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A B S T R A C T 

Ensuring the reliability and safety of pipeline transportation systems in industry 

is a critical area of technical service. This is especially important when steam, 

hot water, oil, or other hazardous liquids are transported through pipes, as 

leakage can lead to serious emergencies. The development of new non-

destructive testing methods and computer systems for analyzing data and 

detecting defects has significantly improved the accuracy and speed of pipeline 

inspections. For this research, a dataset of 210 thermographic images was 

collected from five types of cooling system pipes in a six-cylinder four-stroke 

engine. Existing methods for processing thermographic data were reviewed and 

neural network models were selected for training. The data was preprocessed 

and labeled. During dataset processing, computer vision methods based on 

convolutional neural networks were applied. The YOLOv8 neural network 

architecture was used. As a result, a neural network was developed that allows 

for the identification of volumetric and extended defects in thermographic 

images of pipes. In the determination of volumetric defects, an accuracy of 

92.2% was achieved with a response time of 870 milliseconds. For extended 

defects, the mask accuracy was 58.6% and the response time was 800 

milliseconds. The identification of point defects was hindered by interference in 

the thermograms, but a mask accuracy of 51.9% was still achieved with a 

response of 286 milliseconds. 
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1. INTRODUCTION 

 

In recent decades, computer vision and machine learning 

techniques have been widely used in various scientific 

and technological fields, including industrial diagnostics. 

One of the main challenges in this area is automated 

processing of thermal imaging data, which is crucial for 

assessing the condition of industrial equipment and 

structures. Specifically, the analysis of thermal images of 

steel pipes is essential for timely detection of defects and 

prevention of accidents, as well as improving the 

operational reliability of machinery (Ma et al., 2021). 

Traditional methods of analyzing thermal image data 

include the application of classical mathematical 

techniques such as image filtering, histogram 

transformation, and correlation analysis. These methods 

allow for preprocessing data, removing noise, and 

enhancing image contrast (Han et al., 2022). However, 

despite their effectiveness, these methods often require 

manual parameter adjustments and have limited 

flexibility when analyzing complex defects. 
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Modern machine learning and computer vision 

technologies offer new possibilities for the automatic 

analysis of thermographic data. Deep neural networks, 

particularly convolutional neural networks (CNNs), not 

only allow identifying defects in thermographic images 

but also classify them according to the type and severity 

of damage to equipment (Alzubaidi et al., 2021). The use 

of these algorithms significantly improves diagnostic 

accuracy and reduces human error, providing a high level 

of process automation (Ciampiconi et al., 2023; Liu et al., 

2024). 

One promising area is the development of software that 

can accurately process thermographic images of steel 

pipes while minimizing computational costs. It's 

important to consider the specific characteristics of these 

images, such as variations in temperature gradients, 

shooting conditions, and external noise. To solve these 

problems, we need to combine data preprocessing 

techniques with deep learning methods to ensure 

maximum accuracy and reliability in our analysis. 

This research project aims to develop software for 

processing thermographic images of steel pipes using 

computer vision techniques (Golodov & Maltseva, 

2022).. We will explore modern approaches to infrared 

image analysis, evaluate existing machine learning 

algorithms, and propose optimal solutions for automated 

defect detection. 

Our main focus is on developing an effective method that 

ensures high accuracy in defect detection with minimal 

false positives. We aim to train a neural network and 

create a software tool that can automatically diagnose 

steel pipe defects by analyzing thermographic images 

using computer vision tools. 

The practical value of this approach is related not only to 

the accuracy of defect detection, but also to its potential 

use in everyday industrial inspection. Automating the 

analysis of thermographic images can reduce the amount 

of manual work required from inspectors and make the 

inspection process faster and more consistent. Such a 

system could also provide useful information for 

maintenance planning and help identify pipe defects 

before they lead to more serious problems. In this way, 

the application of computer vision can support 

improvements in industrial quality control, maintenance, 

and the overall reliability of pipeline systems. 

 

 

2. OVERVIEW OF VARIOUS METHODS OF 

THERMOGRAPHIC DATA PROCESSING 

AND JUSTIFICATION OF THE CHOSEN 

APPROACH 
 

Classical mathematical methods occupy an important 

place in the processing of thermographic images, 

especially at the stages of data preprocessing, where 

noise reduction, contrast equalization and analysis of 

temperature gradients are required. These approaches 

rely on time-tested algorithms and mathematical models 

that ensure high accuracy and reliability of data 

processing. They are often used as a basis for the 

subsequent application of more complex methods or in 

cases where computing power resources are limited. Let's 

consider a number of classical and modern approaches to 

processing thermographic images. 

Among the recent studies based on traditional methods, 

the work of Kim et al. (2022) stands out. In this study, the 

authors investigate the use of spatial filters for the 

preprocessing of thermographic images and the 

application of correlation techniques to quantify the 

extent of defects. The findings indicate that selecting an 

appropriate spatial filter for the pre-processing of 

thermographic data is crucial for subsequent analysis and 

assessment of defects. By combining a suitable filter with 

correlation analysis, high accuracy and dependability can 

be achieved in determining the size of flaws, which is 

essential for industrial diagnostics and nondestructive 

testing applications. 

Another study (Liu et al., 2017) proposes a method for 

automatic crack detection in welded structures using 

pulsed eddy current thermography and image processing 

techniques (Alshawabkeh et al., 2025). The study focuses 

on the use of mathematical morphology-based algorithms 

and the automatic area growth method for analyzing 

thermographic data and combining images. Pulsed eddy 

current heating is used to heat the material, and defects, 

such as cracks, cause temperature anomalies in the heated 

area. These cracks appear as regions with different 

temperature gradients in the thermographic images. 

At the same time, in recent years, there has been a steady 

increase in the range of methods for analyzing thermal 

imaging data due to the introduction of machine learning 

technologies. These modern intelligent algorithms are 

increasingly supplementing and, in some cases, replacing 

traditional approaches, offering more flexible, adaptive, 

and automated solutions. This is particularly important in 

the context of the increasing complexity of the objects 

being examined and the need for accurate diagnostics. 

Machine learning techniques allow not only minimizing 

the influence of the human element, but also identifying 

complex hidden patterns that might elude classical 

analysis methods. Thus, at the intersection of modern 

mathematical techniques and software tools, a new level 

of thermal image analysis is emerging, offering 

additional opportunities for nondestructive testing and 

industrial diagnosis. 

These technologies make it possible to automate the 

process of analyzing thermographic data, significantly 

improving accuracy and reducing dependence on 

subjective factors. By using deep learning algorithms, 

such as convolutional neural networks (CNNs), it is 

possible not only to detect anomalies but also to classify 

them based on their context. In addition, machine 

learning integration ensures that algorithms are tailored 

to specific tasks, such as analyzing complex structural 

defects. 

For example, the study by Qureshi et al. (2024) examines 

the use of radiometric infrared thermography (IRT) for 

diagnosing and predicting the maintenance of solar 

panels. The researchers propose an intelligent system for 

detecting and classifying defects based on lightweight 
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convolutional neural networks (CNNs), which 

effectively solves the problem of multiclass 

classification. 

The main focus of this publication is the development of 

a remote monitoring method to maintain stable energy 

production at solar power plants. To achieve high 

accuracy in diagnosis, the researchers created a special 

radiometric dataset with numerical floating-point 

temperature values that allows for taking into account 

thermal anomalies associated with solar panel 

degradation. The creation of this dataset was complicated 

by factors such as noise, the complexity of thermal 

patterns, and class imbalance.. The use of modern 

techniques of interpretable artificial intelligence helps to 

visualize the key characteristics of the data and 

understand the classification results. This enhances the 

reliability of the system and makes it more user-friendly 

for industrial applications. 

Another study (Ullah et al., 2020) presents a novel 

technique for timely detection and diagnosis of defects in 

high-voltage equipment. Infrared thermography is used 

to effectively identify thermal anomalies caused by 

mechanical defects, such as cracks, damage to insulation, 

and contact problems, as well as overloads. This is 

crucial for preventing emergencies and maintaining 

stable operation of power systems. 

Special attention is given to deep learning technology. At 

the data processing stage, the AlexNet model is used, 

known for its ability to extract spatial features. These 

features are then analyzed using machine learning 

algorithms, such as random forest and support vector 

machines. These algorithms demonstrate different levels 

of efficiency, with random forest showing the highest 

accuracy in classification, indicating its suitability for 

processing complex data. 

Traditional image processing techniques include various 

filtering methods, segmentation algorithms, and 

morphological operations. For instance, the Gaussian 

filter is commonly used to remove noise and smooth 

images, although its use results in loss of detail and 

blurred borders. The median filter is more effective at 

handling pulse noise and preserving object boundaries, 

but as the filtering window size increases, so does the 

computational complexity. The averaging filter is simple 

to implement and reduces intensity variation, but it can 

also lead to blurred edges and lost fine details. 

The correlation method demonstrates high accuracy in 

the presence of reference images, but requires their 

preliminary collection and storage, which increases the 

requirements for memory and computing resources. 

Morphological operations, such as erosion and dilation, 

make it possible to effectively isolate the structures of 

defects, but their result depends on correctly selected 

structural elements. Classical segmentation methods, 

including the Canny operator and threshold filtering, 

highlight the boundaries of objects well, but they are 

sensitive to noise and unstable to lighting variations. 

Thus, traditional image processing methods have a 

number of limitations that must be taken into account 

when choosing an approach for analyzing thermographic 

images (Deng et al., 2022). 

Modern machine learning techniques, in particular deep 

neural networks, provide more accurate and flexible 

solutions. For instance, convolutional neural networks 

(CNNs) have been successfully employed for automatic 

defect classification. Object detection models like YOLO 

and Mask R-CNN not only detect defects but also 

segment their boundaries, as shown by Xin et al. (2024). 

Deep learning's advantages include high accuracy, 

automatic adaptation to varying shooting conditions, and 

consideration of complex spatial relationships within 

images. However, these methods require substantial 

computational resources and extensive training on large 

datasets. To evaluate the effectiveness of thermal 

imaging processing techniques, a comparative analysis is 

presented in Table 1, which outlines the key advantages 

and disadvantages of each method. 

 

Table 1. Comparison of different theromgraphic image 

processing methods 
Method Advantages Disadvantages 

Gaussian filter Noise removal, 

image smoothing 

Loss of detail, 

blurring of borders 

Median filter Removes pulse 

noise, preserves 

boundaries 

High 

computational 

complexity for 
large gaps. 

Averaging filter Easy to implement, 

reduced intensity 
variations 

Blurring of edges, 

and loss of fine 
details. 

The correlation 

method 

High accuracy with 

known standards 

Requires reference 

images, high 

computational 
complexity 

Morphological 

operations 

Defect structures are 

well distinguished 

Depend on the 

parameters of the 
structural elements 

Classical 

segmentation 
methods (Canny, 

threshold filtering) 

Clearly define the 

boundaries of the 
objects. 

Sensitive to noise, 

unstable to lighting 
variations 

 

Analyzing the data presented in Table 1, we can see that 

traditional image processing techniques have several 

limitations, such as being sensitive to noise and requiring 

manual tuning of parameters. In contrast, deep learning 

algorithms are highly accurate at detecting defects and 

can automatically adjust to different shooting conditions 

and defect types. Deep neural networks like 

convolutional neural networks (CNNs) and object 

detection models (such as YOLO and Mask R-CNN) 

have demonstrated significant superiority in thermal 

image analysis tasks (Rizvi et al., 2024; Xie et al., 2023). 

These models not only detect defects but also classify 

them, reducing the chance of false positives and 

improving diagnostic accuracy. 

It's worth noting that modern GPUs enable these models 

to be trained and deployed at high speeds, making them 

suitable for industrial use in real-world settings. 
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In addition, the use of deep learning allows us to reduce 

the impact of the human factor in the diagnostic process, 

which is particularly important for non-destructive 

testing. In traditional methods, the accuracy of defect 

detection depends heavily on the experience and 

expertise of the expert interpreting the images. Human 

errors can lead to incorrect assessments of the condition 

of pipes, potentially causing accidents or unnecessary 

repairs. By introducing automated systems based on 

neural networks, we can minimize subjective errors and 

ensure consistent analysis quality. 

Despite the fact that deep learning methods require 

significant computing power and the availability of 

labeled data, their use is justified by the high efficiency 

of image processing. Moreover, in recent years, 

optimized versions of neural network architectures have 

appeared, such as MobileNet and EfficientDet, which 

allow machine learning to be applied even in resource-

limited environments (Huang et al., 2024). This makes 

deep learning available for industrial applications, 

including automated quality control and pipeline health 

monitoring. 

Special attention should be given to integrating various 

image processing techniques to improve diagnostic 

accuracy. Several studies suggest combining traditional 

pre-processing methods with deep learning techniques. 

For instance, filtering images before feeding them into a 

neural network can help improve the selection of 

defective contours, and using morphological operations 

can enhance segmentation accuracy. Therefore, hybrid 

methods that combine classical approaches with modern 

machine learning algorithms may produce the best results 

when analyzing thermal images. 

Based on the analysis, we can conclude that deep learning 

methods significantly outperform traditional 

mathematical approaches in terms of accuracy, 

flexibility, and automation. Although they have a high 

computational cost, their use is justifiable due to their 

high efficiency in detecting defects. 

In this regard, it would be advisable to use neural network 

models tailored to the specific needs of steel pipe analysis 

in order to develop software for processing 

thermographic images. The choice of an image 

processing technique should be based on a combination 

of factors, such as accuracy, complexity of calculations, 

adaptability, and the ability to interpret results 

automatically.  

After analyzing the main approaches to processing 

thermographic images and identifying the priority 

direction for future work, we will examine the existing 

dataset and perform operations such as preprocessing, 

normalizing, cleaning, and labeling. 

 

 

3. DATA SET FORMATION AND 

PREPROCESSING 
 

In total, five different types of pipes were included in the 

data set that was studied. The pipes that carried seawater 

to the pumps were made of galvanized steel and were 

seamless, with outer diameters ranging from 377 to 219 

millimeters and a wall thickness of 13 millimeters. The 

fresh water pipes that supplied the heat exchanger and the 

water pipes that led to the reducer and the oil pipes that 

went to the heat exchanger were all made of phosphated 

steel and were also seamless, with outside diameters 

varying from 114 to 89 millimeters and wall thicknesses 

ranging from 6 to 5.5 millimeters. All of the fresh water 

supply and discharge pipes had the same characteristics 

as those mentioned above, except for their standard size, 

which was an outside diameter of 89 millimeters with a 

wall thickness of 5.5 millimeters. Examples of some of 

the pipes that were studied can be seen in Figure 1. 

 

 
Figure 1. Types of pipes under study. 

 

To conduct the study, a dataset was created from 210 

thermal imaging data collected on a cargo vessel, such as 

a self-discharging bulk carrier. The dataset was generated 

based on thermograms of the cooling system of a 

medium-sized, six-cylinder, four-stroke engine with a 

power output of 2,500 kilowatts (kW), captured using the 

GOYOJO handheld thermal imaging camera. 

Additionally, thermal and spatial information was 

provided for each image to facilitate data processing. The 

distribution of thermal imaging data by pipe group is 

shown in Figure 2. 

 
Figure 2. Distribution of the number of thermographic 

images by pipe groups 

1 - Seawater supply pipes to the pumps; 

2 - Fresh water supply pipes to the heat exchanger; 

3 - Water supply pipes to the gearbox; 

4 - Oil supply pipes to the heat exchanger; 

5 - Fresh water intake pipes from the engine; 

6 - Fresh water outlet pipes from the engine. 
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For further analysis and machine learning model training, 

it is essential to categorize the defects identified in the 

thermal images. In this research, three primary classes of 

defects were identified: point, extended, and volumetric. 

The marking of thermographic images is done using the 

instance segmentation method. This is a computer vision 

technique that allows us not only to identify areas of 

objects in an image, but also to differentiate them from 

each other by assigning each object a unique label. 

Unlike other types of segmentation, like semantic 

segmentation, which groups all objects of the same class 

into a single mask, instance segmentation marks each 

object individually. This is particularly useful for defect 

detection and analysis (Yılmaz et al., 2025). 

In this study, we used specialized cvat software to 

perform the markup. 

Each image was carefully marked up, taking into account 

the contours of the identified defects. This involved 

careful selection of the boundaries of the affected areas 

and assigning each defect a class based on the 

classification system. In each image, each defect was 

given a corresponding class label, which allowed for 

automatic differentiation between different types of 

defects during further processing. Examples of 

thermographic image marking are shown in Figure 3. 

 

 
 

Figure 3. Examples of marking defects on 

thermograms. a – Point defects; b – volume defects; c – 

Extended defects. 

 

To ensure compatibility with the neural network 

architecture used, the annotated data was converted to a 

format supported by the YOLO model with segmentation 

capability. Unlike the classical object detection problem, 

which uses bounding boxes to represent annotations, the 

instance segmentation problem requires a more precise 

description of the shape of an object. 

The study used YOLO Segment, a modified annotation 

structure, which includes not only the object class but 

also vector coordinates describing the contour of the 

object (mask). The original markup was made in COCO 

format using CVAT and contained segmentation in the 

form of polygonal contours. 

To convert the markup to the YOLO Segment format, we 

implemented a proprietary converter script that 

automatically extracts information from COCO 

annotations and converts mask coordinates to normalized 

values. The script then generates corresponding .txt files 

in the YOLO format. Each annotation file contained a 

line-by-line description of all the objects in the image, in 

the format of <class_id> x1 y1 x2 y2 ... xn yn. Here, x1, y1, 

..., xn and yn are the normalized coordinates of the points 

that form the outline of the object's mask. This format 

meets the requirements of the YOLO algorithm for 

segmenting instances with high accuracy. 

After the conversion process was complete, the dataset 

was organized according to the requirements of the 

YOLO model. The images and their annotations were 

divided into three subsets: training, validation, and 

testing. 

To better understand the results of thermographic data 

processing, we conducted an analysis based on statistical 

and visual features of the collected dataset. This allowed 

us to identify patterns in the distribution of defects across 

images, evaluate the balance of classes, and determine 

the level of annotation saturation in images. Figure 4 

shows how many images have at least one instance of 

each defect class. 

 
Figure 4. The number of images containing objects of 

each class 

 

This allows you to assess how evenly the classes are 

represented in the dataset. The graph shows that the 

majority of images contain Localized defects, which may 

indicate a high prevalence of this type of damage, as well 

as a possible imbalance in the original dataset. Since the 

Volumetric class is less common, it may be necessary to 

use balancing techniques when training the model, such 

as class weighting or generating synthetic examples. 

 

 
Figure 5. Distribution of the number of annotations 

across images 

 

Figure 5 shows the distribution of the number of 

annotated objects (defects) in each image. This 

visualization is important for understanding the 

complexity of the images presented to the analysis 

algorithm. Most images contain between 1 and 6 objects, 

which is typical for simple cases. However, there are also 

images with 10 or more objects, indicating more complex 
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cases with multiple defects. These cases are especially 

challenging when the damage is localized and extensive. 

When training and testing a model, it is essential to 

consider the variety of object densities in order to make 

it robust to both simple and complex cases that require 

high accuracy in segmentation. The data used to train the 

model served as the basis for selecting the model 

architecture and learning approaches, including 

techniques for balancing classes and generating synthetic 

examples.. Thus, statistical and visual analysis of the 

dataset is an essential stage in building a system for 

automatic defect detection in thermographic images, 

providing a solid foundation for subsequent engineering 

implementation. 

 

 

4. TRAINING A NEURAL NETWORK 

MODEL TO IDENTIFY PIPE DEFECTS IN 

THERMOGRAPHIC IMAGES 
 

The main purpose of the training was to create a system 

that could accurately determine both the presence of 

defects in steel pipes from thermographic images and 

their exact contours, thereby providing a full-fledged 

visual analysis. The study used the YOLOv8n-seg 

modification, which is compact (about 3.25 million 

parameters) and relatively low computational complexity 

(about 12 GFLOPs), which makes it suitable for systems 

with limited computing resources (Huang et al., 2024). 

Figure 6 shows the architectural diagram of the 

YOLOv8s-Seg model, which reflects the key principles 

behind the construction of the YOLOv8 segmentation 

variant. This diagram illustrates the RepBlock structure, 

the use of SimConv convolution layers in the "neck" part, 

as well as the cascaded feature aggregation that ensures 

the effectiveness of predictions while minimizing 

resource consumption. This architecture allows for high 

inference speeds while maintaining accuracy comparable 

to that of more complex models. 

In the context of detecting pipe defects in thermographic 

images, this model has proven to be particularly 

effective. It provides detailed and accurate detection of 

damage areas, while maintaining high performance. The 

neural network was trained using the Ultralytics open-

source library, which offers a high-level API for working 

with YOLOv8 models. 

 

 

 

 

 
Figure 6. YOLOv8-Seg neural network architecture (Anupama et al., 2024) 

 

 

At the first stage, the YOLO class was imported from the 

ultralytics library using the command 'from ultralytics 

import YOLO'. Then, the YOLOv8 segmentation model 

was loaded, which had been pre-trained on a large dataset 

(COCO or a similar dataset). In this study, a lightweight 

version of YOLOv8n-seg was chosen, which provided 

fast operation with acceptable accuracy. 

Figure 7 shows the neural network architecture. During 

the training process, images from the training set were 

fed into the neural network, which generated predictions 

of defect masks. These predictions were then compared 

with the true annotations, and the loss function was 

calculated based on the differences between the two. The 

loss function allowed the model's weights to be adjusted 

using the backpropagation method. 

The overall loss function was composed of several 

components and was represented by the following 

formula: 

 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝜆𝑏𝑜𝑥 ∗ 𝐿𝑏𝑜𝑥 + 𝜆𝑐𝑙𝑠 ∗ 𝐿𝑐𝑙𝑠 + 𝜆𝑠𝑒𝑔 ∗ 𝐿𝑠𝑒𝑔 (1) 

 

where: 𝐿𝑏𝑜𝑥- localization error; 𝐿𝑐𝑙𝑠- classification error; 

𝐿𝑠𝑒𝑔- seg- segmentation error; 𝜆𝑏𝑜𝑥 , 𝜆𝑐𝑙𝑠 , 𝜆𝑠𝑒𝑔- Weighting 
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factors that determine the contribution of each 

component to the overall loss function. 

 
 

 
Figure 7. Neural network learning algorithm 

 

To evaluate the quality of the predicted bounding boxes, 

the IoU Loss function is used, which measures the 

discrepancy between the predicted frame and the true 

annotation. One of the popular implementations is 

Complete IoU (CIoU) Loss, which takes into account not 

only the intersection area, but also the distance between 

the frame centers and the aspect ratio.: 

 

𝐿𝑏𝑜𝑥 = 1 − 𝐼𝑂𝑈 +
𝜌2(𝑏,𝑏𝑔𝑡)

𝑐2 + 𝛼𝜐 (2) 

 

where IoU is the Intersection over Union; p is the 

Euclidean distance between the centers of the frames; c 

is the diagonal of the minimum enclosing rectangle that 

minimally covers both the predicted and the true frame; 

u is a measure of the difference in aspect ratio between 

the predicted frame and the true frame; α is the parameter 

that regulates the contribution different components in 

the overall loss function. It depends on the values of IoU 

and u and is calculated as follows (3). 

𝛼 =
1

1+𝐼𝑜𝑈+𝜐
   (3) 

 

The predictions of the model regarding the belonging of 

an object to a particular class are evaluated using Binary 

Cross-Entropy (BCE). 

 

𝐿𝑐𝑙𝑠 = −
1

𝑁
∑ [𝑦𝑖 log(𝑝𝑖) + (1 − 𝑦𝑖) log(1 − 𝑝𝑖)]𝑁

𝑖=1  (4) 

 

where 𝑦𝑖 ∈ {0,1} - the true class label, 𝑝𝑖 ∈ [0,1] - 

predicted probability, 𝑁- number of examples. 

The quality of object segmentation, that is, the prediction 

of the shape of defects, is also measured using BCE Loss, 

since the task is presented as a binary mask on each pixel 

using the formula: 

 

𝐿𝑠𝑒𝑔 = −
1

𝐻𝑊
∑ ∑ [𝑚𝑖𝑗 log(𝑚̂𝑖𝑗) + (1 −𝑊

𝑗=1
𝐻
𝑖=1

𝑚𝑖𝑗) log(1 − 𝑚̂𝑖𝑗)]    (5) 

 

Where 𝑚𝑖𝑗 is the true value of the mask in pixels (i, j), 

𝑚̂𝑖𝑗 is the predicted probability of an object at pixel (i, j), 

H and W are the height and width of the mask, 

respectively. 

At each step, the backpropagation process occurred, 

ensuring consistent adjustments to the model's 

parameters. After each iteration, the model was validated 

on a separate sample, allowing for the timely 

identification of potential signs of overfitting (Hussain et 

al., 2023). Training was conducted on an NVIDIA 

GeForce RTX 2080 Ti graphics card with 11GB019 MB 

of video memory, which provided high performance in 

processing images of size 640x640 pixels, accelerating 

the learning process within an acceptable timeframe. 

Using a GPU enabled simultaneous processing of batches 

of images, reducing overall training time. 

After setting up the basic parameters for the model and 

starting the main learning process, we conducted a series 

of experiments to optimize the quality of the defect 

segmentation. At this stage, one of the key tasks was to 

select suitable hyperparameters that would influence the 

final performance of the model. These parameters 

included batch size, learning rate, number of training 

epochs, data augmentation methods, and optimizer. We 

selected these parameters empirically and then analyzed 

the results obtained from validation and testing subsets. 

One of the experiments we conducted was training the 

YOLOv8-seg model without using any specialized data 

augmentation techniques. The configuration for this 

experiment included 250 training epochs, a batch size of 

16, an image size of 640x640 pixels, the AdamW 

optimizer, and a learning rate of 0.01. 

 

 
 

Figure 8. Example of images with annotations used as 

input for a neural network. 

 

During model training, a batch of images and their 

corresponding annotations (masks) is provided at each 

step. The neural network is then trained consistently to 

extract features and make predictions from these images. 

Figure 8 shows an example of such a batch being input to 

a neural network. This allows us to visually evaluate the 
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variety of images and the shapes of the marked objects 

(Sadyraliev et al., 2025).  

At the end of the training process, the metrics were 

analyzed on a test sample. To evaluate the quality of the 

computer vision model, we used the following metrics: 

accuracy (precision), completeness (recall), and mean 

average precision (mAP). (Shcherban et al., 2024) 

During the first iteration, the results of segmentation 

quality were not satisfactory due to the presence of a 

large number of point defects and image noise. We 

decided to use the copy-paste augmentation method to 

improve segmentation quality and increase model 

stability. This will help us to cope with class imbalance. 

(Mohammadzadeh et al., 2025) 

During this procedure, we used the same parameters as in 

the baseline case: 250 epochs, 16 batch size, image 

resolution of 640x640 pixels, AdamW optimizer, and an 

initial learning rate of 0.01. The only difference was the 

activation of the additional Copy-Paste data 

augmentation technique. Figure 9 shows a sample batch 

of images with Copy-Pasted content. 

Visual analysis of the metric graphs suggests more stable 

model performance and improved mean Average 

Precision (mAP) values. Figure 10 displays the dynamics 

of the metrics, including mAP@0.5 and mAP@0.5:0.95, 

for frames and masks during the learning process using 

Copy-Paste. 

 

 
Figure 9. Example of a training batch using Copy-Paste 

augmentation 

 

 

 

 
 

Figure 10. Graphs of mAP metrics for bounding boxes and masks (Copy-Paste) 

 

 

A summary of the results for all defects is presented in 

Table 2 and Table 3. 

 

Table 2 – Learning outcomes with Copy-Paste (for Box) 
Type of 

defect 

Box 

Precision 

Box 

Recall 

Box 

mAP@50 

Box 

mAP@50-95 

Localized 0.537 0.429 0.413 0.172 

Extended 0.474 0.800 0.766 0.538 

Volumetric 0.920 0.870 0.995 0.522 

Average 0.671 0.726 0.725 0.411 

 

Table 3 - Results of Training with Copy-Paste (For 

Mask) 
Type of 

defect 

Mask 

Precision 

Mask 

Recall 

Mask 

mAP@50 

Mask 

mAP@50-95 

Localized 0.519 0.286 0.385 0.176 

Extended 0.586 0.802 0.816 0.392 

Volumetric 0.922 0.871 0.995 0.564 

Average 0.695 0.652 0.732 0.377 

 

An analysis of the training results of the YOLOv8n-seg 

model with Copy-Paste augmentation reveals that the 

best performance was achieved for volumetric defects. 

The precision was 0.922, and the recall was 0.871. This 

indicates the high reliability of the model for detecting 

and segmenting large defects. For extended defects, good 

indicators were obtained as well (precision: 0.586; recall: 

0.802). However, the accuracy is lower here, which may 

be attributed to the presence of false positives or the 

difficulty in defining the boundaries of these defects. 

On the other hand, the model demonstrated relatively 

poor results for point defects. The precision for localized 

defects was 0.519 and the recall 0.286. This can be 

explained by the small size of these defects, image noise, 

and imbalanced classes in the dataset.; The average 

values of the metrics (mAP@50 and mAP@50-95) 

indicate that the model performs better on large and 

extended defects compared to point defects.  

The use of Copy-Paste augmentation improves the 

quality of the segmentation, especially for classes with 

insufficient data. However, to further improve the 

accuracy, especially when dealing with small defects, it 

is recommended to explore additional augmentation 
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methods and increase the size of the dataset.  This will 

allow for more stable results across all types of defects in 

the future (Shcherban et al., 2023). 

Graphs of mAP metrics for bounding boxes and masks 

(Copy-Paste) is presented on Figure 11. 

 

 

 
 

Figure 11. Graphs of mAP metrics for bounding boxes and masks (Copy-Paste) 

 

Figure 12 demonstrates examples of predictions from a 

test dataset that was trained using Copy-Paste.  

 

 
 

Figure 12. Examples of model predictions on a test set 

using Copy-Paste 

The model has demonstrated improved accuracy in 

processing small objects and complex scenes with 

multiple defects, confirming the effectiveness of the 

augmentation technique. 

The use of the Copy-Paste augmentation technique has 

made it possible to achieve steady improvement in 

segmentation quality, especially in challenging cases 

where gaps or blurry masks were observed in the initial 

experiment. The method proved to be effective when 

working with a limited number of images and can be 

recommended for industrial segmentation tasks with 

similar data characteristics. 

After training the YOLOv8n-seg neural network for 

instance segmentation of defects in thermal images, 

stable and repeatable results were obtained that ensure 



The Determination of Defects In Steel Pipes Using Computer Vision Methods Based on Thermographic Images 

 434 

high-quality object segmentation of various 

complexities. The model showed high accuracy and 

generalization ability with a small training sample size, 

particularly after introducing the Copy-Paste method. 

The experiments allowed us to identify the impact of key 

hyperparameters and preprocessing techniques on the 

final performance of the model. In the first basic 

experiment, we achieved acceptable prediction accuracy, 

but we encountered difficulties in detecting minor 

defects. However, in the second experiment, after adding 

Copy-Paste, we were able to significantly improve the 

mean average precision (mAP) and increase accuracy for 

the Localized class. This suggests the usefulness of using 

synthetic augmentation techniques in situations with 

limited data availability.  

 

 

5. CONCLUSION 
 

The studies conducted have shown the effectiveness of 

using thermodiagnostics to generate data on the technical 

condition of pipes in cooling systems. A neural network 

was created, which allows for the detection of various 

types of pipe defects (point, extended, and volumetric), 

based on thermographic images. The use of restrictive 

masks to detect defects, as well as the instance 

segmentation and copy-paste augmentation techniques, 

have been confirmed to improve the quality of the image 

processing results by the trained neural network. 

At the same time, the following values were obtained for 

various types of defects according to key metrics: The 

neural network model demonstrated high accuracy in 

detecting volumetric defects (Precision = 0.922, Recall = 

0.871). It also showed good results for extended defects 

(Precision = 0.586, Recall = 0.802), but relatively low 

rates for point defects (Precision = 0.519, Recall = 

0.286).. This difference in efficiency can be explained by 

the characteristics of each type of defect. Large volume 

damages are easily distinguishable on thermograms, 

whereas small point defects often get masked by noise 

and require more detailed analysis. 

The results show that the neural network is able to 

successfully segment and classify the main types of 

defects in steel pipes on thermographic images. 

However, it needs further development in order to 

improve its performance when dealing with smaller 

objects. 

To improve the quality of the model, it is recommended 

to increase the size of the training dataset, especially for 

small point defects. Additionally, using data 

augmentation techniques could also help improve the 

model's performance. 

In the future, it will be necessary to determine how the 

accuracy of detecting and identifying different types of 

defects varies depending on the thickness of the pipe 

wall, the temperature of the liquid being pumped, and the 

temperature of the metal surface of the pipe (the 

relationship between these factors and the ability of the 

neural network to detect and categorize defects). 

The work on establishing the quality standards for 

thermograms for further processing remains an 

unresolved issue. This requires setting the minimum and 

maximum focal length for the camera shooting in the 

infrared range, as well as the tube under study. 

Additionally, it is important to determine the permissible 

angles of the camera relative to the tube. In particular, we 

need to understand how the placement of the camera 

affects the quality of the data set generated and the 

possibility of neural network processing. 

Another promising area of research is the development of 

software that allows for the processing of thermographic 

images of pipes and the detection of defects. Such 

software is currently being developed. It should not only 

be able to record the presence or absence of a defect and 

categorize it, but also determine its acceptability. This, in 

turn, requires the creation of a database of regulatory 

requirements for different types of pipes. 

However, it should be noted that the thermographic 

method and neural network-based defect recognition may 

not be effective in certain cases. Specifically, when 

examining pipes that transport liquids with temperatures 

similar to the ambient environment, as well as when 

detecting defects in pipe joints. Nevertheless, the results 

of the study allow for a significant expansion and 

simplification of the procedures for thermographic 

diagnostics of steel pipes, and can improve the safety of 

systems that transport aggressive and high-temperature 

liquids. 

The developed approach also has practical potential for 

industrial inspection. By reducing the need for manual 

analysis of thermographic images, the system could make 

the inspection process faster and provide more consistent 

results. Its application could be particularly useful as a 

supporting tool for maintenance personnel, helping them 

identify potentially dangerous defects at an early stage. 

However, before practical implementation, further 

testing with a larger and more diverse dataset is needed, 

especially for small point defects and under different 

operating and imaging conditions. 
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