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Abstract—Retrieving ground robots from dangerous environ-
ments after their operation is a challenging task that poses risks for
the personnel. Some researchers often employ drones for retrieval,
which makes operations safer. However, this set-up requires an ac-
curate method that guarantees drone and ground robot alignment
due to inaccuracies in standard GPS devices, drone drifts, and wind
gusts. Hence, this research article introduces simultaneous object
detection and tilt correction as part of visual servoing to achieve
precise drone-rover alignment. Drone detection using YOLOvS8 and
a tilt correction algorithm was integrated for the proposed visual
servo of the ground robot. The study collected 3024 images as a
data set for drone detection. The experimental results show that
the trained instance segmentation model detected and captured
drone objects. The study conducted an initial test for visual servo
control of the ground robot in various surface terrains, resulting
in a maximum alignment error on rough surfaces. Furthermore,
the study conducted drone-ground robot alignment real test in an
outdoor field setting. The alignment between the drone and the
ground robot produced a maximum alignment error of 20.3 cm,
below the threshold error. The open field experiments verified the
effectiveness of the ground robot’s visual servo control with an
actual drone operation.
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I. INTRODUCTION

VER the years, researchers have been developing different
O types of robot for harsh and risky environments, such as
the volcano environment [1], [2], [3]. These robots observed
changes in activities and collected sample data from within
risky environments. In some cases, researchers have applied
drone-ground robot collaboration to their systems. Researchers
improved typical exploration systems by using drones to help
the ground robot bypass rugged and dangerous areas. It allowed
rapid access to isolated areas for the deployment and exploration
of ground robots [4].

The most challenging part of the drone-ground robot system
is retrieving the ground robot in harsh and risky areas [5], [6].
Retrieval of specific objects such as ground robot can be made
by having a retrieval mechanism attached in the drone [7], [8].
However, the process of retrieving the ground robot should start
with aligning the drone and ground robot properly, which is the
crucial part of the retrieval operation.

Different researches often involve manually guiding the
ground robot to the drone’s hovering position for initial align-
ment. Visual servo control can also be applied for aligning
drones and ground robot in facilitating the ground robot recovery
operation. However, GPS navigation systems usually produce
substantial position errors for drone-ground robot alignment.
While aerial visual servo control can implement the alignment
using a drone that continuously adjusts its movements, this strat-
egy poses a risk hazard for drone flights, notably with the effects
of wind gusts and drone drifting, which produce substantial
position errors. Hence, the ground robot can implement visual
servo control to compensate for the errors and risks associated
with aerial visual servo control.

In [9], a visual servo technique is introduced for the ground
robot using an ArUco marker for drone alignment. To further
enhance and improve the system (as shown in Fig. 1), this study
investigated a visual servo control for the ground robot with
drone detection and tilt correction. This particular paper presents
the following scientific contributions:
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Fig. 1. The drone-ground robot alignment procedure in an uneven surface
through ground robot visual servoing (a) with simultaneous tilt correction and
(b) drone segmentation and detection in a cloudy weather condition.

1) Integrated YOLO-based drone detection and tilt correction
as part of ground robot visual servoing,

2) Contributed application-specific dataset for drone detec-
tion under varying weather conditions,

3) Implemented a functional ground robot visual servoing
on different ground surface conditions (uneven and rough
terrains), and

4) Demonstrated actual ground robot retrieval operation by
implementing ground visual servoing technique.

II. RELATED LITERATURE ON VISUAL SERVO CONTROL

In recent years, researchers have applied visual servo con-
trol in conditions requiring minimal human supervision or au-
tonomous robot movement. In these scenarios, robots heavily
rely on visual data input. Hence, researchers employ a variety
of image processing techniques to detect and locate their tar-
gets [10].

In [11], an aerial drone is programmed to land on a mov-
ing ground vehicle autonomously. A circular-patterned land-
ing deck is mounted and the drone could approach and land
above the moving vehicle by detecting the pattern. Since the
technique relies heavily on visual data, different methods of
image pre-processing are employed to detect and locate visual
markers within an image. In [12], a technique for operating
a drone that involves tracking and following a marked block
is introduced. Although the study accomplished image-based
visual servo control, the authors encountered certain obstacles
related to the intensity of light and the background of the
marker.

To address the problems of poor lighting conditions, the
studies [13], [14], [15], [16] implemented deep learning object
detection using You Only Look Once (YOLO) network to detect
the drone in varying light conditions. Despite the high detection
accuracy, the ground robot’s actions accumulate errors in the
real-world exploration. This challenge is due to natural variables
such as the tendency of wheel slipping. This paper presents a
tilt correction method with drone detection technology to deal
with this problem. In such a way that the Rover can withstand
the issue of an uneven terrain.
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Fig.2. The general procedure of drone-ground robot alignment: (1) The drone
stays at specific height while the ground robot performs visual servoing and
aligns to the drone center, (2) After successful alignment, the drone’s retrieval
component goes down and retrieves the ground robot.

III. DESIGN CONSIDERATIONS FOR GROUND ROBOT VISUAL
SERVO CONTROL

For ground robot operating in harsh and risky environments,
the drone will fly to the ground robot’s position using GPS
coordinates for retrieval. Once in position, the ground robot’s
onboard camera will confirm that the aerial drone is within its
range. The ground robot will then perform visual servo control
for drone-ground robot alignment.

The alignment of the drone and ground robot allows the
drone’s retrieval component and the ground robot’s grasping
component to function effectively, as depicted in Fig. 2. While
the retrieval component is descending, the ground robot will
consistently implement visual servo control to adjust its position,
considering external factors: drone drifting and wind. It ensures
the retrieval component and grasping component are aligned as
well, and the grasping component of the ground robot can then
grasp the retrieval component effectively.

A. Terrain Conditions

The design requirements of this study considered a predeter-
mined set of conditions for the ground robot retrieval operation.
The conditions dictate that the terrain for ground robot retrieval
should have the following characteristics:

1) soil should be stable,

2) absence of large obstacles, and

3) absence of elements obscuring ground robot and drone

camera vision.

Though these are ideal conditions for ground robot retrieval,
this study assumed imperfections in surface terrains. These
imperfections include rocks, holes, and gaps that may subtly tilt
the ground robot platform, consequently affecting the ground
robot’s visual servo control.

B. Threshold Error Consideration

The ground robot’s grasping component has a maximum
grasping span depending on the grasping component size (refer
to Fig. 2). For successful docking, the ground robot must align its
grasping component with the retrieval mechanism of the drone.
Once properly aligned, the grasping component rotates inward
to securely latch onto the drone’s retrieval system. Therefore,
precise alignment between the drone and the ground robot is
essential, especially as the retrieval component descends toward
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the ground robot. This ensures a smooth and secure engagement
between the two systems, minimizing errors in the grasping
process. Lastly, the heading angle tolerance is set to +5-degree
error.

1) Considerations on GPS Errors: For retrieving the ground
robot, the drone must be positioned at the same location. In this
manner, the drone must be set to the same GPS location as the
ground robot. However, GPS-based drone waypoint navigation
accumulates a margin of error around the destination coordinate.
In the imprecise navigation causes alignment errors between the
drone and the ground robot.

There are two approaches to correct GPS-induced position
errors: aerial visual servo control or ground robot visual servo
control. In real-world scenarios, strong winds and drone drift
bring a significant deviation from its expected location. Visual
servoing performed by the drone can compensate for this devi-
ation. However, the challenge lies in the unpredictable lateral
motion and wobbling of the drone.

The visual servo control of the ground robot works effectively
when the drone is in its field of view. However, when the
drone is outside the field of view or the ground robot moves
beyond the drone’s circumferential range, the ground visual
servo control operates in standby mode until the drone is in the
field of view again. In standby mode, the ground robot does
not move. Its navigation component is set to standby while
the drone detection program still operates. In the case where
both the drone and ground robot are away from each other, the
operators at the base station manually set the new destination of
the drone to the ground robot’s GPS location. In this manner,
the whole retrieval operation resets, and the visual servoing will
re-initialize.

2) Considerations on Drone Recognition: Hence, to com-
pensate the errors and risks from the aerial visual servo control,
the ground robot implements visual servo control, which tracks
the drone. By using the drone instance segmentation model for
drone detection, the drone indicates its position and becomes
visible from the ground robot’s perspective.

Three scenarios contribute to unstable drone recognition:

1) cloudy and direct sunlight weather

2) an increased drone elevation

3) unique object or subject within the camera frame

It is important to note that the ground robot can still op-
erate under these conditions. Even with a single frame, the
ground robot will still move if it recognizes the drone. In
the case of unfavorable weather conditions, the drone will
still be detected with low confidence score. When a unique
object or subject enters the camera frame, the detection pro-
gram chooses the object with the highest confidence value
to ensure that the detected object will always be a drone.
Hence, in this setup, the ground robot will consistently detect
the drone and implement visual servo control to adjust its
position.

3) Drone Health During Operations: It is also impor-
tant to note that the drone’s autopilot system can monitor
its overall status during the visual servo control operation.
Any unpredicted behavior may trigger the drone to initi-
ate backup emergency flights, such as returning to the base
station.
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Fig.3.  General flowchart for combined application of object detection and tilt
correction through visual servo control to achieve drone-ground robot alignment.
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Fig. 4. (a) The ground robot will calculate the drone’s position, (b) adjust its
heading towards the direction of the drone, and move forward. (c) It will repeat
the process until the ground robot is less than threshold error.

In this study, the researchers focused on the ground robot’s
implementation of visual servo control for alignment. The drone
and ground robot do not directly communicate; the only connec-
tion between them is the camera attached to the ground robot.
However, the operators at the base station can independently
communicate the onboard devices at the drone and the ground
station.

C. General Procedure for Ground Robot Visual Servo Control

As illustrated in Fig. 3, the study implemented a visual servo
control program, which includes instance segmentation, image
processing, and motor control. Fig. 4 illustrates the concept of
threshold error and ground robot movement for visual servo
control.

The process starts from capturing the drone image through the
upward-facing camera mounted on the ground robot. Then, the
program scans the image to detect the drone using OpenCV.
If the drone is detected, then the program calculates the
drone’s distance and heading angle relative to the ground
robot. The Rover uses this information to reorient its posi-
tion towards the drone. If the drone’s distance exceeds the
error threshold, the ground robot will move forward at a dis-
tance equal to the drone’s distance from the ground robot.
Afterward, the ground robot recalculates the drone’s position
and repeats the process until the distance error threshold is
reached.

IV. DRONE DETECTION THROUGH INSTANCE SEGMENTATION

Segmentation is the process of dividing an image into distinct
regions based on particular criteria or other visual features,
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which may be evaluated separately. There are three types of
segmentation [17], [18]: semantic segmentation, which divides
pixels in an image into broad categories, instance segmentation,
which recognizes particular instances of objects inside an image,
and panoptic segmentation that simultaneously assigns semantic
labels to all pixels in an image while distinguishing between
objects.

A. Selected Segmentation Model

Convolutional Neural Networks (CNNs) offer these capabili-
ties, with input and output layers that accept raw data and provide
final predictions. CNN model provides lightweight options for
implementation on small companion computers and offers a
segmentation extension is required for this study. Studies [13]
and [19] used CNN models from the YOLO architectural fam-
ily, specifically YOLOVS, for their light size and segmentation
capabilities. Thus, in this study, the segmentation extension and
the narrow variation of the YOLOv8n-seg model, the lightest
model, were used for drone detection as part of ground robot
visual servoing.

B. Gathered Drone Dataset

Using the ground robot’s camera, the authors collected im-
ages of the drone at a hovering state. To employ data di-
versity, the authors consider various weather conditions and
different heights of the drone with respect to the ground. The
final dataset consists of 3,024 annotated photos. The authors
split the dataset into training, validation, and test sets at a
7:2:1 ratio. They provided stratified a random sampling strat-
egy to guarantee equal distribution of images from various
weather and height conditions. The dataset used for training
drone detection under various weather conditions is available
in [20].

C. Instance Segmentation Training

The study chose to apply Adam optimizer during the training
stage. This optimizer suits the task since it requires low memory,
converges quickly, and adjusts learning rates based on past
gradients. In addition, it fits the requirements in this study,
considering the unique drone features and small-sized dataset.

For training, the Adam optimizer is used with the following
hyperparameters: an initial learning rate (Ir0) of 0.01, a learning
rate factor (Irf) of 0.01, a momentum of 0.937, a weight decay
of 0.0005, and a warm-up momentum of 0.8. The batch size is
set to 4 to maximize the GPU capacity of the personal computer
(NVIDIA GeForce RTX 2070 GPU) with 8 GB memory, The
training is set to run in 100 epochs, but a patience is set to 10 to
terminate training once overfitting occurs 10 times. Lastly, the
input images are forcibly resized into 640 x 640, and three chan-
nels for the RGB color space. This image shape is a requirement
of the YOLOV8-seg model’s input layer.

D. Training Results and Evaluation

The model effectively learned from the dataset which obtained
a training loss of 0.01106 and a validation loss of 0.00941 at
epoch 59. The Detection Error Tradeoff (DET) curve is shown in
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Fig.5. The Detection Error Tradeoff (DET) curve of the drone detection model
under unstable drone recognition scenarios.
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Fig. 6. Result of the trained instance segmentation model from the test set in
terms of precision, recall, MAP5(, and MAP50.95.

Fig. 5. At FPR=0, FNR is approximately 0.0004, indicating that
when the classifier does not make false positive errors, it has a
false negative rate of 0.04%, indicating that the classifier misses
approximately 0.04% of actual positives. The performance of
the drone detection under different conditions resulted in low
FNR results, which means that the detection model is effective
and rarely misses the drone.

The study evaluated the model’s performance several times
using various input image sizes, as shown in Fig. 6. Precision,
recall, and mAP50 peaked at an image size of 896 and remains
stable after an image size of 896 retaining the high level of
true positive detections. mAP50-95 increases from an image
size of 256 until 640, but decreases after an image size of 640.
Considering all the metrics, the best image size for using this
model appears to be at around 768. At an image size of 768,
precision is almost at its peak with a value of 0.996, a high recall
of 0.974 and strong values of mAP50 and mAP50-95 (0.993 and
0.868, respectively).

V. IMAGE-BASED DISTANCE AND HEADING CALCULATIONS

For the visual servo control to work, the ground robot must
determine the position of the detected drone object; this includes
the horizontal distance between the drone and the ground robot
and the drone angle based on the ground robot’s current heading
(where the ground robot is facing). The authors determined the
drone’s horizontal distance from the ground robot using the
concept of pinhole projection. This concept uses a series of
formulas based on ratios and proportions to determine the size
of an object within an image [21]. In this study, (1) is used to
determine the drone’s distance from the ground robot.

h/
U U
dy=di3e 1)
where:
e (! - drone center distance from the ground robot body.
e (! - drone center distance from the image center.
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TABLE I
GROUND ROBOT DISTANCE AND HEADING CALCULATION RESULTS
Calculation Approach | Parameter Error
Without Offset D1star.me 5.91 £3.47 cm
Heading 5.79 £4.15 deg
With Offset DlStal:lCB 2.16 £1.42 cm
Heading 2.16 £ 1.94 deg

e h! - drone size in cm.

® hl - drone size in pixels.

In addition, (2) determines the ground robot’s target heading,
@, using the Cartesian components of the estimated drone center
distance, d.

d//’
¢ = arctan ( . > 2)
g
where:

® ¢ - target heading for ground robot rotation.

e (/. - x component of estimated drone center distance.

e (!, - y component of estimated drone center distance.

Additionally, to improve the accuracy of the calculations, the
study added offsets to consider errors that are inherent to ground
robot hardware. The offset values will change whenever the
ground robot is altered. As depicted in the distance update rule
in (3) and (4), the calculations incorporated the offset values to
the Cartesian components d//. and d/}, .

d/o/w — dgn + Lof fset (3)
dgy — dgy + Yof fset (4)

where:

® .7 yset - Offset relative to ground robot’s x-coordinate.

® 9osfset - Offset relative to ground robot’s y-coordinate.

Based on the results summarized in Table I, the researchers
determined that the Cartesian offsets from the image-based cal-
culations reduced both the distance and heading errors. Through
this initial results, it was found that other than linear position,
angular position should be evaluated also for drone-ground robot
alignment. Chapter VI discusses the alignment errors due to
induced tilts and how to correct it.

VI. VISUAL SERVOING WITH TILT CORRECTION METHOD

In this study, the ground robot must adapt to slightly uneven
surfaces containing rocks and potholes, as this causes the ground
robot to tilt (Fig. 7) and contribute to distance and heading error.
The induced tilt angle distorts drone center distance calculations.
Hence, tilt correction to compensate for tilt-induced errors was
evaluated considering the image-based distance and heading
calculations.

Considering the case illustrated in Fig. 7 where the drone is
placed directly above the ground robot at a distance Height, the
tiltinduced by an uneven surface causes the drone center distance
calculation to perceive that it is at a distance 7ilt Error from
the ground robot. Using the cosine angles and the magnitude of

vector T, the Cartesian components of the tilt error are presented
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Fig. 7. (a) Uneven surfaces induce tilts to the ground robot, causing it to
perceive the drone to be farther than its actual position. (b) The graphical
illustration of correcting the tilt error induced.

in (5) and (6).
Ttiltorror = H7H COos «x )

Yeilterror = H?H cos 3 (6)

° - magnitude of vector 7ilt.

® Tt rror - tilt error relative to the x-axis.

® Yt rror - tilt error relative to the y-axis.

® cos « - cosine angle from the x-axis.

® cosf3 - cosine angle from the y-axis.

Then, the Cartesian components of TiltError were intro-
duced to (3) and (4) as tilt error-reducing variables, thus pro-
ducing the distance update rule in (7) and (8).

dgL — dgl + Tof fset + Ltilterror (7)
dgy — dgy + Yof fset + Ytilt.rror (8)

In this study, (7) and (8) are used to calculate the position of the
drone while also compensating for the tilt-induced errors caused
by uneven terrains, thus improving the accuracy of distance and
heading calculations. The study evaluated the accuracy of error
reduction through tilt correction. To replicate tilts caused by
rocks and potholes, researchers inclined the ground robot for
about 10 degrees on average.

As for its specifications, the IMU sensor uses a 9-degree-
of-freedom sensor fusion system that combines three separate
sensors for reading orientation, acceleration, and magnetic fields
in three-dimensional space. The sensor uses the built-in gyro-
scope sensor to provide information about the ground robot’s
orientation. The researchers determined the offset values for
the calibration of the IMU sensor and camera by collecting
32 sample data. Then, the researchers used the resulting mean
averages as calculation offsets.

The researchers implemented distance and heading calcula-
tions with tilt error correction using the offset values and the
measured Euler angles. Here, the study conducted 60 test trials,
summarized in Table II. The error convergence speed for both
instances (with or without tilt correction) depends on the robot’s
processing speed; hence, they are similar but differ in the final
size of the distance error.

Commonly used strategies for ground robot visual ser-
voing do not contain tilt-error correction. Thus, Table II
shows the comparison on ground robot visual servoing with
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TABLE II
TEST RESULTS FOR GROUND ROBOT VISUAL SERVOING WITH AND WITHOUT
TILT ERROR CORRECTION

Calculation Approach Parameter Error

Without Tilt Correction DlStal:lCB 18.19 4 14.66 cm
Heading 23.49 £ 17.28 deg

With Tilt Correction DIStar,lce p-51:£3.61 cm
Heading 7.20 £ 5.37 deg

and without tilt-error correction, in which visual servoing
with tilt correction resulted in lesser distance and heading
erTors.

VII. RESULTS AND DISCUSSION

This study used a ground robot with a body of 34 cm in
length, 18 cm in width, 7 cm in height, ground clearance of
11 cm, and a wheel diameter of 17 cm. An open-field test was
performed with actual drone operation for drone-ground robot
alignment.

The ground robot has a grasping component with a maximum
grasping component span of 22 cm (see Fig. 2). Thus, the
threshold distance error in this ground robot setup will be 22 cm.
The threshold distance error can be adjusted depending on the
ground robot platform dimension. If the drone’s distance exceeds
the threshold, the ground robot will not be captured by the
drone’s retrieval mechanism. To avoid this, the ground robot
reorients its position and repeats the iteration until it reaches the
drone’s center mark.

A. Ground Robot Initial Alignment Test

The study evaluated the ground robot’s initial performance in
visual servo control through 3 marker alignment tests: a smooth
surface test with a 3m-high marker, a rough surface test with a
3m-high marker, and a rough surface test with a 5m-high marker.
The average distance errors for the smooth surface test, rough
surface test (3m-high marker), and rough surface test (Sm-high
marker) are 3.394+ 1.71cm, 7.934 2.49cm, and 7.11+£3.08 cm,
respectively. The researchers noted that all the average errors
were within the threshold distance error of 22 cm. The tests
affirmed that drone and ground robot alignment is possible in
smooth and rocky terrains.

Thus, another alignment tests in an open field with actual
drone operation was conducted to evaluate the effectivity of
the ground robot visual servoing. This alignment test includes
ground robot visual servoing; 1) on an uneven surface with small
rocks and potholes, 2) with drone predefined paths, and 3) with
actual retrieval operation of the ground robot.

B. Implementation of Drone Instance Segmentation for Drone
Detection

The visualization outputs for drone detection in the chosen
test images are displayed in Fig. 8. The predicted outputs depict
drone detection with high confidence and consistent masking.
The evaluation metrics, such as precision, recall, and mAP as
previously presented in Fig. 6, support the validation of the

(a)

Fig.8. Drone segmentation outputs under the worst environmental conditions:
(a) Direct sunlight exposure affects the visibility of the drone. (b) Cloudy
skies add complexity to the environment due to patches that create background
irregularities.

predicted outputs. In addition, no external objects were detected
beside the drone since the camera is directed upward to the
sky. Thus, there is a lower chance of getting false detections.
This likelihood is supported by the low false positive rate as
previously shown in Fig. 5. The input images were obtained in
different weather conditions and at various heights. In Fig. 8§, it
was observed that all the models successfully captured the poly-
gon shape of the drone. In summary, the instance segmentation
models consistently detected the drone object.

C. Implementation of Ground Robot Visual Servo Control
With the Actual Drone Operation

The actual drone operation was conducted at an open test
area in Iligan City, which has a rocky and uneven landscape.
Recorded wind gusts during the drone operations were up to
1.5 m/s, with cloudy weather and direct sunlight exposure.
The camera used has a USB connection which allowed faster
transmission speed. The ground robot’s camera is dedicated to
the retrieval and drone detection system, making it unavailable
for recording video for the robot itself. The program code
for retrieval system operates using multiprocessing, where it
processes the camera output as its input.

1) Uneven Surface With Small Rocks and Potholes: The
ground robot visual servo control was initially tested on a rough
surface with small rocks and potholes (with 12 implementations
of drone-ground robot alignment). X-shaped markers of 2 meters
apart are marked on the ground. These markers are where the
drone was hovered in position of 5-meter height.

The drone on-board camera confirms its hovering position
at the markers. The ground robot successfully implemented the
visual servo control and aligned below the drone in a rough
surface with small rocks present. The ground robot initially at
starting position (t = 0 s) moved below the drone’s first hovering
position at point A and aligned with the drone for t = 20 s) as
shown in Fig. 9. The average alignment error recorded is 17.6 cm
that is within the threshold error.

2) With Drone Predetermined Waypoints: The drone-ground
robot alignment was implemented with applying drone way-
points or predetermined paths as depicted in Fig. 10 indicated
by green markers (1, 2, 3 and 4). At drone hovering at point
2, the ground robot successfully implemented the visual servo
control from its initial position near the point 1 to the point 2
(t=20s). Consecutively, the drone hovering at point 3, the rover
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Drone

Fig. 9. Implementation of ground robot-drone alignment using visual servo
control in a rough uneven terrain with presence of small rocks. The drone
hovers at point A with its center indicated by red X-shaped marker while the
ground robot performs visual servo control and aligns with the drone’s center at
t = 20 s. The ground robot’s movement is indicated by blue dashed lines.

Drone Waypoints Drone Hovering at Point 2

Fig. 10. Implementation of drone-ground robot alignment with drone prede-
termined waypoints. The ground robot followed the drone using visual servo
control as the drone hovered from one point to another.

TABLE III
SUMMARY OF DRONE-GROUND ROBOT ALIGNMENT TESTS FOR DRONE
PREDETERMINED PATHS

Average Alignment Error
Path 1 19.58 cm below the
Path 2 20.30 cm threshold
Path 3 17.80 cm error
Path 4 6.33 cm (of 22c¢m)

implemented again the visual servo control from point 2 to point
3(t=385).

The researchers recorded the corresponding alignment errors,
which are summarized in Table III. The results showed that the
maximum average distance error for the alignment is 20.30 cm,
and is below the threshold error of 22 cm. Thus, for application
of predetermined waypoint paths for the drone, the ground robot
effectively implemented visual servo control considering the
terrain condition, drone drifting and winds.

IEEE
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026,
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Fig.11. Implementation of drone-ground robot alignment with actual retrieval
operation of the ground robot. The drone hovers up to 3 meters and goes to the
retrieval area. Then, the ground robot initially performs visual servoing (t =
28 s). The drone stays at a 3-meter height while the ground robot performs
visual servoing and aligns to the drone center, as shown in the onboard camera
view of the drone (t = 85 s). After successful alignment, the drone’s retrieval
component goes down (t = 90 s) and retrieves the ground robot through its
grasping component (t = 103 s).

3) With Actual Ground Robot Retrieval Operation: Lastly,
the drone-ground robot alignment was implemented with the
actual retrieval operation of the ground robot as depicted in
Fig. 11. The ground robot is positioned 50 meters away from
the drone’s hovering area. After the drone goes to the retrieval
area where the ground robot is to be retrieved (t = 24 s), the
simultaneous application of drone detection and tilt correction
for visual servo control of the ground robot initializes (t = 28 s).

Both vehicles are remotely connected to the base station,
allowing operators to autonomously control the drone and assign
a new position based on the ground robot’s GPS location. Since
both vehicles utilize GPS sensors with an RTK configuration,
this ensures that the drone remains within the field of view of
the ground robot’s camera. The visual servo control strategy
is activated once the ground robot detects the drone within a
specified confidence interval.

The average alignment error recorded is 16.58 cm for 6 field
tests. After the alignment, the drone successfully retrieved the
ground robot through its mechanism.

Furthermore, a stability analysis in Fig. 12 visualizes the
alignment error of the ground robot as it approached the aerial
drone on another three field tests. The performance curves for
three tests verified the functionality of ground robot visual
servoing for different test conducted. The results showed that
the overall average alignment error is below the threshold value
(22 cm). Convergence was achieved within 18 seconds in Test
1, 14 seconds in Test 2, and 13.5 seconds in Test 3.
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Fig. 12. Stability analysis of ground robot visual servo control for three

different actual retrieval tests conducted. Drone-ground robot alignment was
made duringt =20stot=25s.

VIII. CONCLUSION AND RECOMMENDATIONS

For ground robot retrieval applications in harsh and risky
environments such as volcanoes, this study implemented visual
servo control for drone-ground robot alignment. The visual
servo control strategy implemented multiple programs running
simultaneously, including drone detection and tilt correction.

In this study, the ground robot used has a grasping span that
resulted to threshold error of 22 cm. When the ground robot was
subtly tilted in various positions, applying tilt correction reduced
the average distance and heading calculation errors to 5.51 cm
and 7.20 degrees, respectively. And for drone detection, the
instance segmentation models consistently detected the drone
object and implemented the visual servo control for alignment.

The authors conducted open field tests to assess the alignment
performance with the actual drone operation. The drone-ground
robot alignment on uneven surfaces containing rocks and pot-
holes resulted in an average of 17.60 cm alignment error. Con-
secutively, a 20.30 cm maximum alignment error was found
on drone-ground robot alignment implementation with drone
predetermine path set-up. Further evaluation was made with the
actual retrieval operation of the ground robot. The average align-
ment error recorded is 16.58 cm, and the drone with its retrieval
component successfully retrieved the ground robot through its
retrieving mechanism. Overall, the average alignment errors are
within the threshold error. And through stability analysis, the
functionality of ground robot visual servoing for different test
conducted are verified.

The results implied that visual servo control through simul-
taneous drone detection and tilt correction effectively aligned
the drone and ground robot under open outdoor field conditions.
To summarize, the ground robot effectively implemented visual
servo control and successfully aligned with the drone:

1) on uneven surfaces containing rocks and potholes

2) with actual ground robot retrieval operation, and

3) under cloudy and direct sunlight with drone drifting and

winds.

Future work includes adding more tests to further investigate
the system’s performance, implementing an advanced strategy
for visual servo control, and conducting actual operations in
complex environments.
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