals enables 

real-time and intuitive interaction between the user and the device. The system effectively interprets muscle 

activity and translates it into mechanical movements, allowing users to perform actions such as gripping and 

releasing objects with minimal effort. The modular architecture of the system allows seamless integration of 

components such as signal acquisition, signal conditioning, processing, and actuation. This structured design 

reduces system complexity and enhances flexibility for future upgrades. Experimental results indicate that the 

system maintains reliable performance in detecting muscle signals and executing movements with low latency. 

The use of filtering and amplification techniques improves signal quality, ensuring accurate interpretation even 

in the presence of noise. In addition to real-time control, the system provides a simple and user-friendly 

interface that reduces the need for complex calibration procedures. The ability to process EMG signals 

efficiently ensures consistent performance across different operating conditions. The system also supports 

continuous operation without significant degradation in performance, making it suitable for practical assistive 

applications. Overall, the proposed system offers a cost-effective, efficient, and scalable solution for prosthetic 

arm control. It enhances user experience by providing natural and responsive movement, while also 

maintaining affordability. Future improvements may include the integration of machine learning algorithms 

for advanced gesture recognition, wireless communication for improved mobility, and feedback mechanisms 

such as haptic response to further enhance usability and performance. 
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5. Conclusions 

This paper presented INNOARM, an EMG sensor-based prosthetic arm that integrates bio-signal 

acquisition, signal processing, and embedded control techniques for intuitive and real-time prosthetic 

movement. The proposed system provides a unified framework that includes EMG signal acquisition, signal 

conditioning, threshold-based processing, and actuation using servo motors to perform movements such as 

gripping and releasing. Experimental results demonstrate that the system achieves reliable performance in 

muscle signal detection and prosthetic control, improving accuracy, response time, and usability compared to 

traditional prosthetic devices. The use of signal conditioning and efficient processing techniques ensures 

accurate interpretation of EMG signals, enabling smooth and natural movement of the prosthetic arm. The 

proposed system supports assistive technology development by providing a cost-effective and accessible 

solution for individuals with limb loss. Its simple and modular design improves usability, reduces complexity, 

and allows easy integration of additional features for enhanced performance. Future work includes 

incorporating machine learning algorithms for advanced gesture recognition, integrating wireless 

communication for improved mobility, and developing feedback mechanisms such as haptic responses to 

enhance user interaction and control. 
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