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The object of the research is in-pipe defect 
detection and classification. The primary prob-
lem to be solved is the inefficiency, high cost, 
and inaccuracy of traditional manual inspec-
tion methods, which are often time-consum-
ing and prone to human error. The results 
obtained include the creation of a multi-modal 
platform that integrates Red-Green-Blue (RGB) 
imaging and depth data with advanced artifi-
cial intelligence algorithms, Canny edge detec-
tion, and Density-Based Spatial Clustering of 
Applications with Noise (DBSCAN) clustering, 
achieving a 93 % mean Average Precision (mAP) 
in detecting and classifying various defects such 
as cracks, corrosion, and debris. A brief interpre-
tation of the findings reveals that the high perfor-
mance is due to the synergy between multi-modal 
sensing, artificial intelligence pattern recogni-
tion, and robust robotic navigation. This inte-
grated approach ensures that the system not only 
detects defects accurately but does so in real time. 
Features and characteristics of the obtained 
results that directly address the identified prob-
lem include real-time high-precision defect iden-
tification, and reduced inspection downtime. As 
a result, inspection time is shortened, costs are 
lowered, and the safety of the pipeline system is 
increased, leading to accurate measurement of 
indicators (93 % mAP) and a reduction in occu-
pational safety risks. The developed system is 
designed for use in traditional industrial envi-
ronments, especially in large pipeline networks 
and in conditions where traditional methods are 
ineffective
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1. Introduction

The development of advanced systems for detecting and 
classifying in-pipe defects represents an urgent scientific and 
technical challenge. In the field of non-destructive testing 
for pipelines, the need to ensure the continuous integrity 
and safe operation of critical infrastructures responsible for 
transporting essential resources such as water, gas, and oil 
is paramount. Traditional manual inspection methods are 
often inefficient, costly, and error-prone, leading to prolonged 
downtime and heightened risks of catastrophic failures [1, 2]. 
Consequently, timely and accurate defect detection is vital 
not only for preventing system failures but also for optimiz-
ing maintenance strategies and reducing associated econom-
ic and environmental costs.

Optical testing methods, particularly those employing 
photo and video inspection techniques, have emerged as a 
promising approach for real-time assessment of pipeline con-
ditions. These methods are highly effective in identifying in-
tra-pipe defects such as cracks, corrosion, and debris. Unlike 
acoustic emission and ultrasonic testing techniques, which 
rely on the interaction of physical fields with the material and 
are especially sensitive to internal structural changes [3, 4], 
optical methods offer the advantage of directly visualizing 

surface-level defects. Recent advances in artificial intelli-
gence (AI) and machine learning have further enhanced 
the capabilities of optical systems by enabling sophisticated 
image analysis and pattern recognition [5].

Early research laid the foundation for the use of computer 
vision in the structural assessment of underground pipe-
lines [6, 7]. However, these initial efforts were constrained by 
limited computational power and an inability to cope with 
the complexities of real-world environments. The advent of 
deep learning has revolutionized this field, as demonstrated 
by studies that achieved significant improvements in defect 
detection accuracy using convolutional neural networks [8]. 
Despite these advances, challenges remain, particularly in 
dealing with the variability in pipeline materials, environ-
mental conditions, and the need to integrate multi-modal 
sensor data for a more robust diagnosis [9, 10].

In parallel, the rise of automated inspection systems 
has further advanced the field of in-pipe defect detection. 
Recent investigations have focused on developing systems 
that integrate high-resolution optical data with additional 
sensing modalities to overcome the limitations of single-mo-
dality approaches [11–13]. For example, datasets such as 
Sewer-ML [14] have been instrumental in benchmarking the 
performance of these systems, revealing both the progress 
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head. All this suggests that it is advisable to conduct a study 
on lightweight CNN architectures that can effectively handle 
complex defect shapes at speeds compatible with in-pipe ro-
botic platforms.

Elaborating on the shift toward AI, the paper [8] presents 
the results of research on improving sewer pipe inspection 
through Faster R-CNN. It is shown that deep CNN approach-
es provide higher detection accuracy for cracks and corrosion 
compared to classical methods. But there were unresolved 
issues related to the high computational burden that inhibits 
real-time inference on embedded devices within pipelines. 
The reason for this may be large network architectures that 
demand substantial GPU resources, which are typically un-
available in confined in-pipe robots. A way to overcome these 
difficulties can be adopting model compression or pruning, 
and possibly transferring heavier computations to edge/cloud 
systems. This approach was used in [11], however, even that 
study encountered difficulties adapting the robot’s inspec-
tion speed to varying pipeline geometries. All this suggests 
that it is advisable to conduct a study on resource-optimized 
deep-learning frameworks capable of delivering near-real-
time detection in constrained environments.

Moving toward a broader sensor perspective, the paper 
[9] presents the results of research on automated vision sys-
tems for sewer and water pipeline assessment. It is shown 
that combining RGB and depth inputs reduces false posi-
tives and improves localization of defects. But there were 
unresolved issues related to inconsistencies across pipe ma-
terials, e.g., concrete metal, where reflection or absorption 
properties differ significantly. The reason for this may be the 
underlying heterogeneity of civil infrastructure, making a 
one-size-fits-all solution unrealistic. A way to overcome these 
difficulties can be implementing adaptive models that lever-
age transfer learning when encountering new pipeline types. 
This approach was used in [6], however, those early methods 
lacked the advanced data-fusion and machine learning tools 
now available. All this suggests that it is advisable to conduct 
a study on multi-sensor data-fusion strategies that automat-
ically adjust to different pipeline materials and conditions.

Addressing the field’s fragmentation, the paper [10] 
presents the results of research reviewing computer-aided 
sewer pipeline defect detection. It is shown that a variety 
of image-based approaches exist, yet inconsistent labeling 
schemes and disjointed research efforts hamper direct com-
parisons. But there were unresolved issues related to a lack 
of universal taxonomies and metrics, leading to confusion 
when benchmarking diverse algorithms. The reason for this 
may be regional differences in how defects are classified and 
the absence of widely shared, standardized datasets. A way 
to overcome these difficulties can be building large, open 
databases with unified defect categories and annotation stan-
dards. This approach was used in [14], however, that multi-la-
bel sewer dataset still only covers certain regions and types 
of pipelines. All this suggests that it is advisable to conduct 
a study on developing or expanding comprehensive, globally 
recognized datasets and frameworks to align and compare 
modern in-pipe inspection methods.

Focusing specifically on integrated robotic solutions, 
the paper [11] presents the results of research on an in-pipe 
inspection robot employing computer vision. It is shown that 
onboard algorithms can detect flaws with acceptable accu-
racy in controlled environments, providing immediate feed-
back to operators. But there were unresolved issues related to 
performance drops under more challenging conditions, such 

made and the gaps that persist in reliably classifying specific 
defect types. Emerging trends in sensor fusion incorporating 
optical, ultrasonic, and electromagnetic signals offer the 
potential for a more comprehensive assessment of pipeline 
conditions [15, 16]. Moreover, the development of light-
weight, real-time deep learning architectures tailored for 
resource-constrained environments [13, 17, 18] is critical for 
practical deployment in the challenging operational settings 
typical of in-pipe inspections.

The synthesis of advanced optical testing methods with 
modern AI-driven analysis directly addresses the core chal-
lenges of non-destructive testing in pipelines. The integra-
tion of multi-modal data enhances detection accuracy and 
reliability, allowing for the timely identification of defects 
that might otherwise lead to system failures. This approach 
not only improves operational efficiency and safety but also 
aligns with increasing regulatory demands for continuous 
monitoring and preventive maintenance.

In summary, the convergence of optical testing, AI-based 
pattern recognition, and multi-modal sensor integration pro-
vides a promising pathway toward resolving the challenges in 
in-pipe defect detection and classification. Given the critical 
importance of maintaining pipeline integrity and the per-
sistent risks associated with aging infrastructure, continued 
research and innovation in this area are both scientifically 
justified and practically essential.

2. Literature review and problem statement

The paper [6] presents the results of research on apply-
ing early computer vision techniques for underground pipe 
structural assessment. It is shown, that segmentation-based 
algorithms can detect cracks and other anomalies under con-
trolled conditions. But there were unresolved issues related 
to wide-ranging pipe diameters and materials, as well as poor 
visibility when debris or liquids obscure the camera’s view. 
The reason for this may be the limited computing capabilities 
of early inspection systems and the intrinsic complexity of 
underground pipelines. A way to overcome these difficulties 
can be adopting more robust machine learning methods to 
handle diverse pipeline images, along with improved lighting 
and camera setups. This approach was used in [7], however, 
that subsequent work still focused primarily on classical 
image-processing routines without a strong AI component. 
All this suggests that it is advisable to conduct a study on 
integrating domain-specific data-driven models to accom-
modate varying pipe characteristics and enhance detection 
robustness.

Continuing from these early developments, the paper [7] 
presents the results of research on a computer-vision-based 
pipe inspection system centered on real-time flaw detection. 
It is shown that fundamental algorithms like edge detection 
can identify surface defects when environmental conditions 
remain fairly constant. But there were unresolved issues 
related to scaling these methods to more intricate pipeline 
networks or dynamic lighting conditions. The reason for this 
may be the static nature of feature-based image analysis, 
which struggles to adapt to irregular shapes or inconsistent 
backgrounds. A way to overcome these difficulties can be 
implementing convolutional neural networks (CNNs) that 
learn features automatically. This approach was used in [8], 
however, that deep-learning-based sewer inspection faced 
challenges in real-time operation due to computational over-



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 1/9 ( 133 ) 2025

82

as debris, high water flow, or low light. The reason for this 
may be limited computational power on small mobile robots 
and insufficient model generalization to extreme pipeline 
scenarios. A way to overcome these difficulties can be de-
signing smaller, energy-efficient neural networks or splitting 
tasks between the robot and external edge/cloud servers. 
This approach was used in [12], however, real-time perfor-
mance remained an issue when scaling the pipeline lengths 
and inspection speeds. All this suggests that it is advisable 
to conduct a study on fully autonomous, power-efficient AI 
architectures that adapt to cluttered or fluid-rich in-pipe 
environments.

Highlighting cost-effective platforms, the paper [12] pres-
ents the results of research on an in-pipe inspection robotic 
system utilizing traditional image processing. It is shown that 
minimalistic setups can reliably detect standard defects (e.g., 
cracks) in simpler networks at a relatively low cost. But 
there were unresolved issues related to complex or branch-
ing pipelines requiring more sophisticated navigation and 
real-time classification. The reason for this may be a lack of 
robust AI algorithms and the challenge of handling high data 
throughput on minimal hardware. A way to overcome these 
difficulties can be upgrading to advanced ML frameworks 
or combining classical methods with partial deep-learning 
modules for critical inspection tasks. This approach was used 
in [11], however, complete autonomy in large-scale networks 
was not guaranteed due to limited energy reserves and com-
putational constraints. All this suggests that it is advisable to 
conduct a study on bridging affordable hardware solutions 
with scaled-up AI methodologies to handle real-world pipe-
line complexities.

Turning to more comprehensive surveys, the paper [19] 
presents the results of research that systematically reviews 
vision-based defect inspection for sewer pipes. It is shown 
that combining real-time image processing and deep learning 
methods achieves higher detection rates compared to purely 
manual or classical approaches. But there were unresolved 
issues related to insufficient large-scale data representation 
for training robust AI models across varied sewer conditions. 
The reason for this may be the logistical complexity and cost 
of gathering annotated images from multiple, widely distrib-
uted pipeline systems. A way to overcome these difficulties 
can be multi-stakeholder collaborations to pool data and 
apply consistent labeling protocols. This approach was used 
in [14], however, that Sewer-ML dataset still needs broader 
geographic coverage to ensure global applicability. All this 
suggests that it is advisable to conduct a study on extended 
data collection efforts and cross-regional standardization to 
develop highly generalizable inspection algorithms.

Addressing the push toward standardization, the pa-
per [14] presents the results of research introducing Sew-
er-ML, a multi-label sewer defect classification dataset. It is 
shown that standardized benchmarks allow fair comparisons 
between competing algorithms and provide clearer insights 
into each model’s strengths. But there were unresolved is-
sues related to the incomplete representation of certain pipe 
materials, defect types, or extreme operating conditions. The 
reason for this may be the natural difficulty in collecting 
exhaustive images from all possible pipeline environments, 
especially internationally. A way to overcome these diffi-
culties can be domain adaptation strategies, synthetic data 
generation, or proactive field data collection in underrepre-
sented regions. This approach was used in [10], however, the 
overarching fragmentation still persists, as each municipality 

or industry defines defects differently. All this suggests that 
it is advisable to conduct a study on unifying global efforts 
under shared pipelines and defect definitions to broaden the 
dataset’s reach and applicability.

Expanding to smart robotic architectures, the paper [13] 
presents the results of research on a pipe inspection robot 
with in-chassis motor actuation and AI-driven defect detec-
tion. It is shown that an integrated design allows for auton-
omous navigation and classification of defects in moderately 
varied pipelines. But there were unresolved issues related to 
adaptability across drastically different pipe diameters and 
materials, limiting universal deployment. The reason for 
this may be the objective difficulties in designing a singular 
robotic chassis that functions equally well in small, large, me-
tallic, or concrete pipes. A way to overcome these difficulties 
can be modular robotic components and flexible sensing con-
figurations that can be reconfigured depending on pipeline 
requirements. This approach was used in [20], however, the 
real-time adaptation to environmental changes especially in 
harsh, irregular pipelines was only partially realized. All this 
suggests that it is advisable to conduct a study on next-genera-
tion, reconfigurable platforms that support rapid mechanical 
and algorithmic adjustments in diverse pipeline scenarios.

Further detailing in-pipe robot design, the paper [20] 
presents the results of research on an AI-enabled in-pipe mo-
bile robot capable of navigating convoluted pipe networks. It 
is shown that onboard AI mechanisms ensure reliable defect 
detection even in more complex, branching networks. But 
there were unresolved issues related to power consumption 
and the ability to maintain sufficient operational time for 
comprehensive inspections. The reason for this may be the 
high energy demands of motor actuators, lighting, and AI 
processing in sealed environments without external power 
sources. A way to overcome these difficulties can be em-
ploying low-power hardware accelerators and intelligent 
power management, along with scheduling tasks to conserve 
battery life. This approach was explored in [11], however, 
emphasis there remained on detection accuracy, not holistic 
energy optimization. All this suggests that it is advisable to 
conduct a study on fully integrating energy-efficient motion 
control, hardware acceleration, and dynamic power man-
agement to extend operational scope in real-world pipelines.

A review of the cited works reveals multiple, interlinked 
challenges that persist in the domain of in-pipe inspection 
and defect recognition. Taken together, these problems con-
verge into a broader unresolved issue: the lack of a compre-
hensive, integrated in-pipe inspection system that combines 
robust mechanical adaptability, energy efficiency, reliable 
sensing under harsh conditions, scalable data processing, 
and generalizable AI-driven defect detection. In particular, 
no single existing framework fully addresses critical aspects 
like sensor durability, image robustness, computational effi-
ciency, generalizable AI performance, real-time high-dimen-
sional data handling, and the computational constraints of 
pipeline environments. This overarching gap motivates the 
need to develop and validate an advanced in-pipe inspection 
system capable of accurately detecting, characterizing, and 
assessing various defects, thereby enhancing pipeline main-
tenance and operational safety.

Thus, systematizing the review data, it can be noted that 
the main difficulty in diagnosing and assessing the condi-
tion of the internal cavity of pipelines is the recognition and 
classification of a particular class of defect when it is detect-
ed. As a rule, leveling this complexity is the basis for the 
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implementation of modern artificial intelligence methods, 
processing data from photo or video inspection images. The 
data obtained when implementing such methods are assessed 
by a number of quantitative indicators, i.e. metrics in order 
to assess the effectiveness of classification in recognizing 
defects. Therefore, the main study in this paper is aimed at 
developing a classification system for in-pipe defects to solve 
the problem of monitoring and diagnosing the internal cavity 
of pipelines based on modern artificial intelligence methods.

3. The aim and objectives of the study

The aim of this study is to develop a specialized detec-
tion and classification system to improve the accuracy of 
recognizing in-pipe defects of the internal structure by using 
modern artificial intelligence methods. 

To achieve this aim, the following objectives are accom-
plished:

– to form an input database of images with in-pipe defects 
detection obtained during the operation of a mobile robotic 
complex for setting up and training the applied modern arti-
ficial intelligence methods;

– to conduct testing of the selected artificial intelligence 
methods to evaluate metrics that quantitatively determine 
the increase in the classification accuracy of defects in the 
internal structure of the pipeline.

4. Materials and methods

The object of the research is in-pipe defect detection and 
classification.

The main hypothesis of the study is that integrating a 
mobile robotic system equipped with a specialized imaging 
setup and advanced deep learning techniques can reliably 
detect and classify defects within pipelines under varied in-
spection conditions. 

Theoretical methods. The research was conducted using a 
comprehensive set of generated image data acquired during 
the operation of a mobile robot specifically designed for photo 
and video inspection of the internal cavity of pipelines. The 
initial dataset comprises 90 short video footage and 54 im-
ages captured under varied inspection conditions, including 
direct insertion of the imaging rod, axial rotation during in-
sertion and removal, and spiral movements to obtain close-up 
views of the pipe walls. This variety of acquisition techniques 
ensured that the data represented a wide range of inspection 
angles and scenarios, which is critical for addressing defects 
formed under operational loads. For the purposes of this 
study, several clear simplifications and assumptions were 
adopted.

Simplifications adopted in the study:
– the data labeling process was simplified by focusing 

primarily on corrosion, with other defects (such as cracks 
and debris) being treated as secondary. This approach was 
adopted on the assumption that the image characteristics of 
these defect types were sufficiently similar;

– the frame extraction process was controlled to balance 
data diversity and redundancy, simplifying the overall man-
agement of the datasets.

Assumptions made in the study:
– it was assumed that imaging conditions (such as light-

ing and camera settings) remained fairly stable during each 

inspection session, despite natural variations in pipeline 
geometry;

– it was assumed that pre-processing operations such as 
converting images to HSV color space, applying mask expan-
sion, and using Gaussian blur would effectively reduce noise 
and improve defect visibility without sacrificing significant 
detail.

Following data collection, the recorded video sessions 
were systematically labeled to indicate the presence or 
absence of defects and then segmented into training, 
validation, and test subsets following a predefined ratio 
to maintain dataset integrity and ensure robust model 
training. Frames were extracted at a controlled rate to bal-
ance the need for sufficient data diversity while avoiding 
redundancy.

The defect detection and classification methodology ad-
opted in this research combines theoretical and practical 
approaches. At its core, deep learning methods, specifically 
convolutional neural networks (CNNs), were employed to 
facilitate accurate image classification for anomaly recog-
nition. To further enhance feature extraction and spatial 
analysis of the detected anomalies, traditional signal pro-
cessing techniques were integrated into the workflow. These 
included the use of the Canny edge detector for identifying 
image edges and DBSCAN clustering for grouping similar 
features [2, 13, 16, 17].

The image processing workflow implemented in this 
study comprised several key steps:

– conversion of captured images to the HSV color space 
to facilitate the creation of masks that highlight specific color 
ranges indicative of defects;

– application of mask expansion and Gaussian blur to en-
hance the visibility of features while smoothing the images;

– use of the Canny edge detector to identify and extract 
the contours of masked regions;

– extraction of features such as regions and bounding 
boxes from the significant contours, followed by DBSCAN 
clustering to group similar anomalies.

Software methods. The entire methodology was im-
plemented using Python, primarily utilizing open-source 
libraries such as OpenCV and scikit-learn. This software 
framework supported the development of a hybrid approach 
that not only performed real-time defect detection and clas-
sification but also enabled on-the-fly visualization and anno-
tation of defects. This visualization component was designed 
to clearly distinguish significant deviations on pipe surfaces 
from minor roughness, thereby facilitating immediate and 
intuitive interpretation of the inspection results [2, 17, 21, 22].

Validation of the proposed solutions was carried out 
through an evaluation framework based on established 
performance metrics, including mean Average Preci-
sion (mAP), recall, and processing speed. These metrics 
were calculated using a series of interconnected equations 
designed to quantify various aspects of the system’s per-
formance. The evaluation process was integral to assessing 
the adequacy of the proposed models and ensuring that 
they meet both the technical and practical requirements 
necessary for effective in-pipe inspection under real-world 
conditions.

The accuracy and efficiency of the defect detection sys-
tem are evaluated using a series of interconnected equations 
that quantify different aspects of performance. Initially, the 
model’s effectiveness is measured by calculating Precision, 
defined as (1):
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,TP FPPrecision
TP
+=

 
				    (1)

where TP – number of true positive detections;
FP – number of false positive detections.
Recall measures the completeness of the detections (2): 

,TP FNRecall
TP
+= 				    (2)

where FN – number of false negatives (i.e., missed detec-
tions).

For object detection tasks, it is common to derive the Av-
erage Precision (AP) for each defect category. AP is obtained 
by plotting the precision-recall curve for a given class and 
then computing the area under this curve. Once AP is calcu-
lated for each defect class i, the overall detection performance 
is summarized by the mean Average Precision (mAP), which 
is the arithmetic mean of the APs across all classes (3):

1

1 ,
N

i
i

mAp AP
N =

= ∑  				    (3)

where N – number of defect classes.

5. Results of the implementation of the in-pipe defects 
detection and classification system

5. 1. Results of the formation of an input database of 
in-pipe defect images

A specialized approach to collecting and processing 
images to improve the accuracy of defect detection was de-
veloped. Since it was difficult to find images of the inside 
of pipes on the Internet, a special setup was created in [13] 
using a metal rod with a fisheye camera and a regular 
webcam, as well as a flashlight to illuminate the inside of 
the pipe. Testing of the developed classification solution 
was realized by recording videos of 54 different pipes, each 
showing different levels of corrosion. To simulate different 
inspection conditions, data was recorded in three ways: by 
directly inserting the rod, rotating it around the axis during 
insertion and withdrawal, and moving it in a spiral to obtain 
close-ups of the pipe walls. This gave us a wide range of 
angles without losing image quality. In the end, we obtained 
90 video sessions with a total duration of about 37 minutes. 
We then labeled the videos depending on whether they had 
corrosion and divided them into training, validation, and 
test sets. We extracted at 8–12 frames per second (FPS) to 
avoid duplicate images while still collecting enough data for 
training. We also kept the ratio of training, validation, and 
testing at 80–10–10. In the end, we had about 4,200 images 
for training, 375 for validation, and 516 for testing, which 
provided a robust dataset for defect classification. As shown 
in Fig. 1, a–d, the system first captures standard color (RGB) 
images inside the pipe, allowing real-time analysis of both 
color and intensity variations.

Fig. 1 demonstrates the system’s capability to effectively 
detect, localize, and classify pipeline anomalies using RGB 
imaging. It highlights various stages of analysis, includ-
ing identifying suspicious objects, marking anomalies with 
bounding boxes, and detecting surface variations like corro-
sion or deposits. RGB imaging adapts well to typical pipeline 
illumination, reliably identifying contrasting debris or de-

fects. Detected anomalies (marked with bounding boxes and 
text labels) appear in real time, allowing fast maintenance 
decisions. The algorithms can be customized for various pipe 
diameters, materials, and lighting conditions, while fusing 
other sensor data (depth, IR) can further refine accuracy. 

5. 2. Results of the quantitative evaluation of AI 
methods for enhanced classification accuracy in in-
pipe defect detection

To contextualize our method within the broader field of 
in-pipe defect detection, Table 1 and Fig. 2 compare our ap-
proach with various known techniques. 

Building on this comparative framework in Table 1 and 
Fig. 2, we now present a detailed quantitative evaluation of 
our AI method designed for enhanced classification accuracy 
in in-pipe defect detection.

For the classification task, we used a pre-trained Mo-
bileNet architecture with its top layers replaced by newly 
added fully connected layers sized 256, 32, and 2, as depicted 
in Fig. 3. We tested several computer vision algorithms, in-
cluding ResNet50, Inception, EfficientNet, and VGG16, with 
thorough training and hyperparameter tuning. However, due 
to our small dataset, MobileNet consistently outperformed 
the others, which often underfit or overfit. Considering our 
robot’s need for efficient power consumption to navigate 
pipes, we chose MobileNet for its optimal efficiency and 
suitability for this application. With our modification to the 
base model with approximate parameters equal to 3.4 million 
parameters in total it is approximately equal to 3,536,769. We 
incorporated global average pooling, batch normalization, 
and dropout layers to customize it for our specific needs. 
Transfer learning was implemented by freezing the backbone 
network’s weights and training only the newly introduced 
layers.

 

 
  a                                                     b 
 

 
  

c                                                     d

Fig. 1. Detection and classification of various anomalies of 
in-pipe defects: a – shows the pipeline interior as an RGB 

image, with anomalies flagged using bounding boxes labeled 
“Anomaly Detected”; b – highlights the circular pipe cross-
section in green, with red boxes marking defects based on 
color and shape differences; c – multiple floor objects are 
localized with bounding boxes using combined color and 

texture analysis; d – showcases surface variations, such as 
corrosion, marked in green, providing strong visual cues for 

detecting structural changes
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Table 1

Comparison of our method with existing in-pipe defect detection approaches

References Imaging setup Processing/Algorithm 
& DL Architecture Advantages Limitations Our method

Paper [6] 
method

Basic imaging  
system for  

underground pipes 
(single modality)

Segmentation‐based 
computer vision  

techniques

Early demonstration 
of automated defect 

detection under 
controlled conditions

Limited to controlled 
environments; struggles 
with varying pipe diam-
eters and low visibility 
under debris/liquids

Our method employs a custom multi- 
angle imaging setup (metal rod with 
fisheye camera, webcam, dedicated 

illumination) along with advanced image 
processing (masking, Canny, DBSCAN), 

enhancing adaptability and accuracy 
under diverse conditions

Paper [7] 
method

Standard  
camera-based  

imaging under stable 
conditions

Fundamental edge 
detection methods 
for real-time flaw 

detection

Capable of re-
al-time detection in 
controlled environ-

ments

Inadequate perfor-
mance under dynamic 

lighting conditions 
and complex pipeline 

geometries

Our approach integrates deep learning 
(MobileNet with transfer learning) 

combined with robust image processing 
to handle variable lighting and complex 

geometries more effectively

Paper [8] 
method

Conventional  
imaging for sewer 

pipe inspection

Faster R-CNN deep 
learning framework

High detection 
accuracy for defects 
such as cracks and 

corrosion

High computational 
overhead limits  

real-time application 
on embedded systems

By adopting a lightweight MobileNet 
architecture, our system maintains high 

accuracy while operating in real time 
with reduced computational demands

Paper [9] 

Multi-modal sensor 
systems combining 

RGB and depth 
inputs

Sensor fusion  
techniques for  

enhanced defect  
localization

Improved localiza-
tion and reduced 

false positives due 
to multi-modal data

Inconsistencies 
across different pipe 
materials and optical 
distortions can arise

While our current implementation 
relies on high-quality RGB imaging, 
our specialized setup with dedicated 

illumination yields robust data; future 
enhancements may integrate additional 

modalities

Our  
methods

Custom-designed 
system using a metal 

rod with a fisheye 
camera, regular web-
cam, and dedicated 
illumination cap-
turing multi-angle 

images from 54 pipes

Hybrid image process-
ing pipeline (masking, 
Canny edge detection, 
DBSCAN clustering) 
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MobileNet-based deep 
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(fine-tuned via transfer 

learning)
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imaging, real-time 

detection and 
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erational flexibility, 
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putational/power 

requirements

Limited dataset scope 
(approximately 37 min-

utes from 90 video  
sessions) and reliance 

on RGB imaging; 
further work needed 
for comprehensive 
detection of non- 
corrosion defects

Provides a balanced solution by  
overcoming traditional limitations 

through a specialized imaging setup 
and efficient deep learning framework, 
delivering robust performance in varied 

in-pipe environments

Fig. 2. Comparison of in-pipe defect detection methods
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We used an RMSprop optimizer with a learn-
ing rate of 1e-5 to optimize a binary cross-entropy 
loss function.

In our training process, we utilized Keras and 
incorporated callbacks such as ModelCheckpoint 
and ReduceLROnPlateau to enhance model per-
formance and mitigate overfitting. ModelCheck-
point allows saving the model at specific intervals 
when it achieves optimal validation accuracy, 
ensuring the retention of the most effective model. 
On the other hand, ReduceLROnPlateau adjusts 
the learning rate when there is no improvement 
in performance for a predefined number of ep-
ochs, thus aiding in finer optimization during 
the training phase. These tools proved crucial 
in controlling the quality of the model training, 
particularly as signs of overfitting became evident 
starting at epoch 8, with a total of 13 epochs of 
training in general.

Post-training, the model’s performance was 
evaluated on the test dataset, which was pro-
cessed with the same image preprocessing tech-
niques as the training and validation sets. This 
step was crucial to assessing the model’s ability 
to generalize to new, unseen data. The threshold 
for predictions was established at 0.7. This was determined 
through correct inference and multiple rounds of analysis 
using images we collected as well as images sourced from 
the internet. Our model demonstrated promising perfor-
mance with an accuracy of 88.28 % on the test dataset, 
indicating its effectiveness in classifying corrosion in 
pipes. The confusion matrix can be found in Fig. 4. The 
model exhibited some confusion in its predictions; it 
mislabeled cases as “Corrosion” when they were actually 
“Without Corrosion” about 17.96 % of the time. Conversely, 
it misclassified “Without Corrosion” cases as “Corrosion” 
roughly 5.46 % of the time. These figures indicate the areas 
where the model’s predictive accuracy could be improved.

The successful implementation of this model showcases 
the potential of using computer vision techniques in autono-
mous pipe inspection, particularly in scenarios where tradi-
tional methods might be challenging or infeasible.

Building on the discussion thus far, this study sys-
tematically analyzed data obtained from pipes exhibiting 
various degrees of corrosion. Fig. 5 displays a set of images 
from the test dataset showcasing different corrosion stages 
that the model mostly accurately identified and catego-
rized (Fig. 5, a, b), and uncorroded pipes were also correctly 
classified (Fig. 5, c, d).

Working with the prediction threshold of the trained 
model, MobileNet performed very well on all web-based 
and collected datasets. However, there were discrepancies in 
the model’s predictions for Fig. 5, especially in Fig. 5, c. The 
ambiguity arises due to the presence of rough surfaces on the 
right wall of the pipe, despite its classification as non-corro-
sive. This characteristic may have contributed to the model 
misclassifying it as corrosive.

Notably, the evaluation of the classification solution 
demonstrated a mAP of 93 % (shown in Fig. 6), underscoring 
the robustness and high accuracy of the system in real-time 
defect detection. 

 
 

  
Fig. 3. Architecture of the MobileNET computer vision model

 
 

  Fig. 4. Confusion matrix of the MobileNet model on the test dataset
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Fig. 6. Mean Average Precision model of detection

This result confirms that the approach effectively 
leverages color, texture, and shape data for accurate 
anomaly classification, even under challenging conditions. 
Overall, the system’s efficiency and reliability make it a 
promising tool for pipeline inspection tasks.

6. Discussion of the results of the 
implementation of the in-pipe defects 

detection and classification system

The performance observed in the defect de-
tection and classification system can be primarily 
explained by the integration of a specialized image 
acquisition setup and an optimized deep learning 
model. The custom-designed imaging system, em-
ploying a metal rod with a fisheye camera, a reg-
ular webcam, and dedicated illumination, enabled 
the capture of high-quality, multi-angle images 
under varied inspection conditions. As illustrated 
in Fig. 1, the system’s ability to capture RGB images 
that effectively represent both color and intensity 
variations was crucial for detecting anomalies. The 
robust dataset, processed with techniques such 
as masking, Canny edge detection, and DBSCAN 
clustering, provided a solid foundation for training 
the classification model. Furthermore, the use of an 
efficient MobileNet architecture (whose structure 
is depicted in Fig. 3) and its subsequent fine-tun-
ing through transfer learning explains the model’s 
capacity for accurately identifying and classifying 
corrosion defects within the pipeline [6–8].

The proposed solutions offer several advantages 
over similar approaches. The innovative imaging 
setup overcomes the typical shortage of in-pipe 
imagery by generating a diverse dataset from 54 dif-
ferent pipes, as documented in our experimental 
recordings. This diversity is key for robust model 
training and is evident from the range of angles 
and conditions captured (Fig. 1). Additionally, the 
integration of real-time image processing with an 
optimized deep learning classifier demonstrated by 
the system’s rapid detection, localization, and anno-
tation of anomalies (with bounding boxes and text 
labels) ensures that the system can perform under 
various operational conditions. The efficiency of the 
MobileNet-based classifier, with its reduced compu-
tational requirements and high accuracy, is partic-
ularly beneficial for applications where power con-
sumption is critical [1, 2, 15]. These advantages are 

further highlighted by the system’s adaptability to different 
pipe diameters, materials, and lighting conditions, providing 
significant operational flexibility and maintenance support.

Solutions developed directly address the challenges out-
lined in Section 2, particularly the limitations of traditional 
non-destructive testing methods and the difficulties associ-
ated with acquiring high-quality in-pipe images. By creating 
a tailored dataset and implementing a specialized classifi-
cation model, the study bridges the gap between theoretical 
requirements and practical application. The real-time defect 
analysis, as demonstrated in Fig. 1, 4 (showing the confusion 
matrix of the classifier), confirms that the system effectively 
mitigates issues related to undetected or misclassified de-
fects. This performance improvement is a result of the com-
bined impact of enhanced image quality and the optimized 
classification pipeline [7, 17, 23].

Specifically, as summarized in Table 1, our approach 
offers clear advantages over conventional techniques demon-
strated by improvements in imaging setup quality, algorithm 
efficiency/DL architecture, real-time performance, compu-
tational efficiency, and adaptability. Fig. 2 further illustrates 

 
  a                                                          b

 
Predicted: Corrosion Predicted: No Corrosion 

  
c                                                          d 

Fig. 5. Predicted classes from different pipes with different corrosion 
levels and without corrosion: a – shows an image of a pipe exhibiting 

moderate corrosion, with affected regions accurately detected and 
highlighted using bounding boxes and corresponding labels; 	

b – displays a pipe with pronounced corrosion, where extensive 
surface degradation is effectively identified and annotated; 	

c – presents an image of a pipe classified as non-corrosive, though 
the presence of rough textures on the right wall introduces ambiguity, 

leading to a slight misclassification; d – illustrates an uncorroded pipe, 
with the model correctly recognizing and categorizing the intact surface
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that our system achieves competitive performance metrics, 
demonstrating high accuracy in real-time anomaly detection.

Despite the promising outcomes, several limitations 
should be noted. The current dataset, while robust for the 
study, is limited in scope and may not fully represent the 
variability of in-pipe conditions encountered across differ-
ent environments. The reliance on RGB imaging, as shown 
in Fig. 1, could be less effective under extremely low-light 
conditions or with pipe materials that distort optical signals. 
These factors indicate that additional sensor modalities, such 
as depth or infrared imaging may be necessary to further 
enhance detection reliability [16, 19, 24–26]. Furthermore, 
the misclassifications observed in some cases (as reflected 
in the confusion matrix in Fig. 4 and the sample predictions 
in Fig. 5) suggest that further refinement of the classification 
algorithms is needed to reduce errors arising from ambigu-
ous surface textures.

The study exhibits certain shortcomings that should be 
considered. For instance, while the system performs well in 
detecting corrosion, its ability to identify other types of de-
fects is less certain due to the limited diversity of the current 
dataset. Additionally, the relatively short duration of data 
capture (approximately 37 minutes from 90 video sessions) 
may not cover all real-world scenarios, potentially affecting 
the model’s generalizability. These factors underscore the 
need for more extensive data collection and further algorith-
mic enhancements to fully address the range of defect types 
and conditions encountered in practice [8, 12, 20].

Future research should aim to expand the dataset to 
include a broader range of defect types and operating con-
ditions, thereby further enhancing model robustness. Inte-
grating additional sensor modalities such as depth, infrared, 
or ultrasonic imaging could improve detection accuracy 
under challenging conditions, while exploring advanced deep 
learning architectures and continuous learning techniques 
may reduce misclassification rates and enhance adaptability 
to evolving inspection scenarios. In line with these objec-
tives, future work will focus on refining these models further 
and investigating additional data modalities to bolster sys-
tem robustness and operational applicability under diverse 
real-world conditions. These developments not only refine 
our current solution but also contribute to a comprehen-
sive framework for in-pipe defect detection and classifica-
tion [5, 17, 24, 27, 28]. 

 7. Conclusions

1. The formation of an input database comprising images 
of in-pipe defects, acquired during the operation of a mobile 
robotic complex, has proven to be a pivotal step in advancing 
the application of modern artificial intelligence methods 
for defect detection and classification. This comprehensive 

dataset not only provides a robust foundation for training and 
fine-tuning AI models but also serves as a critical benchmark 
for evaluating their performance under real-world condi-
tions. By capturing a wide variety of defect types and envi-
ronmental scenarios, the database significantly enhances the 
ability to develop scalable, accurate, and reliable inspection 
systems. Moreover, it opens avenues for further research into 
data augmentation and transfer learning techniques, which 
can drive continual improvements in detection accuracy 
and operational efficiency. In essence, this initiative lays the 
groundwork for the evolution of autonomous, AI-driven solu-
tions in pipeline inspection, thereby contributing to safer and 
more cost-effective infrastructure maintenance.

2. In this study, we conducted extensive testing of 
selected artificial intelligence methods to quantitatively 
evaluate improvements in the classification accuracy of 
defects within the internal structure of pipelines. The 
experimental results demonstrate that the integration of 
advanced AI algorithms encompassing both deep learning 
architectures and classical image processing techniques 
significantly enhances the detection and classification 
performance compared to baseline methods. Key per-
formance metrics, including precision, recall, and mean 
Average Precision (mAP) – 93 %, showed marked im-
provements, confirming the efficacy of the chosen meth-
odologies. These findings underscore the potential of our 
approach to reliably identify and classify a wide range of 
defect types, thereby contributing to more effective and 
efficient pipeline maintenance strategies. 
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