
Article Not peer-reviewed version

Autonomous Underwater Pipe Damage

Detection Positioning and Pipe Line

Tracking Experiment with Unmanned

Underwater Vehicle

Seda Kartal * and Recep Fatih Cantekin

Posted Date: 21 August 2024

doi: 10.20944/preprints202408.1568.v1

Keywords: unmanned underwater vehicle; convolution neural network; underwater pipe line tracking;

underwater pipe damage detection; navigation of unmanned underwater vehicle

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/215602
https://sciprofiles.com/profile/1108788


Article

Autonomous Underwater Pipe Damage Detection
Positioning and Pipe Line Tracking Experiment with
Unmanned Underwater Vehicle

Seda Karadeniz Kartal * and Recep Fatih Cantekin
Electrical and Electronic Engineering Department, Zonguldak Bulent Ecevit University, 67100 Zonguldak, Turkey
* Correspondence: sedakaradeniz@gmail.com

Abstract: Underwater natural gas pipelines constitute critical infrastructure for energy transportation. Any

damage or leakage in these pipelines poses serious security risks, directly threatening marine and lake ecosystems

and potentially causing operational issues and economic losses in the energy supply chain. Due to the difficulty

in detecting deterioration over time and regularly inspecting these submerged pipelines by divers, the use of

unmanned underwater vehicles (UUVs) becomes crucial in this field. In this study, an underwater pipeline tracking

experiment was carried out by providing autonomous features to a remote-controlled unmanned underwater

vehicle. During the tracking of the underwater pipeline, damages were identified, and the locations of these

damages were determined. The navigation information of the underwater vehicle, including orientation in the x,

y, z axes (roll, pitch, yaw) from a gyroscope integrated with magnetic compass, speed and position information in

the three axes from an accelerometer, and the distance to the water surface from a pressure sensor, was integrated

into the vehicle. Pre-tests determined the necessary pulse width modulation values for the thrusters of the vehicle,

enabling autonomous operation by providing these values as input to the thruster motors. In this study, the

vehicle moves in 3D was achived by the vertical thruster of the vehicle was activated to maintain a specific depth,

and applying equal force to the vehicle’s right and left thrusters forward movement, while differential force

induced deviation angles. In pool experiments, the unmanned underwater vehicle autonomously tracked the

pipeline as intended, identifying damages on the pipeline using images captured by the vehicle’s camera. The

images for damage assessment were processed using a convolution neural network (CNN) algorithm, which is a

deep learning method. The position of the damage relative to the vehicle was estimated from the pixel dimensions

of the identified damage. The location of the damage relative to its starting point was obtained by combining

these two positional pieces of information from the vehicle’s navigation system. The all study was performed

within the Python environment.

Keywords: unmanned underwater vehicle; convolution neural network; underwater pipe line tracking; underwa-

ter pipe damage detection; navigation of unmanned underwater vehicle

1. Introduction

1.1. Motivation

Unmanned underwater observation vehicles are critically important for various military and
civilian applications. These unmanned vehicles are used in civilian fields such as underwater mapping,
port security, geological geophysics, and fisheries, and in military areas for mine detection, enemy
ship detection, ship safety, coastal security, and human detection, as well as in underwater cable and
pipeline laying operations [3–5]. The highly variable nature of the underwater environment makes
these operations challenging. Using unmanned underwater vehicles instead of human divers in
long-term operations in dark and deep waters is both safer and more cost-effective due to the potential
risks to human life [1,2]. Divers can only remain submerged for a limited time during any underwater
operation due to the risk of hypothermia from prolonged exposure. For this reason, the duration
of underwater operations tends to be extended. To eliminate the negative aspects arising in similar
underwater operations, unmanned underwater vehicles have started to be preferred for underwater
tasks.
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Underwater natural gas pipelines form a critical infrastructure for energy transportation. Any
damage or leakage occurring in these pipelines can create serious security risks. Proper monitoring and
damage detection facilitate the early identification and prevention of potential hazards. Additionally,
underwater natural gas pipelines can pose a direct threat to marine and lake ecosystems. Any leakage
or damage can lead to environmental pollution and harm aquatic life. Timely damage detection
can help minimize environmental impacts. Damages to underwater natural gas pipelines can also
cause interruptions in the transmission of natural gas, leading to serious operational problems in
the energy supply chain. Continuous monitoring and damage detection are crucial for maintaining
operational continuity. Furthermore, damages, repairs, and interruptions in the pipeline can lead to sig-
nificant economic losses for energy companies. Timely damage detection can reduce costly emergency
interventions and increase operational efficiency. There are legal and regulatory requirements for
underwater natural gas pipelines in many systems. These requirements mandate regular monitoring
of the pipelines and the performance of damage detection.

In this study, damages on an underwater pipeline were detected using an unmanned underwater
vehicle. As important as detecting damages on the pipeline is knowing the locations of these damages.
If the location of the damage is unknown after it has been detected, finding the locations of the damages
would require additional time due to the extensive length of the pipelines. In this study, autonomous
features were added to the unmanned underwater vehicle, enabling autonomous tracking of the
damaged pipeline underwater, and while tracking the pipeline, the damages were diagnosed using
artificial learning and their locations were determined.

1.2. Related Studies

For successful execution of unmanned underwater operations, both a well-defined underwater
environment and accurate knowledge of the underwater vehicle’s position are necessary [6,7,11],.
Therefore, recognizing underwater objects and navigation of underwater vehicles are important. Vari-
ous types of identification algorithms are available to identify an object. In this study, the convolutional
neural network (CNN) training algorithm, a deep learning method, was used. CNNs are used in
various fields including image classification, object tracking, object recognition, exposure estimation,
text detection and recognition, visual projection detection, action recognition, scene labeling, speech
processing, and natural language processing [25]. Other training models require a large amount
of prior knowledge at the end of training to achieve high accuracy in object recognition. However,
in the CNN model, input data is provided to the model without the need for feature extraction or
creation processes. Since the CNN model trains by altering the depth and width of the input image,
it determines the features of the image and makes accurate assumptions [10,26]. CNN training is
computationally intensive. Various methods have been developed to overcome this problem [27–30].
The most important of these developments is the development of a CNN model trained using the
ImageNet dataset in 2012. This model produced more accurate image classifications than previous
methods [26]. He and Zhang in 2018 suggested predicting movements from an image with CNN [31].
Pertusa and Gallego in 2018 used CNN for common object identification on smartphones [32]. In
2015, Li and Shang used the fast region-based CNN (R-CNN) algorithm for underwater fish detec-
tion [33]. In 2017, Gomez Chavez and Mueller predicted body posture using the Long Short-Term
Memory Recurrent Neural Network (LSTM-RNN) method [34]. The CNN algorithm continues to
be used in classification studies today [35–37]. Another current machine learning algorithm is the
Support Vector Machine (SVM). The SVM algorithm emerged in 1995 [14]. It is a high-performance
algorithm frequently chosen for regression and prediction problems [15]. To date, SVM has been used
in various contexts including battery life prediction, housing price forecasting, and predicting potential
inflation [16–19]. Although SVM is more commonly chosen for classification problems, Smola and
others have shown it can also be used for regression problems [20]. The algorithm used for regression
problems is named Support Vector Regression (SVR). SVR has been applied in various regression
problems such as motion prediction [22], electric load forecasting [21], and enhancing the performance
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of filters [12,23,24] . In this study, CNN and SVM were used in a hybrid manner. CNN served as a
feature extractor and SVM as a classifier to identify the target object.

Another factor crucial for the successful execution of unmanned underwater operations is the
localization of the underwater vehicle [8]. Due to the attenuation/damping of electromagnetic waves
underwater, high-accuracy global positioning systems cannot be used. With inertial measurement
systems, linear and angular position information is derived from the measured acceleration and
angular velocity of the underwater vehicle [9]. Some studies use integrated navigation systems for
high accuracy and continuous data transmission. If an INS-GPS integration system is to be used,
a surface platform synchronized with the underwater vehicle is essential (referenced in your own
publication). In this study, the navigation information of the underwater vehicle was obtained from
integrated gyroscopes, magnetic compasses, accelerometers, and pressure sensors.

Despite extensive work on aerial and terrestrial object tracking, there is much less research on
underwater object tracking. This is due to the various challenges of working underwater and the
degradation of underwater visual data quality, which varies depending on light refraction, water
depth, color, and nature. In 2013, Min Li and colleagues presented a method for underwater object
identification and tracking based on multi-beam sonar imaging [38]. In 2016, Filip Mandic and
colleagues combined sonar and USBL (Ultra Short Baseline) measurements to develop an autonomous
surface vehicle and perform underwater object tracking [39]. They developed a filter that combines
USBL and sonar image measurements to obtain reliable object tracking predictions even when sonar
or USBL measurements are unavailable or erroneous. In addition to object tracking, they focused
on adapting only the desired region within the sonar image using the tracking filter’s covariance
transformation to improve object identification and filter out erroneous sonar measurements. In 2016,
Xianbo Xiang and colleagues proposed a method using magnetic sensing to autonomously track
underwater buried cables with a three degrees of freedom (3-DOF) autonomous underwater vehicle
[40]. They used feedback linearization technique to design a simplified cable tracking controller based
on the geometric relationship between the vehicle and the cable by creating a specialized magnetic line
of sight guide. In 2020, Caterina Bigoni and Jan S. Hesthaven suggested a simulation-based decision
strategy with machine learning techniques for anomaly detection and damage localization [41]. In
2021, Kakani Katija and colleagues proposed using an underwater vehicle for the visual tracking of
deep-sea animals controlled by machine learning [42]. In their study, they presented an integrated
tracking algorithm using machine learning that includes multi-class detectors and 3D stereo imaging
to track underwater animals over extended periods. There are many studies like these focused on
underwater object tracking, and the research continues. Studies such as continuous autonomous
tracking and imaging of great white sharks with an autonomous underwater vehicle, and performance
analysis of existing underwater object tracking algorithms and dataset creation are available [43,44].

1.3. Contribution

The main contributions of this work are as follows:

• From images experimentally obtained from the integrated camera on the unmanned underwater
vehicle, damages on the underwater pipeline were successfully detected using deep learning
algorithms.

• The navigation and autopilot of the unmanned underwater vehicle were experimentally per-
formed.

• Autonomous features were added to the remotely operated unmanned underwater vehicle: A
series of preliminary tests were conducted to enable the unmanned underwater vehicle to track
the underwater pipeline autonomously, independent of remote control. These tests resulted in
configuring the necessary input information for the vehicle’s right, left, and vertical thrusters,
deriving the relationship between pulse width modulation and linear-angular movements, and
setting up the input data required for the vehicle to follow the desired path.
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• The experiment of tracking the underwater pipeline with the unmanned underwater vehicle was
autonomously and successfully conducted.

• In the underwater pipeline tracking experiment, the locations of the damages on the pipe were
detected.

In summary; contrary to some theoretical studies in the literature, autonomous features were
added to the unmanned underwater vehicle, allowing it to successfully and autonomously follow the
underwater pipeline, and the detection of damages and their locations using a deep learning algorithm
was experimentally achieved with success.

1.4. Organization

The paper is organized as follows. The unmanned underwater vehicle used in our underwater
experiments is introduced in Section 2. The method used for the underwater pipe damage detection
experiment, involving a convolution neural network, and the experimental results of the damage
diagnosis are explained in Section 3. The experiment on underwater autonomous pipe tracking
and damage location detection is detailed in Section 4. In Section 4, the unmanned underwater
vehicle navigation, autopilot, underwater damage location detection, and experimental results are also
presented sequentially. In final, the paper is concluded in Section 5.

2. Unmanned Underwater Vehicle

In this study, the remotely operated underwater vehicle (ROV) that will be endowed with au-
tonomous features consists of a user computer, an operator console, and cable section. The unmanned
underwater vehicle is equipped with two forward thrusters, one on the left and one on the right, a
vertical thruster, and a camera that can rotate 180 degrees. The forward thrusters provide forward
movement and yaw orientation, while the vertical thruster provides diving movement. The operator
console is used for controlling the vehicle and transferring the data obtained from the vehicle to the
computer. The cable ensures data and power transmission between the underwater vehicle and the
operator console. In this study, the experimental equipment used in the pool experiment is presented
in Figure 1 [48].

Figure 1. Unmanned underwater vehicle used in the experiment

The experimental data related to underwater object detection was obtained from a camera
integrated into the remotely operated underwater vehicle shown in Figure 1. The camera, with vertical
and horizontal fields of view of 128 and 96 degrees respectively and a resolution of 700 TVL, is placed
in a waterproof compartment at the front of the vehicle. Weighing approximately 10 kg in air, this
vehicle can reach depths of 200 meters to perform tasks such as underwater observation, real-time
high-resolution video and photo capture, data collection, and underwater mapping.
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3. Underwater Pipe Damage Detection

In this study, damage assessment on the pipeline was conducted using pool images taken from
a camera integrated into the unmanned underwater vehicle. The camera, placed in a waterproof
compartment at the front of the vehicle, has a vertical field of view of 128 degrees, a horizontal field of
view of 96 degrees, and a resolution of 700 TVL [47]. The damage assessment study was carried out in
a pool environment based on experimental data. The video footage from the vehicle’s camera was
transmitted via fiber optic cable to the operator console and then to a computer via Ethernet cable. To
diagnose the damage, the images were processed using a deep learning method, the Convolutional
Neural Network (CNN) algorithm. The all study was conducted in a Python environment. The pipes
and damages used for the pipeline damage assessment experiment are presented in Figure 2.

Figure 2. Damaged pipe used in the experiment

3.1. Convolutional Neural Network

3.1.1. İnput Layer

The size of the data provided to this layer is crucial for the success of the model. If the amount of
data is too large, the training can yield very successful results but will take a long time. Conversely, if
the amount of data is too small, the success rate of the training will significantly decrease.

3.1.2. Convolutional Layer

This layer is the first layer that extracts features from the input data. Different filters are applied to
the input data. The applied filters are passed over the entire image to produce an output. The output
after applying the filter is known as a feature map [54].

3.1.3. Rectified Linear Unit Layer

The Rectified Linear Unit (ReLU) is a commonly used activation function in CNN [55]. ReLU is
defined as follows:

g(y) = max(0, y) (1)

Here, g(y) is a function corresponding to the input y. ReLU sets the negative values of the data
applied to its input to zero. This reduces the computational load and training time.

3.1.4. Pooling Layer

The pooling layer is used between successive convolutional layers. The primary purpose of using
this layer is to reduce the computational intensity in subsequent layers. There are various pooling
methods; one commonly used method is max pooling [56]. In max pooling, the maximum values from
the values corresponding to the filter are selected, and the filter moves two steps after each application
area.
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3.1.5. Fully Connected Layer

A fully connected layer connects to all nodes in all layers before and after it. The fully connected
layer adds weights to the data to enable accurate classification of the data received from previous
layers. After this process, the network provides predictions. Predictions are obtained by calculating
probabilities between feature classes detected in previous layers. If the weighting is incorrect before
producing a prediction, the predictions are incorrect and a cost function is calculated. The cost
function serves as a guide to optimize our model. The cost function between the actual and predicted
networks has been minimized using the backpropagation algorithm [57]. Additionally, overfitting is
an undesirable condition in CNNs. The dropout method has been developed in this layer to prevent
overfitting [25].

3.1.6. DropOut Layer

In CNNs, excessive training can lead to overfitting—memorization, which reduces the training
error at each step during the training of the CNN model, but the test error may not decrease in the
same direction. The reliability of a training with overfitting is low, and a training model that starts
memorizing is formed. A training model that has overfitted will perform poorly when presented with
an image outside of the training dataset. Large datasets like ImageNet have labeled data samples to
prevent overfitting [25]. In this study, since the dataset created is not as large as ImageNet, dropout
has been used to prevent overfitting.

3.1.7. Classifier Layer

The output value of the classification layer should be equal to the number of objects to be
classified. For instance, if five classifications are to be made, the output of the layer should be five.
Model predictions are assigned as values in the range of 0–1. A classification can be added to the CNN
architecture or created as a separate model. There are different classifier models. In this study, CNN
and SVM were used as a hybrid. CNN is a feature extractor, and SVM has been used as a classifier to
recognize the object being sought [27]. SVMs choose from an infinite number of decision boundaries
that minimize error with the greatest distance between two classes [59]. SVM uses the output of CNN
as input and determines the classes by extracting features obtained by CNN. Thus, classification is
achieved.

3.2. Convolutional Neural Network Training

To train the CNN architecture, a dataset was created using deep learning and image augmentation
methods from photographs of damage taken on the pipeline. For the damage diagnosis study, the
dataset from damages on the underwater pipeline was created through data augmentation without
altering the characteristic features of the images. The data augmentation methods used for this study
include rotating the image horizontally and vertically, rotating the image at specific angles, shifting
the image horizontally and vertically, zooming, darkening, lightening, and changing the color. In
CNN, each photo collected with the LabelImg program was individually labeled. The labeling process
generated files with a .xml extension. After completing the labeling process, the photos were divided
into two separate folders to run the training algorithm. These folders are the training and testing
folders. Eighty percent of the photos of the object to be detected were placed in the training folder, and
twenty percent were placed in the testing folder, and the training of the CNN was initiated.

3.3. Underwater Damage Detection Experiment Results

Using the CNN algorithm, damages on the underwater pipeline in a pool environment were
diagnosed online using an unmanned underwater vehicle. The damage diagnosis results are presented
in Figure 3. As seen from the figure, high accuracy percentage of pipe damage has been detected
with the developed algorithm. Thus, the unmanned underwater vehicle has been endowed with the
capability to detect objects through the underwater damage diagnosis test.
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Figure 3. Damage detection experiment results

In Figure 4, the accuracy and loss curves of the CNN training are visible. The ESA training for
damage diagnosis was carried out over 50 epochs. An epoch means that the model sees each data in
the dataset once. As seen in Figure 4, both the training loss and the validation/consistency loss have
been observed to decrease, which is a desired outcome.

Figure 4. CNN training consistency and loss curves

4. Underwater Autonomous Pipe Tracking and Damage Location Detection

In this study, autonomous features were endowed to a remotely operated underwater vehicle,
which was then used for underwater pipeline tracking in a pool environment, and damage detection
on the pipe as well as the location of this damage were achieved. In the experiment, a schematic
representation of the scenario created for the underwater pipeline and images from the pool experiment
are given in Figure 5 and Figure 6. As seen in Figure 5, during the experiment, an underwater pipeline
was created inside the pool using one 3-meter and two 2-meter pipes.
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Figure 5. Pipeline tracking experiment scenario view

Preliminary tests were conducted in a pool environment to enable the unmanned underwater
vehicle to autonomously follow the desired pipeline. In these tests, the PWM values that need to be
applied to the vehicle’s thrusters were determined to enable the vehicle to autonomously perform the
following movements: moving forward 3 meters, turning right, moving 2 meters, turning right, and
then moving another 2 meters in a linear and angular motions.

In these tests, the vehicle’s speed information corresponding to the PWM values of the thruster
motors was obtained by remotely controlling the vehicle to move along different routes. The speed
information corresponding to these PWM values and, consequently, the distance information obtained
were observed. The necessary PWM values for the vehicle to follow a pipeline of known length, which
will be used in the experiment, were determined as a result of these tests and sent to the vehicle’s
thruster motors as input information. Consequently, an object tracking algorithm was developed
using the data obtained from these preliminary tests to enable the vehicle to autonomously follow the
desired object.

During the vehicle’s tracking of the pipeline, the damages on the pipe were detected using the
CNN method detailed above. The damage location detection information has been supported with the
vehicle navigation and autopilot described in the next section.

Figure 6. Pipeline tracking pool experiment
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4.1. Navigation of Unmanned Underwater Vehicle

The navigation information of unmanned underwater vehicle comes from IMU, depth sensor. IMU
with MPU-6000 series used in the experiment combines 3-axis gyroscopes integrated with magnetic
compass, 3-axis accelerometer. The depth sensor used in the experiment is the measurement specialties
MS5837-30BA, which can measure up to 30 bar (300m/1000 ft depth). In the pool experiments, the
speed and orientation information of the unmanned underwater vehicle was obtained from the Inertial
Measurement Unit (IMU) sensor integrated into the vehicle. The linear speed of the vehicle used in
the pool experiments was obtained by integrating the acceleration. Linear position information was
obtained by taking the double integral of the measurement from the accelerometer sensor. The yaw
angle (rotation around the z-axis) information was obtained by taking the integral of the gyroscope
measurement data once. The depth information of the vehicle from the pool surface was obtained
from the pressure sensor integrated into the vehicle [60]. The equations for the vehicle’s linear motion
along the x and y axes and angular motion around the z-axis are given in (2), (3) and (4).

�
x = ur ∗ cosφ − vr ∗ sinφ +

�
x c (2)

�
y = ur ∗ sinφ + vr ∗ cosφ +

�
y c (3)

�
φ = r (4)

In this study, since the vehicle used only has forward speed, the relative velocity, vr has been
neglected, and external disturbances were disregarded in the pool experiments. Thus, the relationship
between the vehicle speed and the absolute speed is reduced as in (5) and (6).

�
x = ur ∗ cosφ (5)

�
y = ur ∗ sinφ (6)

4.2. Autopilot of Unmanned Underwater Vehicle

In this study, the Pixhawk control board was used for the autopilot of the unmanned underwater
vehicle as seen Figure 7 . Pixhawk is frequently used as a control board for unmanned aerial vehicles,
surface, and underwater vehicles due to its low cost and high-performance advantages. In this
study, communication between the user computer and the unmanned underwater vehicle, as well as
sending inputs to the vehicle via Python software, were carried out using the MAVLink protocol. The
pymavlink library was used to establish the connection between the vehicle and Python.

In the experiment, to automate the pipeline tracking, a series of preliminary pool tests were
initially conducted to observe the vehicle’s responses to PWM (pulse-width modulation) signals sent
to the motors by the Pixhawk. Subsequently, the necessary input value of each thrusters values to be
sent to the motors for the created pipeline tracking scenarios were determined. Before the experiment
for the established pipeline scenario, the Speed-PWM and Depth-PWM relationships were observed,
and the necessary PWM information to enable the vehicle to follow the pipeline was sent to the vehicle.

The vehicle has successfully followed the designated route. The reference and measured forward
speed information, yaw angle, and depth information while the vehicle was following the designated
pipeline route are shown sequentially in Figures Figure 8, Figure 9, and Figure 10.

Figure 8 shows the necessary reference forward speed information for following the specified
pipeline, along with the forward speed information obtained from the accelerometer during the
pipeline tracking. Figure 9 presents the necessary yaw angle for the vehicle to follow the specified
pipeline in the experiment, along with the yaw angle measured from the gyroscope during the
experiment.
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Figure 7. Vehicle’s pixhawk and thrusters used in the experiment

Figure 8. Reference surge speed (blue line) and measured (red line) surge speed
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Figure 9. Reference yaw angle (blue line) and measured yaw angle (red line)

Figure 10. Reference depth value (blue line) and measured depth value (red line)

It can be seen from Figure 8, Figure 9, and Figure 10 that the vehicle successfully followed the nec-
essary reference forward speed, reference depth, and reference yaw angle required for autonomously
tracking the specified pipeline.

4.3. Pipe Line Damage Location Detection

In the pool experiment, while the unmanned underwater vehicle autonomously followed the
pipeline as desired, damages on the pipeline were diagnosed using images obtained from the vehicle’s
camera. The position of the diagnosed damage relative to the vehicle was estimated from the pixel
dimensions of the damage. A dataset was created by calculating pixel values from images of damages
taken from different distances. With this dataset, a support vector machine was trained to estimate
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the distance corresponding to the pixel sizes, and consequently, a model was developed to predict the
position of the damage. Additionally, the vehicle’s position at the moment it diagnosed the damage is
known from its navigation system. By combining these two pieces of location information, the position
of the damage relative to the starting point was determined.

EXPERIMENT RESULTS
For this experiment, one 3-meter and two 2-meter pipes were placed in the pool at 45-degree

angles to each other. Prior to the experiment, three separate points on the pipeline positioned in the
pool were damaged. These damage images were provided in Section 1, Figure 2. The results of the
damage diagnosis with CNN for the pool experiment and the location of this damage are given in
Figure 11 to Figure 13.

Figure 11. Location 1 of pipe line damage detection

Figure 12. Location 2 of pipe line damage detection
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Figure 13. Location 3 of pipe line damage detection

In Figure 14, the 3D movement of the unmanned underwater vehicle during the autonomous
underwater pipeline tracking experiment are presented, respectively. The pipeline that was intended
to be followed is shown as a blue line as the reference path, and the path the vehicle actually followed
during the experiment is shown as a red line. As can be seen from Figure 14, the vehicle successfully
followed the pipeline placed in the pool with high performance.

Figure 14. Reference path (blue line) and followed path (red line)

Figure 10 presents the depth information of the vehicle. In this experiment, the pipeline was placed
at a depth of 1.8 meters in the pool. To follow the pipeline from above at this depth, the unmanned
underwater vehicle was submerged to a depth of 60 cm in the pool. Figure 9 presents the changes in
the yaw angle made by the vehicle while following the pipeline. Initially, the vehicle followed the
3-meter section of the pipeline at a 90-degree deviation angle in about 22 seconds (including 6 seconds
of submersion time), the 2-meter section at a 45-degree angle in 10 seconds, and the final 2-meter
section again at a 90-degree angle in 10 seconds.
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Table 1 presents the root mean square error (RMSE) values for the study of underwater pipeline
tracking with an autonomous unmanned underwater observation vehicle. It is the difference between
the reference position value and the tracked position value. These RMSE values are known to the user
as the path where the pipeline was placed, and were obtained from the path information recorded by
the vehicle after completing the pipeline tracking.

Table 1. RMSE values between reference and tracked position value.

Position RMSE
x 0.072 m
y 0.037 m
z 0.161 m

yaw 1.9 deg

5. Conclusions

In this study, a remotely operated unmanned underwater vehicle was endowed with autonomous
features and successfully tracked an experimentally placed underwater pipeline. While tracking the
pipeline, the vehicle obtained angular position information from the integrated gyroscope, linear
speed and position information from the integrated accelerometer, and depth information from the
pressure sensor. Damages on the pipeline were successfully identified using a deep learning algorithm,
CNN, with underwater images captured by a camera placed in the water-tight compartment of the
vehicle. The location of the detected damaged areas was identified as the vehicle followed the pipeline.
The entire study was conducted in a Python environment using experimental data. The success of
underwater pipeline damage detection was observed to vary depending on factors such as light
refraction, water depth, color, and nature. The results obtained in this study demonstrate that detection
of deterioration in underwater pipelines and their regular monitoring can be autonomously, safely,
and continuously performed using unmanned underwater vehicles.
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