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1. INTRODUCTION

Robots that can move around autonomously in their surroundings without human assistance are
known as mobile robots. These machines may be built for various jobs, from straightforward surveillance and
inspection to intricate manipulation and assembly. They generally sense and move through their surroundings
using various sensors, including cameras, lidar, sonar, and infrared sensors. Their performances highly depend
on how they perceive their surroundings, as poor perception can lead to poor decision-making. The next factor
that may affect their performance is the result of decisions made from environmental perception, such as motion
planning. In this regard, researchers proposed techniques based on semantic perception, deep learning, visual
perception, and multi-sensor perception to ensure that autonomous maobile robots understand their environment
accurately.

Semantic segmentation-based perception is a technique that involves segmenting images into
semantically meaningful regions to comprehend the environment. Wu et al. [1] proposed an object
simultaneous localization and mapping (SLAM) framework that integrates visual sensors, such as cameras, for
association, mapping, and high-level tasks in robotics. Similarly, Nan et al. [2] developed a joint object
detection and semantic segmentation model using visual sensors to enhance robot perception capabilities.
Betofio et al. [3] applied semantic segmentation for developing an indoor navigation system, relying on visual
sensors like cameras. These approaches primarily utilize cameras for capturing images and performing
semantic segmentation, enabling robots to perceive and understand their surroundings in real-time.
Additionally, Several researchers demonstrated the use of semantic environment modeling for vision-based
global localization and autonomous navigation, respectively [4], [5], further highlighting the significance of
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semantic segmentation in robotic perception tasks. Furthermore, Zhang et al. [6] explored intelligent
collaborative localization among air-ground robots, leveraging semantic segmentation with visual sensors to
enhance environment perception for industrial applications.

Transitioning to machine learning (ML)-based environment perception techniques, Ginerica et al. [7]
proposed a vision dynamics learning approach to robotic navigation in unstructured environments,
incorporating various sensors for perception tasks. Singh et al. [8] presented an efficient deep learning-based
semantic mapping approach utilizing monocular vision, while Bena et al. [9] developed a safety-aware
perception system for autonomous collision avoidance in dynamic environments, leveraging sensor fusion
techniques. Sultana et al. [10] developed a vision-based robust lane detection and tracking system, suggesting
the use of camera sensors for lane detection tasks. Teixeira et al. [11] explored deep learning for underwater
visual odometry estimation, potentially employing underwater imaging sensors for navigation. Bekiarski [12]
discussed visual mobile robot perception for motion control, which may involve camera sensors.
Kowalewski et al. [13] focused on semantic mapping and object detection, indicating the utilization of various
sensors for mapping and localization tasks. Ran et al. [14] addressed scene perception-based visual navigation
in indoor environments, likely involving camera sensors for scene understanding and navigation.

Moving on to multisensor or sensor fusion-based environment perception techniques, Ge et al. [15]
introduced an object localization system using monocular cameras and laser ranging sensors, highlighting
fusion of visual and range data. Xia et al. [16] presented a visual-inertial SLAM method, leveraging visual and
inertial sensors for robust navigation and mapping. Xie et al. [17] proposed a method for moving object
segmentation and detection in dynamic environments, likely incorporating red green blue-depth (RGB-D)
sensors alongside visual cameras. Surmann et al. [18] explored deep reinforcement learning for autonomous
navigation, indicating potential sensor fusion techniques. Guo et al. [19] addressed autonomous navigation in
dynamic environments with multi-modal perception uncertainties, suggesting fusion of data from multiple
sensors. Luo [20] presented a multi-sensor-based strategy learning approach with deep reinforcement learning,
integrating data from various sensors. Huang et al. [21] proposed a multi-modal perception-based navigation
method using deep reinforcement learning, indicating fusion of data from multiple sensors. Nguyen et al. [22]
discussed autonomous navigation in complex environments with a deep multimodal fusion network,
highlighting sensor fusion. Feng et al. [23] addressed deep multi-modal object detection and semantic
segmentation, likely incorporating data from multiple sensors. Braud et al. [24] focused on robot multimodal
object perception and recognition, suggesting integration of information from multiple sensors. Lastly,
Yue et al. [25] explored day and night collaborative dynamic mapping based on multimodal sensors, indicating
fusion of data for mapping in various lighting conditions. From this review, we identify a diverse range of
techniques and sensors used in environment perception, providing insights for designing hardware and
methodologies for robotic applications.

2. METHOD

This study endeavors to propose a comprehensive system and methodologies for terrain data
collection, aimed at augmenting the performance of conventional ML image classifiers. The devised data
gathering procedure stands as a crucial mechanism for acquiring indispensable data, establishing a direct nexus
between the collected data and the efficacy of conventional ML image classifiers. However, it is noteworthy
that the analysis in this research is confined to a limited subset of parameters. Future investigations could
expand upon this by incorporating additional sensors into the design to enhance the sensing system's
capabilities, thus addressing this constraint. Furthermore, this research refrains from introducing mathematical
models to elucidate the relationship between the performance of traditional ML image classifiers and the
parameters scrutinized. The subsequent sections of this paper delineate the exhaustive design and development
of the hardware from multifarious perspectives, outlining the proposed methodology for terrain data collection.
Additionally, pertinent experiments are conducted to validate the effectiveness of the developed hardware.

2.1. Dataset creation system design

The data collection system consists of the sensor box and the control circuit for the whole mechanism.
The sensor box is a combination of sensors used to collect crucial data like terrain images, surrounding
temperature, humidity, pressure, light intensity, and speed. The sensor box should be mounted on a robot, with
all the sensors facing downward, toward the terrain to enable data collection and further terrain analysis. The
system should be trained first before any terrain analysis can be performed. The training session requires data
to be collected, which requires the use of a control structure for dataset collection. Obtaining a quality dataset
implies some parameters to be considered based on their effect on the data gathered. In our case, such
parameters include the height from which the data is collected, the angle the sensors make with the terrain, the
light intensity, and many more. The sensor box itself should be designed to get many such parameters.
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2.1.1. Sensor box design
a) System design

Sensors are essential for robots to understand their environment. Data collected by the sensors is used
in many algorithms for different tasks. In our proposal, we use two cameras to achieve a stereovision, some
laser distance sensors, an accelerometer and a gyroscope, a light sensor, a humidity, temperature, and pressure
sensors. Each of these sensors is integrated to achieve different tasks. For instance, the robot will get a clear
state of the terrain on which it is standing from the analysis of data collected by the sensor box. Figure 1 shows
the block diagram of the sensor box. In the diagram, all the sensors are interfaced with a microcontroller for
internal control. Since the cameras require post-processing, a powerful microcomputer with a small form factor
should be used for processing the images. rather than using a microcomputer on board, the camera's data will
be accessed through USB by the main computer controlling the robot. The microcomputer will run an ML
algorithm that uses data captured for further analysis. In addition to the sensors enumerated previously, the
sensor box features a laser diode, a white LED, and a servo motor. Each integrated sensor plays a specific role
in understanding the navigated terrain. The cameras work as a stereo camera and take a live video of the terrain
on which the robot stands and feeds it to the main computer, which analyses it, and detects the type of terrain
using a pre-trained ML model.

CAMERA CONNECTOR
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GYROSCOPE SENSOR

— | —

HUMIDITY, PRESSURE » MICROCONTROLLER > WHITE LED
SENSCR

i I

LASER DISTANCE
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LASER DIODE

SERVOC MOTCR

Figure 1. Sensor box block diagram

Upon detecting the type of terrain, the robot would be able to adjust its locomotion in real-time. Using
cameras only would not be enough to get accurate data and provide an accurate analysis, as the images captured
could be affected by the distance between the camera and the terrain, the light intensity while capturing the
images, and the angle at which the images are captured. Hence, such parameters should be considered during
the dataset collection itself to increase the terrain analysis accuracy that would take place in further processes.
In order to detect whether the sensors are parallel to the terrain, an accelerometer and gyroscope sensor, which
serve as an inertial measurement unit, are used. If the whole sensor box is not leveled due to the irregularity of
the terrain, the microcontroller adjusts it through an in-built servo motor, while the inertial measurement unit
records the unbalanced angles for adjustments. However, the adjustment angle will be limited to some point
since there is a critical point over which the whole structure will lose stability and fall. A temperature, humidity,
and pressure sensor are used to get the same data mentioned in the sensor name. Such parameters would affect
the terrain and cause the terrain analysis algorithm to misbehave and output inaccurate results. Gathering these
parameters during the dataset creation matters as they are used for tuning the terrain analysis algorithm to get
more accurate predictions. A laser diode projects a red dot on the terrain as a reference point during image
capture. A combination of inertial measurement unit and camera images with the red dot reference point
determines the speed and direction of mation. The light intensity while capturing images plays a crucial role
during the image-capturing phase. A low-light environment can alter the quality of the image captured and
mislead the terrain analysis algorithm. The light intensity can be determined using a light sensor, which can be
used to switch on an LED strip in case of low light detection. Another parameter influencing the terrain analysis
output is the height at which the images are captured. This distance, known as the clearance from the ground,
can be collected with the help of a laser distance sensor. The sensor box returns JSON data containing each
sensor's value through the 12C bus. Finally, the collected data during the training session can be used to train
an ML model for terrain data analysis. Figure 2 shows the image of the sensor box developed for that purpose.
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Since the type of sensors used affects the data quality of data collected, it’s important to mention the sensors
used in the design of the sensor box.

Illumination LED

Temperature Sensor
Light sensor
Camera sensor
Laser diode

Distance sensor

Figure 2. Photos of the actual sensor box

The sensor box is a compact device which has 2 RGB Logitech C270 cameras of 720 pixels, 30 frame
per second spaced by 7 centimetres and inclined at 45 degrees inside the box. The cameras provide a stereo
vision to the module for further depth perception of the navigable surface. The camera sensors are aided with
a temperature and humidity sensor DHT22, a light intensity sensor BH1750 and a laser distance sensor
VL53L0X. For accurate and quality data gathering, high end sensors can be used to replace each sensors, based
upon the scenario. The proposed sensor box’s specifications are consigned in Table 1.

Table 1. Sensor box’s specifications

Number of cameras 2
Maximum resolution 720P/30FPS

Mega pixel 0.9

Field of view 55° (each)

Distance sensor VI53L0X, 1mm resolution, 200cm maximum range
Light sensor BH1750, 65535 lux maximum range
Temperature and humidity sensor Temperature: 0.1°C./ +0.5°C/ -40°C ~ 80°C.
Humidity: 0.1%RH./ £2%RH (25°C) / 0%RH ~ 99.9%RH.
Lighting 5050 LEDs, 70000 lux maximum
Overall size 130x100x40 mm

b)  System calibration

The device is used to gather data that will be used to train an ML model for classifying different
terrains and conduct some more experiments. Therefore, ensuring that the sensor box gets accurate data is
essential. The same procedure is used to calibrate the sensors integrated into the sensor box. Figure 3 shows
some arrangements made for the calibration process of each integrated sensor. Most of the parameters linked
with the sensors can be calibrated with a mobile phone since mobile phones use similar sensors. Using a mobile
application called physics tools with the mobile phone configured to monitor the desired parameters and placed
on top of the sensor box mounted on the carrying apparatus, the values gathered by the sensor box are collected
and cross-checked with the values obtained from the mobile app. The following parameters: accelerometer,
gyroscope, inclination, light intensity, and GPS coordinates are checked individually, and the values obtained
for each parameter from both the sensor box and mobile phone are collected and plotted to find out the behavior
of the data. The next step is the actual calibration, which uses a polynomial regression to get a polynomial
function that satisfies the values from both devices. Figure 3 shows different views of the data collection
apparatus with tools meant for calibration. Figure 3(a) shows the arrangement used for calibrating the ground
clearance, using a measuring tape. Figure 3(b) shows the arrangement for the sensor box calibration and
Figure 3(c) shows an inner view of the apparatusfrom which we can see the sensing part of the sensor box.
Data gathered by the sensor for different ground clearances are compared with the actual ground clearance
from the measuring tape. Similarly, a thermometer calibrates the temperature sensor following the same
procedure. Finally, a polynomial function is fitted using data gathered to calibrate each sensor integrated into
the sensor box. The fitted polynomials are used in the firmware of the sensor box to correct the raw data and
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output calibrated values. Once each sensor is calibrated, a test is run to ensure that the values supplied by the
sensor box are accurate enough to be trusted for subsequent operations.
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Figure 3. Images of the arrangements for the calibration of the sensor box: (a) arrangement for
ground clearance calibration, (b) arrangement for temperature, humidity, accelerometer and gyroscope
calibration, and (c) arrangement for depth image and light sensing calibration

2.1.2. Control structure design

The sensor box is a collection of sensors brought together to collect essential data that help robots
understand their environments, especially the terrains on which they move. A sensor box should be mounted
on a robot to enable such capabilities. Since the training phase does not require the sensor box to be installed
on an actual robot, a structure should be built to help us collect the training dataset. The structure should be
easily movable, provide the ability to set different heights for the sensor box to capture images, and facilitate
data collection through an automated control system. The proposed apparatus has two parts: a mechanical
frame that provides the necessary movements and a control system that automates the data-collecting process.
a) Mechanical frame design

The mechanical setup frame in Figure 4 is made from aluminium extrusion profiles, acrylic sheets,
sliding and threaded rods and nuts, and motors. The apparatus height is 75 cm, with a surface of 25 cm by
25 cm. The top of the structure is mounted with a 5mm thick acrylic sheet to bear the control system, stepper
motors, and sliding nuts. The moving part (Z-axis moving frame) is made of the same material of less surface,
with sliding and threaded nuts to allow the frame to move up and down, considering the rotation of the stepper
motors. The sensor box is mounted on the Z-axis moving frame for motion control. This movement is due to
the accuracy of collecting data at different ground clearances. Indeed, at different heights, the results might get
affected and lead to some errors in the interpretation.

stepper motor
control system
sliding rod
frame structure
sensor box

z-axis moving
frame

Figure 4. 3D rendering of the mechanical frame of the dataset collection apparatus

Allowing the same image to be taken at different heights helps to understand the effects of height on
the collected data and therefore provides a solution. The direct application of such practice can be seen in
robots, which do not keep the exact clearance from the ground while accomplishing specific tasks. This may
be due to the irregularity of terrains, any obstacle to be avoided, or a pre-set user-defined ground clearance. It
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is, therefore, essential to consider such parameters while collecting data for better accuracy. The whole
structure can be carried easily and moved toward different locations for data collection.
b)  The control system

The block diagram involving the components used in the control system is depicted in Figure 5. The
control system facilitates automated data collection through physical switches or a remote application,
employing an electronic circuit with an embedded computer to execute a data collection algorithm in Figure 6.
Utilizing a mini-computer like the Raspberry Pi 4 allows for image capture and processing, enabling testing
and refinement of machine-learning models based on collected data. The system features a touchscreen
interface for user setup, with critical parameters including terrain location and image capture angles, essential
for accurate model generation. The addition of a GPS module facilitates location coordinate recording.
Actuation mechanisms, such as stepper motors, manage setup adjustments for data collection conditions,
ensuring robust power supply for portable operation. The algorithm for data collection, depicted in a flowchart,
iteratively captures images and environmental data, allowing for variations in conditions like ground clearance
height and illumination status to enhance data sensitivity and accuracy. This iterative process enables
comprehensive data capture for interpretation and analysis across different terrains and conditions.
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Figure 5. Control system of the dataset collection setup
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Figure 6. Flowchart for data collection algorithm on the control system
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2.2. Data collection method
2.2.1. Identification of terrains

The proposed terrain data collection process aims to standardize and streamline the identification and
classification of various terrains based on their distinct features and properties, with the ultimate goal of
facilitating effective navigation for robots. Beginning with the meticulous selection of the working
environment, thorough inspections are conducted to identify and catalog distinguishing features such as color,
pattern, material composition, and overall appearance of the terrain surfaces. These meticulously noted features
are then systematically utilized to classify terrains into classes and subclasses, taking into account their
potential impact on robot locomotion and navigation. For instance, terrains may be grouped based on
characteristics such as color consistency, texture variations, and surface irregularities. This comprehensive
classification process not only aids in organizing the terrain data but also serves to highlight the nuances and
complexities inherent in different terrain types. Subsequently, meticulous data collection planning is
undertaken to estimate the requisite number of subclasses and images needed for each terrain category. This
strategic planning phase not only ensures the systematic initialization of the terrain dataset but also lays the
groundwork for effective and efficient data collection methodologies. Finally, the culmination of the process
involves the automated execution of the meticulously devised data collection plan, with the primary objective
of establishing robust correlations between terrain properties and their suitability for robot navigation. By
systematically linking the identified terrain features with their corresponding navigation challenges and
opportunities, this process, summarized in Figure 7, endeavors to enhance the overall navigation capabilities
of robots operating in diverse environmental settings, by providing an efficient data collection method for
dataset establishment and ML model training.

‘fERRAlNS |DENT|F|CATEON|
¥

‘ TERRAINS INSPECTION |

‘TERRAINS CLASSIFICA'HON|

i

‘ COLLECTION PLANNING |

¥
‘ DATA COLLECTION |

Figure 7. Terrain data collection process

2.2.2. Data collection phase

Once there is a ground for starting the actual terrain’s data collection, the data collection apparatus
can be configured to automate the data collection process, as depicted in Figure 8. Before starting any data
collection, the terrain data collection process should be followed. Once the terrains are identified, inspected,
classified, and the data collection execution is planned, the actual data collection phase can start. More
information needs to be provided to the experimental setup before collecting data. The setup provides the ability
to start a new collection or resume a collection. In case of a new collection, the name and description of the
collection should be provided. This creates a dedicated folder in the system's memory for storing the data that
will be collected. The folder's name is the same as the collection's name provided by the user. The folder
contains an Excel file to store sensor data, a text file that holds the description of the collection and information
related to it, and finally, a folder that stores all the stereo images captured by the cameras of the sensor box.
When the user has to resume a previous collection, the existing folder gets opened, and data get stored in that
folder. During a fresh new data collection process, information like the collection's name, a description, and
the number of terrains that will be investigated should be provided to initialize the system. Upon providing
such information, the labels for each terrain should be specified along with the collection parameters.
Collection parameters specify the parameters to be considered while collecting field data. Such parameters are
the date, time, location, clearance heights, illumination, temperature, pressure, and humidity. The system can
be set to take the same image under different conditions involving height clearance and illumination. For more
specific research, any of these parameters can be varied while others remain constant to study the effect of that
particular parameter on the data collected under certain conditions. Once the initial setup is done, the actual
data collection can start with respect to the algorithm depicted in Figure 6. Once data for all terrains is collected
considering the initial setup provided, the output can be accessed in an Excel file. The file can be used further
for subsequent analysis and ML algorithm training based on the goal to reach.
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Figure 8. Data collection flowchart

2.3. Terrain data collection and hardware design validation experiments
2.3.1. Terrain data collection

The experiments are designed to validate the proposed hardware design by demonstrating the efficacy
of the sensors in capturing relevant data that influences the classification outcomes of a conventional ML
classifier. To achieve this objective, we will adhere to the prescribed terrain data collection process, beginning
with the acquisition of data followed by training a ML classifier. Subsequently, we will evaluate any
fluctuations in the similarity percentage as the data captured by the hardware sensors undergo variations. Any
observed alterations in the similarity percentage would substantiate our hypothesis, thereby affirming the
validity of the proposed design and methodology.
a) Terrain identification step

Considering the Terrain data collection process, the initial action to perform is to identify a place for
conducting the experiments. For this study, the test environment selected is REVA University and its
surroundings, located in Bangalore, India. Applying the procedure dictated by this stage helped in identifying
the following terrains in the test environment:
—  Solid, shiny flat tiles of different colors
—  Solid, not shiny flat rock tiles with patterns
—  Solid, rugged rock tiles
—  Less practicable small-height flowers
—  Different types of grass
—  Different sizes of concrete tiles, flat concrete surfaces
—  Softirregular sandy ground, irregular soft sand, and stone ground
—  Asphalt
b) Terrain inspection and classification steps

The next step in the process is easier from the observations and details mentioned during the terrain’s
identification step. It could be observed that the environment has different terrains with different properties.
For example, some tiles are shiny, while others are not. All the tiles have different colors and patterns, which
can be used for further classification. While certain tiles are flat and shiny, some others are rugged and not
shiny. Some surfaces are just made of concrete with a pretty flat aspect. With such kinds of terrains come
asphalts, which share the same properties with concrete surfaces from a certain point of view but can be easily
distinguished by their colors and textures. Another group concerns sandy grounds, which can have different
colors and a sufficient number of stones. Last but not least, we have grasses, which can be of different types
but share the same green color most of the time. From these details, classifying the terrains becomes easy.
However, the classification should be done based on the potential performances of robots on such terrains. For
example, Flat, regular, hard, and not shiny terrains would be preferred over soft and irregular grounds for better
locomotion performances. The proposed classification for this experiment is shown in Figure 9. As the
classification is done, the collection planning is the next phase to work on.
c) Data collection step

Data collection can be done following the same order as in the classification. The test environment
features many buildings with shiny and not shiny flat, and hard tiles. Generally, the same type of tiles is used
in all the buildings. Hence, a single building is sufficient for collecting data of such types. Consequently, shiny
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and not shiny flat and hard tiles data can be collected within a single building. On the other hand, not shiny,
rugged, and hard tiles, as well as concrete surfaces and asphalts, are available outdoors at the entrances of
different buildings. Such data can be collected once the first land data collection is completed. Finally, sandy
and grassy lands can be investigated because it is available further away than previous lands. The main
experiment is creating a dataset of terrains within REVA University and its surroundings with the help of the
sensor box mounted on the apparatus. The dataset collection apparatus is initialized with seven terrains classes
that can be further subdivided into subclasses based on specific features. All the parameters for data collection
(date, time, illumination, GPS location, ground clearance, accelerometer, gyroscope, temperature, humidity,
and light intensity) are enabled, and 300 images of each terrain are collected at a constant ground clearance,
i.e., 40 cm, with illumination enabled all the time, providing an average of 50 lux in an indoor environment
with artificial lights on. All the images are taken with no inclination in both x-axis and y-axis, with the sensor
box being parallel to the target surface. The data collection experiment is conducted during the daytime to
maximize the quality of images taken and ease the overall process. Figure 10 shows the data collection
apparatus on different at 40 cm clearance during the data collection process once the setup has been initialized.

HARD
SURFACES

a. grass

TERRAINS
SAND and
SOFT
SURFACES
f. shiny tile
Figure 9. Classification of available terrains in the Figure 10. Apparatus at different locations on

test environment different terrains

The collected images are used to train a basic ML classifier that can classify terrain from images
captured by the cameras. Data augmentation is enabled to increase the overall number of images and thereby
the prediction accuracy. Few network models have been tested against a single test image to determine the best
model to be use for training. By comparing the similarity percentage of different models after being tested with
the same test image, the efficientNet-VV2-bo-21k provided the highest accuracy percentage. The training is done
with a batch size of 16, keeping 50 epochs with 6 steps per epoch.

2.3.2. Investigation of the correlation between sensor data and similarity percentage

To validate the data collection process and method, a single terrain—hard, flat, shiny tile—was
selected for further testing. A few images of this terrain were collected, keeping some parameters constant
while varying a single parameter to investigate its impact on the ML classifier's accuracy. These experiments
involved recording how accurately the ML classifier performed under different conditions, establishing a
relationship between the varying parameter and prediction accuracy through the similarity percentages
obtained from testing different images. In the next sections, we will study the effects of shooting angle, ground
clearance, and ambient light on similarity percentage.
a) Effects of shooting angle on similarity percentage

The first parameter to investigate is the shooting angle or angle at which the images are taken with
respect to the surface. The apparatus is inclined first towards one axis with the ground clearance kept constant
(40 cm) while recording the similarity percentage of the ML classifier at different angles for the same terrain.
The same experiment is repeated for the second axis to get the similarity percentage or detection accuracy
percentage variation along that axis. Nine images are collected for each axis, keeping a quasi-constant angle
variation that varies between 0 to 25 degrees. An illustration of the experiment is given in Figure 11.

Int J Artif Intell, Vol. 13, No. 4, December 2024: 4388-4402



Int J Artif Intell ISSN: 2252-8938 O 4397

Apparatus

Sensor box

/—F‘ Id of vi
/— ield of view
/7

Terrain

30cm

-

Figure 11. Detection accuracy percentage variation against shooting angle experiment illustration

b) Effects of ground clearance variations on similarity percentage

The second parameter to study is ground clearance and its implications on ML classifier accuracy.
The experiment establishes a link between ground clearance level and terrain identification accuracy by taking
images of the same surface with different ground clearance levels while maintaining the equipment in the same
place. The ground clearance is adjusted in 2 cm increments from 16 cm to 54 cm, and photos of the selected
terrain are collected each time. A total of 21 images are taken by the sensor box parallel to the terrain with no
inclination at constant lighting of 50 lux. Figure 12 depicts an example of the experiment.
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Field of view
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Figure 12. Detection accuracy percentage variation against various ground clearance levels

54cm

c) Effects of ambient light on similarity percentage

The last experiment concerns the amount of light available near the sensors while taking a capture of
the same terrain. The apparatus is covered with an opaque matter up to some level to allow a certain amount
of ambient light near the sensor while taking a photo of the terrain at a constant ground clearance level (40cm).
The amount of light allowed around the sensors is kept constant while the illumination LEDs are controlled to
provide more or less light in the area of interest. A total of 7 images of the same terrain are captured varying
the light intensity from 15 lux to 50 lux. The captured images are later tested with the pre-trained model to get
the detection accuracy percentage of each image subjected to different lighting conditions. It is important to
note that the experiments related to the parameter’s investigation rely on the terrain classification model
obtained from the main experiment. Also, the number of data gathered to establish the relationships depends
on each experiment. In each case, the maximum amount of data is taken to maximize the experiments outcomes.

3. RESULTS AND DISCUSSIONS
3.1. Results

The objective of the conducted experiments is to demonstrate the effectiveness of the proposed dataset
collection apparatus in acquiring meaningful data pertaining to diverse terrain types within a specified
environment. While existing environment perception techniques often employ sensor fusion to enhance
accuracy, they typically focus on overall surroundings rather than specific terrain properties and their impact
on robotic performance. The proposed approach seeks to investigate the influence of distinct parameters on the
detection accuracy of an image classifier trained for terrain detection and identification. This process involves
initial data collection, followed by classifier training, and subsequent analysis of parameter effects. Data
collection entails capturing numerous images of similar terrains alongside sensor data such as GPS coordinates,
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accelerometer and gyroscope readings, temperature, humidity, pressure, and light intensity, all stored in an
Excel database for further analysis and classifier training. Each terrain-specific dataset is segregated within the
Excel file, with separate sheets created for different ground clearances if required. The prediction accuracy
achieved using the efficientnet-VV2-bo-21k network after training is 98%. Experimental results detailing the
relationship between model prediction accuracy and various parameters are depicted graphically in
Figures 13 to 16, with outcomes contingent on experimental conditions. The reported parameter values reflect
accuracy percentages derived from testing a single terrain image under diverse conditions.

Figures 13 and 14 illustrate the correlation between the shooting angle, represented by two axes, and
the terrain detection percentage. Another critical factor influencing detection accuracy is the distance between
the sensor and the terrain. Illustrated in Figure 15, the detection accuracy percentage of terrain is depicted
against the ground clearance height, which refers to the distance between the robot's chassis and the surface it
traverses. Increasing the distance between the camera sensors and the surface enhances the field of view but
diminishes the capability to capture intricate details. These parameters play a pivotal role in terrain detection
based on the clearance set during the collection of the training dataset. Therefore, accounting for ground
clearance during dataset collection facilitates establishing a relationship with test data gathered at various
ground clearance levels, thereby mitigating potential losses resulting from clearance variation and augmenting
detection accuracy.
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Figure 13. Plot of percentage accuracy of the ML classifier against roll inclination angle
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Figure 14. Plot of percentage accuracy of the ML classifier against pitch inclination angle
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Figure 15. Plot of percentage accuracy of the ML classifier against multiple ground clearances

The experiments also examined the effect of light intensity surrounding the sensor box. Since the
sensor box is positioned at the bottom of the robot, with its sensors directed downward parallel to the surface
being navigated, the amount of available light during terrain image capture is likely to be limited. It is crucial
to assess how varying light conditions affect terrain detection using the available sensors. Figure 16 illustrates
the ML classifier's accuracy percentage relative to the surrounding light intensity. The graph demonstrates a
notable rise in detection accuracy as the light intensity increases. This observation highlights the significant
impact of lighting conditions on terrain detection via ML models.
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Figure 16. Plot of percentage accuracy of the ML classifier against the surrounding light intensity

3.2. Discussions

Based on the findings outlined in the preceding section, we can delve into the effects of the analyzed
parameters on the performance of a conventional ML image classifier. Given the mobile nature of the robot, it
navigates diverse and irregular terrains, resulting in variations in shooting angles dictated by the terrain's
irregularities. Consequently, the sensor box may not consistently align parallel to the terrain, potentially
influencing detection accuracy. This influence is evident in Figures 13 to 14, illustrating a decrease in detection
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accuracy percentage with changes in shooting angles. Initially, the similarity percentage is at its peak at a
ground clearance of 40 cm and no inclination. However, as inclination angles in both roll and pitch axes are
altered, there is a noticeable decline in the similarity percentage for the chosen terrain in the experiment. This
decline is attributed to conditions during dataset collections, including fixed ground clearance, inclination, light
intensity, humidity, and temperature. The subsequent parameter examined was ground clearance, aimed at
discerning its impact on the pre-trained ML image classifier's performance. Proximity to the terrain alters the
field of view, potentially affecting detection accuracy. While reduced depth focuses on surface details,
increasing depth widens the field of view, reducing accuracy. Notably, performance degradation is observed
from 30 cm to 54 cm, indicating the critical role of ground clearance in detection accuracy. However, while
the similarity percentage diminishes with rising ground clearance, the decline gradually underscores the
importance of ground clearance in training and beyond. Lastly, the investigation into light intensity or ambient
light revealed its significant influence on camera detection ability and subsequent results, particularly
concerning images. Figure 16 graphically depicts the experiment's outcome, indicating an expected rise in
detection accuracy with increased light intensity. Excessive light may negatively impact classifier performance,
depending on training data conditions.

The outcomes of implementing the proposed terrain dataset collection process demonstrate its
effectiveness in identifying, classifying, and compiling terrain data within a designated environment. The
resultant Excel file, generated after the actual data collection experiment, serves as concrete evidence of the
reliability and efficiency of the terrain dataset collection apparatus employed in the trials. These findings
underscore the indispensable role of integrated sensors in crafting the data collection apparatus, with each
parameter linked to the sensors utilized significantly influencing the detection accuracy of the ML terrain
classification model. The significance of these experiments is delineated by two primary components: the
sensor box and the terrain dataset collection setup. The sensor box, housing an array of sensors for capturing
essential data such as terrain photos, ambient temperature, humidity, light intensity, and ground clearance,
forms the cornerstone for acquiring terrain data for subsequent analysis. Each sensor within the box fulfills a
pivotal function in terrain perception and analysis, with the accelerometer and gyroscope aiding in maintaining
the sensor box's alignment parallel to the ground and monitoring image capture angles. Furthermore,
incorporated LEDs facilitate clear imaging in low-light conditions. At the same time, the humidity sensor offers
insights into terrain moisture levels, thereby enabling a deeper analysis of a robot's locomotion performance
under varied conditions. On the other hand, the dataset collection setup simulates ground clearance from the
robot's base while simultaneously recording GPS location. Image clarity and detail size are contingent upon
the distance between the terrain and sensors and ambient light intensity, necessitating data collection at diverse
clearances and illumination levels to establish correlations that enhance terrain identification accuracy.
Additionally, the setup incorporates independent circuitry for data capture and storage, integrating a GPS
module to provide location data for each captured image, thereby enabling effective terrain identification based
on GPS coordinates. However, it is essential to acknowledge that the outcomes are subject to the type of
hardware and sensors employed. The quality of sensors utilized may either enhance or diminish the results. As
specific parameters have been identified as critical in terrain detection and classification, future work would
involve proposing a model that leverages the effects of these parameters to bolster the detection accuracy of
the ML classifier.

4. CONCLUSION

The current trend in computer science technology is artificial intelligence and ML, which gives rise
to an infinite possibility of developing specific applications. ML relies on a dataset used to train an ML
algorithm, which later gives a model that can be used to get insights about data similar to the training dataset.
This paper uses the same approach for a dataset collection process for a suitable environment perception
through terrain perception. The authors proposed a methodology and method for terrain dataset collection that
can be used further to train a ML algorithm and get a working terrain analysis model. The terrain analysis
model's accuracy depends on the data quality used for training the ML algorithm. The dataset collection
apparatus proposed by the authors gathers data concerning different parameters that impact a standard ML
model. Such parameters include ground clearance, humidity, light intensity, and shooting angle. The
investigation of the impact of such parameters on the detection accuracy of terrains through the conducted
experiments revealed that each sensor integrated into the design is worth it. Hence, the type of data generated
by the data collection apparatus helps improve the accuracy percentage of ML classifier model. The end goal
of the proposed methodology is to focus on the land on which a robot stands in real-time and get insights about
the land's conditions to adjust the locomotion the robot uses to move rather than focusing on the surroundings.
It’s important to note that some more sensors can be added to sensor box to get more data thereby more insight
into the terrain on which a robot stands and move. In the future, the collected data will be used to create first
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mathematical model that correlate the investigated parameters with a classical ML image classifier for
improving its performance, and further a terrain perception model, which could help a robot understand the
terrain on which the robot stands in real-time and later give inputs to a motion planer that modifies the dynamic
and locomotion to be adopted in real time.
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