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Gesture-Controlled Robotic Arm Manipulator 

 

Abstract 

Robotic arm manipulators have traditionally been controlled using heavy and complicated teach 

pendants, scripted sequences, or pre-programmed routines. While these methods have been 

industry standards, they may often fail to provide intuitive or natural control mechanisms, 

despite the objective of replicating the dexterity and fluidity of the human arm. This work 

explored a novel control methodology that integrated computer vision-based gesture recognition 

with wearable inertial measurement units (IMUs) to enable a more natural, human-like motion of 

a robotic arm. By leveraging advances in machine learning and sensor fusion, the system 

translated user gestures and arm movements into precise commands for the manipulator. 
 

This approach enhanced the dexterity of the arm, simplified the programming of repetitive tasks, 

and facilitated rapid adaptation to sudden environmental changes. The integration of real-time 

computer vision for dynamic adjustments, along with wearable sensors that track precise motion 

changes, ensured seamless interaction between the user and the robotic system. The results 

demonstrated an approach that augmented robotic manipulation by making it more adaptable, 

user-friendly, cost-effective, and efficient across various fields and education.  

 

Introduction 

Modern robotic arm manipulators are often designed to mimic human arms but usually lack 

intuitive and organic control mechanisms. Two common methods for controlling a robotic arm 

include teach pendants and hard coding. Unfortunately, both solutions have significant 

drawbacks. Teach Pendants, usually in the form of a handheld device, are often heavy (3-6 lbs.), 

causing excessive strain and fatigue on a user’s wrist after several minutes of use. They are also 

expensive with basic low-end pendants starting around $1000 USD. Hard coding manipulators 

causes slower development due to the constant task of programming and reprogramming written 

instructions. This, in turn, also makes live testing, troubleshooting code, and implementing in 

educational settings more difficult. With tons of robotic arms on the market, each with their own 

native language, users must know a variety of programming protocols in order to effectively 

program the arm. These existing control methods may create barriers and steep learning curves 

due to complexity, cost, ergonomics, and lack of adaptability. There is a significant need for a 

more user-friendly and adaptive control method that can mitigate all of the aforementioned 

shortcomings. 

 

Background Study and Literature Review  

Recent scholarly work on robotic arm manipulators reveals a variety of strategies and 

technologies used in their development, particularly focusing on the enhancement of their control 

systems by means of wearable sensors and computer vision. Among the most commonly used 

computer vision tools are OpenMV and OpenCV. OpenMV is preferred for simpler, lightweight 

applications using camera modules and MicroPython, while OpenCV is a more powerful option 



 

designed for use with systems that have a dedicated operating system and processing power [1], 

[2]. Combining either of these tools with an analysis algorithm enables robotic arms to perceive 

their environment and perform tasks with greater autonomy and precision [3], [4]. 
 

Wearable sensors also play a key role in the control of robotic arm manipulators, especially in 

applications requiring precise or intuitive human input. Placed on the user's body, typically near 

the arms, hands, or fingers, these sensors capture motion data like orientation and muscle 

activity, which is then translated into real-time arm movement. Common types of sensors include 

inertial measurement units (IMUs) and flex sensors that vary electrical resistance depending on 

the degree they are bent at [5]. Both sensors offer varying levels of sensitivity and 

responsiveness. This technology enables more natural human-robot interaction, particularly 

useful in assistive tech and precision-based tasks. As sensor technology evolves, wearable-

controlled systems are expected to become even more responsive and accessible [6], [7], [8].  
 

In terms of complete movement control, there’s a big divide that exists in design approaches. 

Some robotic arms rely entirely on computer vision to interpret and respond to visual cues, while 

others are operated through wearable sensors that capture human motion to guide the robotic 

limb [9], [10], [11], [12], [13]. Interestingly, only a small number of prototypes combine both 

methods, and even fewer incorporate alternative control techniques such as eye tracking, 

stationary sensors, or EKG monitoring, which suggests a space for further exploration and 

innovation in multi-channel control systems [14], [15]. 
 

From a manufacturing standpoint, 3D printing has emerged as a crucial technology in the 

prototyping phase of robotic arm development. It offers a cost-effective and time-efficient means 

of producing custom parts, allowing for rapid iteration and customization [12]. Most robotic arm 

prototypes are powered by servo or stepper motors, with control systems often built using 

Arduino platforms, ROS (Robot Operating System), or integrated with OpenCV for real-time 

vision-based control [1], [16], [17]. 
 

The motivations behind these projects are often rooted in enhancing accessibility, especially for 

people with physical impairments, automating everyday tasks, and pushing the boundaries of 

how humans and robots can interact in shared spaces [18], [19]. These efforts reflect a broader 

interest in making robotics more adaptable and user-centered, hinting at significant future 

developments in assistive technologies and human-robot collaboration [20], [1]. Beyond 

accessibility considerations, education-focused robotics has experienced significant growth over 

the past decade. Research indicates that integrating robotics into K–16 classrooms has expanded 

particularly within STEM education, where robot-assisted learning environments are associated 

with moderate positive effects on students’ academic performance and attitudes compared to 

traditional instruction. A recent multilevel meta-analysis of studies published between 2010 and 

2022 reported that educational robotics had a notable positive impact on STEM learning 

outcomes, especially in measures of learning performance and student attitudes [21], [22]. 

Global scholarly output on robotics in education has steadily increased over the same period, 

reflecting not only a rise in publication volume but also an expanding research focus 



 

encompassing early childhood through higher education, interdisciplinary learning, creativity, 

and computational thinking [23]. Notably, some researchers have focused on the development of 

low-cost (<$200) educational robotics kits to improve accessibility and allow more students to 

engage with complex systems [24], [25]. 
 

These trends mirror broader shifts in educational practice toward interactive, hands-on learning 

that engages students more deeply than lecture-based instruction alone. This expansion 

highlights the need for more intuitive control interfaces, aligning with the core philosophy of this 

project.  

 

Existing Solutions 

To enable more intuitive operation of robotic arm manipulators, researchers have focused on 

three primary approaches, each presenting distinct strengths and limitations.  
 

The first method relies solely on computer vision, offering a low-cost option that typically 

requires only a standard webcam and no additional hardware. Despite its affordability, this 

technique is vulnerable to occlusion and reduced detection reliability when visual confidence 

declines. Furthermore, restricted viewing angles can hinder comprehensive motion tracking, 

often necessitating dual-camera (stereo) configurations to achieve adequate coverage. 
 

The second approach depends exclusively on sensor-based tracking, most commonly through 

IMUs. This method delivers reliable initial performance without the use of cameras and remains 

relatively inexpensive. However, accumulated drift over extended use reduces precision, making 

periodic recalibration necessary. In addition, capturing complex movements with a single unit is 

impractical, and incorporating multiple devices to enhance fidelity raises system cost.  
 

The third strategy employs a scaled-down physical replica outfitted with potentiometers or 

encoders to measure joint movement. This configuration provides high accuracy and a natural 

user experience, particularly during direct manipulation. Nevertheless, implementation requires 

additional hardware, including a secondary model, supplemental components, and extensive 

wiring, leading to higher expenses. Long-term durability also poses challenges, as repeated 

physical interaction can result in mechanical degradation. 

 

Proposed Solution 

This work, developed as part of a two-semester ECE senior design capstone, proposed a hybrid 

control system for robotic arm manipulators that integrates wearable motion sensors with 

computer vision. By leveraging the strengths of both approaches, this system aimed to improve 

precision, responsiveness, and overall usability. Such a combination remains relatively 

unexplored in current engineering research, offering opportunities for advancements in 

teleoperation and accessibility. The hybrid system enables users to control robotic arms 

remotely, reducing the risk of injury, illness, or fatality in hazardous environments. This 

functionality is particularly valuable for tasks including maintenance, experiments, or inspections 

in areas unsafe for human presence. Additionally, the system could assist individuals with 



 

limited arm mobility due to medical conditions, allowing them to manipulate objects and 

perform tasks without physical strain. These capabilities were made possible by gesture-based 

control, which does not require direct physical contact with the robotic arm or the exertion of 

lifting weight by the user, enhancing both safety and accessibility. 

 

Project Constraints and Limitations 

To simplify the overall approach and implementation, two key design constraints were adopted 

in this project. 
 

 

The first constraint concerns the physical construction of the robotic arm manipulator. While the 

human arm has seven degrees of freedom (DOF), most robotic manipulators are designed with 

six DOF, which is the minimum required to fully define the position and orientation of a rigid 

body in three-dimensional space. In this work, the arm was constructed with five DOF, thereby 

reducing redundancy between shoulder and wrist yaw (horizontal rotation). Rather than 

employing separate actuators for both joints, the wrist yaw actuator was omitted in favor of a 

stronger and more capable shoulder yaw mechanism. This design choice decreases mass near the 

end effector and marginally simplifies the control strategy. 
 

The second constraint relates to the vision system used during experimental evaluation. The 

built-in laptop webcam was unable to provide reliable depth information, which is essential for 

accurate spatial perception. This limitation stems from the absence of an infrared (IR) sensor, a 

feature commonly included in modern devices to generate depth maps for applications such as 

facial recognition. To compensate for this hardware constraint, a low-cost ultrasonic proximity 

sensor was integrated to supplement the webcam with depth measurements. 

 

Methodology and Approach 

The overarching goal of the project was to create an effective control program for a robotic arm 

manipulator based on a user’s gestures. In theory, the robot’s movements should match the user’s 

movements with minimal delay between the two. 

 

System Architecture 

The system was comprised of four primary subsystems: the robotic arm, the wearable sensor 

module, the signal processing system, and the power distribution subsystem (Figure 1). 
 

The robotic arm subsystem contained a microcontroller (Arduino Uno) that controlled stepper 

and servo motors responsible for joint movement. It also included the robotic manipulator and 

the corresponding motor drivers for the stepper motors. The microcontroller received data from 

the signal processing system via a wired serial connection and actuated the arm to the specified 

coordinates. 
 

The signal processing subsystem performed two main functions. First, it determined the position 

of the user’s hand using computer vision for horizontal and vertical tracking, and an ultrasonic 

sensor for depth measurement. Second, it synchronized the positional data with input from the  



 

 
Figure 1. The system-level block diagram for the design. 

 

wearable sensor module to generate a single, coordinated data packet, which was transmitted to 

the robotic arm. This synchronization minimized timing errors and ensured smooth, coordinated 

arm movement. 
 

The wearable sensor subsystem included a dedicated microcontroller (Arduino Nano 33 BLE) 

with a built-in 9-axis IMU. It communicated wirelessly with the signal processing system via 

Bluetooth Low Energy (BLE). A touch sensor detected when the user intends to close the robotic 

claw (the end-effector). Sensor fusion was performed using a Madgwick filter, allowing 

computation of the user’s hand orientation (roll, pitch, and yaw). The orientation data and touch 

sensor state were transmitted to the robotic arm for execution. 

 

System Setup  

In an ideal configuration, the system would consist of two main setups, as illustrated in Figure 2. 
 

The Remote Setup would be where the robotic arm and its primary controller (the Arduino Uno) 

reside. A downward-facing camera (Camera 1) could be used to monitor the arm’s movements, 

providing a live feed to the user at the operation site. 



 

 
Figure 2. The system setup for the design. 

 

In the Operation Setup, the user would wear the motion-sensing module while being monitored 

by the computer vision system through a secondary camera (Camera 2), which in this case is the 

laptop’s webcam. Camera 2 would be positioned at approximately a 45-degree angle to optimize 

gesture tracking. A monitor could display the feed from Camera 1, which would allow the user to 

observe the robotic arm’s movements in real time. Additionally, an ultrasonic sensor was used to 

measure the distance between the user and the screen, facilitating depth-based adjustments in the 

control system. 

 

Hardware Design 

The Arduino Uno was selected as the primary microcontroller for the robotic arm due to its low 

cost, wide availability, and robust GPIO support. Its input/output capabilities were well-suited 

for controlling servo motors, stepper motor drivers, and additional feedback sensors. The board 

also had low power consumption and could operate entirely from a USB connection, simplifying 

system requirements. The wearable sensor module was based on the Arduino Nano 33 BLE, a 

compact microcontroller with integrated BLE for efficient wireless communication and reduced 

power consumption, making it ideal for battery-powered operation. The board included a 9-axis 

IMU for accurate orientation tracking and provided sufficient GPIO to interface with a TTP223 

capacitive touch sensor, which served as a reliable solid-state switch for controlling the end-

effector mechanism. Since the wearable module communicated via BLE and most laptops lack 

native BLE support, an Arduino Nano 33 IoT was used as an intermediary device. This board 

was chosen for its compatibility with the Nano 33 BLE programming environment and lower 

cost. It functioned solely as a data relay for the wearable module and ultrasonic sensor. The HC-

SR04 ultrasonic sensor was chosen for its simplicity and reliability, requiring no external 

libraries. Connecting it to the Nano 33 IoT allowed for simultaneous reception of wearable and 

distance data, minimizing timing discrepancies.  



 

 
Figure 3. The wiring of the DRV8825 stepper motor drivers. 

 

NEMA 17 stepper motors were chosen for the three lower joints due to their high torque, 

reliability, and extensive documentation, providing sufficient strength to support the arm and 

payload. A smaller NEMA 11 stepper motor was chosen for wrist rotation because of its compact 

form factor and higher torque output compared to a servo motor. DRV8825 motor drivers were 

utilized to drive the stepper motors due to their compact size, Arduino compatibility, and ability 

to meet the power requirements of the NEMA motors (Figure 3). Each driver was powered by an 

external 24V DC supply, as the motors required approximately 1.6 A of current. For the wrist 

and end effector, MG995 servo motors were used. Their light weight and power requirements 

made them suitable for low-torque joints. The end effector was a simple claw mechanism, 

programmed to stop applying force upon detecting resistance to prevent mechanical strain. 

 

Software Design 

The positioning algorithm for the computer vision system ran on a laptop, which was chosen 

because of its built-in webcam and superior processing power compared to microcontrollers. 

This setup ensured better performance for both computer vision tasks and data forwarding. 

Although the control system was compatible with any device capable of running Python 3.12, a 

laptop offered the best balance between portability and performance.  

 

The computer vision component was implemented using OpenCV and MediaPipe. Since the 

program ran in Python, threading was used to allow the vision system and the routing code to 

execute concurrently. Communication with the Arduino Uno and the Arduino Nano 33 IoT was 



 

handled via serial connections. This allowed the laptop to combine data from the computer 

vision system with sensor data received from the IoT devices and forward it to the Uno. The 

Arduino Nano 33 IoT communicated via USB serial and primarily handled the BLE data. It 

merged this data with readings from an ultrasonic sensor and sent the combined information to 

the Python script on the laptop for further processing. 

 

 
Figure 4. A simplified drawing of the robotic arm manipulator with joint frames labeled for 

clarity. The reference frame {0} and frame {1} are aligned. 

 

 
Figure 5. The fully assembled robotic arm manipulator. 



 

Physical Design of the Robotic Arm Manipulator 

As shown in Figure 4, the manipulator was chosen to have 5 degrees of freedom to reduce 

redundant actuation, thus simplifying the control program and physical design.  
 

Each joint also corresponded to a specific motion in a human arm: 

• Joint 1 (θ1) replicated horizontal shoulder motion – Horizontal movement from the 

computer vision. 

• Joint 2 (θ2) replicated vertical shoulder motion – Vertical movement from the computer 

vision and depth from the proximity sensor. 

• Joint 3 (θ3) replicated vertical elbow motion – Vertical movement from the computer 

vision and depth from the proximity sensor. 

• Joint 4 (θ4) replicated horizontal wrist motion – IMU roll data from the wearable unit.  

• Joint 5 (θ5) replicated vertical wrist motion – IMU pitch data from the wearable unit. 
 

In order to compensate for the significant weight of the stepper motors, the motors themselves 

were placed as close to the bottom of their respective joint as possible. This meant that, in order 

to achieve motion in the joints, belts and pulleys were used. Finally, 3D printing was chosen as 

the primary fabrication method since it allowed for rapid and cost-effective prototyping (Figure 

5). PETG filament was selected for its favorable balance of strength, durability, and thermal 

resistance compared to other common 3D printing materials. 

 

System Testing 

To facilitate easy troubleshooting, each system was tested individually. First, the computer 

vision system was tested by gathering coordinate data and printing it to the terminal. Then, the 

IMU and sensor fusion were tested by tilting the unit while observing the Arduino Nano BLE 

output on the serial monitor. Following that, the BLE connection was tested by having the IoT 

device print received BLE data to the serial monitor. The routing and data combination code was 

then verified by running a threaded Python script that collected data from the IoT device and 

printed the combined output to the terminal. 
 

Each joint of the robotic arm was also tested to ensure smooth, unrestricted movement. After the 

components were assembled and properly wired, a verification program was uploaded to move 

the motors back and forth at varying speeds. The resulting motion was documented for future 

reference. After confirming that both the coordinate system and physical joint movement 

functioned correctly, the tracked coordinate data was sent to the robotic arm’s Arduino Uno via a 

serial connection. The arm joints were then tested to assess how accurately they responded to the 

received coordinate data. 

 

Results and Discussion 

The results presented were based on system-level proof-of-concept testing and course-based 

evaluations rather than a controlled human-subjects study and are intended to illustrate feasibility 



 

and educational value rather than establish benchmark performance. Overall, the system operated 

correctly as it tracked a user’s gestures and appropriately matched with minimal delay. 

  

Computer Vision  

As shown in Figure 6, the computer vision was capable of recognizing joints like the elbow and 

wrist. The system performed fairly accurately when tracking movement within the frame. The 

most critical aspect of this process was the extraction of the joint coordinates. During testing, the 

X and Y coordinates (horizontal and vertical axes, respectively) proved to be accurate. While the 

computer vision system function is mostly correct, it is not accurate enough to handle more 

advanced inputs, such as detecting the intent to open or close the end-effector. As shown in 

Figure 7, the system could become confused when an object obscures the hand, sometimes 

hallucinating fingers or failing to detect them entirely due to low confidence levels. This was the 

main reason behind the implementation of a touch sensor for controlling the opening and closing 

of the claw, replacing the unreliable finger-tracking approach. Thankfully, extracting coordinates 

from the computer vision system was successful in both the X and Y directions. 

 

 
Figure 6. Two instances of the computer vision program properly tracking a user’s hand and arm. 

 

 
Figure 7. Two instances of the computer vision program unable to track a user’s hands properly. 

 



 

 
Figure 8. The sensor fusion terminal. From left to right, Wrist X-coordinate, Wrist Y-coordinate, 

Elbow X-coordinate, Elbow Y-coordinate, Shoulder X-coordinate, Shoulder Y-coordinate, 

Touch sensor, Ultrasonic, IMU roll, IMU pitch, IMU yaw. 

 

 
Figure 9. The sensor fusion system with the IMU, computer vision, and ultrasonic sensor data 

(this image did not include touch sensor). 

 

IMU Data 

Rotational data from the IMU (Figure 8) was obtained effectively using a Madgwick filter. 

Additional sensors, including touch and ultrasonic sensors, were integrated later in the project 

and functioned as expected (Figure 9). However, combining all pieces of data together proved to 

be a challenge. The computer vision system and the wearable/ultrasonic system operated at 

different update rates and could not interact directly without causing timing issues. While delays 

and timeouts could have been used to manage synchronization, they risked the system falling out 

of sync over time if not implemented perfectly. To address this, threading was introduced so that 

both systems could run in parallel. A separate program was created to collect and merge the data. 

Each system pushed its data into a queue using Python’s queue library. When preparing to send 

data to the Arduino Uno, the program cleared the queue to ensure only the most recent data was 

used, avoiding outdated information. 



 

Gesture-Control of the Manipulator  

To evaluate the effectiveness of the entire system, a combination of quantitative and qualitative 

assessment methods were employed. Gesture recognition performance was evaluated by 

analyzing live data readouts and visually inspecting the placement of detected landmarks and 

skeletal links overlaid on the camera feed. Hand motion demonstrations were conducted under 

varying lighting conditions, backgrounds, and user orientations to assess robustness and 

generalizability. During system testing, the vision-based gesture recognition module achieved a 

high classification and spatial positioning accuracy exceeding 95% in real-time for a predefined 

set of discrete hand gestures. Minor performance degradation was observed under extreme 

lighting variations; however, the system remained stable and functional. 
 

IMU tracking accuracy was evaluated by comparing users’ intended hand and wrist motions with 

the corresponding system outputs across each rotational axis. When fused with visual input, IMU 

data significantly improved motion continuity and control precision, compensating for temporary 

visual occlusions and reducing jitter. This multimodal fusion reduced end-to-end system latency 

to under 600 milliseconds and minimized positioning errors during robotic arm operation. As a 

result, smoother trajectories and more accurate end-effector placement were observed during 

manipulation tasks. 
 

System responsiveness and task-level performance were assessed using a standardized set of 

robotic manipulation tasks, including pick-and-place operations and predefined trajectory-

following exercises. The system consistently completed tasks with high success rates while 

maintaining responsiveness under dynamic conditions, such as sudden changes in background, 

lighting, or user position. These results demonstrated the system’s reliability and suitability for 

real-world deployment. 
 

Beyond technical performance metrics, user feedback was assessed on usability, intuitiveness, 

and learning curve. Based on informal user feedback and reflective discussion, the gesture-based 

interface was perceived to be more intuitive than conventional control approaches (Figures 10 

and 11). Overall, both objective measurements and subjective evaluations indicate that the 

proposed system provides accurate, responsive, and user-friendly gesture-based robotic control. 

 

Future Improvements 

While the system functioned as intended, there were several design improvements that could 

enhance its reliability and usability. One notable improvement would be offering the option to 

use a serial connection on the wearable module as an alternative to Bluetooth, which could help 

reduce signal interference when needed. 
 

The current ultrasonic sensor was fairly accurate but suffered from a limited field of view and 

reduced accuracy when detecting objects that are offset. To address this, a second camera could 

be added to the computer vision system. This setup would require a reference card (a pattern of 

known size and shape) to calibrate the offset between the cameras. Once configured, this would 

significantly improve depth perception and overall accuracy. 



 

   
Figure 10. When pressing the button on the wearable module, the end-effector closes. 

 

   
Figure 11. When tilting the wearable module up, the robot’s wrist also moves up (left). When 

tilting the wearable module down, the robot’s wrist also moves down (right)  

 

Finally, the system could benefit from improvements to its mechanical design. In its current 

configuration, there is no mechanism for adjusting the tension of the belts connected to the 

stepper motors. Over time, these belts are subject to stretching, and insufficient tension may lead 

to inaccurate or unintended arm motion. Incorporating adjustable belt tensioners would allow 

proper re-tensioning after wear, eliminating the need to replace the belts entirely less often. 

 

Educational Framework and Assessment 

This work was developed by two undergraduate students as part of a two-semester ECE senior 

design capstone under the direction of an ECE professor. The work reinforced experiential 

learning through open-ended, interdisciplinary system design, including areas in electrical, 

computer, robotics, and mechanical engineering. While the system demonstrated effective 

gesture-based robotic control, the primary contribution of the paper laid in its role as an 

experiential learning platform within an undergraduate ECE curriculum. Students developed a 

hybrid robotic arm control system combining computer vision–based gesture recognition with 

wearable IMUs and an ultrasonic proximity sensor to enable intuitive, human-centered 

manipulation. The project required integration of robotics, embedded systems, machine learning, 

control systems, computer vision, and human–robot interaction, while managing real-world 

constraints such as cost, timelines, and component selection. 

 



 

Learning Objectives 

The learning objectives for this project included: (1) synthesizing knowledge across multiple 

engineering domains, (2) developing systems-level thinking through hardware–software co-

design and sensor fusion, (3) evaluating human-centered metrics such as usability, user 

experience, responsiveness, and latency, (4) practicing iterative prototyping and debugging, (5) 

coordinating project schedules, (6) managing budgets through component research and selection, 

and (7) communicating technical decisions through design reviews and documentation. 
 

The project followed an iterative, design-based structure. Students defined system requirements, 

selected sensing modalities, implemented real-time data acquisition, and developed a sensor 

fusion pipeline combining vision, IMU, and ultrasonic data to improve accuracy and reliability. 

Iterations addressed challenges including gesture misclassification, IMU drift, depth-sensing 

limitations, and device synchronization. Faculty mentorship focused on guidance rather than 

prescriptive instruction and fostering student ownership of design decisions. 

 

Educational Assessment 

Educational impact was evaluated using direct and indirect methods. Direct assessments included 

rubric-based design reviews, technical reports, and live demonstrations that focused on 

interdisciplinary integration, hardware/software justification, and problem-solving. The rubric 

was developed for consistency in evaluation and feedback across four levels: Exemplary, 

Satisfactory, Developing, and Unsatisfactory. The design rubric evaluated the technical 

understanding and design objective, the iterative design process, functionality, innovation, the 

completion of the design, and the integration of all components and/or sub-systems into the 

developed system. Additionally, detailed testing methods, experimentation, and analysis and 

discussion of results were evaluated. Presentation and communication required a technical 

report, oral and poster presentations, and project demonstrations. Indirect assessments included 

pre- and post-project self-efficacy reflections on system integration, sensor fusion, and 

debugging, along with written statements on challenges and lessons learned. 
 

Results indicated meaningful experiential learning outcomes. Students reported increased 

confidence in integrating hardware and software, managing timelines and budgets, and 

evaluating system-level trade-offs. Design reviews demonstrated improved ability to justify 

technical decisions and analyze performance metrics such as latency (<600 ms), gesture 

recognition accuracy (>95%), and motion reliability. Reflections highlighted the value of 

iterative prototyping, failure-driven learning, and interdisciplinary collaboration. Achievements 

included successful device communication, accurate manipulator tracking, and physical creation 

of a robotic arm despite minimal prior mechanical experience. 
 

Technical findings include: IMUs provided high-resolution motion tracking but were prone to 

drift; ultrasonic sensors improved depth sensing, making it a cheaper alternative to adding a 

second camera; and computer vision provided contextual awareness but was limited by 

obstructions. Combining these methods improved control reliability, responsiveness, and 



 

adaptability, with potential applications in assistive technologies, kinesthetic programming, and 

remote handling of hazardous materials. 
 

The framework, an open-ended problem definition with iterative development, milestone-based 

assessment, and reflection, is broadly transferable, demonstrating how technically complex 

capstone projects can serve as effective platforms for experiential learning in undergraduate 

engineering education. 
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