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Abstract

Autonomous robots are of utmost importance across various research fields and have numerous practical
applications. They can be used in scenarios such as rescue operations, security, safety management, and
interventions in hazardous or hostile environments, among others. A key application of these robots is
overcoming obstacles in extreme conditions, especially when human intervention is either impossible
or not permitted. This paper presents modelling and simulation results based on a mathematical tool
developed through systematic data acquisition and analysis, ensuring the safe operation of a robot
designed to assist its pilot. The proposed predictive model is built using data collected from the robot's
sensors, which are stored in a dedicated database. This data includes information on position, velocity,
and acceleration, as well as their handling and processing in the presence of obstacles. The paper also
includes a case study, with results that can serve as a predictive model applicable to similar conditions.
(Received in October 2024, accepted in January 2025. This paper was with the authors 2 weeks for 2 revisions.)
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1. INTRODUCTION

New applications for robotic systems have emerged in recent decades. Inspection, maintenance,
and assessment tasks that usually required trained staff to be carried out are now performed by
mobile robots in environments that are harsh for human operators. These automatic systems
can perform specific operations very efficiently, avoiding dangerous risks to human operators
due to the physical interaction with the surrounding environment. Several robotic inspection
systems are currently utilized in industrial plants [1-3], for tunnel and mining inspection [4], in
emergency search and rescue operations [5], for assessment of nuclear plants [6], military
purposes [7], and space exploration [8]. The design of a mobile robot for inspection purposes
should be adequate to certain terrains or locations where it is expected to operate such as in the
presence of physical barriers or obstacles that it must overcome or avoid. In these complex
scenarios, the teleoperation task can be increasingly difficult for the human controller since
there are more actions and movements for the robot to control. Additionally, an important
drawback for the operator can be caused by poor visibility. To overcome these issues, there is
the possibility to automate a part or all the locomotion functions of mobile robots, thus
decreasing the time spent for the mobile robot to complete its inspection function. The
availability of a power source and, thus — granting autonomy — is a fundamental issue when
designing an inspection robot, as it is described in [9, 10]. Regarding autonomous mobile
robots, one of the main functionalities inherent to their navigation systems is the capacity to
detect obstacles on their path. The information retrieved from the sensors embedded in a mobile
robot is used as input data for the detection of obstacles and further processed to define the
following control actions. Based on the results obtained in this stage, the response of robots can
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be either obstacle avoidance or overpassing. Control models, based on computer vision systems,
have been applied in several fields, but they may not be fully reliable in all environments where
an inspection robot may be needed, for example, when the quality of the image is degraded by
poor visibility caused by low luminosity, presence of smoke, gas leakages, or dust. The focus
of this work is the gathering and data treatment of internal/external sensors of a mobile robot
to develop a mathematical tool, by using a systematic data analysis, able to detect obstacles and
determine the right further actions and movements of a robotic system. This is very important
as — with the help of a mathematical model — when the robot is remotely controlled, the operator
can smoothly control it accordingly to the results, or, when the robot works autonomously, the
controller can be able to consider the environmental data properly and to adapt the robot
behaviour depending on specific circumstances.

This paper is divided as the following: section 2 features related works in the different areas;
section 3 reports the developed mobile robot characteristics, namely its sensors and actuators.
Section 4 describes the experimental tests developed for data acquisition; section 5 presents the
collection and transformation of experimental data signals, as well as the developed tool, by
using a systematic data analysis and the analysis of the results; and finally, in section 6,
conclusions are presented and discussed.

2. RELATED WORK AND MOTIVATION

One of the possibilities to perform inspection tasks on uneven terrains is to use hybrid mobile
robots. Examples of hybrid robotic systems, capable of adapting to different terrain
characteristics, are given in [11-13]. Another aspect that must be considered in relation to the
development of an inspection robotic system is its navigation capability. Different technologies
have been used in mobile robots for inspection tasks, ranging from pure teleoperation to fully
autonomous motion control. Examples of teleoperation are described in [14], while advances
in predictive models and autonomous navigation are presented in [15] and [16]. In [15] a
predictive model for image-based navigation was developed and tested, showing improved
results despite relying solely on vision-based information. In addition, in [16] the authors
studied the localisation of a mobile robot under conditions of sensor failure, highlighting the
challenges of maintaining accuracy in different operational environments. A critical
functionality of mobile robots that needs to be considered is obstacle detection by the robot's
perception system, which gathers information about the environment and the robot's own
performance [10]. In autonomous mobile robots, obstacle avoidance is a key feature of
navigation systems. In an initial stage, obstacle detection is typically performed using geometric
or topological maps of the environment or data collected by on-board sensors [10, 17]. Different
strategies and methodologies have been developed to improve obstacle detection and navigation
properties of mobile robots combining information from one [17] or multiple sensors, generally
cameras and laser sensors [18]. In [17] the authors developed an algorithm based on data
retrieved from a single 2D LIDAR (Light and Detection Ranging) sensor for obstacle detection
and avoidance. The work [18] is an example of the implementation of different sensors data to
detect and classify obstacles placed along the path of mobile robots. Recent works combining
both map and map less-based approaches have been reported in [19]. Besides map-based and
computer vision techniques, proximity sensors, such as infrared (IR) or sensors based on
ultrasounds (US) / ultrasonics sensors, are still commonly applied in robotic systems due to
their rapid response and low-cost compared with other types of sensors [20]. The work in [21]
uses data obtained from five ultrasonic sensors to train an artificial neural network with the goal
of determining the shape and location of objects in a mobile robot path. Data from acceleration
sensors and motors power of a mobile robot were also utilized to develop a logistic regression
model capable of detecting a collision between a robot and an obstacle [22].
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Predictive mathematical models are increasingly being used to improve the control systems
and inspection performance of mobile robots. In manufacturing, integrated inspection systems
using Programmable Logic Controllers (PLCs) and Human Machine Interfaces (HMIs) have
automated defect detection and feedback analysis, reducing production delays and wasted
resources [23]. In the context of infrastructure inspection, innovative robotic solutions have
been developed for various applications. For steel structures, a bicycle-like robot equipped with
multi-sensor integration — including ultrasonic sensors and deep learning models — has been
designed to navigate complex surfaces and detect rust, demonstrating its effectiveness in real-
world applications [24]. The paper introduces a robotic arm developed for inspection tasks,
integrating a computer vision system to enable systematic data collection and analysis [25]. In
addition, the paper [26] explores the simulation of robotic inspections conducted by
autonomous UAVs for power line monitoring, highlighting the use of deep learning models to
ensure systematic data acquisition and analysis. Other applications of predictive mathematical
models, as a tool to implement and/or improve robot’s control are presented in works [27-29].
Although significant progress has been made in the development of mobile robotic inspection
systems, a notable research gap remains in the integration of hybrid mobility with systematic
data acquisition and predictive modelling for inspections on uneven surfaces. Existing studies
focus on mechanical adaptations of hybrid robots to overcome obstacles, but often neglect
advanced perception systems and real-time decision algorithms essential for dynamic
environments. Current navigation and obstacle detection solutions primarily use single sensor
data and static environments, limiting their effectiveness in complex inspection scenarios.
There is a need for comprehensive approaches that combine hybrid mobility with multi-sensor
data fusion and predictive models to improve adaptability, autonomy and inspection accuracy.

In this work, we propose a mechatronic system based on a hybrid leg-track mobile robot
called THROO (Tracked Hybrid Rover to Overpass Obstacles) — intended for inspection
applications. The detailed studies regarding the design and of the mobile robot is presented in
[30]. The motivation of this work is to improve the inspection and monitoring in confined
spaces. In the context of indoor inspection, such as in case of box girder bridges, tunnels, hollow
spaces, the environmental conditions do not allow safe and reliable operation, as it is shown in
Fig. 1. Furthermore, UAVs, the most common solution for outdoor areas, cannot be used due
to the risk of collisions. As a result, mobile robots are typically the best option, especially when
awired connection is required, and robot control depends on visual feedback from an embedded
camera. To optimize their use, it is often necessary to have additional support when visibility
is poor or non-existent, due to factors such as dust, humidity, or debris. The aim of this work is
to develop and validate a mathematical tool, created through systematic data analysis, that can
detect obstacles based on data collected by the multiple sensors of the THROO robot. This tool
provides valuable insights into the expected time for the hybrid robot to navigate an obstacle
field and other performance parameters.

Figure 1: A confined space for indoor inspection: box girder bridge and detail of the cross-section.

The model can be used for predictive purposes, assisting operators in low-visibility
conditions and improving robot performance during inspections in challenging environments.
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This tool provides valuable insights into the expected time for the hybrid robot to navigate an
obstacle field and other performance parameters. The model can be used for predictive
purposes, assisting operators in low-visibility conditions and improving robot performance
during inspections in challenging environments.

3. CASE STUDY — ROBOT

In this section, the main mechatronic characteristics of the THROO robot will be reported, as it
will be used as hybrid mobile robot for the development of the mathematical tool.

3.1 Description of the system

The mechanical part of the THROO robot in Fig. 2 [30] has three DOFs, two of which are used
for the tracks, thus giving the robot the possibility to move omnidirectionally in a plane. The
main characteristics of the THROO robot are reported in Fig. 2. Its two pairs of legs, namely
front and rear legs, are driven by and share an additional actuator, providing a symmetrical
trajectory of the end point of the leg. The leg design is composed by a four-bar linkage with the
specifications of having a support phase length b = "P3P1", with high h = "P4P," to overpass
obstacles. In general, parameters b and h depend on the given task and on the overall dimension
of the robot. This design and this rather simple solution have been adopted to obtain a
contemporary action of the front and rear pairs of legs and to facilitate climbing and overcoming
possible obstacles.

P, Specifications
oo - Length | Body: 300; body legs ext.: 550
£ 0 Width 400
> \ Height | Body: 140; body legs ext.: 200
\& b~ )\ Mass 4.5 (without batteries)
50250 200 -150 [-100 50 0 50 DOFs 2 (tracks) 1 (legs)

X [mm]

b)
Figure 2: Mechanical design of the THROO prototype: a) 3D view, b) trajectory of the leg endpoint.

3.2 Sensors and actuators

For the purposes of this study, the specific type of sensors (proprioceptive or exteroceptive)
used is not critical; rather, it is closely related to the type of navigation and the level of
sophistication required for the inspection. The overall external sensors constituting the onboard
equipment for the hybrid rover suite is shown in Fig. 3.

(1) the FLIR ThermaCAM S40

(2) the accelerometer, gravity
and gyroscope sensors, the
GPS sensor, magnetic field
and acceleration sensors

(3) the front camera
(4) the Xbox Kinect 3D scan

Figure 3: A scheme of the external sensors’ suite for the THROO robot and their outputs.
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4. DEVELOPMENT OF THE OBSTACLE DETECTION MODEL

4.1 The goal of the developed model and the used methodology

Standardized test methods are used at the design stage to ensure that the 3D model behaves as
close as possible to the real robot. Methods based on stepfield pallets [31] are effective in
revealing unexpected inconsistencies between simulations and reality. In addition, a simulation
method was used to analyse the data. This method has been used successfully in many studies
in different fields [32, 33]. The main goal of the study was to develop a model that will allow
detecting an obstacle located in the working area of the robot and that will enable us to identify
a change in surface height along the robot's path. The research methodology was divided into
the following steps: data collection, data pre-processing, data processing, and data post-
processing. The methodology of data acquisition is shown in Fig. 4.
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Figure 4: Methodology underling the model’s development.
4.2 Signals acquisition / data collection

Data (signals) from the sensors mounted on the robot were collected, transformed, and analysed.
Signals from the accelerometers (ACC), gyroscope (G), compass (C), and rotation vector (RV)
were used to develop the model. A portion of the experimental results is presented in Table I.
The scheme for the stepfield pallet that was used for the experiments is displayed in Fig. 5. The
signals were measured for seven different obstacle layout variants (T1-T+7) (Fig. 6) and for three
different robot velocities: V1 = 450 mm/s, V> = 650 mm/s, and V3 = 1000 mm/s. Signals from
the sensors {(x;, t;)}1<i<n Were read. {x;},<;<,, IS the sequence of the physical values, and
{t;}1<i<n IS the sequence of moments (in ms) in which the measurements were made. Tests were
carried out and the experimental results were collected. Several stepfield pallets — with a cell
size of 30x30 mm — were used in several operating conditions. The tests were carried out indoor
on a smooth terrain at 4 p.m. with an average temperature of 23°C. These signals were directly
converted into a sequence of distances {s;},<i<, from the starting measurements, where
s; = vt;, v—Vvelocity, 1 < i < n. InFig. 7, the signal picked up by the accelerometer is shown.

Table I: Experiments results — sample.

SENSOR
. ACC . RV
Time Time
L Axcel - Axcel
[Milliseconds] X Y Z [Milliseconds] X Y Z
5 -0.2003479 | -0.09963989 | 9.72197 1 0.007594877 | 0.009020053 | -0.9994467
104 -0.16682434 | -0.17146301 | 9.793793 101 0.007705836 | 0.008959106 | -0.9994381
203 -0.1716156 | -0.16667175 | 9.784225 201 0.007661813 | 0.008961996 | -0.9994417

33




Rea, Ottaviano, Antosz, Kozlowski, Lopes, Machado: Simulation of Robotic Inspections Based on ...

The set of considered times is at 5, 13, 24, 33, 43, 54, 63, 73, 83, 94, 104, 113, 124, 133,
143, 153, 164, 173, 183, 193, 203 milliseconds and an illustration are presented in this figure.
Fig. 7 shows the raw accelerometer signal, as the starting point for the analysis.

Figure 5: Example of the field used for testing the hybrid rover.
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Figure 6: Graphic presentation of the experiment. Figure 7: Raw signal registered by

the accelerometer — example.

4.3 Data transformation

The first step of data pre-processing was data transformation [34, 35]. The standard deviation
of signal for an appropriate time interval was used. For the sequence values {x; },<;<,, Where for

asetm € N of every subsequence {X;ax(1,i—my Xmax(1i-m)+1s - » xmin(”m:n)}mm the value
of the standard deviation estimator was determined, and the sequence {y;};<i<, Was received:

min(i+m,n)

1 2
i = S — X 1
Vi min(i + m,n) + 1 —max(1,i —m) . Z , (x] x]) 1)
j=max(1,i-m)
1 min(i+m,n)
- . 5
X min(i + m,n) + 1 —max(1,i —m) . Z % )
j=max(1,i-m)

forl1 <i<n.
To determine when the obstacle occurs and the time of complete stabilization of the robot
for a set k, first the behaviour of each sequence {y;..} was modelled:

—-min(j—1,k)stsmin(k,n—j)
Visr = a;ePiT +y;1% + &5, 3)

where ¢; is a normally distributed random variable N (0, a?). For a set j the value of the
estimators a;, 5}, y; using the Least Squares Method were determined. Indeed, to solve the task:

min(k,n—j)
. _ 2
min Z (yj+r — @jePiT —yj7?) 4)

aj,Bjyj
PRI e —min(i-1,k)
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In Fig. 8, the signal (example) after pre-processing is presented.
Estimator sequences{a;}1<i<n, {Bi}i<i<n, (Vit1<i<n represent, respectively:
e the level of variation of the raw signal picked up by the sensor;
e an increase (in the case of §; > 0) or a decrease (in the case of §; < 0) of the variation in

the signal from the sensor.

0

2%

- Accelerometer [m/s?]

Pre — processed signal

2
Distance [m]

Figure 8: Signal after pre-processing — example.

To identify the presence of the obstacle (vibration increase) or the robot stabilization
moments (vibration decrease), the behaviour of the sequence {;}1<i<n IS Observed to determine
the local peaks. The local maximum means an increase in vibrations (the moment of emergence
of an obstacle), while the local minimum means a decrease in vibration (stabilization of the
robot). The local maximum of the sequence {y;}i<i<n Shows the instant with the highest
intensity of vibrations. In Figs. 9to 14, an example of the processed signal {y;}i<i<n.
decomposition is presented. The processed signal {y;}:<i<n in the upper left corner of figures
is presented. This signal was decomposed into the sequences of parameters: {@;}i<i<n.
{B:}1<i<n, {¥i}1<i<n- The signals were collected by sensors, at different speeds of the robot, for
several obstacles positioned in planes X, Y and Z. Figs. 9 to 14 present different scenarios for
a moving robot: with different sensors (gravity, compass, accelerometer; different speeds of
robot (V1, V2, V3); and different axes (X, Y, Z). The plots allow the analysis of the change in
the signal value and its decomposition parameters. Analysis of the change in the value of the
a; estimator allows the identification of the moment of occurrence of the change in the height
of the surface of the robot's path (blue vertical line). The increasing value of the ; estimator
means the emergence of an obstacle. The analysis of the value of the g; estimator allows the
identification of the rapid increase or decrease of the signal value. The red vertical line in the
graphs of the g; estimator means the maximum peak (the maximum value of the parameter).
Changes in the value of the y; estimator represent changes in the values of the signal curve
(parabola). The smallest values of the y; estimator mean a quick temporary increase of the
signal value, and then a temporary decrease of its value. The analysis of the signal
decomposition shows that the developed model is effective in detecting an obstacle (analyses
of the a;estimator — blue vertical line), regardless of the signal recorded by the t sensors, the
speeds of the robot, the variants of obstacles position.

Fig. 9 shows the signal registered for gravity, with the velocity V1= 450 mm/s, and for the
obstacle type T» (Fig. 6) on the X-axis. Analysing in this scenario the series for {a;}1<i<n,
{B:}1<i<n, their value changes significantly after distance s = 0.35 and s = 1.5. The first change
is responsible for approaching the palette. The second one means the presence of an obstacle.
Fig. 10 shows the signal registered for gravity, with the velocity V1 = 650 mm/s, for the obstacle
type T2 (Fig. 6) positioned on the X-axis. The same as in the case of Fig. 9, from time series
realization {a;}1<i<n, {Bi}1<i<n We can conclude that the value of the series are significantly
changing over the distance s = 0.5 and s = 1.8. The first change is responsible once more for
approaching the palette. The second means the presence of an obstacle. At the value of s = 3.2,
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the moment of overcoming the obstacle can be observed (the values of the series {@;}1<i<n.
{B:}1<i<n decrease significantly again).
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Figure 9: Gravity signal decomposition for the robot velocity Vi and obstacle type: T, in X-axis.
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Figure 11: Gravity signal decomposition for the robot velocity Vs and obstacle type: T, in X-axis.
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Figure 12: Compass signal decomposition for the robot velocity Vi and obstacle type: T, in Y-axis.

24 ° 3
= 4 g | &
E o= = = : /I
= I 4 AWAA‘,_“AV P
z . ~ 2
ER = g I~ 34 |
w2 s TRAY \/\/-\,_/ i
@ o ] i
3 g §-
L T T T T T T T T T T T T T T T T
0.0 05 1.0 15 20 25 3.0 35 00 05 10 15 20 25 30 35 00 05 10 15 20 25 30 35 00 05 10 15 20 25 3.0 35

s [m] s [m] s [m] s [m]

Figure 13: Compass signal decomposition for the robot velocity V1 and obstacle type: T, in Z-axis.
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Figure 14: Accelerometer signal decomposition for the robot velocity Vi and obstacle type: T in X-axis.
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Fig. 11 shows the signal registered for gravity, with a velocity Vi = 1000 mm/s, for the
obstacle type T2 (Fig. 6) positioned on the Y-axis. In this scenario, a significant change in the
series {@;}1<i<n, {Bi}1<i<n IS NOticeable at the distance s = 1.8 to s = 3.2. At this distance, the
position of the robot is changing. Fig. 12 shows the signal registered by the compass, with the
velocity Vi1 = 450 mm/s, for the obstacle type T. (Fig. 6) positioned on the Y-axis. In this
scenario, a significant change in the series {a; }1<i<n, {Bi}1<i<n IS NOticeable, one more time, at
the distance range s = 1.5 to s = 2.5. Fig. 13 presents the signal registered by the compass, with
a velocity Vi1 = 450 mm/s, for the obstacle type T (Fig. 6) positioned on the Z-axis. In this
scenario the moment changing the position of the robot can observed the distance range s = 1.5
to s = 2.5 (a significant change in the series {a;},<i<n, {Bi}1<i<n IS NOticeable). Fig. 14 shows
the signal of the accelerometer, with a velocity Vi =450 mm/s, for the obstacle type T2 (Fig. 6)
on the X-axis. Analysing — in this scenario — the series especially for {a;}1<j<n, {Bi}1<i<n, W€
can observe that their value changes significantly after the distance s = 1.5.

In summary, the results presented in Figs. 9 to 14 demonstrate that the developed model
effectively identifies moments when the robot's position changes and when obstacles appear in
its path. This model can be integrated into the robot's measurement system, enabling real-time
analysis of the signals collected by the sensors (Fig. 15). The signal collection frequency is
based on a fixed number of currently analysed measurements. Moreover, the changing of the
signal decomposition and the value of the estimators «a;, 5;,y; can be also observed and
analysed by the operator with a similar display as the one depicted in Fig. 14.
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Figure 15: Visualization of the values picked up by the sensors.

5. CONCLUSIONS

Mobile robots are increasingly being used to assist or replace personnel in the inspection of
various structures and infrastructures. In the case of indoor inspections such as in confined
spaces like boxed girder bridges environmental conditions often prevent safe and reliable
operation by human staff, while UAVs cannot be used due to collision risks. As a result, mobile
robots are typically the best option, especially since they often require a wired connection, and
their control relies on visual feedback provided by an embedded camera. To optimize their use,
it is often beneficial to have additional support in situations with poor or no visibility. This
paper presents a predictive model developed using data collected by the robot's sensors, which
is stored in a database. The primary aim of this model is to enhance the robot's performance,
whether under teleoperation by a pilot or through autonomous control by the robot’s algorithm,
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to ensure the success of the operation. In this paper, we proposed a novel approach that offers
a new solution not yet explored in the literature. We have identified the processed signal
{yi}1<i<n for each subsequence using model (3) by solving task (4), thus determining estimators
of {&; h<i<n» {Biti<i<n, {Viti<i<n Parameters for this subsequence, while creating sequences for
these parameters. Changing the values of these parameters has allowed for an accurate
identification of the obstacle encountered by the robot along its path, as shown in our
demonstration. The primary objective of this research was not to analyse the signal as a time
series using classical methods such as wavelet analysis or spectral analysis, but to decompose
the signal into components with a linear input to the model. By analysing these components, it
was demonstrated that a simple model can be implemented to detect obstacles without requiring
the robot's actual position. While many scientific studies develop predictive models based on a
training set, the proposed approach does not use a training set. Instead, model parameters are
estimated in real time, with time series containing structural parameters analysed on-line. The
proposed mathematical tool successfully detected all obstacles with a location error of less than
0.15 m. Due to its effectiveness, this model can be applied to any robot operating conditions,
particularly in situations with poor visibility, and in the absence of a GPS signal, 3D scans, or
LiDAR. The method and approach we have used can be adopted for any mobile robot operating
in challenging scenarios, where different types of obstacles and sensor data are handled using
a similar methodology.
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