. machines

Article

Autonomous Sewer Robot: A Laser Marker-Based
Detection System

Vygantas USinskis, Andrius Dzedzickis

check for

updates
Academic Editors: Nicola Ivan
Giannoccaro, Ramiro Veldzquez and

Gianfranco Parlangeli

Received: 7 April 2025
Revised: 9 May 2025
Accepted: 15 May 2025
Published: 21 May 2025

Citation: Usinskis, V.; Dzedzickis,
A.; Nekrasas, J.; Buc¢inskas, V.
Autonomous Sewer Robot: A Laser
Marker-Based Detection System.
Machines 2025, 13, 438. https://
doi.org/10.3390/machines13050438

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

, Justas Nekrasas and Vytautas Buéinskas *

Department of Mechatronics, Robotics and Digital Manufacturing, Vilnius Gediminas Technical
University (VilniusTech), Plytinés 25, LT10505 Vilnius, Lithuania; vygantas.usinskis@vilniustech.lt (V.U.);
andrius.dzedzickis@vilniustech.lt (A.D.); justas.nekrasas@gmail.com (J.N.)

* Correspondence: vytautas.bucinskas@vilniustech.lt; Tel.: +370-5-27447

Abstract: Navigation technologies are becoming more advanced, helping to solve compli-
cated problems in various fields. Navigation can be classified as global, in which predefined
data and reference points from the working environment are used to generate a path, and
local, where the map is generated momentarily by acquiring data from outside using
sensors. As navigation tasks become more demanding, working environments can become
very complicated with an increasing number of dynamic obstacles or, in some cases, a
lack of global references, which may have particularly notable impacts on communication.
Inspection robots that are required to work in underground sewers are often required to
work completely locally, relying on sensor data. For this reason, in this study, a cost-efficient
laser marker-based obstacle detection and measurement system is designed and tested for
future use in autonomous sewer robot local path generation. Our experiments show the
convenience of applying four linear laser markers with an RGB camera to fully inspect
upcoming obstacles in the region covering the front robot dimensions. The results show
distance measurement accuracy of up to £1.33 mm and obstacle width accuracy of up
to 0.28 mm measured from a 130 mm range. Nevertheless, accuracy is strongly dependent
on the segmentation of image resolution, lighting, and reflection of the inspected surfaces.
Also, it depends on the configuration of laser markers and the RGB camera position.

Keywords: dynamic navigation; mobile robot; laser scanner; autonomous robot;

obstacle detection

1. Introduction

Navigation technologies are advancing rapidly with the adoption of sensor fusion
and artificial intelligence (AI). Recent advances in Al are paving the way for autonomous
systems. However, as technologies advance, tasks are also becoming increasingly complex.

Navigation can be categorized as global or local. Global navigation involves relying
on predefined information about the working environment, which can contain marked
tracks, labels, and global communication systems. In this case, the optimal path to the
target is generated in advance [1,2]. On the other hand, local navigation relies on sensor
data to acquire information from the environment and momentarily make a decision
about which direction to move in [3,4]. Nowadays, even systems that are integrated in
a well-prepared environment, like automated warehouses, cannot fully rely on global
information. One of the reasons for this is that various dynamic obstacles can introduce
unpredictable obstructions [5,6]. Furthermore, for inspection-type robots that work in
places that are difficult for humans to reach, the robots often need to completely rely on
local sensor data [7,8]. Such environments also involve underground sewers, which require
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regular checkups, and performing such checks physically by hand can cost a lot or may
be completely impossible. For this reason, a fully autonomous mobile sewer robot is
being designed.

An essential step for navigation system development is localization. Local navigation
sensors for measuring distance are of utmost importance for mobile robots. Optical sensors
are very popular due to their high accuracy and fast response time, including time-of-flight
(ToF) sensors, which evaluate distance by measuring the amount of time it takes for light to
travel from the source and return from a reflective surface [9]. However, they are usually
designed for one-point measurements and require a multiple-sensor solution for wider
field-of-view capability. LIDAR sensors are another alternative that often have integrated
drives for rotation and point cloud measurement in the 2D plane or even 3D space [10-12].
These sensors provide a wide measurement range and accuracy. On the other hand, optical
sensors are sensitive to lighting and weather conditions. In this case, Radar sensors have
an advantage, but at the cost of precise point cloud mapping [13-15].

To maximize localization, different sensors are fused together to compensate for
their limitations. Distance sensors are often mapped with cameras to expand the amount
of information received from the environment for better interpretation of detected ob-
jects [16]. Some of the cameras that are widely used for mobile robot navigation include
RGB cameras used for color recognition. By mapping color data with distance sensor data,
accurate estimation can be made about detected objects’ shape, geometry, type, and other
characteristics [17,18]. Cameras can also be categorized into 2D cameras, which convert
data to a plane from a specific field of view varying from 40° to 360°, including fish-eye
cameras, or 3D cameras, which also include depth data. These cameras work by integrating
ToF or LiDAR sensors or using several integrated cameras, like stereo cameras [19-21]. An-
other alternative, which is more robust to environmental conditions, is ultrasonic sensors,
which are cost-efficient and accurate for short-range measurement [22,23].

An RGB camera was selected for designing an autonomous sewer robot localization.
In combination with four linear laser pointers, depth information can be received from
the environment, thus creating an accurate, robust, and cost-efficient object detection
solution, which is the main criterion for this system. In the literature, similar methods were
experimentally analyzed. In [24,25], one linear laser marker is applied in combination with
an RGB camera to detect and measure the distance from an obstacle. On the other hand,
this combination only allows inspection of one surface or obstacles attached to the ground.
Using two linear laser markers, as described in [26], allows for better surface scanning,
minimizing blind spots. Nevertheless, in a sewer-like environment, obstacles can hang from
the ceiling or walls. Four laser pointers covering the main planes allow for an optimal field
of view, saving the computational resources required for image processing. The proposed
laser scanner configuration is shown in the principal scheme of the developed sewer robot
system presented in Figure 1.

The red lines represent the possible detection field of view marked by linear laser
pointers. To further extend the robot’s field of view, 2D LiDAR is added to better recognize
the sides of the robot, which comes in handy in close gaps. In addition to object recognition,
odometry data are also important for local navigation systems. Some of the sensors most
frequently used for this purpose are accelerometers and gyroscopes. An accelerometer is
very useful for measuring tilt, which is important in challenging terrain scenarios, while a
gyroscope helps to check the robot’s rotation [21,27,28]. Both of these sensors are integrated
into the designed robot system for better orientation. Magnetometers are also very useful
for estimating heading, which is commonly combined with accelerometers and gyroscopes,
but due to their dependency on the magnetic field, it is not reliable for underground sewer
conditions [29].
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Figure 1. Principal scheme of an autonomous sewer robot.

In this work, the effectiveness of the designed laser scanner is analyzed. In the first
part, the methodology of laser triangulation principles and adaptation for the designed
laser scanner is discussed. Then, the working method of object detection is analyzed, and
is further used for experimentation. Moreover, the experimental setup for determining
object recognition accuracy is explained, including the chosen equipment, calibration of the
system, and image processing. After that, the results of the experiments are presented, and
the standard deviations of measuring different obstacles with different image segmentations
are evaluated. Finally, conclusions are drawn and future works are discussed.

2. Materials and Methods

As previously mentioned, an autonomous robot for underground sewers requires a
reliable and computationally cost-efficient solution for object detection. One of the most
versatile devices for object recognition is an RGB camera. Nevertheless, to simplify the
amount of information gathered from images, it is important to simplify the task as much
as possible and search for specific patterns. In this case, laser pointers are used to provide
linear contours that can be recognized from an image and interpreted for obstacle detection
purposes. This reduces the amount of information required to process compared to depth
camera point cloud data. Further experiments are performed to estimate the accuracy of
the designed laser scanner distance measurement system.

2.1. Laser Scanner Obstacle Detection System Configuration

As previously mentioned, a combination of an RGB camera and a laser pointer has
been researched in the literature as a practical obstacle detection, distance, and geometry
measurement solution. The main idea behind this method is laser triangulation, as shown
in Figure 2.

The obstacle obstructs laser light, which is reflected from the surface of an obstacle,
resulting in displacement /; from the laser reflection on the ground. Displacement /; is
then projected onto the CCD sensor, resulting in displacement iy which is processed and
scaled on the image by the RGB camera. To calculate the distance from the obstacle d,
additional parameters are needed, which are configured initially for the designed system.
For this project, the system is configured by fixing the focus distance—d, the linear laser
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tilt angle—#67, and the camera perspective to the focus point tilt angle—w,. The following
formulas are used to detect the actual distance:
hi-Ly

dy —dy = coswy- L 1)

d2 = dl — (COS (Ug'hlllLQ)/ (2)
1

Then, the obstacle is present along the measuring range equal to di. The distance
from an object can also be defined by two resulting angles tilted from laser and camera
projections, respectively—6, and w. Tilt angles for a specific distance can be found using
the following formulas:

tanw, = i 3)

(tan(wg — 61)-dy) — (sinwg-h%z) '

L3-sin w,
d

These formulas are further used for camera input data post-processing to create a map

(4)

sinf, =

of occupied regions, later used for path planning. Nevertheless, one linear laser pointer is
not enough to recognize all obstacles in front of the robot covering d; range. In Figure 3a, it
can be seen that the upper linear laser is able to mark only the obstacle from the left, which
is fixed to the ground. This could lead the robot to move right and collide with an obstacle
fixed to the wall.

g
Object 1
T ||
N
//97
/ //?
77

Figure 2. Configuration of one linear laser pointer based on triangulation principles.

Adding another laser marker pointing from the left side allows us to detect the
obstacles fixed to the right wall, as shown in Figure 3b. Moreover, adding laser markers
from the bottom and right sides allows for the detection of obstacles fixed to all surfaces,
creating a field of view whose size depends on the system configuration, linking each laser
marker with the camera, as shown in Figure 2. Thus, the rectangular field of view is created
by adding additional tolerance around the dimensions of the robot, as shown in Figure 4b.
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Figure 3. Obstacle recognition with mobile robot (obstacles marked in purple and laser lin-
ear projections in red): (a) obstacle detection with one laser pointer; (b) obstacle detection with
two laser pointers.

(a) (b)

Figure 4. Laser scanner field of view using four linear laser markers (laser linear projections marked
in red): (a) side view of laser scanner field of view; (b) front plane of laser scanner field of view.

In Figure 4b, it can be seen that tolerance is added around the dimensions of the
front robot projection. As a laser scanner is used as the main detection method for nearest
obstacles, additional tolerance is necessary for detecting incoming obstacles. In Figure 4a, a
laser scanner view from the side can also be seen, each projection marking a different plane
in the rectangular tunnel.

2.2. Laser Scanner Experimental Setup

To test the designed scanner, the first experiment will be performed with one laser
pointer. The goal of this experiment is to check the accuracy of distance measurement
to an obstacle using an RGB camera and a linear laser marker. Accuracy is estimated by
comparing the measured value with a laser scanner and the real dimensions. The laser
that projects the light to the ground is used as shown in the simplified configuration of the
system in Figure 4a.

In Figure 5b, a camera view example is shown corresponding to the position of the
measurement system in Figure 5a. From an image, not only can displacement—h;—Dbe
measured, as explained earlier, but width—w—can also be measured, and the result can
be directly converted to the real width of an obstacle. During the experiment, only cuboid
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forms are used as obstacles for testing the system. To be able to evaluate the accuracy of
the designed measurement system, it is important to gather relevant data. For this reason,
obstacles of different widths are used, including obstacles that are 5, 10, 30, and 50 mm
wide. During the experiment, an obstacle is put in front of the laser scanner in a tunnel-like
environment, as shown in Figure 6.

Laser

Camera

(a) (b)

Figure 5. Experiment principal scheme—laser scanner with one laser marker (laser marker linear
projection marked in red): (a) 3D view of the system; (b) camera view of laser scanner when an
obstacle is present.

Figure 6. Distance and obstacle width measurement using laser scanner in a tunnel-like environment.

The object is also centered on the camera. Initially, it is placed 130 mm from the scanner,
which is the measuring range of the camera—d;. After that, the laser scanner is moved
to an obstacle in increments of 5 mm up to 50 mm. The image is taken and processed at
each increment. This procedure is performed with all four obstacles of different widths
and additional changes in the image processing segmentation parameter, which will be
discussed further.

For this experiment, a measuring system prototype was created according to the geo-
metrical specifications of the mobile sewer robot, which is in development. The prototype
was mounted on the “Yaskawa MOTOMAN HC10DTB” industrial robot, as shown in
Figure 7. An industrial robot was chosen to ensure positioning accuracy, and it was used
to move and measure dimensions with the scanner during experimentation. The robot
ensured positioning accuracy of up to £0.1 mm.
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Power source Raspberry pi 4 Camera

Figure 7. Laser scanner experiment hardware setup.

A camera with a wide field-of-view angle was required for this project because a
laser scanner was used for detecting obstacles at close distances while covering an area no
smaller than the robot’s front dimensions. In this case, the “Raspberry Pi 3 wide Noir” RGB
camera was integrated. This camera provides a 120° angle field of view with a maximum
resolution of 4608 x 2592 pixels. Because the camera is programmed to search for linear
laser projections in the captured image, it is also important to have laser markers with a
wide angle. This allows for marking obstacles in close range, covering the whole width and
height of the robot. The selected laser angle is 130°. The Raspberry Pi 4 microcontroller is
used to control the camera due to its direct connection. An external power bank is used
as a power source for the “Raspberry Pi4”. The Scanner program is developed with C++,
which was chosen because of the higher computational speed compared to Python 3.1. This
is essential because this program will be integrated for mobile robot purposes in the future,
which will have a demanding control system.

After the laser scanner prototype is assembled with the robot, the next step is to
calibrate the system according to the designed mobile sewer robot specifications. For this
purpose, an additional calibration plate is designed, as shown in Figure 8. The plate is
placed 130 mm from the laser scanner, which is a distance of d;, according to Figure 2. This
is achieved by positioning an industrial robot with a simple motion program.

From Figure 8, it can be seen that the calibration plate has linear markings indicating
the robot’s dimensions and a tolerance of 10 mm. The camera is positioned straight, while
the upper laser pointer, which will be used in the experiment, is tilted at an angle, lining
up with the laser projection at the bottom of the calibration plate. According to Figure 2,
angle wy is equal to 40.5°. Other dimensions marked in red can also be estimated by using
a 3D modeling program and a 3D model of the system. The following dimensions are
determined in advance:

o wy=405°%

e ;=130 mm;

e 01=65%

o Wy =405

e [1=2443 mm;
e [,=180.12 mm;
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e [3=18.58 mm.

Figure 8. Calibration plate for laser scanner.

With these parameters, the distance from an object can be calculated, and then #; is
detected with the laser scanner. But to achieve this, the first camera has to be calibrated by
estimating the image pixel relation to the real length of the captured projection. To achieve
this, an image is taken with a laser scanner in the initial position by putting a calibration
plate in the center 130 mm away from the scanner, as d; is a measuring range. An image of
the highest field of view and resolution is taken—4608 x 2592 pixels. The resulting image
is shown in Figure 9.

. l _ X4,Y4
X3,Y3 (870, 180) = (3870, 170)

= | | X2,v2

Figure 9. Image of calibration plate taken with laser scanner system camera (red lines represent the
scanning region and field-of-view distortion and white lines represent the angles of distortion).
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The calibration plate is marked with lines representing the scanning region with
specified values—width w, = 200 mm and height &, = 160 mm. To convert pixel size
to the real length, firstly, the corners of the calibration plate are marked in the captured
image as shown in Figure 8. Red corners represent the corners of the plate, and yellow
corners are projections of the bottom corners of the scanning region, which are estimated
geometrically via solidworks 2024 (Student’s version) modeling software. To find pixel real
dimensions as width w,,,; and height h,, the following proportions are used, as defined in
Equations (5) and (6):

h 160

By — — — 0.0694
V= =y, 2485 —1g0 _ 0694 mm, ®)

w 200
_ - —0.0714 6
Wri T " x; 3780 — 980 mm, ©)

By calculating the image pixel width wy,;, and height ;. of the calibrated region, it is

possible to directly measure the width and height of an obstacle based on the displacement
and length of linear laser projections. In Figure 10, a simplified view of the pixel grid and
the laser line projected on the obstacle is shown as an estimated data processing model.

EEEEEEEIEEEEEEE
[0]ofofofo]ofo]o]o] [0]ofofo]o]
EEEEEEEEEEEEEEEEEEEE
[afafafafafafa]ofofofofofofafafafafafafa]

Figure 10. Simplified laser scanner camera view with present obstacle and pixel grid (laser linear
projection marked in red).

Pixels marked with 1 represent the detected color of the laser, while 0 s repre-
sent the filtered zone of a different color. The obstacle height can be calculated by the
following formula:

hi = hpix X 1y (7)

where 1, is the number of pixels shown vertically. Nevertheless, as seen in Figure 9, the
vertical view is stretched, and the width at the bottom of the calibration plate and the top is
different. This happens because the camera used has a very wide field of view, which results
in a slightly distorted view on the sides. Because of this, width has to be compensated
depending on the distance from the obstacle, which is determined by displacement /;.
Another factor that significantly affects width calculation is the camera perspective angle
from different distances, which is visually presented in Figure 11.

If an obstacle is closer to the camera from the calibration plane, the width of the
obstacle is perceived as bigger because d; divided by d, is proportional to b; divided
by b,. Because of this, the calculated width must be additionally multiplied by the ratio
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of dq/d,. Taking these aspects into account, the obstacle width can be calculated with
the following formula:

w= (o) =2 (1an (2270 ) ) )- ®

where 1y, is the number of pixels shown horizontally and 6y is the compensation angle,
and the width w; is 180 mm, which can be seen in Figure 9. The compensation angle
increases proportionally from the center to the left or right corner of the picture because of
the wide-angle camera view distortion. The compensation angle is slightly different on each
side because of system deviations. For this reason, the average value is taken—60; = 2.7°.

d:

d-

Obstacle

bz b:

A

Figure 11. Camera object perspective from different distances (red color represents laser linear
projection and brown color represents obstacle positions).

2.3. Image Processing

As mentioned before, the camera takes 4608 x 2592-pixel size images. To be able
to recognize obstacles which are marked with linear laser projections, it is necessary to
filter unnecessary colors from the raw camera picture. There are many models which are
used for image processing. For this project, the hue, saturation, value (HSV) model is
used, programmed with the C++ language, integrating OpenCV open-source libraries for
faster computational processing. The HSV method is more advantageous than regular RGB
color processing, most importantly because it is more robust in terms of external lighting
changes. It is able to evaluate color intensity [30-32]. For example, an unusual color that
is being searched for can have different intensities in the photo because of external light
and shadows, and the HSV method allows the color to be distinguished. HSV color space
is shown in Figure 12, defined by three parameters according to the model’s name, as
stated previously.



Machines 2025, 13, 438

11 of 20

HSYV Color Space
v Undervolemia
4 Green 0
120° 120° .
1 0° ."\ Hypervolemia
White
240°
180°. -[E T _ I:J'i?
Normal Hypervolemia
0  H Blue \
Black S 240° ! 300°
Pink
270°
Prehypervolemia

Figure 12. HSV color space graph and parameters [33].

Hue defines the different color regions and has a value from 0° to 360°. When using
OpenCV libraries, hue values are scaled between 0 and 180. Value defines brightness, and
saturation defines color depth. Both of these values range between 0 and 255.

For this experiment, two red color ranges were chosen for the upper and lower
thresholds. Also, a saturation value of 10,000 and a gain value of 2 were chosen to allow
the camera to take darker images and mimic a sewer-like view without outside lighting.
For the lower range, values from [0, 50, 50] to [10, 255, 255] were selected, while for the
upper range, values from [170, 50, 50] to [180, 255, 255] were selected. This range allows for
the detection of shades of red of varying intensity. After that, the image is transformed into
a grayscale, as shown in Figure 13.

Figure 13. Original image of the present obstacle taken with an RGB camera and transformed

to grayscale.

Filtered pixels are changed to a white color with a value of 255, and background pixels
are changed to black with a value of 0. This simplifies the calculations used to find regions
of interest. Another factor that greatly affects image recognition accuracy and processing
speed is segmentation. Reading the value of every pixel and saving it in the memory is
computationally demanding. It is more convenient to separate the image into larger square
segments, as shown in Figure 14.
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Figure 14. Simplified view of the original image with different segmentation values (red color
represents laser linear projection).

The described procedure allows for a reduction in memory load. Segmentation value
will be defined as k (11,2, 11,2), where 1,5 represents how many pixels are stored horizontally
in the analyzed squared region, and n,; represents the number of pixels stored vertically.
Looking at Figure 11, it can be seen that depending on the segmentation value, the detected
laser line can be divided into several pixels. For this reason, the calculation of pixels
horizontally and vertically is performed as shown in Figure 15.

OO0 00000 QIF OO IO >?

coorrloocrsooooooe
QOO RO OO
coorrloocoooe OO ®®
coorrlococsosooooooe
QORI ®
oo o|lr rloo oo r rolee o )
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coooooosroor|oe e
coooooorror|loee
coooooorrorloe e
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coooocoocorrrloeoe
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coorrlooocoooooe e
coolrrloorooooe®
coorrlooroooooe®
coorrloorsoooooee®
QO OOIF RO OO
coolrrloococooooo O ®

Figure 15. Obstacle width and height of pixel selection from the processed image (red lines represent
laser linear projection width).

The figure above shows the segmentation of a real camera image taken from the
experiment. The number of pixels stored vertically is calculated from the top of the straight-
line projection of the laser to the top of the highest projection disturbed by the obstacle.
This logic is applied because the object observed during the experiment is of a square
shape, so the top of the object can be assumed as a straight line in this case. For this
experiment, segmentation values of 32 x 32,16 x 16,9 x 9, and 4 X 4 are used for each of
the different measurements.

3. Results

According to the explained methodology, an experiment was performed and data were
gathered. In total, 160 measurements of the distance from and the width of obstacles were
taken, including four different obstacles that were 5, 10, 30, and 50 mm wide. The deviation
between real and measured dimensions was calculated, and the following formulas are
used for statistical analysis:

- Z?:1 Xi
X = I )
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S; = Xj — X, (10)
—\2
Y(x —X%)
s = —_— 11
il ay

where x; is the measurement deviation, X is the mean, n—number of measurements with
corresponding obstacle and segmentation value, s,—deviation from the mean value, and
s—standard deviation. During each distance increment from 5 to 50 mm, an image was
taken, and each step was increased by 5 mm, moving closer to an obstacle. All images were
processed using four different segmentation values of 32 x 32,16 x 16,8 x 8,and 4 x 4.
The collected data and analysis are presented further.

3.1. Distance Measurements

Measurements were carried out starting from the thinnest obstacle, which was 5 mm
wide. The results of different segmentation values are compared in a column-type diagram
for a clearer view. The diagram is presented in Figure 16.

5mm wide obstacle

W 32x32 (3.21mm) W 16x16 (£1.49mm) " 9x9 (£1.33mm) W 4x4 (£1.60mm)

Deviation s;, mm

o

(=)}

S

N

10 15 20 25 30 35 40 45 50
Distance, mm

Figure 16. Results of distance measurements with a 5 mm wide obstacle.

The horizontal axis represents distance increments, and the laser scanner is moving
closer to an obstacle from an initial position, which is 130 mm away from the obstacle. The
vertical axis represents deviation from the mean of the measured distance and the real
distance estimated by the industrial robot movement, which ensures £0.1 mm accuracy.
At the top of the table, different segmentation values are shown. Each segmentation value
has a corresponding standard deviation value. Looking at Figure 15, it is noticeable that
the standard deviation is highest with 32 x 32 segmentation and gradually reduces as
the segmentation value is lowered. Nevertheless, the lowest deviation is achieved with
a 9 x 9 segmentation value. This would indicate that the 9 x 9 value is more optimal
compared to the 4 X 4, as it generates smaller deviation and requires fewer computational
resources for processing optical information.

The experiment is further proceeded by measuring a 10 mm wide obstacle. The results
are shown in Figure 17.
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10mm wide obstacle

H 32x32 (+3.88mm) W 16x16 (+1.85mm) = 9x9 (£1.67mm) H 4x4 (£2.05mm)

Deviation s;, mm
N » <)} 0o

o

5 10 15 20 25 30 35 40 45 50
Distance, mm

Figure 17. Results of distance measurements with a 10 mm wide obstacle.

Looking at the figure above, it can be noticed that the standard deviation has a similar
tendency when measuring a 10 mm wide obstacle. It is highest at a segmentation value of
32 x 32. Then, increasing the number of pixels processed, the lowest deviation is reached
with a 9 x 9 value. Decreasing the value further increases the deviation.

The experiment is further proceeded by measuring a 30 mm wide obstacle. The
obtained results are shown in Figure 18.

30mm wide obstacle

H 32x32 (+5.04mm) m 16x16 (+2.53mm) = 9x9 (£2.06mm) ® 4x4 (£1.66mm)

Deviation s;, mm
N £ (<)) o]

o

5 10 15 20 25 30 35 40 45 50
Distance, mm

Figure 18. Results of distance measurements with a 30 mm wide obstacle.

Looking at the figure above, it can be seen that, unlike the first two obstacles, lowering
the segmentation value up to 4 x 4 gradually reduces deviation, although the most signifi-
cant difference still remains between 32 x 32 and 16 x 16. Also, the largest error of +5.04
was measured with a 32 x 32 segmentation value during this experiment.

The experiment proceeded with the measurement of a 30 mm wide obstacle. The
results are shown in Figure 19.



Machines 2025, 13, 438 15 of 20

50mm wide obstacle

H 32x32 (+4.02mm) m 16x16 (+1.85mm) = 9x9 (£2.31mm) m 4x4 (£2.26mm)

g 6
a0
“

4
c
2
)

© 2
>
(V)

Qo

5 10 15 20 25 30 35 40 45 50
Distance, mm
Figure 19. Results of distance measurements with a 50 mm wide obstacle.

Looking into the results acquired from measuring a 50 mm wide obstacle, it is notice-
able that the highest deviation remains when the segmentation value is 32 x 32. Never-
theless, the lowest resolution is reached with a segmentation value of 16 x 16, and this is
increased by further lowering the segmentation to 9 x 9 and 4 x 4.

Based on an analysis of distance measurements acquired during an experiment, it
was observed that changing the segmentation value greatly affects distance measurement
accuracy. Nevertheless, the relation is not linear, as seen in Figure 20.

5 mm wide obstacle 10mm wide obstacle
3.88
4.00 4.00
E 3.50 3.21 E 3.50
g‘ 3.00 g‘ 3.00
2250 2250
5 k] 1.85
200 1.60 s 149 >2.00 1.60 L33
o . o o
© 1.50 - 1.50
_r.: 1.00 Sloo
g 0.50 é 0.50
0.00 0.00
0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32
Segmentation value, px Segmentation value, px
30mm wide obstacle 50 mm wide obstacle
5.04| as0 4.02
E 5.00 €100
%400 #3.50
S §300
8300 2.63 %250 226 231
S S 1.85
> 2.06 ©2.00
° 1.66 °
5200 T150
© ©
.g 1.00 'g 1.00
g g 0.50
0.00 0.00
0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32
Segmentation value, px Segmentation value, px

Figure 20. Standard deviation values of distance measurements.
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The lowest deviation was reached using a segmentation value of 9 x 9. However, it
is noticeable that while measuring wider obstacles (30 and 50 mm), the lowest deviation
varies between 4 x 4 and 16 x 16. This can be affected by the reflection of laser light,
which is more noticeable on wider areas of surfaces. Reflection introduces noise in the
image, which makes the laser beam projection appear thicker and more distorted, as shown
in Figure 21.

Praraa S e e P w.,ﬁ.‘m——\b.w—..,_

s e v [ el e Y L SN ¥ Y VAN S T N

Figure 21. Filtered image processing (red lines represent center position of laser linear projection and
dashed line estimated upper position).

It is noticeable that the laser line projected on the obstacle is thicker than the line pro-
jected on the ground due to geometrical conditions. Because of this measured displacement,
hy is between the estimated lines by the algorithm, which is larger than the displacement
between the line projected on the ground and the nominal real line corresponding to /1 .y
shown in the figure above. Moreover, additional peaks of reflected light also increase /1; and
influence measurement deviation. To compensate for the reflection influence coefficient—a
is adjusted, which is expressed in Formula (2):

hi-L cos we-L
dy —dp = cos wg- 12 :hl-igz

» L= (12)

Using known values from the calibrated system, the geometric value of coefficient a is
equal to 5.6. Nevertheless, experimentally, the lowest deviations were achieved with the
value of 3.2. A smaller value of a compensates for the higher displacement estimated by
the calculation algorithm.

It is also possible to reduce picture noise with saturation and gain values of the camera,
which reduces the received light, resulting in a darker picture with fewer reflections. Nev-
ertheless, these values have already sufficiently decreased according to the experimental
environment; therefore, further reducing these values makes laser projection discontinuous,
leading to calculation errors.

3.2. Width Measurements

The image processing algorithm also calculates the width, which is necessary for
determining the occupancy grid of the scanned environment. Width is calculated using
formula 8, where I, is the measured laser projection deviation and d, is the calculated
distance from an obstacle. The camera’s field of view develops slight distortion in the
corners, as previously explained in Figure 9. For this reason, /; has a slight influence on
width calculation accuracy. The results of the experimental width measurements for each
obstacle are shown in Figure 22.
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Figure 22. Standard deviation values of obstacle width measurements.

From the figure above, it is noticeable that the standard deviation pattern of width
measurements is similar to that of distance measurements. Nevertheless, with a segmenta-
tion value of 32 x 32, deviations are significantly higher, especially with wider obstacles of
30 and 50 mm. Additional noise at the corners of processed obstacle laser projection taken
in the image influences the measured width more significantly, the larger the segmentation
value. Also, the perspective of the camera from different distances increases the error
when the obstacle width is higher, which can be seen from gathered data, as the wider the
obstacle, the more significant the increase in deviations.

Similarly, as with distance measurement, it is not worth going lower than a
9 x 9 segmentation value, as deviations do not fall or decrease by a very small margin, and
such distances are not significant for navigation purposes. Moreover, computational re-
sources can be saved considerably by choosing 9 x 9 or even 16 X 16 segmentation values.

3.3. Integration into the Mobile Robot

After calibrating and testing the laser marker and the RGB camera-based measurement
system, it can be applied to the intended autonomous sewer robot. Calibration of the
measurement system with the industrial robot was performed according to the designed
mobile robot prototype geometry. Laser makers and cameras could then be assembled
directly on the mobile robot platform shown in Figure 23.

There are marked lines for adjusting the angles of each laser, or the same calibration
plate as used in the experiment can be used to calibrate the system. The prototype also
includes previously mentioned sensors, including LiDAR and a gyroscope/accelerometer
module. The prototype is made of lightweight aluminum and has rubber belts for better fric-
tion. Also, all parts are either made from aluminum, 3D-printed, or zinc-coated to prevent
corrosion. The tank-type chassis allows the robot to pass through obstacles that are 4 cm
high, but for more accurate navigation, only obstacles up to 2 cm are considered acceptable.
This platform is suitable for further experiments in harsher sewer-like environments.
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Figure 23. Autonomous sewer robot prototype.

4. Discussion and Conclusions

A laser scanner consisting of four linear laser markers and an RGB camera provides
a versatile obstacle detection and measurement system. Four laser pointers allow for the
detection of obstacles present in a rectangular field of view, which can easily cover the
mobile robot’s dimensions.

For image processing, we decided to filter red laser light color from the background
using low camera saturation and gain values. This created a darker image, reducing light
reflections. For distance and width measurement, filtered image data were transformed
into a one-dimensional array storing relevant data for both dimensions. An array could
then be used for direct fusion with LiDAR data, expanding the field of the mobile sewer
robot system.

During experiments, the accuracy of distance measurement was determined using
one laser marker, as a similar procedure was performed with all four laser markers. The
lowest distance measurement deviation was £1.33 mm, and this was reached using a
9 x 9 segmentation value with 4608 x 2592 pixel resolution. This deviation was reached
measuring a 10 mm wide obstacle with a range of 130 mm. It was observed that the
deviation was increased by increasing the obstacle width, which was influenced by the
surface reflection of aluminum material, which was more reflective compared to the ground.
Nevertheless, 1.33 mm is sufficient for navigation purposes. Moreover, reducing the
segmentation value to lower than 9 x 9 increased accuracy very minimally, or in some
cases, higher deviation was encountered. Also, lowering the segmentation value increased
computational resources.

During the experiment, the obstacle width was also tested, reaching the lowest devia-
tion of +0.28 mm, then measuring a 10 mm wide obstacle with a 4 x 4 segmentation value.
However, the 9 x 9 segmentation value was more efficient, as the increase in deviation was
minimal. Similarly, as with distance measurement, an increase in obstacle width increases
deviation, which is influenced by surface reflection and also by camera perspective.

The tested optical obstacle detection and distance measurement system allows for
accurate detection of obstacles in a short range of 130 mm. Further experiments are needed
to combine all four laser markers to detect obstacles attached to the walls and the ceiling.
Also, further experimentation is needed to fuse laser scanner data with LiDAR data.

Moreover, mobile robot rotation and swinging from uneven ground surface can also
influence laser scanner measurements, as the ground or wall can also deform the laser
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projection. For this reason, an accelerometer and a gyroscope signal should be added for
relative and absolute measurement of mobile robot rotation in each axis for laser beam
projection compensation.
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