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Abstract:

This study presents the design and implementation of an Al-driven virtual robotic arm simulation that
integrates computer vision and inverse kinematics (1K) for real-time motion control and visualization. The
proposed system, developed using Python, OpenCV, and Pygame, enables motion tracking and arm
manipulation within a fully software-based framework, eliminating the need for physical sensors or
hardware. A webcam captures the real-time video stream, which undergoes HSV-based color
segmentation and contour analysis to identify target markers. These markers are processed through inverse
kinematic equations to compute joint angles and simulate accurate arm motion. Unlike conventional
robotic platforms requiring costly equipment and calibration, this virtual system operates efficiently on
standard computing hardware while maintaining high positional accuracy and smooth response at 25-30
fps.

Experimental validation demonstrates that the system achieves an average positional deviation of +2
pixels, corresponding to sub-centimeter precision within the simulation workspace. The integrated Al-
driven vision framework ensures adaptability to varying lighting and background conditions. The system’s
modular architecture allows parameter customization for joint limits, link lengths, and target detection
thresholds, making it highly suitable for educational, industrial training, and research environments. The
results confirm that vision-based inverse kinematic models can effectively replicate the dynamic behavior
of physical manipulators, establishing a scalable foundation for 3D simulation, gesture-based
teleoperation, and autonomous robotic control.

Keywords: Computer Vision; Inverse Kinematics; OpenCV; Al-Controlled Manipulators; Human—Robot
Interaction

1. INTRODUCTION

In the current era of rapid technological transformation, automation and robotics are redefining industrial
operations across the globe. Robots have evolved from simple, repetitive machines into intelligent systems
capable of perception, learning, and decision-making. Among these, pick-and-place robotic systems have
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gained exceptional prominence due to their ability to handle precise material movement, reduce manual
labor, and maintain consistency in production environments. Industries such as pharmaceutical
manufacturing, packaging, and electronics assembly require delicate and accurate manipulation of
objects—tasks that are ideally suited to robotic automation.

The demand for vision-based robotic arms has grown significantly as industries transition toward Industry
4.0, where intelligent systems interact seamlessly with human operators and digital environments. These
robots employ computer vision to identify and locate objects, combined with inverse kinematics (1K) to
calculate joint angles necessary for the end-effector to reach the desired target. When integrated with
artificial intelligence (Al) models, such systems become self-adaptive, capable of adjusting their motion
trajectories based on the changing environment or dynamic object positions.

The development of a virtual robotic arm, controlled via computer vision, forms a cost-effective and
powerful approach for research, simulation, and education. Rather than relying on expensive robotic
hardware, a simulated arm allows engineers and students to visualize and experiment with robotic motion,
object tracking, and inverse kinematics through a live camera interface. The present work introduces a
software-based Al-powered robotic arm that performs pick-and-place operations in a virtual environment,
governed by real-time camera inputs and mathematical motion modeling.

In traditional robotic systems, manual programming of movement trajectories can be time-consuming and
lacks adaptability. However, by integrating a vision-based feedback system, robots can automatically
sense target positions and compute corresponding joint movements. This is achieved through a
combination of OpenCV (for image processing and object tracking), NumPy (for mathematical
computation), and trigonometric modeling (for computing angular motion). These modules enable the
robotic arm to visually perceive the target, process spatial coordinates, and execute smooth and collision-
free motion paths using inverse kinematics equations.

The concept of inverse kinematics lies at the heart of robotic motion control. It defines the mathematical
relationship between the end-effector’s position in Cartesian space and the joint angles that produce that
position. For a two-link robotic arm, the 1K problem can be expressed through trigonometric equations
involving the arm’s link lengths and the target point’s coordinates. Solving these equations provides the
angular displacements (0: and 0:) of the two joints, allowing the robot to precisely reach any point within
its workspace. This study implements an optimized IK algorithm to ensure accurate and stable arm
movements while maintaining computational efficiency suitable for real-time applications.

The proposed robotic arm simulation also incorporates color-based object detection, where the system
identifies objects of a specific color within the camera frame using HSV (Hue, Saturation, Value)
thresholds. Once the target is located, its coordinates are extracted and transformed relative to the arm’s
base position. The algorithm then computes inverse kinematics to generate the required joint angles,
resulting in real-time arm visualization. This pipeline effectively combines computer vision, trigonometric
modeling, and motion rendering into a single unified framework.

IJSAT260110558 Volume 17, Issue 1 (January-March 2026) 2


https://www.ijsat.org/

International Journal on Science and Technology (IJSAT)

E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

=°

Numerous researchers have explored similar directions in the field of robotic perception and automation.
[2] highlighted how autonomous robotic vehicles could assist in first-aid emergencies, emphasizing the
role of robotic intelligence in performing life-saving tasks. Their work demonstrates the increasing
reliability of Al-assisted robotic systems in dynamic and uncertain environments. Other studies have
proposed the use of deep learning models, gesture control, and hybrid neural-kinematic architectures to
enhance robotic decision-making. These advancements collectively contribute to the transformation of
robots from mere mechanical systems to collaborative, adaptive agents.

The importance of this work also extends to academic learning and training. In many robotics and
mechatronics programs, students often face limitations in accessing costly hardware setups. A simulation-
driven robotic framework such as this not only bridges that gap but also enhances conceptual
understanding by allowing visualization of abstract mathematical relationships between geometry, motion,
and control. Furthermore, the same system can be integrated into gesture-controlled interfaces or Al-based
recognition modules to create flexible extensions for future research. This research paper, therefore,
focuses on developing and analyzing a vision-based Al robotic arm simulation capable of performing
dynamic pick-and-place operations without physical hardware. The simulation results validate the
accuracy of inverse kinematics implementation and demonstrate the feasibility of achieving human-like
precision through image-based control.

The structure of this paper is organized as follows: Section 2 presents a comprehensive literature review
highlighting the research contributions of previous authors in the domain of Al, robotics, and vision-based
manipulation. Section 3 elaborates on the system methodology, including design principles, algorithm
development, and mathematical modeling of inverse kinematics. Section 4 discusses the results obtained
through simulation and provides a detailed analysis of system performance. Section 5 concludes the paper
with insights into potential real-world applications and future directions for improvement. Through this
work, the authors aim to demonstrate a fusion of computer vision and robotic intelligence that aligns with
global technological trends in automation, providing an adaptable framework for both educational and
industrial research in smart manufacturing and human-robot collaboration.

2. LITERATURE REVIEW

The field of inverse kinematics (1K) has long been a cornerstone of robotic motion control, providing the
mathematical framework for determining joint parameters required to achieve a desired end-effector
position and orientation. Foundational work by Craig [3] and Siciliano et al. [4] established robust
mathematical models for multi-link manipulators, encompassing both serial and parallel robotic arms.
Craig [3] focused on analytical solutions for serial manipulators, formulating equations that directly map
the end-effector’s spatial coordinates to the robot’s joint angles, which remain critical in trajectory
planning. Siciliano et al. [4] extended this framework by providing both analytical and numerical
approaches for complex manipulators, including redundant and high-degree-of-freedom robots. These
classical IK formulations serve as the bridge between theoretical kinematics and practical implementation,
enabling precise motion control in industrial, service, and research-grade robotic systems.
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In recent years, vision-based motion control has emerged as a crucial complement to traditional 1K-based
approaches. Nayak and Kumar [5] developed an HSV-based gesture recognition system that enhanced
tracking stability under variable lighting conditions, addressing a common limitation of RGB-based
systems. Their system effectively segmented hand gestures and translated them into control commands,
demonstrating that the hue-saturation-value (HSV) color space offers robustness against environmental
changes, including shadows and illumination shifts. Lee and Park [6] explored marker-tracking algorithms
for robotic arms and found that HSV-based segmentation consistently provided more reliable end-effector
localization than RGB models, particularly in scenarios with complex backgrounds. These studies
collectively emphasize that integrating vision systems with robotic manipulators improves real-time
control, reduces error propagation, and enables adaptive interactions in dynamic settings.

The integration of artificial intelligence (Al) with computer vision has further revolutionized robotic
adaptability and autonomy. Zhang et al. [7] employed deep learning models to predict robot motion
trajectories based on visual inputs, demonstrating improved accuracy and reduced response times, even in
unstructured environments. Singh et al. [8] expanded on this by implementing reinforcement learning for
robotic arm control, allowing the system to optimize its movements through trial-and-error feedback while
using computer vision to evaluate task completion. These Al-based approaches overcome limitations of
classical control methods, particularly in environments with uncertain or partially observable conditions.
By combining learning-based prediction with IK solutions, robots can achieve both precision and
adaptability, bridging the gap between theoretical kinematics and real-world applications.

Parallel to advances in vision and Al, simulation frameworks have become indispensable tools for both
research and education in robotics. Ahmed and Rao [9] developed interactive Python-OpenCV-based
environments that enable real-time visualization and control of virtual manipulators. [10] extended these
frameworks by incorporating user-defined motion planning algorithms and gesture-based controls,
creating low-cost platforms that mimic real-world robotic tasks. Such software-based simulators allow for
rapid prototyping, iterative testing, and performance evaluation without the need for physical hardware,
making them particularly valuable for small-scale labs, educational settings, and preliminary research
projects. These virtual environments align closely with the objectives of the current study — to create an
accessible and interactive platform for motion control and gesture-based interaction.

Educational research has consistently highlighted the benefits of virtual robotics platforms. [11] observed
that students developed a deeper understanding of kinematic relationships and joint coordination when
interacting with simulated manipulators. [12] emphasized that virtual platforms not only reduce costs
associated with hardware but also provide safer environments for experimentation, allowing learners to
test multiple control strategies without the risk of damaging equipment. These findings underscore the
pedagogical value of integrating IK, vision-based tracking, and Al into educational simulations,
facilitating experiential learning and reinforcing theoretical concepts.

Despite these advances, several research gaps remain. Most prior work focuses on isolated components—
either vision-based tracking, Al-driven motion prediction, or 1K-based control—without fully integrating
these elements into a cohesive framework. Additionally, while HSV-based segmentation has proven
effective, it may still suffer under extreme lighting conditions, reflections, or cluttered backgrounds,
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highlighting the need for more robust preprocessing or adaptive algorithms. The challenge of designing
fully virtual, gesture-controlled systems also involves addressing latency issues, ensuring smooth motion
trajectories, and providing intuitive interfaces for user interaction. Addressing these gaps would enable
the development of software-only platforms that closely emulate real-world robotic operations, making
them highly valuable for research, training, and educational purposes.

Furthermore, recent trends indicate an increasing focus on multimodal approaches that combine gesture
recognition, Al-based decision-making, and IK solutions for precise control. By leveraging HSV-based
gesture tracking, the system can reliably interpret human commands, while Al models predict and optimize
motion trajectories. The IK algorithms then translate these predictions into joint-level actions, completing
the control loop. Such integration not only enhances accuracy but also facilitates adaptive interaction in
dynamic and unstructured environments, bridging the gap between human intent and robotic execution.

In conclusion, the reviewed literature highlights a clear trajectory in modern robotics: combining classical
kinematic principles with Al, computer vision, and interactive simulation frameworks enables the
development of highly adaptable, cost-effective, and educationally valuable robotic systems. The present
study builds on this foundation by designing a gesture-controlled virtual robotic arm, integrating HSV-
based gesture recognition, Al-assisted motion prediction, and IK-based manipulator control into a unified,
software-only simulation environment. This integrated approach addresses key challenges in robotic
education and research, providing a scalable platform for testing control algorithms, exploring human-
robot interaction, and enhancing the accessibility of robotics experimentation for students and researchers
alike [13][14][15].

3. RESEARCH METHODOLOGY
The research methodology of this study was designed to ensure the reliability, reproducibility, and
theoretical grounding of the proposed virtual robotic arm simulation. The methodology emphasizes three
main dimensions: system design, experimental validation, and performance analysis.
3.1 Research Design
The research adopts an experimental-simulation approach based on the iterative design of a two-link planar
robotic arm controlled through inverse kinematics (IK). The goal is to validate whether real-time vision-
based tracking can accurately generate joint angles for virtual motion control without physical feedback
sensors. The overall workflow includes:

e Capturing the real-time position of a target marker using a webcam;

e Processing image frames through OpenCV-based HSV segmentation;

e Computing IK-based joint angles via trigonometric relationships;

e Visualizing arm movement through Pygame animation.
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This design enables controlled testing of visual recognition accuracy, kinematic stability, and
computational latency.

3.2 Experimental Framework

Experiments were conducted on a standard computing platform equipped with an Intel i5 processor and
integrated graphics to simulate an accessible, low-cost educational environment. The webcam operated at
25-30 frames per second with a 640x480 resolution. Each frame was preprocessed to reduce noise and
converted to HSV color space, providing illumination-invariant marker detection [3], [4]. The binary mask
generated was analyzed using contour detection, and centroid coordinates were computed to represent the
target end-effector position.

The inverse kinematics solver used geometric equations based on the law of cosines, ensuring
deterministic joint angle computation [1], [2]. Angle values were verified using forward kinematics to
confirm positional accuracy. The simulation loop continuously updated joint angles to achieve smooth
arm motion in real time.

3.3 Validation Approach

Validation focused on three performance metrics as given below. Performance outcomes were compared
against theoretical expectations from standard IK formulations [1], [2] and vision-based tracking
benchmarks [5], [6].

e Tracking Accuracy: Measured as the deviation between the detected and simulated end-effector
positions (x2 pixels on average).

e Latency: Time delay between visual input and arm motion response (below 0.1 seconds at 30 fps).

o Kinematic Stability: Evaluated by analyzing smoothness of angular transitions using root-mean-
square (RMS) error over multiple frames.

3.4 Theoretical Framework

The theoretical model guiding this study is grounded in classical robotic kinematics and computer vision
theory. The IK computation is derived from the law of cosines and sine relationships governing two-link
planar arms [1]. Error propagation from pixel-space detection to joint-space estimation follows first-order
partial derivative analysis, where uncertainty in pixel position (Ax, Ay) translates into angular deviations
(AO1, AB2) through the Jacobian matrix [2]. This relationship underpins the system’s stability analysis and
ensures theoretical validation of visual-to-kinematic transformation accuracy.
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4.

)

ATA COLLECTION AND ANALYSIS

The methodology of this study focuses on the simulation and visualization of a two-link planar robotic
arm using inverse kinematics (IK). The system is designed to accurately compute joint angles based on
target end-effector positions, and to visualize the resulting arm motion in real time. The platform is
entirely software-based, eliminating the need for physical hardware, making it cost-effective and ideal
for educational and research applications.

4.1 System Overview
The system architecture is composed of four main modules, each responsible for a specific aspect of data
acquisition, processing, kinematic computation, and visualization:

1.

Image Acquisition — The live video feed is captured from a standard webcam using OpenCV. The
resolution and frame rate are optimized to maintain a smooth real-time simulation. Captures live
video frames using a webcam connected to a computer. The webcam continuously streams images
at a resolution sufficient for accurate detection of the colored marker representing the target
position. OpenCV libraries are used to handle video capture, frame extraction, and buffering. Care
is taken to maintain a frame rate of 25-30 frames per second to achieve near real-time simulation
without significant lag. Preprocessing and Marker Detection — The captured frames are pre-
processed to reduce noise, converted from RGB to HSV colour space, and thresholded to isolate
the target marker. Contour detection algorithms identify the position of the marker in the frame.

Preprocessing and Marker Detection — Each captured frame undergoes preprocessing to reduce
noise, improve contrast, and isolate the target marker. The RGB image is converted to the HSV
color space, allowing robust detection under varying illumination. Thresholding and contour
detection are applied to identify the marker’s position.

Kinematic Computation — The centroid coordinates of the marker are mapped to a 2D plane and
processed using inverse kinematics equations to determine the joint angles 6: and 0: of the two-
link planar arm. The marker’s pixel coordinates are mapped to the 2D plane of the virtual robotic
arm. Using inverse kinematics, the system calculates the joint angles 6. and 0: required to position
the end-effector precisely at the target location.

Visualization and Control — Using Pygame, the arm’s links and joints are drawn on the screen.
The visual representation dynamically updates according to the computed joint angles, simulating
realistic robotic motion in real time. The computed joint angles are used to draw the arm in the
Pygame simulation window. Links are represented as lines, joints as circles, and the end-effector
as a special node. Real-time updates ensure smooth, continuous movement as the target position
changes.

This architecture ensures efficient data flow from image acquisition to simulation, maintaining high frame
rates for smooth and responsive operation. This modular architecture ensures efficient and structured data
flow, minimizing latency and errors while maintaining a visually intuitive interface. Each module is
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independent yet tightly integrated, allowing future scalability—such as extending to multi-link arms,
incorporating Al-assisted trajectory prediction, or modifying the target input method. Additionally, the
system architecture supports real-time monitoring of kinematic relationships, providing an educational
platform for understanding how joint angles correlate with end-effector position. By combining image
acquisition, preprocessing, inverse kinematics, and visualization into a seamless loop, the system
demonstrates both practical and theoretical aspects of robotic motion control.

4.2 Image Acquisition and Preprocessing

Accurate and reliable detection of the target marker is a critical prerequisite for the effective functioning
of a two-link planar robotic arm using inverse kinematics. The image acquisition and preprocessing
module forms the foundation of the system, ensuring that the input data fed to the inverse kinematics
module is precise and consistent. This module handles the capture, enhancement, and segmentation of
video frames from a standard webcam, preparing them for subsequent kinematic computation. Accurate
end-effector positioning requires precise detection of the target marker in the video feed. Each captured
frame undergoes several preprocessing steps. Accurate detection of the target marker is crucial for the IK
computations. The image acquisition module continuously captures frames from a standard webcam, with
adjustable resolution and frame rate to balance performance and computational efficiency. Frames are
initially resized to a manageable size (e.g., 640x480 pixels) to reduce processing load while maintaining
sufficient detail for precise marker localization.

4.2.1 Image Acquisition

The system employs a conventional webcam as the input device to capture the real-time position of a
colored marker in the workspace. The choice of a webcam is motivated by its accessibility, low cost, and
capability to provide sufficient spatial resolution for tracking purposes. Each frame is captured at a
standard resolution of 640x480 pixels, which balances image detail and processing speed, ensuring that
the system can operate in near real-time without overloading computational resources.

To maintain smooth motion tracking, the frame rate is set to 25-30 frames per second (FPS). This frame
rate ensures that the positional updates of the end-effector are frequent enough to simulate continuous
motion, avoiding visual discontinuities or lag in the Pygame visualization. Frames are buffered and
processed sequentially, and any delay due to computational load is minimized through optimized code
execution using the OpenCV library.

Additionally, the system includes mechanisms to handle variations in lighting conditions, such as auto-
brightness correction and histogram normalization. These adjustments ensure that the captured frames
maintain consistent contrast and brightness, which is essential for robust color-based segmentation.

4.2.2 Preprocessing Steps
Once the frames are captured, they undergo a series of pre-processing operations to enhance image quality
and prepare for marker detection:
1. Resizing — Although the webcam captures high-resolution images, the frames are resized to a
manageable resolution to reduce computational load without compromising the accuracy of marker
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detection. This step is critical for maintaining real-time performance, as high-resolution frames
significantly increase processing time.

2. Noise Reduction — To eliminate high-frequency noise, which can cause errors in contour
detection, each frame is subjected to Gaussian blurring. Gaussian blur smooths the image by
averaging pixel values with their neighbors, effectively reducing small-scale variations caused by
sensor noise or background artifacts.

3. Color Space Conversion — The preprocessed frame is converted from the RGB color space to the
HSV (Hue, Saturation, Value) color space. Unlike RGB, HSV separates chromatic information
(hue and saturation) from intensity (value). This separation is particularly advantageous for marker
detection under variable lighting conditions. The hue component primarily identifies the color of
the marker, while the value component is less sensitive to shadows and illumination variations,
resulting in more reliable segmentation.

4. Thresholding and Masking — The HSV frame is then subjected to color thresholding, using
predefined lower and upper limits for hue, saturation, and value. This generates a binary mask
where pixels corresponding to the target color are set to white (foreground), and all other pixels
are set to black (background). The binary mask simplifies the detection process, allowing the
system to focus exclusively on the marker while ignoring the irrelevant background.

5. Morphological Operations — To further enhance the mask and eliminate small noise elements,
morphological operations such as erosion and dilation are applied. Erosion removes isolated pixels
or small blobs, while dilation restores the size of the detected marker after erosion. These
operations refine the mask, producing a clear, contiguous shape that accurately represents the
marker.

To improve reliability, each frame undergoes Gaussian blurring, which reduces high-frequency noise and
eliminates small artifacts that could interfere with contour detection. This preprocessing ensures smoother
contours and more stable centroid calculation, enhancing overall system accuracy. The HSV (Hue,
Saturation, Value) color space is used for marker detection due to its robustness to lighting variations.
Unlike RGB, HSV separates color information (hue and saturation) from intensity (value), making it less
sensitive to shadows and illumination changes. A binary mask is generated using pre-defined lower and
upper HSV thresholds, isolating pixels corresponding to the colored marker.

Accurate detection of the target marker is crucial for the IK computations. The image acquisition module
continuously captures frames from a standard webcam, with adjustable resolution and frame rate to
balance performance and computational efficiency. Frames are initially resized to a manageable size (e.g.,
640x480 pixels) to reduce processing load while maintaining sufficient detail for precise marker
localization. To improve reliability, each frame undergoes Gaussian blurring, which reduces high-
frequency noise and eliminates small artifacts that could interfere with contour detection. This
preprocessing ensures smoother contours and more stable centroid calculation, enhancing overall system
accuracy. The HSV (Hue, Saturation, Value) color space is used for marker detection due to its robustness
to lighting variations. Unlike RGB, HSV separates color information (hue and saturation) from intensity
(value), making it less sensitive to shadows and illumination changes. A binary mask is generated using
pre-defined lower and upper HSV thresholds, isolating pixels corresponding to the colored marker. After
thresholding, contour detection is performed using OpenCV’s findContours function. The largest contour
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is selected as the marker. After thresholding, contour detection is performed using OpenCV’s find
Contours function. The largest contour is selected as the marker. The centroid of the contour is computed
using image moments:

This process is repeated for every frame in a continuous loop, resulting in real-time tracking of the target
position. The preprocessing pipeline ensures that even under small lighting variations or background noise,
the marker is detected reliably, providing accurate input for the inverse kinematics computations.

e Resizing and Noise Reduction — The input frame is resized to a manageable resolution (e.g.,
640x480) and passed through a Gaussian blur to suppress high-frequency noise.

e Colour Space Conversion — The preprocessed frame is converted from RGB to HSV (Hue,
Saturation, Value). The HSV model is preferred over RGB due to its robustness to lighting
variations, separating chromatic content (hue) from intensity (value).

e Thresholding and Masking — Predefined lower and upper HSV limits are applied to generate a
binary mask that highlights the marker while suppressing background elements.

o Contour Detection — OpenCV functions are used to extract all contours from the mask. The
largest contour is assumed to correspond to the marker.

4.2.3 Contour Detection and Centroid Calculation

Once a clean binary mask is obtained, the system employs contour detection to identify the marker.
OpenCV’s findContours function extracts all connected components in the mask. Among the detected
contours, the largest contour is assumed to correspond to the target marker, based on the assumption that
the marker occupies a greater area than any noise or small objects in the frame. Here, I(x, y)represents
the pixel intensity at coordinates (x, y). The centroid represents the target position of the end-effector in
pixel units and serves as the input for the inverse kinematics module.

Centroid Computation:

The centroid (Cx, Cy) of the largest contour is calculated using image moments, which provides the
marker’s coordinates for kinematic computation:

where M;;are spatial moments calculated from the contour:

My=> > xiylicy)
x y
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This process repeats for each frame, allowing continuous real-time tracking of the target in the
workspace.

4.2.4 Real-Time Considerations

The entire preprocessing pipeline—from frame capture to centroid calculation—operates frame by frame
in a continuous loop. This ensures that positional updates are performed in real time, allowing the virtual
arm to follow the target without noticeable delay. To maintain consistent performance, the system
leverages:
o Optimized frame handling: Only relevant regions of interest (ROI) in the frame are processed to
reduce computational overhead.
« Efficient data structures: NumPy arrays and vectorized operations minimize per-frame
processing time.
« Parallelization possibilities: Future extensions can use multi-threading to handle image capture
and processing concurrently.

4.2.5 Summary

The image acquisition and preprocessing module forms the backbone of the inverse kinematics
simulation. By capturing accurate positional data of the marker and ensuring robust preprocessing, the
system guarantees reliable input for joint angle computations. The use of HSV color space, noise
reduction, thresholding, and contour-based centroid calculation ensures that the end-effector can track
the marker with high precision. This module directly impacts the accuracy and realism of the virtual
robotic arm’s motion.

4.3 Inverse Kinematics Computation

The inverse kinematics (1K) module is the core of the virtual two-link robotic arm system, responsible for
translating the target position of the end-effector into corresponding joint angles 6: (shoulder) and 6
(elbow). Unlike forward kinematics, which computes the end-effector position from known joint angles,
inverse kinematics works in reverse, determining the joint configurations required to place the arm at a
desired location in the workspace. This capability is essential for robotic control, trajectory planning, and
precise motion simulation.The two-link planar robotic arm consists of two revolute joints and links of
lengths L,and L,. Given a target end-effector position (x, y), the inverse kinematics equations are used to
compute the required joint angles 0: (shoulder) and 02 (elbow).

4.3.1 Two-Link Planar Arm Model

The system uses a two-link planar manipulator, which consists of:
e Link 1 (L1): Connects the base to the elbow joint.
e Link 2 (L2): Connects the elbow joint to the end-effector.
« Revolute Joints: Each link is connected via rotational joints, allowing angular motion in a 2D
plane.
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The end-effector’s position is defined by Cartesian coordinates (x,y)within the workspace. The
workspace is circular with a radius of L, + L, and targets beyond this range are projected to the nearest
reachable point. This model is widely used in robotics research and education due to its simplicity, yet it
captures the essential principles of joint coordination, workspace constraints, and trajectory planning.

4.3.2 Mathematical Formulation

The inverse kinematics problem involves computing the joint angles for a given target (x,y). Using
geometric analysis, the following relationships are derived:
1. Distance from the base to the target:

= 7y

This distance is critical for determining whether the target is within the arm’s reachable workspace. If
r > L, + L,, the system adjusts the target to a feasible location along the same line.
2. Elbow angle (0:) via the cosine law:
x2+y?—13-13
2L4L,

0, = cos™I(

)

This equation arises from the law of cosines applied to the triangle formed by the two links and the line
connecting the base to the target. 0. determines the angle at the elbow joint required for the end-effector
to reach the desired position.
3. Shoulder angle (0:):
y L,sin @,
0, = tan '(%) — tan" M (—————
! an (x) an (L1 + L,cos 0,
The first term aligns the base with the target, while the second term compensates for the contribution of
the second link. Together, they provide the necessary shoulder rotation to position the arm accurately.

4.3.3 Forward Kinematics Verification

To ensure accuracy, the calculated joint angles are verified using forward kinematics:
Xee = L1cos 8, + Lycos(6, + 06,)
Vee = L1Sin 6y + L,sin(6; + 6,)

This step ensures that the end-effector reaches the intended target. Any discrepancies can indicate
numerical errors or targets outside the reachable workspace. These equations provide a unique solution
for the joint angles within the workspace limits. For points outside the reachable area, the system clamps
the target to the nearest valid position.

4.3.4 Implementation Considerations
Several practical considerations are addressed during implementation:
e Angle Limits: 6: and 02 are constrained within physical limits to prevent unrealistic configurations.
e Singularities: The system avoids singular positions where the arm is fully stretched or folded,
which could cause instability in numerical computation.
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e Smooth Trajectories: To achieve realistic motion, joint angles are interpolated between
consecutive frames using linear or cubic interpolation. This ensures smooth arm movement,
avoiding abrupt jumps.

o Real-Time Performance: IK computations are optimized to run at 25-30 FPS, maintaining real-
time responsiveness in the simulation.

4.3.5 Numerical Example
Consider a two-link arm with L; = 10 cmand L, = 8 cm, and a target position (x,y) = (12,5)cm.
1. Compute distance to target:

r=+/122 4+ 52 =144 + 25 =169 = 13cm

2. Compute elbow angle 0-:

— 122 + 52 —10% — 82 ., 169-100—64 5 | 0.03125
2 = cos™( > 108 ) = cos™~( 160 ) = cos (160)—cos (0. )
~ 88.2°

3. Compute shoulder angle 6::
8sin 88.2°

10 4+ 8cos 88.2°
0, = 22.6° —57.4° = —34.8°

0, = tan‘l(i) — tan~1(
! 12

These angles are then applied in the simulation to position the virtual arm’s links correctly,
demonstrating the effectiveness of the inverse kinematics algorithm.

4.3.6 Advantages of this Approach

1. Deterministic and Efficient: Geometric IK provides direct computation of joint angles without
iterative approximation.

2. High Accuracy: Ensures precise end-effector positioning, critical for applications requiring tight
tolerance.

3. Real-Time Capability: Low computational complexity allows updates at 25-30 FPS.

4. Educational Insight: Enables students and researchers to observe how Cartesian positions
translate into joint angles, strengthening understanding of robotic kinematics.

5. RESULTS

This section presents the experimental outcomes of the Al-driven virtual robotic arm simulation and
interprets them through the lens of theoretical kinematic modeling and computer vision accuracy.
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5.1 Tracking Precision and Error Propagation

Figure 1 illustrates the positional tracking of the colored target marker and the corresponding end-effector
trajectory. The system maintained a mean tracking deviation of +2 pixels, which corresponds to
approximately 0.4 cm in workspace coordinates. Theoretically, the positional error (g,) in Cartesian space
propagates into joint-space error (¢_0) as:

g=J"1 gp

where J represents the Jacobian matrix of the two-link manipulator [1].

This relation shows that small pixel-level deviations result in minor joint angle variations (below 1.5° for
both 0, and 0.), confirming the system’s stability and precision. The results are consistent with theoretical
models of error attenuation in short-link manipulators [2].

X=70, Y=121

Figure 1:Tracking Precision and ' Figure 2:Inverse Kinematics
Error Propagation Validation

" X=—173, Y=—133
X=—227, Y=74

Figure 3: Motion Stability and
Dynamic Response

Figure 4:Al-Driven Adaptability
and Learning Potential

5.2 Inverse Kinematics Validation

Figure 2 demonstrates the computed joint angle variations (6: and 0:) as the target moves along a
predefined path. The experimental curves align closely with analytical IK predictions derived from
trigonometric models, validating the mathematical correctness of the solver. The correlation coefficient
between theoretical and simulated joint trajectories exceeded 0.98, confirming negligible computational
drift. These findings reinforce that deterministic IK algorithms, when combined with high-frequency
vision input, can achieve stable real-time motion [1], [5].
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5.3 Motion Stability and Dynamic Response

Motion stability analysis, depicted in Figure 3, quantifies the smoothness of joint transitions over time.
The angular velocity profiles exhibit minimal oscillations, with RMS error below 1.2°/s during rapid target
movement. Theoretical motion models suggest that low RMS deviations correlate with higher control
fidelity and reduced energy consumption in actuator systems [7]. The observed results validate this
principle within a simulated environment. Additionally, by interpolating joint angles between frames, the
system achieves continuous and visually stable motion, reducing jerk and improving the perceptual
realism of robotic movement.

5.4 Al-Driven Adaptability and Learning Potential

Figure 4 presents the system’s performance under variable illumination and background interference. The
HSV-based segmentation algorithm exhibited robustness across varying lighting intensities, maintaining
detection confidence above 92%. The adaptability aligns with Al-assisted preprocessing methods reported
in recent literature [8], [9]. The modular structure allows future integration of convolutional neural
networks (CNNs) for motion prediction, enabling the robotic arm to anticipate target trajectories—a key
step toward autonomous learning and human-robot collaboration [10].

5.5 Theoretical Implications

The experimental and analytical results jointly demonstrate that the system adheres to the fundamental
stability conditions of inverse kinematics. The bounded error propagation, smooth trajectory convergence,
and consistent visual feedback collectively indicate that the virtual robotic arm maintains theoretical
compliance with deterministic control models. The synergy between vision-based sensing and geometric
IK computation ensures that the system remains both computationally efficient and physically
interpretable.

6. CONCLUSION

This study successfully demonstrates the development and implementation of a vision-based, Al-assisted
virtual robotic arm simulation leveraging inverse kinematics principles. The system integrates OpenCV
for real-time image processing and Python for computational efficiency and simulation, resulting in a fully
software-based platform capable of replicating the motion of a two-link planar robotic arm. Unlike
traditional robotics experiments that require physical hardware, this virtual setup offers a low-cost,
accessible, and flexible environment for both research and educational purposes. By simulating end-
effector motion based on visual marker detection, the system provides an intuitive understanding of
kinematic relationships, which is crucial for students and researchers who are learning the fundamentals
of robotic motion control.

The experimental results indicate that the proposed system achieves high tracking precision, with minimal
positional and angular errors. The arm responds dynamically to changes in the target marker’s location,
maintaining smooth motion and real-time performance at 25-30 frames per second. The combination of
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HSV-based color detection and contour tracking ensures robust performance under varying lighting
conditions, making the simulation reliable for extended testing and demonstration. Furthermore, the use
of Python and OpenCV allows for easy modification and expansion, enabling users to experiment with
different link lengths, joint configurations, and target trajectories without additional hardware constraints.

An important contribution of this work is its educational utility. Visual simulations of robotic motion
bridge the gap between theoretical kinematics and practical implementation, allowing students to visualize
how changes in Cartesian coordinates translate into joint angles. Such platforms enhance comprehension
of complex concepts like inverse kinematics, workspace limitations, and trajectory planning. Additionally,
by providing a fully interactive simulation environment, the project encourages experimentation and
critical thinking, which are essential skills in robotics research.

Looking forward, the proposed system has significant potential for future enhancements. One avenue is
the integration of machine learning-based motion prediction, which could enable the robotic arm to
anticipate the movement of the target marker, improving responsiveness and control in dynamic
environments. Another extension involves gesture recognition using frameworks like Mediapipe, which
would allow the robotic arm to interpret human hand gestures for control, adding a layer of human-robot
interaction to the platform. Furthermore, the system can be expanded into 3D simulations of multi-link
manipulators, providing more complex and realistic robotic scenarios that mimic industrial robotic
applications. Such developments would enhance the utility of the platform for research in advanced control
algorithms, autonomous systems, and collaborative robotics.

In conclusion, this work establishes a scalable and accessible foundation for virtual robotics
experimentation, demonstrating that sophisticated robotic control concepts can be taught and tested
without physical robots. By combining computer vision, inverse kinematics, and real-time simulation, the
system offers a practical, low-cost tool for education and preliminary research, bridging the gap between
theoretical knowledge and hands-on robotics experience. The methodology and results presented here
highlight the potential for software-driven robotics platforms to enhance learning, facilitate
experimentation, and support innovation, paving the way for future research in Al-assisted robotic
systems, interactive simulations, and advanced motion control algorithms.
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