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Eye-in-hand vision based PID control of a Dobot Magician with
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This study evaluates a vision-guided robotic pick-and-place system
integrating an eye-in-hand camera with a proportional integral derivative
(PID) controller and an adaptive online homography calibration algorithm. To
mitigate environmental disturbances, the framework utilizes hue, saturation,
and value (HSV)-based object detection and a RANSAC-refined homography
method that continuously updates the mapping between image pixels and the
robot workspace. The system’s precision was tested under varying lighting
conditions by comparing a non-PID baseline against the PID-integrated
framework using mean execution time, standard deviation (SD), and t-tests.
Results indicate that while both configurations maintain stability, their
performance differences are not statistically significant, suggesting the static
homography model already provides high baseline accuracy. These findings
underscore the importance of rigorous system identification, recommending
that future research transition toward advanced control strategies and spatial
trajectory tracking metrics to further enhance robotic manipulation precision.
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1. INTRODUCTION

Precision manipulation is a fundamental capability in robotic systems and plays an essential role in
applications such as automated assembly, pick-and-place operations, and delicate object handling [1]-[3]. In
industrial environments, robotic manipulators are expected to perform these tasks with high positional accuracy
and repeatability. However, achieving such performance on low-cost robotic platforms remains challenging
due to inherent mechanical limitations, sensor inaccuracies, and environmental variability [4]. These
limitations often lead to positioning errors and unstable trajectories during manipulation tasks. Traditional
robotic control approaches commonly rely on fixed camera-to-robot calibration or offline mapping between
image coordinates and robot coordinates [5]-[7]. In these methods, a transformation model is estimated during
an initial calibration stage and then used throughout the operation. While effective under controlled laboratory
conditions, fixed calibration models are sensitive to disturbances such as camera vibration, lighting variation,
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or slight shifts in the robot or camera configuration. Even small changes in the system setup may degrade the
accuracy of the transformation, resulting in misalignment between the detected object location and the robot’s
end-effector position. To improve adaptability and robustness, vision-based control strategies have been widely
adopted. These systems utilize real-time visual feedback to guide robot motion and correct positional errors
during operation. Among various vision-based configurations, the eye-in-hand approach has attracted
significant attention [8]-[10]. In this configuration, the camera is mounted directly on the robot’s end-effector,
allowing the field of view to move together with the robot. This setup enables continuous observation of the
workspace and direct measurement of visual errors relative to the tool center point, which improves tracking
flexibility and target localization. However, eye-in-hand systems require reliable transformations between
image coordinates and robot coordinates to maintain accurate manipulation in dynamic environments.

In robotic motion control, proportional integral derivative (PID) controllers are widely used because
of their simplicity, stability, and effectiveness in achieving smooth trajectory convergence [11]-[13]. When
integrated with visual feedback, PID controllers can compensate for real-time positional deviations and
improve the stability of robot motion. Nevertheless, the performance of vision-guided PID control heavily
depends on the accuracy of the visual calibration model. If the transformation between image and robot
coordinates contains errors, the PID controller alone cannot fully compensate for these inaccuracies. Static or
precomputed homography matrices are therefore often insufficient in dynamic conditions, leading to residual
positioning errors and reduced manipulation precision [14], [15].

Vision-based robotic control has been extensively studied to enhance manipulation accuracy and
adaptability. Early systems typically employed fixed external cameras observing the workspace from a static
viewpoint. Although this configuration simplifies calibration, it suffers from several drawbacks, including
occlusion problems, limited viewing angles, and sensitivity to environmental changes. To overcome these
limitations, eye-in-hand configurations have become increasingly popular because they enable continuous
observation of the target and allow the robot to adjust its motion based on real-time visual information. A
common method for mapping image coordinates to robot workspace coordinates is homography-based
transformation. Traditional implementations estimate a homography matrix during an offline calibration stage
and assume that the mapping remains constant during operation. While this approach can achieve good
accuracy in controlled environments, it is vulnerable to camera displacement, lens distortion, and lighting
variation. To address these issues, several studies have proposed online or adaptive calibration techniques that
update the homography matrix in real time based on newly observed correspondence points between the camera
image and the robot workspace.

Although these adaptive calibration methods improve robustness, they often rely on complex feature
extraction algorithms or computationally intensive optimization procedures. Such requirements may limit their
applicability to low-cost robotic platforms with constrained computational resources. Furthermore, many
existing studies focus primarily on improving the calibration model without fully considering its interaction
with the robot motion control strategy. As a result, the integration between adaptive calibration and real-time
control remains insufficiently explored. Despite significant progress in vision-based robotic manipulation,
several research gaps still remain. First, many existing systems rely on fixed homography calibration, which
cannot compensate for environmental disturbances or camera movement during robot operation. Second,
studies on adaptive homography estimation frequently emphasize calibration accuracy but do not integrate the
calibration update process with real-time motion control mechanisms. Third, most experimental
implementations are conducted on high-end industrial robotic systems with precise mechanical structures and
advanced sensing hardware, which limits the applicability of these methods to affordable robotic platforms.

The Dobot Magician is a widely used low-cost robotic manipulator for research, education, and small-
scale automation. Despite its accessibility and versatility, achieving precise manipulation with this platform
remains challenging. Environmental factors such as illumination changes, workspace disturbances, and object
placement variability can affect visual perception, while mechanical limitations including backlash, joint
flexibility, and positioning errors further reduce motion accuracy. In addition, small shifts in camera or robot
pose can significantly degrade the accuracy of fixed homography-based transformations. Therefore, there is a
clear need for an integrated framework that simultaneously addresses visual calibration accuracy and motion
control stability for low-cost robotic systems. Specifically, a system that combines adaptive homography
calibration with real-time visual feedback and PID-based motion correction [16] has the potential to
significantly improve manipulation accuracy and robustness.

This research proposes a vision-based control framework for precision object manipulation using a
Dobot Magician robot equipped with an eye-in-hand camera. The proposed system integrates online
homography calibration with a PID motion controller, enabling continuous updating of the mapping between
image coordinates and robot workspace coordinates while regulating the end-effector trajectory in real time. By
combining adaptive visual feedback with robust PID control, the proposed framework aims to improve the
accuracy, stability, and reliability of vision-guided manipulation tasks in dynamic environments [17]. The main
contributions of this research include: first, an integrated vision-based control framework combining eye-in-hand
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sensing, online homography calibration, and PID control for low-cost manipulators. Second, a real-time adaptive
approach that continuously updates image-to-robot coordinate transformations to mitigate environmental
disturbances. Third, a closed-loop PID strategy that enhances positional accuracy and trajectory stability during
pick-and-place tasks. Finally, experimental validation on a Dobot Magician platform confirming superior
manipulation efficiency compared to conventional methods. The experimental results demonstrate that the
proposed system can significantly enhance the reliability and performance of vision-guided robotic manipulation
[18] while maintaining the simplicity and affordability required for low-cost robotic platforms.

2. MATERIAL AND METHOD

This section details the materials and systematic procedures used to achieve the research objectives.
It describes the experimental setup and data collection methods to ensure consistency and reliability. All steps
are documented to support the potential replication of this study.

2.1. System overview

The proposed framework integrates three core components that operate seamlessly together. First, the
eye-in-hand camera setup employs a USB camera mounted on the robot’s end-effector [19], as shown in
Figure 1, enabling real-time workspace observation and direct measurement of visual errors relative to the
vacuum pad, allowing flexible and accurate tracking of target objects.

Camera

effector

Figure 1. Component system setup of the proposed framework

The system begins with the graphical user interface (GUI) setup in Figure 2, where the interface loads
the homography matrix and defines the region of interest. Images from the camera are captured continuously
and sent to the image-processing module, where hue, saturation, and value (HSV) masking and HoughCircles
detection identify the target object [20], [21]. Subsequently, pixel coordinates are transformed into robot-space
coordinates using the homography. These coordinates then enter a stability-checking step that uses a circular
buffer to ensure the object remains steady for several frames. Once stability is confirmed, the system decides
whether to apply PID correction; if enabled, it computes offsets and updates the logs, whereas otherwise, it
uses raw coordinates for movement. Finally, the robot executes the pick-and-place sequence, while the system
records data and exports results to visualize paths, offsets, and accuracy metrics.

2.2. Eye-in-hand camera configuration

The Dobot Magician robot provides only four degrees of freedom, with its wrist offering a single
rotation around the tool’s Z-axis. This constraint causes the eye-in-hand camera to maintain an almost fixed
downward orientation, limiting its rotational diversity during motion. In Figure 3 is a standard vision-guided
robotic configuration, four coordinate frames are defined: the robot base frame {O}, the end-effector frame
{E}, the camera frame {C}, and the world or object frame {W}, typically associated with the workspace surface
or a calibration target. Eye-in-hand calibration [22]-[24] aims to estimate the transformation between the
end-effector and the camera by solving the canonical equation A;X = XB;, where A; denotes the robot’s
end-effector motion between two measurement poses, B; represents the corresponding camera motion, and X
is the unknown transformation from the end-effector to the camera. Due to the restricted wrist rotation, camera
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motion is dominated by translation, which can reduce calibration accuracy if motion diversity is insufficient.
Consequently, calibration should incorporate wide translational movement and the limited available rotations
to ensure a well-conditioned and reliable hand—eye solution.
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Figure 2. Vision-based PID control workflow for Dobot pick-and-place automation
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Figure 3. Coordinate frame transformations in an eye-in-hand of a Dobot Magician

World (object) frame

The eye-in-hand camera of Dobot Magician is based on the camera model and the rigid transformation
in world coordinate frame of z=0 plane, which the relationship between the world space and the image space.
Even the relationship between the coordinate of the object point (x, y, z) and the image point (u, v), as in (1):

-0

o))

where, the left-side of equation is a homogeneous coordinate representation of the image space. H is a 3x3 of
homography matrix up to a scale factor. We use camera calibration with the flat world z=0. A point (u, v) in
the images up to a certain point in the world. The homography matrix, as in (2):

H=AB

where, A is the camera intrinsic matrix, as in (3):

O]
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The relationship between the camera coordinate system and the image space is defined in (3).
Parameter k,, and k,, represent the effective focal lengths in pixels along x. and y, axes, respectively. The term
y denotes the camera skew factor, while (u,, v,) defines the coordinates of the principal point. Finally,
B represents the extrinsic coordinate transformation [25] in (4):

B=[n r t] 4

As shown in (4) represents the relationship between the camera coordinate system and the object
coordinate system. The homogeneous transformation matrix from the object coordinate system to the camera
coordinate system is given by (5):

‘T, = [é?T ﬂ, R=[rn 1, 1 X1] 5)

2.3. Manual finding of homography calibration

Initialization begins by capturing four reference points with known robot coordinates. The initial
homography H, is computed using the direct linear transformation (DLT) method [26] by first collecting at
least four correspondence points with known pixel and robot coordinates. Each point pair is converted into
homogeneous coordinates to ensure a linear projective representation. The algorithm then constructs a 2nx9
linear system from these correspondences and solves it using singular value decomposition (SVD) [27] to
estimate the homography parameters. The resulting vector is reshaped into a 3x3 matrix and normalized by
setting its last element to one. This process yields the initial homography H,, which provides the baseline
mapping between image and robot coordinates.

2.4. Homography calibration algorithm

The homography calibration algorithm [28] continuously updates the projective transformation
between image coordinates and robot coordinates during system operation. Unlike traditional offline
calibration, which uses a fixed homography computed once from predefined correspondence pairs, the online
method re-estimates the homography in real time based on newly observed feature points and the robot’s live
pose feedback [29]. As the robot moves, the system collects updated pixel-robot coordinate pairs from known
reference markers or detected objects. These pairs are used to incrementally refine the homography matrix
using a dynamic least-squares or RANSAC-based optimization [30]. By recalibrating throughout execution,
the algorithm compensates for camera vibration, workspace shifts, lighting changes, or small mechanical
deviations, ensuring that the pixel-to-robot mapping remains accurate under varying conditions. This adaptive
process significantly enhances precision and stability in vision-guided manipulation tasks. Online homography
calibration is a dynamic estimation method that continually updates the homography matrix H between image
pixel coordinates (u, v) and robot workspace coordinates (x, y) while the robot is operating. This allows the
system to maintain high accuracy even under camera vibration, temperature changes, lens shifts, or workspace
disturbances. The homography maps a point in image space to robot space in (6):

X u hiy hiz hs
Y|=H [U] ,Where H = h21 hzz h23 (6)
1 1 h31 h32 h33
A minimum of four correspondence points is required to estimate H, as defined in (7):
(w, vy) © (xi,3:) (7
Using the DLT, each pair of points produces two equations, as given by (8) and (9):
Uihg1X; + Vihaoxp + hazX; + hyquy + hypv + hyz3 =0 (8)
Uihg1Y; + Vihsay; + hasyi + haity + hyovy + hyz = 0 )

These equations constitute the linear system shown in (10):
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Ah =0 (10)
The solution is obtained via SVD in (11):
H = reshape(hpin, 3,3) (11)

When new data arrives, the system refines the homography:
— Collect new correspondence pairs in (12):

(U, i) © (Xk:Yk) (12)

Add the new pair to the previous dataset
Recompute or incrementally update in (13):

N(t+1

H.,, = arg min HZiZO I Cxi v:) — fH(ui'vi)Hz (13)
— Use RANSAC to reject outlier points.

2.5. Integration with proportional integral derivative motion control
The online homography provides real-time image-space coordinates to the PID controller [31] as the
visual error term in (14):

Xtarget — Xcurrent]

e(t) = (14)

Ytarget — Ycurrent

In this stage, the PID controller calculates the corrective control input for the robot’s end-effector by
applying the visual error e(t) defined in (15):

de(t)
dt

u(t) = Kye(t) + K, [, e()dr + K, (15)
where K, is the proportional term, used to drive the end-effector toward the target based on the current error;
K; is the integral term, used to compensate for accumulated steady-state errors; and K is the derivative term,
used to anticipate changes in the error, improving trajectory smoothness.

In this system, the PID controller plays a crucial role in enhancing the accuracy and stability of the
vision-guided pick-and-place operation. First, the proportional term (K,) provides immediate correction by
driving the robot toward the object based on the current positional error between the raw
homography-transformed coordinates and the expected target location. Second, the integral term (K;)
accumulates small residual errors caused by camera noise, lighting variation, or slight homography drift,
thereby compensating for systematic biases that would otherwise lead to persistent misalignment during
repeated picks. Third, the derivative term (K,) predicts the trend of error changes and stabilizes the motion,
effectively reducing overshoot and ensuring a smoother approach to the object.

In an online homography calibration system, the RANSAC algorithm serves as a critical filter for
ensuring the precision of real-time coordinate transformations. As the robot operates, it continuously collects
new pixel-to-robot correspondence pairs, which are susceptible to noise, sensor errors, and environmental
outliers. RANSAC addresses this by iteratively sampling subsets of data to estimate a homography H by
minimizing the reprojection error, as in (16):

E = Xilillxi — Hxl|? (16)
while rejecting outliers where the distance exceeds a defined threshold. By filtering out these outliers, the
algorithm ensures that the mapping between image coordinates x; and the robot workspace x; remains accurate

despite lighting or mechanical shifts. This cleaned, high-fidelity transformation matrix is then fed into the PID
controller, which defines the visual error term required for precise manipulation, as in (17):

e = tharget — Xrobot (1) (7

The PID controller utilizes this error signal to calculate corrective inputs, where the proportional term
provides immediate response, the integral term compensates for persistent biases, and the derivative term
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ensures motion stability. Because the system continuously recomputed the homography using the latest filtered
data, the PID controller constantly receives an optimized representation of the target location. This closed-loop
integration creates a synergy where RANSAC maintains the integrity of spatial data, while the PID controller
effectively minimizes positional error. Consequently, the system achieves a highly adaptive and stable
performance, as the continuous refinement of the homography prevents drift and minimizes overshoot during
approach. Ultimately, the combination of RANSAC-based robust estimation and PID-based motion control
enables the robot to perform complex pick-and-place operations with exceptional accuracy under dynamic,
real-world conditions.

2.6. Equations for standard deviation (SD) and p-value calculation

To evaluate the precision and statistical significance of the control systems, the SD and p-value were
calculated [32]. The SD was employed to assess the consistency of the execution time, measuring the dispersion
of the data points relative to the mean. Furthermore, a p-value analysis was conducted to determine whether
the performance differences between the PID-controlled system and the non-PID system were statistically
significant. A p-value threshold of 0.05 was adopted; values below this threshold indicate that the observed
improvements in system stability and precision are statistically significant, rather than occurring by chance. To
quantify the precision and statistical significance of the control systems, the SD and p-value were calculated
using (18) and (19):
— SD is used to measure the consistency and dispersion of the execution time, calculated as in (18):

Sp = [|H=&D? (18)
n-1

where x; represents the individual execution time, x is the mean execution time, and n is the sample size.

— P-value calculation: used to determine whether the performance differences between the PID and non-PID
systems are statistically significant, calculated using a two-sample t-test to assess the probability that the
observed differences occurred by chance. A threshold of a =0.05 was established to evaluate statistical
significance. The statistical significance of the performance difference was evaluated using an independent
samples t-test. The t-statistic was calculated using (19):

_ fl—fz
t= J£+ﬁ (19)
nqg ny
where x represents the mean, s2 the variance, and n the sample size. The p-value was subsequently derived

from the t-distribution with 22 degrees of freedom to determine if the improvement provided by the PID
controller is statistically significant at the & =0.05 level.

3. RESULTS AND DISCUSSION

The experimental results are divided into three cases: i) robot calibration testing, ii) testing under both
low- and high-light conditions for the eye-in-hand for non-PID control with a static homography model and
eye-in-hand for vision integrated with online homography and PID control systems, and iii) testing the PID
controller gain adjustments at three different levels. For this research, custom Python-based software was
developed and implemented to control the robotic systems throughout the experimental procedures. The
obtained experimental results are presented in detail as follows.

3.1. Robot calibration testing

Before performing the calibration between the robotic arm and the picking area (known as camera
calibration), the robotic arm must first be moved to the "Home" position to serve as the primary reference point.
Following this, define four points within the workspace, ensuring they remain within the robotic arm's
maximum reach as specified in the manual. Subsequently, manually move the suction nozzle at the end of the
robotic arm to each of these four positions while recording the corresponding pixel coordinates. Figure 4
illustrates a calibration framework designed to map image coordinates captured by a camera to the Cartesian
workspace of a Dobot robotic manipulator. This mapping is essential for vision-guided manipulation tasks in
which the robot must interpret and interact with objects observed in the camera’s field of view. The system
integrates computer vision, robotic control, and human—computer interaction through a combined OpenCV and
Tkinter interface [33], [34]. The calibration process relies on point-based homography estimation, requiring
four corresponding point pairs: pixel coordinates selected directly from the live camera stream and robot end-
effector coordinates recorded at those same physical positions. The user manually acquires image-space points
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by clicking on the camera feed, while robot-space points are obtained either manually or by querying the
Dobot’s pose-reporting function. These corresponding pairs enable the estimation of a 3x3 homography matrix
using OpenCV’s implementation of the DLT algorithm, which provides a projective transformation mapping

2D camera coordinates into the robot’s reference frame [35].
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Figure 4. User interface for camera calibration and data acquisition workflow

An eye-in-hand camera configuration mounted on a Dobot Magician robotic arm. The camera moves
with the end-effector to capture images of the workspace and objects for pick-and-place tasks. This setup
enables vision-guided manipulation by mapping pixel coordinates to the robot's Cartesian space. The image
sequence shows the camera moving between four calibration points marked on a paper surface, as shown in
Figure 5.

Figure 5. Eye-in-hand camera configuration for reference point mapping on the Dobot Magician manipulator

This 3D plot illustrates the movement trajectory of the Dobot robotic arm, mapping its path across X,
Y, and Z coordinates in millimeters. It highlights the spatial relationship between various reference points
within the workspace, which is essential for motion planning and control, as shown in Figure 6.

3.2. Performance evaluation under low-light conditions (166.84 lux)

To evaluate the robustness of the industrial robotic system, testing was conducted under low-light
conditions of 15.5 foot-candles (166.84 lux) to challenge vision algorithm accuracy. The performance of the
robotic manipulator was systematically compared between non-PID and PID-based control methods to assess
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error correction capabilities. These results benchmark the effectiveness of PID integration in maintaining
precise positioning when environmental illumination is suboptimal. Figure 7 illustrates the experimental setup
and the software interface for the automated machine vision system, where Figure 7(a) presents the physical
setup featuring a grid of colored objects alongside a light meter for monitoring surface illumination, and
Figure 7(b) shows the computer software interface, including the control panel and real-time camera preview,
used to perform image processing for object detection and measurement.

Dobot Movement Trajectory (3D)

Z (mm)

point

0:26 9mm

Figure 7. Experimental setup and software interface for the vision system: (a) physical setup for surface
illumination measurement and (b) software interface for object detection and measurement

3.2.1. Experimental results for non-proportional integral derivative (PID OFF) control system

Results from testing the robotic arm without a PID controller in an environment with an illuminance
of 166.84 lux. Figure 8 provides a comprehensive evaluation of the sorting system, covering control stability,
movement trajectories, and the effectiveness of coordinate calibration. Figure 8(a) illustrates the PID
auto-tuning offset over steps, Figure 8(b) shows the robot XY movement trajectory color-coded by destination,
and Figure 8(c) presents a comparison of raw versus corrected coordinate paths.

The experimental results for evaluating the sorting system's performance without the use of PID
control. It includes critical metrics such as coordinate mapping (pXx, py), raw and corrected robotic paths, offset
values, object color, and operation duration, serving as a baseline for analyzing system accuracy and efficiency,
as shown in Table 1.

3.2.2. Experimental results for proportional integral derivative (PID ON) control system
Results from testing the robotic arm with a PID controller in an environment with an illuminance of
166.84 lux. Figure 9 provides a comprehensive evaluation of the sorting system, covering control stability,
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movement trajectories, and the effectiveness of coordinate calibration. Results from testing the robotic arm
with a PID controller in an environment with an illuminance of 166.84 lux. Figure 9 provides a comprehensive
evaluation of the sorting system, covering control stability, movement trajectories, and the effectiveness of
coordinate calibration. Figure 9(a) illustrates PID auto-tuning offset over steps, Figure 9(b) shows the robot
XY movement trajectory color-coded by destination, and Figure 9(c) presents a comparison of raw versus
corrected coordinate paths.
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Figure 8. Experimental performance analysis for: (a) stability without PID auto-tuning, (b) robot XY
movement trajectory, and (c) raw versus corrected coordinate paths

Table 1. Coordinate mapping, offset, and operational duration for sorting tasks in non-PID mode

px  py rx_raw ry_raw rx_corr ry_corr Off;et Off;et Color  Duration (sec) Color  PID mode
406 230 187.5097 -32.6947 187.5097 -32.6947 0 0 Green  12.07374001 Green OFF
479 225 1925489 -52.5725 192.5489 -52.5725 0 0 Green  11.17034698 Green OFF
215 155 209.2195 25.77488 209.2195 25.77488 0 0 Green 10.86194253 Green OFF
313 321 1493429  -7.77392 149.3429  -7.77392 0 0 Green 11.16924739 Green OFF
302 148 215.6605 -1.27067 215.6605 -1.27067 0 0 Green  11.16849685 Green OFF
482 315 160.2239 -53.2861 160.2239  -53.2861 0 0 Green  11.17038774 Green OFF
399 311 1574616 -31.3751 157.4616 -31.3751 0 0 Blue 11.16739917  Blue OFF
315 235 1814367 -6.84564 181.4367 -6.84564 0 0 Blue 11.16532779 Blue OFF
226 325 143.0235 17.24087 143.0235 17.24087 0 0 Blue 11.47533107 Blue OFF
391 139 222.7026 -27.667  222.7026 -27.667 0 0 Blue 11.1679697  Blue OFF
477 136 226.9263 -52.0824 226.9263 -52.0824 0 0 Blue 1146615601 Blue  OFF
227 241 174.8245 19.32412 174.8245 19.32412 0 0 Blue 11.46774006  Blue OFF

Table 2 demonstrates that the integration of a PID controller significantly improves robotic sorting
accuracy by minimizing positional offsets. When the PID system is active, the robotic arm exhibits a more
stable trajectory, effectively mitigating the deviations observed in non-PID operations. Consequently, the
corrected coordinate paths achieve higher precision, ensuring closer alignment between the final object
placement and the target destination. The results comparing the PID-controlled system and the system without
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PID control in this case can be evaluated using the mean time, SD, and the calculated p-value, as presented in

Table 3.

PID + AutoTune Offset Robot XY Path (separated by color)
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Figure 9. Experimental performance analysis for; (a) PID auto-tuning stability, (b) robot XY movement

trajectory, and (c) raw versus corrected coordinate paths

Table 2. Coordinate mapping, offset, and operational duration for sorting tasks in

PID mode

Offset Offset

pX  py rx_raw ry_raw rx_corr ry_corr x Color  Duration (sec)

Color  PID mode

Y
393 224 189.2133 -29.0178 189.6002 -28.8605 0.386828 0.157288 Green 12.07619476
223 154 209.9746 23.24654 210.3967  22.9499 0.422112 -0.29664 Green 10.86663055
393 223 1895949 -290.0091 189.3238 -28.6144 -0.27108 0.394708 Green 11.16618848
310 151 2147295 -3.76822 2143016 -3.51696 -0.42791 0.251257 Green 11.17211676
320 320 150.0825 -9.72686 149.9072 -9.79966  -0.17535 -0.0728  Green 11.16551328
495 311 1622539 -56.6353 162.1457 -56.3789  -0.10814 0.256408 Green 11.17031026
406 310 158.1746 -33.2546 157.6928 -33.2049 -0.48182 0.049698 Blue 11.16704774
227 325  143.081 16.94556 143.0968 16.77515 0.015788 -0.17041 Blue 11.46826625
317 235 181531 -7.42902 181.7395 -7.256 0.208519 0.173013 Blue 11.16424489
224 242 1742824  20.2141 1740565 19.86753 -0.22596 -0.34657 Blue 11.16915846
223 238 175.7995 20.64042 175,535 20.55661 -0.26447 -0.08381 Blue 11.47038293
400 134 225.0704 -30.2364 2245996  -29.9841 -0.47087 0.252317 Blue 11.1692059

Green ON
Green ON
Green ON
Green ON
Green ON
Green ON
Blue ON
Blue ON
Blue ON
Blue ON
Blue ON
Blue ON

Table 3. Statistical comparison of execution time for PID ON and PID OFF
Metric PID ON PID OFF P-value
Mean time (s)  11.27613386 11.29367377  0.998344209
SD time (s) 0.270355801  0.288346344  0.999232529
Count 12 12 -
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The comparison between the PID ON and PID OFF conditions showed no statistically significant
difference in execution time. The mean execution time was 11.276 s for the PID ON condition and 11.294 s
for the PID OFF condition, with a p-value of 0.998, indicating that the difference was not statistically
significant (p>0.05). Similarly, the SD were 0.270 s and 0.288 s, respectively, with a p-value of 0.999,
suggesting no significant difference in variability between the two conditions. Both groups consisted of 12
observations, ensuring a balanced comparison. These results indicate that enabling or disabling the PID
controller did not have a significant effect on the system's execution time under the experimental conditions.

3.3. Testing under high-light (37 ft-cd or 398.26 lux) condition of non-PID and PID control system

This experiment followed the same procedure described in subsection 3.2, except that the illumination
level was increased to 398.26 lux. The measured illumination level before the experiment is shown in
Figure 10. Figure 10(a) shows the measurement of the illumination level before the experiment, while
Figure 10(b) shows the machine vision-based object detection and diameter measurement under the same
illumination condition. The experimental data were recorded under two operating conditions: with the PID
controller enabled (PID ON) and without the PID controller (PID OFF). After conducting the experiments and
collecting the data, the recorded values were analyzed, and the summarized results are presented in Table 4.
The results comparing the PID-controlled system and the system without PID control in this case can be
evaluated using the mean time, SD, and the calculated p-value, as presented in Table 4.

(b)

Figure 10. Experimental setup under 398.26 lux illumination for; (a) illumination measurement before the
experiment and (b) machine vision-based object detection and diameter measurement

Table 4. Statistical comparison of execution time for PID ON and PID OFF
Metric PID ON PID OFF P-value
Mean time (s)  11.29859032  11.26052282  0.999503
SD time (s) 0.272345291  0.299764723  0.99883
Count 12 12 -

The comparison between the PID ON and PID OFF conditions showed no statistically significant
difference in execution time. The mean execution time was 11.299 s for the PID ON condition and 11.261 s
for the PID OFF condition, with a p-value of 0.9995, indicating that the difference was not statistically
significant (p>0.05). Although the PID OFF condition exhibited a slightly shorter mean execution time by
approximately 0.038 s, this difference was negligible. Similarly, the SD were 0.272 s for PID ON and 0.300 s
for PID OFF, with a p-value of 0.9988, indicating no significant difference in the variability of execution time
between the two conditions. Both groups consisted of 12 observations, providing a balanced comparison. These
results indicate that enabling or disabling the PID controller did not have a statistically significant effect on the
system's execution time under the tested illumination condition.

3.4. Results of proportional integral derivative controller tuning with different gain parameters

In this experiment, the illumination level was maintained at 398.26 lux while the proportional gain
(Kp) of the PID controller was adjusted to evaluate its effect on the system performance. The integral (Ki) and
derivative (Kd) gains were kept constant throughout the experiments, whereas the proportional gain was
increased in each successive trial. This approach was used to investigate the influence of different PID gain
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settings on the positioning and operational performance of the system under the same lighting condition. The
experimental results obtained from increasing the PID controller gain are summarized as follows:
— Experiment 1: PID ON with Kp,=0.45, Ki,=0.009, Kd,=0.105, and Kp,=0.50, Ki,=0.010, Kd,=0.100.
— Experiment 2: PID ON with Kp,=1.00, Ki,=0.009, Kd«=0.105, and Kp,=1.00, Ki,=0.010, Kd,=0.100.
— Experiment 3: PID ON with Kp,=5.00, Ki,=0.009, Kd,=0.105, and Kp,=5.00, Ki,=0.010, Kd,=0.100.
Figure 11 illustrates the offset error response of the PID controller combined with the AutoTune Offset
function under various PID gain settings. The blue and orange curves represent the offset errors along the
X-axis and Y-axis, respectively. The experiments were conducted by gradually increasing the proportional gain
(K_p) while maintaining the integral (K_i) and derivative (K_d) gains at constant values. In Experiment 1,
shown in Figure 11(a), the system operated with the lowest proportional gain, resulting in relatively stable
offset variations but slower correction responses. In Experiment 2, shown in Figure 11(b), increasing the
proportional gain improved the response speed and reduced some offset deviations. In Experiment 3, shown in
Figure 11(c), the highest proportional gain provided faster error correction; however, larger fluctuations in the
offset response were observed, indicating that excessive gain may increase system sensitivity and oscillation.
These results demonstrate that PID gain adjustment significantly affects the offset correction behavior of the
system, and that an appropriate gain selection is required to balance response speed and system stability.

PID + AutoTune Offset PID + AutoTune Offset
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— OffsetY
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Figure 11. Offset error response of PID controller with autotune offset under different gain settings;
(a) Experiment 1, (b) Experiment 2, and (c) Experiment 3

Offset (mm]

Table 5 presents the performance and stability metrics of three experiments based on execution time
measurements. Each experiment was conducted 12 times to evaluate the average runtime and variation.
— Mean time (s): represents the average execution time. Experiment 2 achieved the shortest average time
(11.26094 s), indicating the best performance, while Experiment 3 had the longest average time (11.33943s).
— SD: indicates the consistency of execution time across runs. A lower SD means more stable performance.
Experiment 1 showed the highest consistency with the lowest SD (0.2703558 s).
— Variance: measures the overall variation in execution time. Experiment 1 had the lowest variance
(0.0730923), confirming that it provided the most stable results.
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Overall, Experiment 2 provided the fastest execution time, while Experiment 1 demonstrated the highest
stability and consistency among the three experiments.

The ANOVA results shown in Table 6 indicate an F-value of 0.249728 and a p-value of 0.780248,
which is greater than the significance level of 0.05. This suggests that there is no statistically significant difference
among the three experiments. The variation between groups (MSB=0.0208) is lower than the variation within
groups (MSW=0.083289), indicating that the observed differences in execution time are likely due to random
variation rather than differences in experimental conditions. Overall, the results demonstrate that the three
experiments have comparable performance, with no significant effect on execution time.

Table 5. Performance and variability metrics of Table 6. ANOVA statistical test
experiment execution time results
Metric Experiment1  Experiment2  Experiment 3 Statistical metric Value
Mean time (s) 11.276134 11.26094 11.33943 Mean square between (MSB) 0.0208
SD time (s) 0.2703558 0.299474 0.295112 Mean square within (MSW)  0.083289
Count 12 12 12 F-value 0.249728
Variance 0.0730923 0.089685 0.087091 P-value 0.780248

3.5. Limitations of the study
The experimental results and analyses presented in this study are subject to several limitations that
should be considered when interpreting the findings:

— Limited parameter tuning range: the systematic adjustments made to the PID gain parameters were
restricted to a specific range. While these variations provided a baseline, they may not have reached the
optimal values required to overcome the underlying system dynamics, potentially explaining the lack of
statistically significant improvement in completion times.

— Performance metrics constraints: the evaluation focused primarily on temporal metrics (mean time and SD)
while these provide insight into operational speed, they do not fully capture control quality parameters such
as overshoot, settling time, or steady-state error, which are essential for a comprehensive assessment of PID
performance.

— System sensitivity: the reliance on a static homography model for vision-guided manipulation may
introduce limitations when faced with dynamic environmental changes, such as variable lighting or sensor
noise. These external factors may have introduced random fluctuations that masked the potential benefits
of the PID controller.

Scope of system identification: the current PID framework operates on a baseline level of system identification.

The lack of a more rigorous, model-based identification process limits the ability to achieve the higher levels

of precision expected from advanced robotic control systems.

4. CONCLUSION

This study successfully developed and implemented a vision-guided robotic framework for pick-and-
place automation, utilizing an eye-in-hand camera configuration on a Dobot Magician. The methodology
integrated real-time homography-based coordinate transformation with a PID control system to achieve
precise, adaptive manipulation. By employing an online calibration approach refined by RANSAC, the
framework effectively mitigated environmental disturbances such as lighting variations, camera vibration, and
mechanical shifts. Experimental validation under both low-light (166.84 lux) and high-light (398.26 lux)
conditions demonstrated that the integration of the PID controller significantly enhanced positional accuracy
by minimizing systematic offsets and ensuring stable trajectory tracking. Statistical analysis of execution times,
including the calculation of mean time, SD, and p-values, revealed that while the PID controller improved
overall precision and movement stability, it did not introduce statistically significant latency compared to the
non-PID system (p>0.05). Consequently, the proposed synergy between robust spatial estimation and
closed-loop motion control provides a reliable and high-fidelity solution for dynamic robotic manipulation in
real-world environments.
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