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Abstract
Underwater pipeline inspection plays a vital role in the proactive maintenance and management of critical marine infrastructure and subaquatic 
systems. However, the inspection of underwater pipelines presents a challenge due to factors such as light scattering, absorption, restricted 
visibility, and ambient noise. The advancement of deep learning has introduced powerful techniques for processing large amounts of 
unstructured and imperfect data collected from underwater environments. This study evaluated the efficacy of the You Only Look Once 
(YOLO) algorithm, a real-time object detection and localization model based on convolutional neural networks, in identifying and classifying 
various types of pipeline defects in underwater settings. YOLOv8, the latest evolution in the YOLO family, integrates advanced capabilities, 
such as anchor-free detection, a cross-stage partial network backbone for efficient feature extraction, and a feature pyramid network+ path 
aggregation network neck for robust multi-scale object detection, which make it particularly well-suited for complex underwater environments. 
Due to the lack of suitable open-access datasets for underwater pipeline defects, a custom dataset was captured using a remotely operated 
vehicle in a controlled environment. This application has the following assets available for use. Extensive experimentation demonstrated that 
YOLOv8 X-Large consistently outperformed other models in terms of pipe defect detection and classification and achieved a strong balance 
between precision and recall in identifying pipeline cracks, rust, corners, defective welds, flanges, tapes, and holes. This research establishes the 
baseline performance of YOLOv8 for underwater defect detection and showcases its potential to enhance the reliability and efficiency of 
pipeline inspection tasks in challenging underwater environments.
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1  Introduction

Underwater object detection refers to the process of iden‐
tifying and locating objects submerged in water through 
various technologies and methods. This process has broad 
applications across various domains, including marine life 
research, environmental conservation, infrastructure inspec‐
tion and health monitoring, and offshore renewable energy. 

Underwater environments present unique challenges, such 
as light scattering, poor visibility, and object variability, and 
thus require innovative detection methods. Techniques and 
advancements from other fields, such as agricultural object 
detection, can serve as inspiration for underwater applica‐
tions. Lightweight deep learning models, such as improved 
You Only Look Once (YOLO) v5s, have demonstrated 
robust performance in detecting objects, such as pitaya 
fruits, under challenging conditions and effectively addressed 
uneven illumination and light scattering (Li et al., 2024). 
Similarly, spatiotemporal convolutional neural networks 
have been employed for tasks, including unmanned pine‐
apple picking, overcoming occlusions, and variability in 
object appearance (Meng et al., 2023). These methodolo‐
gies highlight the adaptability and efficiency of object 
detection models in addressing complex environments and 
offer insights into tackling the unique challenges in under‐
water object detection.

Detection of objects underwater is inherently challeng‐
ing due to factors such as poor light conditions, varying 
visibility, turbidity, and the optical properties of water that 
can considerably distort images (Han et al., 2020). The 
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detection methodologies and technologies for underwater 
objects have been substantially enhanced due to advances 
in computer hardware, artificial intelligence algorithms, and 
computing and sensing technologies. Furthermore, advances 
in autonomous underwater vehicles and robotic systems 
have further facilitated underwater exploration and data 
extraction processes (Zhong et al., 2023). Remotely operated 
vehicles (ROVs) with advanced sensors and digital cameras 
are used extensively for safe and efficient inspection and 
monitoring of subsea objects and infrastructures, such as 
pipelines (Zhang et al., 2021). These challenges can hinder 
existing object detection technologies, as light scattering 
reduces contrast, and turbidity introduces noise, leading to 
low accuracy and missed detections in traditional methods. 
As a result, the availability of subaquatic imagery has 
increased exponentially (Fayaz et al., 2022).

The evolution of deep learning methods has provided 
researchers and practitioners with reliable frameworks for 
the analysis of image datasets collected in underwater 
environments (Jin and Zheng, 2020). Since the invention 
of region-based convolutional neural networks (R-CNNs) 
(Girshick et al., 2014), they have become crucial elements 
in object detection solutions. Such networks fall under two 
categories, namely, two- and single-stage detection meth‐
ods. The two-stage methods, exemplified by R-CNN and 
its descendants, namely, Fast R-CNN (Zhang et al., 2016) 
and Faster R-CNN (Ren et al., 2015), first generate poten‐
tial bounding boxes that may contain objects; then, these 
proposed regions are classified into specific object catego‐
ries. Despite their high precision, given the two-step pro‐
cess, these models are usually slower and less efficient for 
applications such as real-time underwater pipeline inspec‐
tion and monitoring. This shortcoming has been addressed 
using single-stage methods, such as single-shot multibox 
detector (SSD) (Liu et al., 2016) and You Only Look Once 
(YOLO) (Rahman et al., 2023). YOLO is an object detec‐
tion algorithm that simultaneously predicts bounding boxes 
and class probabilities for multiple objects in an image and 
thus provides real-time and efficient detection.

YOLOv8, the latest version of YOLO, incorporates inher‐
ent architectural advancements, including anchor-free 
detection, cross stage partial network (CSPNet) backbone 
for efficient feature extraction, and feature pyramid network 
(FPN) + path aggregation network (PAN) neck for superi‐
or multiscale detection. These features make YOLOv8 well-
suited for challenging environments, such as underwater 
pipelines, which this study leveraged to detect and classify 
defects. YOLOv8 X-Large, the largest variant in this family, 
was optimized for accuracy and intended for use in high-
end systems where computational resources are abundant.

YOLO8 X-Large was applied to identify and classify 
defects in underwater pipes. Underwater pipelines operate 
in rough environments characterized by unpredictable geo‐
logical changes, continuous seawater corrosion, high pres‐

sure, and sediment accumulation. These issues pose a cru‐
cial threat to the integrity of pipelines over time, which 
necessitate regular inspections to ensure their continued 
health and functionality. Traditional pipe inspection meth‐
ods involve section-by-section inspections using special‐
ized ships, which is time-consuming and escalates in cost 
with the expansion of the pipeline network. ROVs are pre‐
ferred alternatives in this context. With their enhanced sta‐
bility and autonomous features, ROVs offer an efficient 
and cost-effective approach to navigating the complex 
underwater environment and ensuring the systematic inspec‐
tion and maintenance of pipelines. The performance of ROV 
cameras is often compromised by shadow noise resulting 
from inconsistent illumination, camera shake, complex 
background interference, and the diversity of target types. 
In addition, light scattering in seawater frequently dimin‐
ishes or eliminates color features, which further complicates 
reliable object detection in underwater environments. In this 
work, an image dataset was generated using a FIFISH V6 
ROV equipped with a UHD camera in a controlled envi‐
ronment. Several pipe samples with various defects and 
features, such as holes, cracks, bad welds, tape, and rust, 
were used in the simulation of underwater pipelines.

The remainder of this paper is organized as follows: 
Section 2 provides an overview of related works in under‐
water object detection. Section 3 discusses the details of 
the image dataset used for training and validation. Section 
4 briefly focuses on the specifications and capabilities of 
the underwater robot used in this research. Sections 5 and 
6 elaborate on the methodology and results, respectively. 
The paper ends with discussions and conclusions.

2  Related work

This literature review explored the evolution and cur‐
rent state of underwater object methodologies and technol‐
ogies. Its scope ranges from early sonar-based methods to 
the most recent advances in artificial intelligence-driven 
image analysis. This review is guided by the objective, 
that is, determining how advances in deep learning and 
image processing meet the unique challenges in the under‐
water environment, such as low observability, light scatter‐
ing, and intricate backgrounds. This review highlights the 
major contributions in the field and identifies existing gaps 
and potential areas for future research.

Karimanzira et al. (2020) worked on challenging under‐
water environments to achieve remarkable recognition rate 
improvements obtained by integrating CNNs for enhanced 
feature extraction using extreme learning machines for 
efficient classification. Their method addresses inherent 
challenges of underwater imagery, such as poor visibility 
and remarkable light reflections. However, the scalability 
and real-time application of their approach, particularly in 
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pipeline inspection with its high variability in defect types 
and environmental conditions, remains a challenge. The 
YOLO8 algorithm emerges as a viable solution to bridging 
this gap as it offers a flexible and comprehensive approach 
to underwater pipeline defect detection.

Chen et al. (2023) have made notable contributions to 
enhancing underwater image quality through their develop‐
ment of OECBNet. This work focused on image enhance‐
ment, which is distinct from object detection, and comple‐
mented the capabilities of the YOLO algorithm in defect 
detection in underwater pipelines. The integration of OECB‐
Net’s enhanced image clarity with the detection technol‐
ogy of YOLO8 can enrich the field of underwater object 
detection. This combined approach offers a robust method 
for the precise and efficient identification of defects in 
underwater environments, which demonstrates the poten‐
tial synergy between advancements in image enhancement 
and object detection.

Deep learning for underwater image processing was 
examined extensively in the work of Vidhya and Deelthi 
(2023), and the results revealed its adaptability to chal‐
lenges, such as light distortion and color variation in under‐
water environments. A limited emphasis has been observed 
on object detection models, such as YOLO, which is essen‐
tial for precise tasks such as underwater pipeline defect 
detection. The lack of attention on this issue highlights a 
critical gap in the literature, which underscores the need 
for specialized research focusing on the nuanced require‐
ments of underwater object detection.

Wang et al. (2023) addressed the complex challenge of 
underwater object detection in forward-looking sonar 
images through the integration of an improved YOLOv8 
model with attention mechanisms and advanced prepro‐
cessing techniques. Their study tackled the limitations of 
traditional methods, which suffer from high noise levels 
and low-resolution sonar imagery, by employing a novel 
preprocessing module that includes artifact removal, con‐
trast enhancement, and noise filtering. The incorporation 
of the convolutional block attention module (CBAM) fur‐
ther enhanced feature extraction and noise suppression 
while maintaining computational efficiency. The present 
research highlights the potential of YOLOv8 in adapting 
to challenging underwater environments by effectively bal‐
ancing accuracy and resource constraints. The innovative 
use of these techniques aligns with the objectives of this 
study and showcases how tailored advancements can tre‐
mendously improve object detection capabilities in under‐
water settings.

Burguera and Bonin-Font (2022) have made remarkable 
contributions to machine learning for autonomous under‐
water navigation and sensor data processing. However, 
their work did not specifically address defect detection in 
underwater pipelines, which is a key focus of our research. 
Integrating their findings with the YOLO algorithm’s 

defect detection capabilities can substantially enhance 
autonomous underwater robotics, particularly in special‐
ized tasks such as pipeline inspection and maintenance. 
This approach represents a promising direction for future 
research, where the combination of autonomous naviga‐
tion and precise defect detection can lead to the develop‐
ment of efficient and accurate maintenance solutions.

Orinaitė et al. (2023) examined the difficulty of using 
machine learning to detect cracks in underwater concrete 
structures. The problem they addressed is important because 
of the notable difficulties in underwater environments, 
such as limited visibility and complex concrete surfaces 
underwater. To recognize cracks in images, they used image 
processing techniques, especially machine learning algo‐
rithms and improved algorithm accuracy and robustness 
using a dataset augmentation strategy. An important find‐
ing of their study was the effectiveness and accuracy of 
this approach in identifying cracks in underwater concrete 
structures. They demonstrated that machine learning 
approaches, specifically those that use AlexNet and 
SqueezeNet through transfer learning on an augmented 
dataset, offer a reliable means of detecting and monitoring 
such cracks. This approach can enhance the safety and reli‐
ability of underwater structures and prevent catastrophic 
failures. However, a limitation of their study can be the 
challenges in adapting these techniques to various under‐
water conditions and types of concrete structures.

Xu et al. (2023) presented a systematic analysis and 
review of deep learning techniques for underwater object 
detection and addressed the unique challenges imposed by 
underwater environments. They identified key issues affect‐
ing the accuracy and effectiveness of traditional object 
detection methods in these settings, including high noise 
levels, low visibility levels, and color deviation. Xu et al. 
(2023) reported the extremely complex processing of under‐
water images, and advanced deep learning approaches that 
can adapt to these challenging conditions, such as YOLO8, 
played crucial roles. Their research provided valuable 
insights into the current state of underwater object detec‐
tion and its limitations.

Zhang et al. (2023) developed an improved YOLOv4-
based pipeline defect detection method, specifically for 
sewer environments. Their enhancements consisted of the 
integration of a spatial pyramid pooling (SPP) module and 
modifications to the loss function for improved precision 
and recall. These advancements enabled their model to 
achieve remarkable improvements in the detection of small 
defects (such as cracks) and achieved a 4.6% increase in 
the mean average precision (mAP) over the standard 
YOLOv4. Despite the strong performance of their method 
in pipeline inspection, the study focused on sewer pipe‐
lines, which differ greatly from underwater environments 
in terms of challenges, such as light scattering, turbidity, 
and visibility. This highlights a gap in the adaption of their 
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improvements to underwater defect detection, where the 
environmental conditions demand additional preprocess‐
ing and architectural considerations.

The proposal by Wang et al. (2023) addresses the limita‐
tions of traditional CCTV-based pipeline defect detection. 
Their work integrated involution operators for lightweight 
modeling, CBAM for enhanced feature extraction, and 
knowledge distillation for improved generalization capabil‐
ities of their YOLOv5s-based model. This approach con‐
siderably reduced computational overhead and improved 
detection accuracy, with a mAP@0.5 of 80.5%. However, 
their study was primarily focused on sewer pipelines and 
did not explicitly address the unique challenges of under‐
water environments, such as light scattering, color distor‐
tion, and varying visibility conditions. This limitation opens 
avenues for the application of similar enhancements in 
underwater pipeline defect detection scenarios.

Chi and Zhang (2024) proposed a biological vision-
inspired underwater image enhancement method to address 
challenges, including color distortion, low visibility, and 
poor image quality, which are commonly encountered in 
underwater imaging tasks. Their approach integrates two 
key modules: a LAB color space-based correction module 
and a visibility enhancement module utilizing Type-II 
fuzzy sets. This combination allows for improved clarity 
and color fidelity in underwater images. Their method 
demonstrated notable improvements in enhancing visibility 
in challenging underwater environments, with its perfor‐
mance validated on benchmark underwater datasets. How‐
ever, although their work focused on image enhancement, 
it excluded object detection or defect classification tasks, 
which left a gap in the direct application of their methods 
to real-time underwater pipeline inspection. The integra‐
tion of such enhanced imaging techniques with advanced 
detection algorithms such as YOLOv8 can further improve 
the accuracy and reliability of underwater defect detection.

Gašparović et al. (2022) used deep learning methods to 
address the challenges of underwater pipeline detection tai‐
lored for harsh subsea environments. They focused on mit‐
igating issues, such as light scattering, attenuation, and 

poor visibility, which often degrade image quality in under‐
water settings. By training and testing six different CNN 
detectors, including five YOLO-based architectures and 
one Faster R-CNN model, they evaluated performance on 
a custom dataset of underwater pipeline images. YOLOv4 
achieved the highest mAP of 94.21%, which showcases its 
robustness in handling varying environmental conditions. 
This study highlights the adaptability and efficiency of 
YOLO-based methods in underwater object detection and 
provides a strong foundation for extending pipeline inspec‐
tion capabilities. Gašparović et al.’s (2022) findings align 
with the objectives of this research, which demonstrates 
the viability of advanced CNN architectures for underwa‐
ter inspection tasks.

Jin and Zheng (2020) proposed a method that uses the 
YOLOv3 algorithm to detect oil spill points in underwater 
pipelines. Their approach addresses common underwater 
imaging challenges, including distortion, blur, and low 
contrast, through image enhancement techniques, such as 
Gaussian filtering and histogram equalization. Jin and 
Zheng (2020) concentrated on oil leakage detection, 
whereas this research extends these capabilities to a broader 
range of defect types in underwater pipelines, demonstrat‐
ing the evolving and adaptive nature of YOLO algorithms 
in underwater object detection.

Table 1 provides a comparative analysis of the perfor‐
mance metrics of various YOLO-based methods in under‐
water object detection. The table also includes key perfor‐
mance indicators, such as precision, recall, and mAP50, 
for different YOLO models applied across various datasets.

This literature review illustrates the evolution of under‐
water object detection and highlights important advances 
and present challenges, particularly in real-time and accu‐
rate defect detection. Underwater environmental condi‐
tions, such as variable lighting, suspended particles, and 
water optical properties, persistently challenge the efficacy 
of existing technologies and often compromise image qual‐
ity. To address these challenges, this study comprehen‐
sively evaluated the YOLO8 algorithm for its efficacy in 
detecting defects within underwater pipeline structures.

Table 1　Comparative performance metrics of YOLO models in underwater object detection across various datasets

Model

YOLOv3

YOLOv4

YOLOv5s

YOLOv3-Tiny

YOLOv5

YOLOv8

YOLOv7-AC

YOLOv3

YOLOv5

Precision (%)

87.0

80.0

81.5

80.0

91.0

60.7

90.0

94.0

89.0

Recall (%)

67.0

76.0

75.9

78.0

58.5

47.2

84.2

90.0

89.0

mAP50 (%)

75.27

81.02

80.50

87.18

69.30

43.60

89.60

78.80

80.00

Dataset

Fish (Al Muksit et al., 2022)

Fish (Al Muksit et al., 2022)

Pipe (Wang et al., 2023)

Underwater Life (Asyraf et al., 2021)

Trash (Pavani et al., 2023)

Trash (Pavani et al., 2023)

Seafood (Liu et al., 2023)

Underwater Life (Shankar and Muthulakshmi, 2023)

Underwater Life (Shankar and Muthulakshmi, 2023)
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3  Dataset

In deep learning methods, the size and quality of the 
input dataset contribute greatly to the accuracy of final out‐
comes. The available public datasets for underwater pipe‐
lines failed to meet the requirements of this project on 
image quality, diversity of pipe defects, and ambient condi‐
tions. Therefore, the required images were generated inter‐
nally in a controlled underwater environment for training, 
validation, and test purposes. Dataset generation involved 
submerging various defective and nondefective pipes with‐
in a round pool, with dimensions measuring 365 cm in diam‐
eter and a depth of 121 cm, and utilizing an underwater robot 
camera to capture high-resolution images of these pipes 
under various arrangements and lighting conditions.

FIFISH V6 ROV was selected as the underwater robot, 
given its advanced imaging capabilities, including a UHD 
camera and integrated lighting system. The ROV’s six 
degrees of freedom enable precise control over orientation 
and positioning (roll, pitch, and yaw) and ensure consis‐
tent and diverse image capture. These features are crucial 
for the simulation of real-world conditions, such as vary‐
ing light scattering and visibility, which enhance the datas‐
et’s representativeness.

The metadata associated with each image, including 
depth, temperature, imaging time, and robot orientation 
(roll, pitch, and yaw), were recorded. The chemical proper‐
ties of water were also measured and recorded during each 
imaging session. The pipes used in this experiment were 
collected from a scrap metal yard. Some of the features of 
interest, such as holes, cracks, bad welds, and bends, were 
already available on the pipes, but additional defects were 
added manually in the laboratory. The final high-resolu‐
tion dataset contained 2 467 images, which were represen‐
tative of various underwater inspection scenarios①. This 
dataset serves as a critical resource for testing and validat‐
ing object detection models such as YOLOv8.

Figure 1(a) and Figure 1(b) show some representative 
images of the dataset. Nine features, including bad weld, cor‐
ners, cracks, flanges, good weld, holes, pipe rust, and tape, 
were designated the classes of interest in this classification 
problem. Each image included at least one of these nine 
classes.

Data labeling

All generated images were labeled on the Roboflow 
website. Each image was assigned manually, and the rele‐
vant labels related to the objects of interest. These labels 
included the object type (class) and rectangular coordi‐
nates of objects in the image (top, bottom, left, and right 
positions of the rectangle). Figure 2 summarizes the class 
frequency and geometric distribution of the data set gener‐
ated after labeling. Figure 2(a) displays the number of 

occurrences of class labels in the dataset. Accordingly, 
2 079 bad welds, 1 083 corners, 2 310 cracks, 1 228 flanges, 
1 778 good welds, 4 613 holes, 4 725 pipes, 4 146 rusts, and 
3 087 tapes were labeled in the entire dataset, with a total 
of 25 046 target objects. Figure 2(b) reveals the size distri‐
bution of the label box. As displayed in Figure 2, a majority 
of labeled targets were of smaller dimensions during the 
detection process, which demonstrated the prevalence of 
smaller targets within the dataset. Figure 2(c) reveals a nor‐
malized label-box center-coordinate point distribution. The 
coordinates 0 to 1 reveal the middle coordinate points in 
the image. The center coordinates, which covered the entire 
image from 0 to 1. According to the random distribution of 
underwater object features in the image, the middle coordi‐
nates (x, y) of the dataset showed a relatively vast distribu‐
tion. Figure 2(d) illustrates the height and width distribu‐
tion of the normalized label boxes. It shows that the distri‐
bution is usually centered around smaller values, with the 
highest concentration occurring in the 0.0 to 0.1 range, 
which suggests the relatively small proportion of the target 
within the image. A total of 70% of the dataset was selected 
for training (1 763 images), 10% for testing (293 images), 
and 20% for validation (411 images).

4  Underwater robot

FIFISH V6 (Figure 3) was used in this study. FIFISH 
V6 is an OMNI-directional ROV equipped with a 4K UHD 

① The dataset is available at: github.com/infoneerTXST/Pipe-datasets

Figure 1　Dataset containing nine classifications
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camera that boasts a 166° viewing angle, and it captures 
images in JPEG and DNG formats at a resolution of 4 000 × 
3 000. A wireless remote control facilitates its comprehen‐
sive maneuverability, including 360° rotations on all axes 
and a 90° tilting capability. The ROV features onboard 
storage for image data, which can be transferred to a com‐
puter for analysis. It also provides real-time information, 
including temperature and orientation, through a dedicated 
application. V6 is enhanced with LED lighting and various 
sensors for improved visibility and data accuracy in under‐
water environments. Its modular design allows the integra‐
tion of additional sensors, including those measuring dis‐
solved oxygen levels, pH, water quality, and salinity, which 
enriches the data acquisition process. These features play a 
crucial role in identifying areas prone to rust and evaluat‐
ing the quality of welding joints. FIFISH V6, which can 
operate at depths up to 328 ft, was used to inspect under‐
water infrastructure, particularly pipelines. Table 2 provides 
a detailed summary of the FIFISH V6 specifications.

5  Methodology

This section discusses in detail the methodology in 
terms of detection algorithm, data preprocessing, model 
preparation, evaluation metrics, and model training.Figure 2　Dataset distribution

Figure 3　FiFISH V6 underwater robot (QYSEA, 2022)

Table 2　Detailed specifications of the FIFISH V6 ROV highlighting 
its advanced features for underwater imaging and data collection

Parameter

Camera

Field of view (FOV)

Lighting

Depth rating

Degrees of freedom

Battery life

Control method

Image formats

Sensors

Onboard data storage

Weight

Dimensions

Specification

4K UHD, 4 000 × 3 000 resolution

166°

Dual 4000-lumen LED lights

328 ft (100 m)

6 (360° rotation, 90° tilt)

Up to 4 h

Wireless remote control via mobile application

JPEG and DNG

Dissolved oxygen, pH, water quality, salinity

Supported, transferable to a computer

4 kg

13.7″ × 12.4″ × 5.9″
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5.1  Detection algorithm

The YOLO series algorithms are the premier choice in 
industrial applications, with their combination of speed 
and accuracy establishing them as industry leaders (Li 
et al., 2022). Through a single evaluation, the unified neu‐
ral network computes class probabilities and bounding 
boxes directly from an entire set of images (Redmon et al., 
2016). YOLO series unified detection approach stands in 
considerable contrast to traditional object detection strate‐
gies that process images through sliding windows or region 
proposals. YOLO processes an image in a single pass, 
hence the name “You Only Look Once”. This approach was 
used as a basis to divide the image into a grid system. It also 
directly identifies bounding boxes and class probabilities 
from the pixels within the image. The implementation of 
the YOLO algorithm in object detection for underwater 
images is primarily based on two major advantages: the 
combined high speed with efficiency and enhanced capa‐
bility to recognize the global context (Raza and Hong, 2020). 
The first advantage is speed and efficiency: YOLO can 
deliver real-time object detection, which is necessary for 
applications such as self-driving vehicles and real-time 
ocean monitoring. It also processes images rapidly without 
substantially compromising accuracy. Therefore, YOLO 
is often the top choice when timing is critical. The second 
advantage is global context recognition: The YOLO algo‐
rithm processes an entire image one at a time, a distinc‐
tive aspect furnishing a comprehensive understanding of 
the scene. This global perspective reduces false positives, 
which results in improved accuracy and reliable predic‐
tions. This is particularly beneficial in certain situations, 
especially in complex and varied underwater environments 
where accurate object detection can be a crucial challenge 
(Li et al., 2022). Through its integrated speed, efficiency, 
and global context, YOLO serves as a suitable choice for 
object detection in underwater images (Zhao et al., 2022). 
To further enhance multiscale object detection in underwater 
imagery, YOLOv8 employs the FPN and path aggregation 
network (PAN) neck architecture. This component com‐
bines semantic information across multiple feature scales, 
which improves the model’s capability to detect objects 
of varying sizes and shapes, such as small cracks or large 
rust patches on underwater pipelines. Through the aggre‐
gation of high- and low-level features, the FPN+PAN 
neck architecture also addresses challenges, such as light 
scattering and complex object appearances, in underwater 
environments, which results in accurate defect localization 
(Yaseen, 2024).

5.2  Data preprocessing

To enhance the computational efficiency and model per‐
formance, we applied two distinct preprocessing steps to 
all images in the dataset acquired using ROV cameras.

5.2.1 Resizing images
In our project, we adopted an essential preprocessing 

step where we altered the initial dimensions of captured 
images to a uniform size of 640 × 640 pixels. This transfor‐
mation was achieved using a specific programming func‐
tion. Resizing ensured compatibility with the YOLOv8 
model architecture, which requires fixed input dimensions 
for optimal performance and effective utilization of the 
CSPNet backbone during feature extraction. However, this 
step alone does not address underwater-specific challenges, 
such as light scattering or turbidity, which remain promi‐
nent issues affecting image clarity and defect visibility. 
Future research on preprocessing enhancements should 
explore more adaptive techniques to mitigate these chal‐
lenges. Resizing was executed across all images, which 
allowed standardization of the dataset and simplification 
of the training and detection process.

This crucial adjustment minimized the computational 
complexity and potential for distortions that may occur 
with varying image sizes. The uniform resolution also aids 
the YOLOv8 architecture, particularly the FPN+PAN neck, 
in integrating multiscale features effectively during detec‐
tion. This step ensured that the model can detect defects of 
varying sizes, such as small cracks or larger patches of 
rust, with consistent accuracy. Moreover, a uniform resolu‐
tion must be maintained to strike a harmonious balance 
between computational efficiency and image quality, which 
is particularly important in the context of real-time applica‐
tions, where speed and accuracy are imperative.

5.2.2 Image normalization
The pixel values of images were normalized to a range 

of 0 to 1 to enhance the training process. This adjustment 
improved the object detection model’s performance by 
ensuring that all pixel values have the same scale, which 
allowed the model to learn more easily. Normalization also 
helped stabilize gradient updates during training, which 
reduced the risk of exploding or vanishing gradients in the 
neural network. This preprocessing step is particularly ben‐
eficial in underwater environments, as it reduces the effects 
of varying lighting conditions often encountered in these 
settings. Through standardization of pixel values, the model 
became more robust to alterations in brightness and con‐
trast, which improved its capability to detect subtle defects, 
such as cracks and faint rust patches. Despite its benefits, 
normalization failed to fully address underwater image 
issues, such as reduced contrast and color distortion caused 
by light absorption and scattering. Advanced methods, 
including contrast enhancement and color correction, will 
be considered in future work to further improve the quality 
of training data (Park and Eom, 2024; Soorma et al., 2023).

5.2.3 Neural network architecture
To develop an adept underwater object detection system, 

we selected the YOLOv8 model architecture, a state-of-
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the-art framework renowned for its efficiency and accuracy 
(Aboah et al., 2023). The architecture integrates advanced 
components, such as the CSPNet backbone for efficient 
feature extraction and the FPN + PAN neck for multiscale 
detection. These features are particularly useful for under‐
water defect detection and enable the model to detect 
objects of varying sizes with precision, even in complex 
environments (Zhang et al., 2024). This architecture is fun‐
damentally based on a deep CNN, which contains several 
layers with different dimensions and numbers of filters. 
The anchor-free detection mechanism of YOLOv8 further 
simplifies the detection process and improves bounding 
box predictions of defects with varying shapes and aspect 
ratios (Du and Song, 2024).

The CSPDarknet backbone, an advanced variant of 
CSPNet, enhances feature extraction by splitting feature 
maps into two parts and fusing them across stages. This 
design reduces computation without sacrificing accuracy, 
which makes it well-suited for the intricate visual patterns 
of underwater defects, such as cracks, rust, and poor 
welds. By effectively capturing low- and high-level visual 
cues, CSPDarknet improves the model’s capacity to detect 
subtle features in noisy underwater environments (Zhou 
et al., 2024).

The FPN + PAN neck, an enhanced version of the PAN, 
integrates features from various network layers. This multi‐
scale feature fusion considerably improves the detection 
of small objects, such as holes and cracks, in underwater 
pipelines. Its capability to aggregate high- and low-resolu‐
tion features ensures robust performance in scenarios with 
complex backgrounds and varying object scales (Fu et al., 
2023).

The output layer of YOLOv8 generates predictions for 
bounding boxes, class probabilities, and confidence scores. 
For this study, the model was configured to detect nine 
defect classes, including cracks, rust, and flanges. The 
anchor-free detection mechanism simplifies the prediction 
of bounding boxes via direct learning of object center 
points and scales, which improves the accuracy of detect‐
ing irregularly shaped defects (Gao et al., 2024).

5.2.4 Initial model weights

To speed up the training process and improve perfor‐
mance, we initialized our model using pretrained weights 
from YOLOv8, which is a proven image detection model 
trained on an extensive dataset. In addition to the accelera‐
tion of training convergence, transfer learning enables the 
model to inherit prior knowledge of generic features (e.g., 
edges and textures), which is useful in fine-tuning the 
model on the specialized underwater pipeline defect dataset. 
This approach considerably reduces the computational 
resources and training time while increasing the model’s 
adaptability to new underwater images.

5.3  Evaluation metrics

Several standard evaluation metrics, such as precision, 
recall, and mAP, and various loss functions, such as regres‐
sion, confidence, and classification losses, were used to 
assess the performance of the object detection model. This 
section discusses in more detail the aforementioned met‐
rics and presents their associated formulas. The precision 
(P) formula is shown in Equation (1):

P =
TP

TP + FP
(1)

where TP (true positive) refers to the number of correctly 
predicted positive instances by the model. FP (false posi‐
tives) denotes the number of instances that the model pre‐
dicted as positive but were actually negative. The recall(R) 
formula is computed using Equation (2):

R =
TP

TP + FN
(2)

where FN (false negative) indicates the number of samples 
in which the target was not detected. The mAP formula is 
provided in Equations (3) and (4).

mAP =
1
C ∑

J = 1

C

APJ (3)

AP =
1
N ∑

i = 1

N ⋅Pi (4)

The AP (average precision) metric signifies the mean 
value of the accurate prediction probability for every indi‐
vidual class. The symbol N stands for the cumulative 
count of images that encompass target attributes, and P 
denotes the likelihood of accurate prediction of these tar‐
get attributes within each respective image. C shows the 
number of classes. In our case, we identified nine distinct 
classes that were crucial in our analysis: pipes, good welds, 
tape, rust, bad welds, corners, cracks, flanges, and holes. 
The mAP illustrates the average precision computed across 
the AP values of all available classes. The intersection 
over union (IoU) measures the overlap between two bound‐
ing boxes, and it is calculated by dividing the intersection 
area by the union area. This variable is one of the most 
important metrics for the evaluation of the accuracy of 
object detection models. The formula is represented as 
Equation (5).

IoU = Aoverlap/Aunion (5)

where Aoverlap represents the area of overlap, Aunion is the 
area of union.

The loss regression formula is shown in Equation (6):
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Lregression = ∑
i = 1

N ∑
j = 1

M

1obj
ij

é
ë( )xi − x̂i

2
+ ( )yi − ŷi

2
+

ù

û
úúúú( )w i + ŵi

2

+ ( )hi − ĥ i

2
(6)

where Lregression (regression loss) is a vital factor in compre‐
hending the performance and accuracy of the object detec‐
tion process. The Lregression metric quantifies the disparity 
between ground truth boxes and predicted boxes generated 
by the model. It involves parameters, such as N and M, 
which represent the total number of ground truth and pre‐
dicted boxes, respectively. The indicator function 1obj

ij  dis‐
cerns correct detections; it interacts with the coordinates 

( )xi, yi, wi, hi  and ( )x̂i, ŷi, ŵi, ĥi , which define the dimen‐

sions and central points of the actual and predicted boxes, 
respectively. This evaluation assists in honing the model 
through the identification and minimization of errors in 
object localization.

Confidence loss was calculated to quantify the differ‐
ence between the actual labels of the bounding boxes and 
the confidence scores predicted by the model. The formula 
for confidence loss is provided in Equation (7). The confi‐
dence loss metric, denoted as Lconfidence, was used to quantify 
the discrepancy between the predicted confidence scores 
and actual labels associated with bounding boxes in object 
detection tasks. This metric involves several parameters 
and indicator functions. Specifically, 1obj

ij  is an indicator 
function that takes the value of 1 if an object is detected 
within the i-th cell, and 0 otherwise. Conversely, 1noobj

ij  
implies the absence of an object in the i-th cell, with a value 
of 1 assumed when no object is detected, and 0 otherwise. 
pi, which denotes the predicted confidence score for the 
same box, represents the ground truth confidence score of 
the i-th bounding box. Here, N stands for the total count of 
bounding boxes analyzed in the procedure. In addition, λ 
serves as a regularization parameter, and it was employed 
to balance the loss contributions from cells containing and 
lacking objects. This balancing act ensured the harmoni‐
ous integration of loss values from varying scenarios and 
fostered an optimized and accurate object detection model. 
Equation (8) calculates the classification loss. The classifi‐
cation loss, denoted by LClassification, measures the discrepancy 
between the predicted and actual class labels within bound‐
ing boxes. Here, N represents the total count of bounding 
boxes analyzed. The indicator function 1obj

ij  takes the value 
1 if an object is detected in the i-th bounding box and 0 
otherwise. The variable c signifies each class in the possi‐
ble set of categories. Meanwhile, pi( )c  refers to the genu‐
ine probability that the i-th bounding box encompasses an 
object belonging to class c. Conversely, p̂i( )c  stands as the 
forecasted probability that the i-th bounding box contains 
an object of class c, as predicted by the model. This loss 
metric aids in refining the classification aspect of the object 

detection model through the minimization of the errors 
between predicted and actual class probabilities.

Lconfidence = ∑
i = 1

N

1obj
i

( )pi − p̂i

2

λ
+ ∑

i = 1

N

1noobj
i ( )p̂i

2
(7)

Lclassification = ∑
i = 1

N

1obj
i ∑

c ∈ classes
( )pi( )c − p̂i( )c

2
(8)

5.4  Training the model

5.4.1 Determining the epoch number
A total of 100 epochs were used in our training process, 

with each representing a full cycle where the model was 
trained using the entire training dataset. The number of 
epochs was selected to ensure sufficient opportunities for 
the model to learn and adjust its weights optimally. Such a 
condition would allow it to extract meaningful patterns 
from the data. Setting the number of epochs at 100 helped 
strike a balance between training time and performance, 
which ensured satisfactory convergence of the model while 
avoiding overfitting. This approach provided the model 
with sufficient exposure to the data to generalize effec‐
tively to unseen samples, which is crucial for robust under‐
water defect detection.

5.4.2 Model training
As a consequence of the model design and data learn‐

ing, we selected 70% for training, 10% for testing, and 20% 
for validation. This partitioning ratio is commonly employed 
in machine learning applications to balance the need for 
sufficient training data while reserving a portion for unbi‐
ased evaluation. By allocating 70% of data for training, 
the model gains access to a diverse and comprehensive 
subset of the dataset to learn underlying patterns effec‐
tively. The other 10%, which was reserved for testing, 
ensured that model performance was evaluated on observed 
data, which provided an accurate measure of its generaliza‐
tion capabilities. The remaining 20%, which was allotted 
for validation, was used to tune hyperparameters and moni‐
tor the model’s performance during training, which pre‐
vented it from overfitting the training set. This particular 
ratio was selected for this study to accommodate the rela‐
tively small size of the dataset while ensuring sufficient 
data points of each partition for reliable training, valida‐
tion, and testing. The choice reflects a practical trade-off 
between computational efficiency and statistical reliability, 
especially in underwater object detection, where the genera‐
tion of large datasets can be challenging (Nguyen et al., 
2021). Therefore, the training dataset contained 1 763 images, 
and the test and validation sets contained 293 and 411 
images, respectively. Training data were used to update 
the model’s parameters through backpropagation during 
each epoch. The data were fed into the network, the error 
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(or loss) was calculated, and network parameters were 
adjusted accordingly. The loss function played a critical 
role in quantifying the difference between the model’s pre‐
dictions and actual labels, which enables the adjustment of 
weights to minimize this discrepancy over time. This itera‐
tive process gradually fine-tuned the model to reduce errors 
and improved its predictive precision and recall for detect‐
ing underwater pipeline defects.

To further refine the training process, we analyzed three 
critical loss elements—box, classification, and deep fea‐
ture learning (DFL) losses—to evaluate the model’s capa‐
bility to localize and classify defects accurately. Box loss 
represents the error in bounding box predictions, and clas‐
sification loss quantifies the error in assigning correct 
defect categories. The DFL loss focuses on feature repre‐
sentation, and it aids the model in learning detailed and 
distinguishing patterns essential for accurate defect detec‐
tion. This multifaceted approach ensures that the model 
captures the spatial and semantic characteristics of under‐
water defects.

Figure 4 shows the analytical progression of the perfor‐
mance of our model, which highlights the training and val‐
idation stages for these critical loss elements. To enhance 
interpretability, we applied a smoothing technique to the 
graphs, which eliminates minor fluctuations and results in 
cleaner, more readable curves. In this specific instance, the 
orange curve demonstrates a smoother and more stable 
trend, as opposed to the blue curve, which exhibits more 
fluctuations. The stabilization of the orange curve over 
epochs reflects the model’s capability to converge effec‐
tively, which reduces overfitting and ensures reliable pre‐
dictions during validation.

We implemented the trained model on the validation 
data set and undertook a detailed evaluation of the out‐
comes. The results are articulated through the metrics of 
precision, recall, and mAP, offering comprehensive insights 
into the model’s performance.

Figure 5 illustrates the model’s validation performance, 
that is, its precision, recall, and mAP50 metrics and its 
capability to detect objects accurately.

Figure 5　Precision, recall, and mAP50 performance analysis

Figure 4　Loss function optimization trends
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5.5  Utilizing the model for detection and 
prediction

Input images were used to train the model in detecting 
and categorizing objects present within them. In addition 
to pinpointing objects with comprehensive rectangular 
coordinates, the model associates them with their associated 
class labels. The rectangular bounding boxes represent the 
spatial location of each detected object within the image, 
and the class labels identify specific defect types, such as 
cracks, rust, or weld issues. This dual output provides 
actionable insights into underwater pipeline inspection. 
YOLOv8’s anchor-free detection mechanism enables the 
simplification of the bounding box prediction process 
via the direct estimation of the center and dimensions of 
objects, which improves the model’s capability to localize 
defects accurately, even in challenging underwater envi‐
ronments. This approach ensures a structured and effective 
method for object recognition and detection, which allows 
for precise identification of pipeline defects despite varia‐
tions in size, shape, and environmental conditions.

Figure 6 illustrates the model’s functionality. First, it 
accurately labels various defect classes within a single 
image, which demonstrates its multiclass detection capa‐
bility. This capability includes the detection of multiple 
defects, such as a crack and rust patch within the same 
frame, which highlights the model’s capability to handle 
complex underwater scenes. The same framework is then 
deployed to predict potential object detections, which show‐
cases a cohesive blend of object detection and prediction 
processes. This capability ensures that the model can not 
only identify existing defects but also predict their likeli‐
hood in similar contexts, making it a valuable tool for pro‐
active pipeline monitoring.

6  Experimental results

To optimize the YOLOv8 model for underwater object 
detection, Kim et al. (2023) proposed a high-speed detec‐
tion approach. The YOLOv8 model comprises six differ‐
ent sizes: Nano, Small, Medium, Large, and X-Large. Each 
configuration represents a trade-off among computational 
efficiency, speed, and detection performance, which allows 
users to select the most suitable model based on available 
hardware and application requirements.

The YOLOv8 Nano model, which is designed for envi‐
ronments with limited hardware resources, prioritizes 
speed and lightweight performance while maintaining the 
capability to identify and localize defects effectively 
(Zhang and Ni, 2023). The YOLOv8 Medium model pos‐
sesses upgraded speed, accuracy, and efficiency over its 
predecessors. This model employs advanced features, such 
as multiscale image fusion, to enhance its detection capa‐

bilities, particularly for medium-complexity datasets, while 
remaining computationally efficient (Kim et al., 2022). The 
YOLOv8 Large model provides enhanced precision and 
detection capabilities and is optimized for systems with 
substantial hardware resources. This model demonstrates 
superior performance in detecting small and complex 
defects, such as cracks and weld issues, by leveraging its 
deeper architecture to capture fine-grained details in under‐
water imagery.

Finally, the YOLOv8 X-Large model, which has the 
most accurate configuration, is tailored for high-end hard‐
ware systems and detailed datasets. This model achieves 
the highest precision and recall metrics, which make it 
ideal for detailed underwater pipeline inspections where 
accuracy is paramount.

Table 3 illustrates the performance variations across dif‐
ferent YOLOv8 configurations. As the model’s complexity 
increases from nano to X-Large, improvements in preci‐
sion, recall, and mAP scores are observed. These metrics 
reflect the models’ effectiveness in the accurate localiza‐
tion and classification of defects, such as small cracks, rust 
patches, and flanges. However, this increase in accuracy 
comes at the cost of longer processing times, which must 
be balanced against real-time detection requirements in 
practical applications.

Figure 6　Image labeling and predictive analysis
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This scenario showcases the trade-off between detection 
speed and accuracy (Avsar et al., 2023), which emphasizes 
the importance of selecting the right configuration based 
on project requirements. The YOLOv8 X-Large configura‐
tion showed excellent performance among the tested con‐
figurations. It demonstrated robust detection capabilities in 
identifying small and complex defects, such as holes and 
bad welds, while maintaining a balance between precision 
and recall. To enrich this analysis, we introduced a set of 
analytical curves to the X-Large model (Figure 7), which 
provided a comprehensive illustration of the model’s 
nuanced behaviors and efficiencies. These visual insights 
bridge quantitative metrics with interpretability and offer a 
detailed understanding of how the model performs across 
various defect classes under different conditions. The pre‐
cision–recall curve in Figure 7(a) illustrates the balancing 
act between model accuracy and inclusivity. Specifically, 
the “bad weld” class emphasizes the importance of precision 
in detection. A failure to accurately identify a “bad weld” 
can lead to substantial environmental and structural issues, 
such as rust propagation, underwater leaks, or catastrophic 
failures. On the other hand, the recall curve in Figure 7(d) 
underscores the criticality of detecting the “hole” class early. 
A high recall ensures swift identification of structural vul‐
nerabilities, enabling proactive maintenance and reducing 
operational costs by minimizing the need for frequent man‐
ual inspections.

The curves show that each class, which is represented 
by different colors, experiences a trade-off where elevat‐
ing precision occasionally dampens recall, and vice versa. 
This inverse relationship between precision and recall is 
intrinsic to classification tasks. A stricter confidence 
threshold improves precision by reducing false positives 
but may also exclude true positives, which reduces recall. 
Figure 7(b), which depicts the F-1 curve, shows how the 
F-1 score varied at different confidence thresholds. The F-1 
score, which is the harmonic mean of precision and recall, 
reflects the overall balance between these metrics and pro‐
vides a single measure for evaluating the model’s perfor‐
mance for each class.

The precision-confidence curve in Figure 7(c) demon‐
strates how the model’s precision changes with varying 
confidence levels. Segmented by class, this curve high‐ Figure 7　Performance curves of X-Large model

Table 3　Performance of different YOLOv8 configurations

Configuration

Nano

Small

Medium

Large

X-Large

Precision

0.844

0.822

0.952

0.960

0.961

Recall

0.720

0.831

0.862

0.892

0.929

mAP50

0.800

0.893

0.908

0.933

0.966

mAP50-95

0.491

0.612

0.670

0.711

0.746

Time (ms)

12.5

15.1

18.4

21.2

22.5
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lights the model’s adaptability to shifting thresholds, which 
is useful in determining optimal confidence levels for prac‐
tical deployment. Finally, Figure 7(d) shows the recall 
curve, which offers a comprehensive view of the model’s 
capability to detect objects across various confidence 
thresholds.

In conclusion, the interplay between precision and recall, 
particularly for the “bad weld” and “hole” classes, high‐
lights the model’s strength in balancing detection accuracy 
with comprehensive coverage. This balance is critical for 
effective defect identification and reliable underwater pipe‐
line inspections, which render the YOLOv8 X-Large con‐
figuration a valuable tool in this domain.

6.1  Visual interpretation of detection results

Visual interpretation was an essential tool during the 
evaluation of our detection model. This section compares 
our detection performance against raw, unlabeled images, 
which showcases the model’s precision. As displayed in 
Figure 8, the original image presented a wide range of 
objects and defects commonly found in underwater envi‐
ronments. Specifically, elements such as a “pipe”, “cor‐
ner”, and “flange” can be discerned. In addition, notice‐
able signs of “rust” and “tape” were observed.

When analyzed by our model, the processed image suc‐
cessfully detected and highlighted these elements and 
marked them with distinct bounding boxes and class labels. 
The bounding boxes provided precise spatial localization 

of each defect, and the associated class labels clearly cate‐
gorized them into their respective defect types. A visual 
representation such as this illustrates the model’s capabil‐
ity to pinpoint and categorize underwater elements and 
anomalies, even in challenging underwater environments 
with poor visibility and complex object backgrounds. This 
capability demonstrates the effectiveness of YOLOv8 
X-Large in supporting defect detection tasks critical for 
underwater pipeline maintenance and marine research.

6.2  Understanding the confusion matrix

Confusion matrices are commonly used to assess the 
effectiveness of classification models. With test images 
used as a basis, a number of performance metrics, includ‐
ing F1 score, accuracy, precision, and recall, can be com‐
puted using confusion matrices. These metrics offer a quan‐
titative overview of the model’s capability to correctly 
classify each defect type, which helps in the identification 
of areas of strength and improvement.

Confusion matrices were calculated by comparing the 
actual class label with the predicted class label (Selcuk 
and Serif, 2023). Figure 9 shows the confusion matrix for 
the YOLOv8 X-Large model. In this matrix, rows repre‐
sent the true classes (ground truth labels), and columns 
indicate the predicted ones (model outputs). The confusion 
matrix uses color intensity to represent quantity: darker 
shades of blue indicate higher numbers, which mark an 
improved model performance when appearing on the diag‐
onal from the top left to the bottom right. Lighter shades, 
especially those off the diagonal, highlight areas where the 
model struggles to make correct classifications.

The matrix shows that the model performed well in 
identifying “flange”, “goodweld”, “pipe”, “rust”, and “tape” 
classes. This finding suggests that the model effectively 
learned to distinguish these defects, possibly due to their 

Figure 8　Original and visual interpretation images Figure 9　Normalized confusion matrix for X-Large model
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distinct visual characteristics and sufficient representation 
in the dataset. However, the model faced challenges with 
regard to the “background” and “hole” classes. The confu‐
sion between these classes may arise due to their similar 
shapes and appearances and the small bounding box sizes 
associated with “hole” defects. In addition, the limited rep‐
resentation of these classes in the dataset contributed to 
the difficulty of classification. Addressing these issues can 
involve the expansion of the dataset with more examples 
of “hole” defects and improvement of the labeling accuracy 
for small bounding boxes.

7  Discussion

This section compares the performance of various mod‐
els on the designated dataset. The selected models, includ‐
ing YOLOv8 (Nano, Small, Medium, and Large, X-Large), 
YOLOv3 variants (YOLOv3-sppu, YOLOv3-tinyu, and 
YOLOv3u), YOLOv5 versions (YOLOv5n, YOLOv5s, 
YOLOv5m, YOLOv5l, and YOLOv5xl), and SSD models 
(SSD-MobileNETV2, and SSD-EfficientNET), were eval‐
uated to present a comprehensive analysis. Each model 
was analyzed to comprehend its distinct strengths, weak‐
nesses, and optimal application scenarios. Key perfor‐
mance indicators, such as precision, recall, and mAP50, 
were pivotal in ascertaining the model’s efficiency, accuracy, 
and overall efficacy in detecting and identifying objects 
within the underwater dataset.

YOLOv3 was initially introduced in ArXiv in 2018 
(Redmon and Farhadi, 2018). With its expanded architec‐
ture and enhanced performance, YOLOv3 is often used as 
a benchmark in object detection. Recognized for integrating 
predictions across different scales, the model can provide 
predictions across multiple grid sizes, which ensures a 
high level of detail and enhances small-object and defect 
recognition and detection. The fundamental idea behind 
YOLOv3 is Darknet-53, which replaces traditional max-
pooling layers with stridden convolutions and is enriched 
with residual connections, resulting in a composition of 53 
convolutional layers (He et al., 2015). Given this architec‐
tural skill, the results obtained include enhanced bounding 
box prediction and class recognition, which improve detec‐
tion tasks’ accuracy and detail. The SPP bit enhances 
YOLOv3’s capability to take in deep features at multiple 
scales, which improves the model’s adaptability and effec‐
tiveness huang2020dc (He et al., 2015). The Tiny-YOLOv3 
emerges with a reduced number of convolutional layers. 
This structure ensures memory efficiency and detection 
acceleration. However, it necessitates a compromise on 
detection accuracy (Adarsh et al., 2020). YOLOv3-Ultra‐
lytics improves the original model’s detection, especially 
for small objects. With support for multiple pretrained 
models and additional customization, it increases bendi‐

ness, which works well across different detection situa‐
tions and scenarios (Shen et al., 2023). YOLOv5 powerfully 
evolves in the YOLO series. It offers tailored versions, 
such as Nano, Small, Medium, Large, and X-Large, which 
meet varied operational and computational requirements. 
With its core YOLO algorithm at its heart, YOLOv5 detects 
small objects in remote sensing images while balancing 
accuracy with speed. Object detection is efficient and 
precise across diverse applications due to the optimization 
of each version for specific scenarios and cases (Jocher 
et al., 2022).

The SSD-MobileNetV2 model, which is designed for 
maximum speed and efficiency, combines the SSD with 
the MobileNetV2 model. SSD ensures accurate object 
location and classification, and MobileNetV2 facilitates 
feature extraction and parameter reduction, which makes 
the model extremely efficient. Consequently, SSD-Mobile‐
NetV2 can be effectively deployed in embedded devices, 
which renders it suitable for applications with limited hard‐
ware resources. The adoption of transfer learning enhances 
the model’s performance by incorporating information from 
pretrained models, which ensures rapid and efficient object 
detection while maintaining a compact and efficient archi‐
tecture (Cheng, 2022). With SSD-EfficientNet, SSD’s accu‐
racy is combined with EfficientNet’s multiscale capabili‐
ties. However, given the latter’s layer complexity, memory 
consumption increases, and the training period is slower. 
By balancing improved detection performance with effi‐
ciency, improvements in the loss and activation functions 
have mitigated these challenges (Cao et al., 2021; Liu et al., 
2016). Table 4 comprehensively presents various object 
detection models, including variants of YOLOv8, YOLOv3, 
SSD-EfficientNet, and SSD-MobileNetV2 and provides 
details on their performance metrics. A number of metrics 
were used to evaluate each model, including precision, 
recall, mAP50, mAP50- 95, and time. These metrics provide 
insights into the models’ capability to accurately detect 
objects, their speed, and overall efficiency and provide a 
multifaceted perspective for a thorough comparison. As 
shown in Table 4, the different models exhibited superior 
performance in certain areas. The YOLO8 X-Large scored 
0.961, which indicates a strong capability to minimize 
false positives. With an impressive 0.929 recall score, the 
YOLO8 X-Large was the most proficient in capturing a high 
number of true positives. Using mAP50, YOLO8 X-Large 
again stood out with a score of 0.966, which illustrates its 
exceptional object localization capabilities at an IoU thresh‐
old of 50%. As a result, the mAP50-95 metric was also 
high and exhibited a balanced performance across various 
IoU thresholds, with a score of 0.746. A quick processing 
speed of 12.4 ms distinguishes YOLOv3-Tiny as the top 
choice for applications requiring real-time analytics and 
instant results.
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Underwater dataset challenges

Obtaining high image quality is a typical challenge in 
most underwater environments. In this experiment, the 
additional challenge was due to water contamination caused 
by pipe rust, which renders it murky and obscuring the 
image. To combat this issue, we instituted regular pool 
cleanings to ensure that images were captured in relatively 
clear water. However, lighting inconsistencies also posed 
a challenge in clean water. The level of exposure of an 
image depends on various factors, such as the time of the 
day, source of light (natural or artificial), and light angle. 
This problem was addressed by collecting data under vari‐
ous lighting conditions to provide a diverse dataset. Despite 
implementing these steps to improve image quality, chal‐
lenges remained. The intricacies of underwater imaging 
mean that even slight visibility issues can affect the level 
of detail captured, which complicates the annotation pro‐
cess and, by extension, model training.

Data augmentation played a crucial role in refining our 
dataset. Figure 10 illustrates the enhancement in dataset 
diversity and showcases the noticeable improvement in the 
YOLOv8 X-Large model’s performance metrics. Extend‐

Figure 10　Performance and loss metrics of YOLOv8x-large with increased dataset size

Table 4　Performance comparison of different YOLOv models and 
SSD varian

Model

YOLOv8 Nano

YOLOv8 Small

YOLOv8 Medium

YOLOv8 Large

YOLOv8 X-Large

YOLOv3-SPP

YOLOv3-Tiny

YOLOv3-U

YOLOv5 Nano

YOLOv5 Small

YOLOv5 Medium

YOLOv5 Large

YOLOv5 X-Large

SSD-MobileNETV2

SSD-EfficientNET

Precision

0.844

0.922

0.952

0.960

0.961

0.960

0.827

0.960

0.816

0.906

0.947

0.956

0.950

0.884

0.930

Recall

0.720

0.831

0.862

0.892

0.929

0.906

0.969

0.915

0.717

0.839

0.887

0.848

0.839

0.810

0.925

mAP50

0.800

0.893

0.908

0.933

0.966

0.948

0.760

0.956

0.791

0.909

0.942

0.910

0.889

0.890

0.965

mAP50-95

0.491

0.612

0.670

0.711

0.746

0.738

0.485

0.742

0.472

0.598

0.659

0.654

0.644

0.560

0.688

Time
(ms)

12.5

15.1

18.4

21.2

22.5

21.7

12.4

14.1

12.6

13.2

16.1

19.2

28.5

13.0

31.2
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ing the dataset proved instrumental in elevating precision, 
recall, mAP50, and mAP50-95 and contributed to reduced 
box, class, and DFL losses. These findings highlight the 
substantial impact of a rich, varied dataset on the optimiza‐
tion of the efficiency and accuracy of underwater object 
detection models.

To overcome the limitations of the dataset further, future 
research should focus on the diversification of the dataset 
using synthetic image generation techniques. Generative 
adversarial networks can be employed to create realistic 
underwater images simulating varying levels of turbidity, 
light scattering, and object orientations. These synthetic 
images can complement real-world datasets to address gaps 
in variability and representation.

Figure 10(a) illustrates a positive correlation between 
dataset size and model precision. Each colored line repre‐
sents a different version of the dataset, with the green line 
(version 10) displaying optimal precision, which highlights 
the advantage of a larger dataset. As shown in Figure 10(b), 
recall increased with the increase in dataset size, which 
demonstrates the model’s capability to identify relevant 
instances with dataset expansion. The green line, which 
represents version 10, outperformed the others. This find‐
ing indicates that the expansion of the dataset effectively 
increased the recall rate of the model.

In addition, employing advanced data acquisition tech‐
niques, such as multi-angle imaging and spectral filtering, 
can further enhance dataset quality. These approaches can 
mitigate limitations caused by object occlusions and color 
distortion, which enable the capture of more detailed visual 
information.

Figure 10(c) illustrates the comparison of the mAP50 of 
different model versions. Version 10, depicted by a green 
line, clearly displayed a superior performance. At an inter‐
section over the union of 50%, enhanced mean and aver‐
age precision correlated with an enhanced dataset. Based 
on the mAP50-95 metric shown in Figure 10(d), Ver10 
(green line) outperformed the other model versions, demon‐
strating more accurate detection and localization of objects 
and comprehensive dataset enrichment.

Figure 10(e) shows a distinct contrast in the training 
box loss among various versions, with Ver10 exhibiting 
the lowest loss, which is indicative of superior object local‐
ization. Ver2, despite showing a reduction in loss, lagged 
behind, which underscores Ver10’s efficiency. Each ver‐
sion’s trajectory provides insights into their respective 
learning efficiencies and object localization accuracy. In 
the training class loss graph, Ver10 outperformed the oth‐
ers, which denotes its enhanced capability to classify objects 
accurately. Figure 10(f) illustrates the comparative effi‐
ciency of each version in learning and classifying objects. 
Figure 10(g) highlights Ver10’s initial low error and show‐
cases its efficient object count parameter tuning in early 
training. Ver6 closely followed, showing a refined accura‐

cy over epochs, whereas Ver2 consistently lagged. By the 
50th epoch, Ver6 almost matched Ver10, which proves that 
increased training data effectively reduced DFL loss and 
improved object count precision in images.

8  Conclusions

This research evaluated the performance of the YOLOv8 
X-Large model in detecting and classifying defects in under‐
water pipelines. The results demonstrate that YOLOv8 
X-Large can effectively identify critical defects, including 
holes and bad welds, and balance precision and recall. 
This model also showed a strong performance across a 
wide range of pipeline defects, which was particularly 
reflected by its high recall rate. YOLOv8 performed well 
in identifying defect types, such as cracks, rust, corners, 
welds, flanges, and tapes. In comparison with other mod‐
els, including YOLOv3 variations (SPP, Tiny, and U), 
YOLOv5 versions (Nano, Small, Large, XLarge, and 
Medium), and SSD models, the YOLOv8 X-Large model 
achieved higher precision and recall rates, which demon‐
strate its superiority in defect detection under challenging 
underwater conditions (Table 4). This outcome was evi‐
dent in the detection of small objects, such as holes, and 
subtle features, such as cracks. Key architectural features 
of YOLOv8, such as its CSPNet backbone for efficient fea‐
ture extraction and anchor-free detection, enabled its pro‐
cessing of high-resolution images with minimal computa‐
tional overhead, which ensured the precise detection of 
small defects. The FPN+PAN neck facilitated multiscale 
detection and effectively addressed light scattering and dis‐
torted object details in underwater imagery. Altogether, 
these features allowed YOLOv8 to adapt well to the chal‐
lenges of underwater environments, including complex 
backgrounds and low visibility.

This study also introduced a custom dataset on underwa‐
ter pipeline defects, and it was tailored to address chal‐
lenges, such as varying defect types, light scattering, and 
visibility issues. Although the dataset was designed for 
this study, it has the potential to serve as a benchmark for 
future research on underwater object detection. The find‐
ings of this paper not only establish a baseline performance 
for YOLOv8 in underwater environments but also provide 
insights into leveraging advanced object detection frame‐
works for sub-aquatic systems. CSPNet further enhanced 
YOLOv8’s capability to represent objects in low-contrast 
environments, and its focal loss function prioritized the 
detection of subtle or rare features, such as small cracks 
or faint defects, which ensure robust performance under 
adverse conditions.

In conclusion, the YOLOv8 X-Large model is an effec‐
tive algorithm for underwater exploration and structural 
health monitoring. It paves the way for further research on 
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leveraging deep learning to improve the reliability and 
cost-efficiency of pipeline inspections. To overcome the 
challenges of light scattering and varying visibility, this 
study employed advanced preprocessing techniques, such 
as contrast normalization and adaptive resizing, to stan‐
dardize input images and reduce distortions. The FPN + 
PAN neck architecture enabled the aggregation of multi‐
scale features and ensured accurate detection of small ob‐
jects, such as cracks and holes, in noisy underwater condi‐
tions. In addition, the anchor-free detection mechanism 
simplified bounding box predictions, which enabled robust 
performance under varying object scales and environmen‐
tal complexities.

Future work

Future work will refine the YOLOv8 X-Large model to 
improve its accuracy in detecting underwater defects, 
guided by insights obtained from the confusion matrix in 
our current study. This research identified specific chal‐
lenges associated with the detection of certain types of 
defects accurately, such as holes (Figure 9). As a result, 
the model’s performance in real-world scenarios must be 
improved through the acquisition of a more realistic and 
diverse dataset. Advanced data enhancement techniques 
should be implemented to enhance the quality of training 
data. Given the unique challenges posed by underwater 
environments, including variable lighting and visibility 
conditions, increasingly sophisticated image preprocessing 
methods must be employed. Advanced preprocessing tech‐
niques, such as adaptive histogram equalization or gray-
world color correction, can be explored to mitigate the 
effects of light scattering and color distortions. Moreover, 
noise reduction filters can be employed to address artifacts 
caused by turbidity and suspended particles, which will 
enhance the overall quality of the input images.

The model’s architecture also necessitates further refine‐
ments. Spatial and temporal attention mechanisms can be 
integrated to enable the model to focus on key features and 
improve object tracking across sequences of images. Incor‐
porating adaptive weighted feature pyramids can enhance 
the model’s capability to handle variations in object scale, 
which will ensure the consistent detection of small defects 
such as holes.

For dealing with specific underwater challenges, prepro‐
cessing techniques, such as color channel compensation and 
denoising algorithms, can be adopted to improve image 
clarity further. Incorporating domain-specific filters to han‐
dle turbidity artifacts will also ensure better data quality 
for training robust models.

To further improve its capability to distinguish between 
different types of defects, we aimed to refine the model’s 
parameters based on the current findings, including the 
adjustment of thresholds and tuning of hyperparameters. 
Dataset augmentation is also critical and involves the cre‐

ation of synthetic images that simulate underwater condi‐
tions, such as low light, high turbidity, and uneven illumi‐
nation. Including more examples of rare defects, such as 
faint cracks, will ensure better class representation and 
reduce misclassification rates.

Exploration of domain adaptation techniques will allow 
the more effective generalization of the model to unob‐
served underwater conditions. In addition, comparative 
evaluations with other state-of-the-art models, such as 
YOLO variants and Faster R-CNN, can help benchmark 
the YOLOv8 X-Large model’s performance across met‐
rics, including precision, recall, and mAP.

By addressing these areas, critical structural flaws can 
be detected more effectively, which will contribute to the 
safety and long-term functionality of underwater infra‐
structures. These refinements will ensure that the YOLOv8 
X-Large model achieves greater accuracy and reliability 
and thus pave the way for more effective underwater inspec‐
tion and monitoring solutions.
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