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ABSTRACT

The investigation focuses on using deep learning techniques to design a testing
camera system and identify welding-related issues in outer pipes. The system
uses an RGB camera, an ESP32 microcontroller, a DC motor with a rotary en-
coder, an LED strip, and a small computer that has a graphical user interface.
This prototype was made to help with automating the inspection of carbon steel
pipe welding, focusing on identifying and grouping different types of defects
like porosity, undercut, and too much reinforcement. The results show that the
system works in real time, achieving an average of 10.35 frames per second, tak-
ing 0.21 seconds to detect something, and having a confidence level of 97.13%.
The built-in GUI shows the original image, the edge detection results, and the
cropped ROI area, along with motor control and an LED strip. Mechanically, the
prototype demonstrates sufficient stability for laboratory research; however, for
industrial-scale research purposes, adjustments to materials and dimensions are
required. This further develops an automated inspection system based on digital
image processing and is designed to be safe, efficient, and compliant with safety
standards.
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1. INTRODUCTION
The pipeline construction industry heavily relies on the welding sector of the manufacturing and en-

ergy fields, which are critical for both the development and maintenance of oil and gas pipelines [1, 2]. In
economies that export natural resources, these pipeline systems are crucial for the nation’s energy exports and
greatly improve the country’s foreign exchange earnings [3–5]. The safety and reliability of the framework,
particularly for the carbon steel pipes used in the oil and gas sectors, depend heavily on the integrity of the
welded connections [6]. Currently, the process of visual inspection hinges primarily on the subjective focus
and variable reliability of the welding inspectors who are limited by the visual environment and other factors
[7]. This necessitates an inspection system that is more accurate, faster, and more reliable in order to maintain
compliance with safety regulations.

Advancements in technology have recently allowed deep learning techniques to transform the field
of image processing and make automated visual inspections possible. In this area, the Convolutional Neural
Networks (CNNs) have created the most impact because of their capacity to hierarchically identify and extract
features for optimum recognition and classification of images. These characteristics are of great importance in
non-destructive testing (NDT) because of the pressing need to identify and locate defects that compromise the
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structural integrity of the materials used.
In welding inspection, deep learning models have been used to detect typical defects, including cracks,

porosity, lack of penetration, and other discontinuities. A case in point is a recently carried out study on the
RIAWELC dataset, who implemented a ResNet-50-based CNN and obtained results of classification accuracy
of 98.75%, 90.25% for GDXray, and 75.83% for a set of low quality private images [8]. On the other hand,
Zhu et al. [9] achieved an accuracy of 0.9875 for the detection of surface defects (overlap, spatter, and pores)
by proposing a method that used CNN for feature extraction coupled with Random Forest classifier. Moreover,
a machine-vision system that uses CNN (ResNet-50) has been developed to achieve about 96.06% average
accuracy in the classification of weld defect from radiographic images (crack, porosity, lack of penetration)
[10].

Researchers have begun to address deployment beyond just classification. Spruck et al. [11] developed
an optical inspection system using laser triangulation imaging combined with a deep neural network to detect
weld seam faults; the system was designed to be compatible with Industry 4.0 environments and achieved
up to 96.9% classification accuracy. Also, in real industrial radiography applications, semantic-segmentation
networks have been used to locate weld defects; one study compared the system’s performance against expert
human inspectors, showing promising practical utility [12].

Several recent studies have developed robot prototypes for joint weld inspection using computer vision
technology, generally using the YOLO method [13–15] and some based on CNN models [16]. These prototypes
have been applied to inspect weld joints in the shipping industry [13], civil construction [14], industrial tanks
[16], and laboratory-scale weld samples [15]. The subject of inspecting welded joints on pipelines has not
been explored by researchers. Most studies on pipeline inspection using robotic technology focus on material
corrosion inspection [17, 18], not welded joints. Furthermore, their prototypes are only used to inspect the
inside of pipelines. The task of inspecting welded joints on the outside of pipelines has not been widely
discussed.

Following previously identified gaps in research, we offer a holistic framework for this study: design-
ing an automated inspection system that integrates a webcam and a CNN-based classification algorithm. While
most research focuses on the development of an algorithm, the main focus of our research is the practical design
and construction of the inspection device, which involves the arrangement of sensors, the procedures for data
collection, and the building of a prototype. With the goal of providing an inspection system that is accurate,
reliable, inexpensive, and portable enough to be used in field inspections, we have placed equal emphasis on
both the hardware and software components. In considering the CNN model for this study, it was noted that
the majority of prior research on inspection robots was based on YOLO [13–15] methods. In addition, CNN
detectors such as the Faster R-CNN are considered to be superior to YOLO whenever higher accuracy and more
precise object localization are critical, as their region proposal mechanism enables greater feature extraction
for small, complex objects. In contrast, YOLO may even be less accurate. This is because it relies on single-
stage regression and prioritizes speed over all [19, 20]. Thus, for applications where accuracy is critical, CNN
methods are preferred.

This research has several significant contributions, including:

• The design and development of a prototype inspection rig that adheres to iron pipes using magnetic
wheels, and allows for automated inspection using an easily mounted standard web camera which is
low-cost.

• The integration of a CNN-based classification pipeline into this hardware setup for balancing classifica-
tion accuracy and inference speed.

• The incorporation of the CNN methodology with the CBAM attention module to improve the system’s
accuracy in detecting the presence of welding defects such as porosity, excessive reinforcement, undercut,
and normal welding.

• The evaluation of the system using a dataset collected in lab- and field-like scenarios to illustrate the
real-world applicability of deep-learning-based weld inspection systems for NDT.

• A discussion of the practical challenges (e.g. lighting variation, data noise) and offered suggestions for
overcoming these challenges for future improvements and more industrial usability.
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The rest of this document is organized as follows: The methods describe the design of the mechanical,
electronic, and software hardware systems. In the results and discussion, the prototype testing and evaluation
is discussed in detail. Lastly, the conclusion presents the study’s findings.

2. METHOD
This section offers an overview of the system, details the hardware and software design, and concludes

with the assembly of datasets for welding images.

2.1. System overview
There are three main categories for the components of the system: input, processing, and output. The

input devices include a camera, rotary encoder, and push button that allow the system to gather information
from both the environment and the user. The data processing components include a tiny PC and an ESP32
microcontroller. The tiny PC will process data coming from the camera, while the ESP32 will process data
coming from the rotary encoder and push button. The tiny PC and ESP32 then work together to generate
outputs which may be through GUI software, LEDs, LCDs, and DC motors. The proposed system diagram is
shown in Figure 1.

Figure 1. Block Diagram of the Proposed System

The system obtains data from several key components: a webcam, a rotary encoder, and push buttons.
The webcam takes pictures of the weld on the steel pipe. The rotary encoder detects the rotation of the motor,
which allows for precise control over the positioning of the pipe. Push buttons 1 to 3 are added as extra manual
control buttons for specific functions, such as turning on or off the motor, turning on or off the light, or stopping
the entire system.

During the processing stage, data from the camera is sent to a tiny PC for processing. The tiny PC
acts as a processing unit where it runs the detection and classification algorithms. Meanwhile, the ESP32
microcontroller controls the operation of the actuators (i.e. DC motors, LEDs and LCDs) according to the
commands received from the tiny PC and the push buttons. Communication between the ESP32 and the tiny
PC can be done either via remote desktop or a serial connection.

The output module displays the inspection results based on the processed data, which is presented
through a GUI on the tiny PC. The GUI displays the information extracted from the images, the results of the
detection, and the electronic report. The ESP32 also controls an LED strip for additional lighting, a DC motor
for the movement of the pipe, and an LCD for the display of information, such as the status of the system or
the operating mode. All subsystems work together seamlessly to enable the automated inspection process.

Design of a Visual Welding Defect Inspection Robot on ... (Noorman Rinanto et al)
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2.2. Hardware Design
This subsection describes the mechanical and hardware design of the prototype pipe welding inspec-

tion robot as well as the parts used.
For the system’s design, let us focus on the isometric view in Figure 2, which also shows the internal

details of the configuration. A camera, which is attached to the front, provides a clear view of the welding
zone. This camera takes pictures of pipe welding and sends the data to the model on the tiny PC for further
processing. We use the Logitech C270 webcam in this study, which has a maximum resolution of 720 pixels
and a frame rate of 30 fps. The LED strip’s next positional adjacency to the camera guarantees an even spread
of supplementary lighting when the image of pipe welding is taken. A compact PC with the ACER Veriton
N4640G brand, equipped with the following specifications: A 6th generation Intel i5 processor, 4GB RAM,
and Windows 10 operating system are horizontally arranged on top to facilitate efficient air circulation and
cable connectivity.

Figure 2. Design of a Mechanical Prototype Robot for Visual Inspection of Pipe Welding and Its Supporting
Components.

The ESP32 board and motor driver module are positioned at the base adjacent to the DC motor, facil-
itating direct connectivity to the actuator. The ESP32 is employed to regulate actuators and receive command
data from a tiny PC using serial communication. In the motor driver portion, this study employs the L298N
module to control the PG36 DC motor, which is powered by 12 volts and attains a maximum speed of 1500
RPM. The LCD panel and push buttons are affixed to the upper section of the frame to facilitate user operation.

Figure 3. Prototype visual inspection robot for welding, depicted in lateral perspective.

The primary elements of the welding visual inspection robot prototype are depicted in a lateral view
as illustrated in Figure 3. A cylindrical motor with a rotary encoder is mounted on the right side of the frame
as the main actuator. A camera is located at the front to take images of the area being inspected and a small
PC is mounted horizontally on top of the frame as the controller. This design provides a fair distribution of the
load and improves access to the electrical parts.
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Figure 4 shows the bottom view of the prototype robot used in the study. The figure shows a cylindrical
motor located in the center of the system, with frame support on both sides for stability. The front of the frame
has the web camera and LED strip, while the back has the cable connections and tiny PC ventilation.

Figure 5 presents an isometric top view of the camera oriented directly towards the inspection region.
A black mini PC is situated adjacent to the camera, and an LED strip is aligned parallel to the camera to illu-
minate the weld joint. This configuration guarantees optimal illumination for the welding zone and enhanced
image clarity.

Figure 4. Inferior perspective of the suggested robotic system for pipe weld inspection.

Figure 5. Proposed prototype top view during pipe welding flaw detection.

2.3. Software Design

The graphical user interface (GUI) design on the pipe welding defect detection robot prototype can be
visually shown in Figure 6.

The GUI was developed in Python to present the results of welding flaw identification. This applica-
tion was developed utilizing the PyQt5 library to present classification results in real-time, with three primary
views: the original image, the edge-detected image, and the cropped region of interest image. This interface ad-
ditionally presents critical information including defect kind, classification results, model accuracy, FPS value,
and test result photographs. This graphical user interface is linked with the motor and LED control system via
serial communication, enabling control of the motor and LED through the GUI buttons. Table 1 delineates the
functionalities of all buttons within the GUI.

Design of a Visual Welding Defect Inspection Robot on ... (Noorman Rinanto et al)
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Figure 6. GUI view of the proposed automated visual welding inspection robot.

Table 1. Types of buttons and their functions in the proposed GUI.
No. Button Colour Button Label Description
1 Green START Start button to activate the camera and start the classification system
2 Red STOP Stop button to deactivate the camera and stop the classification system
3 Cream MOTOR ON The button utilized to initiate the motor using the graphical user interface
4 Grey MOTOR OFF The button utilized to deactivate the engine using the graphical user interface
5 Light Green LED ON The GUI button that activates the LED strip
6 Light Blue LED OFF The GUI button for turning off the LED strip
7 Blue SAVE PDF The button to save the information displayed in the GUI monitoring table in PDF format
8 Golden Yellow RESET DATA The button to reset the classification result information in the monitoring table in the GUI

2.4. Welding Image Dataset

The welding defect images in this investigation were obtained using an RGB webcam affixed to the
suggested robot prototype, which was operated manually by an operator. Figure 7 illustrates the procedure for
obtaining weld pictures on a steel pipe specimen.

The images of every type of weld defect were captured and cataloged as they appeared under various
lighting conditions and from different angles. These images were then incorporated into a training and test
dataset. For each image in the dataset, the collection was cropped to 320 x 320 pixels so as to control file size
and to match the required input size of the training model. The dataset was divided into four classes corre-
sponding to the defined classes with respect to welding defects: Normal, Undercut, Excessive Reinforcement,
and Porosity. Each of the four volume classes contained 500 images.
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Figure 7. The procedure for capturing welding photos on sample pipes.

Figure 8 shows an example of a normal pipe weld. It appears that each weld joint on the pipe is
neatly arranged with a consistent pattern from start to finish. Next, an example of a welding defect type with
the Undercut class is shown in Figure 9. Undercuts are indentations along the weld edge that can reduce the
strength of the weld joint [21]. Chen et al. [22] indicate that undercut defects can be caused by excessively
high arc currents. Furthermore, these defects can facilitate corrosion.

Figure 8. An example of a normal welding pattern on an iron pipe.

Figure 9. An example of welding defects classified as Undercut.

Figure 10 exemplifies a welding fault image characterised by excessive reinforcement, which will
serve as a dataset for this study. Excessive reinforcement is a welding outcome characterised by an excessive
height that mimics a mould [23]. This fault is typically attributable to the comparatively low electric current
employed during capping. The tolerance limit, as specified by the AWS D1.1 standard, is 3 mm; any deviation
exceeding this is classified as an excessive reinforcement defect [24].

Figure 10. An example of welding defects classified as excessive reinforcement.

Meanwhile, Figure 11 is an example of a welding defect image with the type of porosity that will be
used in this study. Porosity defects are welding defects in the form of small cavities in the weld metal, which
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can be on the surface or inside it [25]. According to the American Welding Society Standard, porosity can be
caused by damp or wet field conditions during the welding process. However, sometimes the condition of the
metal used is rusty or oily, which can also produce porosity in the welding results [26].

Figure 11. An example of welding defects classified as porosity.

The total number of pipe weld images from this process is 2000 images for the four classes (normal,
undercut, excessive reinforcement, and porosity). The concluding stage is manually annotating each image
based on their respective categories with the web program Roboflow. The labelled image set is partitioned into
three segments: 80% for training, 15% for testing, and 5% for validation. The dataset is now prepared for
training a convolutional neural network (CNN) model.

2.5. CNN with Attention Layer

In this section, an explanation of the CNN model architecture with the Convolutional Block Atten-
tion Module (CBAM) layer applied in this study is reviewed in depth and comprehensively. The complete
CNN and CBAM architecture is detailed in Figure 12. To assist with the training and recognition accuracy,
additional steps in the image preprocessing phase are incorporated, which involves normalization and image
augmentation. Within image augmentation, modifications such as image flipping, brightness modification, and
an adjustment of the grayscale can occur. The procedure commences with an input image and traverses through
the convolutional layers and ReLU activation to generate an initial feature map. This feature map is then sent
to the Channel Attention module, which identifies the most salient feature channels and sent to the Spatial
Attention module to highlight important areas in the image. The feature improvements from both modules are
combined and sent to a flattening operation to be processed by a fully connected layer. In the last step, the
Softmax function is used to classify the image into one of the defect categories, which can be either porosity,
undercut, excessive, or normal. Faster, better model training can occur when the model is able to focus on more
important features, thus better improving classification accuracy. Therefore, CNN and CBAM provide the best
equilibrium of deep feature extracting and the most efficient focus on the best areas. Comprehensive data are
available on each architectural layer’s size and proportions in Table 2.

Figure 12. CNN architecture with CBAM attention module in this study.
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Table 2. Detailed information on the proposed architecture.
Module Process Description Size of Kernel/Pooling Input Dimension Output Dimension

Input Processing input images - 128x128x3 128x128x3
Conv2D + ReLU Initial feature extraction from input image Kernel 3×3, stride 1 128x128x3 128x128x64

Max Pool Dimension reduction dominant features Pooling 2×2 128x128x64 128x128x64
Channel Attention Selecting relevant feature channels Dense layer (FC1:1×1, FC2:1×1) 64x64x64 64x64x64
Spatial Attention Highlighting important areas of the image Kernel 7x7 64x64x64 64x64x64

Flatten Converting the feature matrix to a 1D vector - 64x64x64 262,144
Fully Connected Layer Combining and processing features - 262,144 128

Softmax Generates final probabilities for each category - 128 4

The channel attention approach highlights the importance of the feature representations generated by
the CNN. Features have dimensions of CxHxW , where C stands for the channel count, H signifies height, and
W represents width. This procedure computes average pooling and max pooling along the spatial dimension to
provide two representations (Cx1x1) that are subsequently processed by a fully connected layer. The outcomes
are linked via sigmoid activation to produce attention weights for each channel. The output is a feature with
size Cx1x1, subsequently multiplied by the initial feature. The computation of the attention channel employs
equations (1) and (2).

Mc(F ) = σ(MLP (AvgPool(F )) +MLP (MaxPool(F ))) (1)

F ′ = Mc(F ).F (2)

Where F is an input feature tensor with size CxHxW , the average pooling of spatial dimensions H
and W is denoted by AvgPool(F ), MaxPool(F ) is maximum pooling spatial dimension, MLP represents
the multi-layer perceptron. The sigmoid function starts from the range between 0 and 1 and is symbolized by
σ, Mc(F ) is the attention mask on channel dimension Cx1x1and the output feature denoted by F ′.

The spatial attention mechanism concentrates solely on the spatial position of the feature. This proce-
dure computes average pooling and max pooling to yield two 1xHxW feature maps, which are subsequently
amalgamated via a 7x7 convolutional layer utilising features derived from the attention channel. This approach
generates a spatial attention weight of 1xHxW , which is then applied to the starting features. Before the spa-
tial attention step, the attention channel step occurs; this integration dynamically refines key information and
helps the model to better grasp pertinent qualities. Equations (3) and (4) are the formulas employed in spatial
attention.

Ms(F
′) = σ(Conv2D([AvgPool(F ′),MaxPool(F ′)])) (3)

F ′′ = Ms(F
′).F ′ (4)

F ′ is input tensor from output of channel attention, Pooling the average channel dimension produces a
tensor of size 1xHxW denoted by AvgPool(F ′), MaxPool(F ′) is the maximum pooling channel dimension
with the same size as the average pooling output. The 2D convolution operation with a 7x7 kernel to capture
spatial information is represented by Conv2D, Ms(F

′) is the attention mask in the spatial dimension, and the
output feature of spatial attention is denoted by F ′′.

3. RESULTS AND DISCUSSION
This section discusses the evaluation results of the prototype visual inspection robot for pipe welding

defects, starting from the results of design implementation, model training, model testing, and full prototype
testing.

3.1. Design Implementation Results
The design of a weld flaw detection system is brought to life in the shape of a prototype put together

from mechanical and electrical parts. Equipped with a rotary encoder, the mechanical frame acts as the principal
support for the webcam, LED strip, mini PC, and DC motor actuator.

Design of a Visual Welding Defect Inspection Robot on ... (Noorman Rinanto et al)
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An elevated angle of the model is shown in Figure 13. This attitude shows where the battery is housed
and provides the system its main source of energy. There are also push buttons and an LCD screen to manage
the LED lights and DC motor. The motor speed may be changed as required during the inspection process
using push buttons.

Figure 13. Top View Prototype Design Implementation Results.

Figure 14 shows the front view of the suggested prototype. From this perspective, the camera aimed
right at the subject of study, the features are rather evident. The side of the camera has a light-emitting diode
strip fastened to give the welding area enough light. A lux meter was used to assess the LED strip’s bright-
ness against the outcomes from the Canny edge detection technique. The results show that the Canny edge
detection method works consistently and produces clear defect outlines with little noise over the 170–270 lux
illumination spectrum. Using four LED strips at once will produce about 250 lux of light, which is ideal for
this prototype. At the rear, a direct current motor featuring a rotary encoder is placed to be the motion actuator.
This configuration guarantees the prototype performs well with a small but strong design.

Figure 14. Front View Prototype Design Implementation Results.

3.2. Model Training Results
The graph depicting training loss in Figure 15 illustrates a reduction in loss throughout the training

stages. At the start of the first epoch, the loss was significantly elevated, approximately 100. Nevertheless, with
each passing epoch, there was a substantial decline in the loss value, nearing zero. This reduction signifies that
the model is becoming better at grasping data trends and minimizing prediction inaccuracies. While there are
minor variations during the middle of the epoch, they remain within acceptable bounds and reflect an ongoing
optimization effort.
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Figure 15. The training loss graph of the proposed model.

Figure 16 shows that, especially within the first 10 to 20 epochs, the values for precision, recall, and F1
score have increased sharply since training started. Later on, all three metrics usually reach plateaus near 1.00.
While recall gauges the share of data the model properly identifies from the entire data set, precision mirrors
the model’s correctness in forecasting the correct class. Combining precision and recall, the F1 score represents
the balance between prediction coverage and accuracy. Starting in the 30th epoch, the F1 score started to reach
exceptional levels, so demonstrating the model’s ability to identify items both correctly and consistently. This
graph shows how well the CNN-CBAM model performs in the classification task after training.

Figure 16. Precision, Recall, and F1-Score graphs of the proposed system.

3.3. Model Testing Results
This part describes the results of assessing the model that was trained using the pipe welding defect

information. The assessment was conducted with real pipe welding test data. The suggested approach was then
contrasted with the popular object detection algorithm known as YOLOv8. This version of YOLO was chosen
for its reliability in terms of both quickness and precision when used on a handheld computer [27], like the
mini PC employed in this study.

The proposed method in Figure 17(a) properly found porosity defects with a 99.86% confidence. The
defect area is marked with a green box, showing small holes that are characteristic of porosity. The detection
process took place in 0.09 seconds with a processing speed of 10.6 FPS, indicating that the system is able to
work quickly and accurately on this type of defect compared to the detection results of the YOLOv8 model in
17(b), which only had a confidence level of 94.64% with a detection time and processing speed of each image
frame of 2.22 seconds and 0.5 FPS, respectively.

Design of a Visual Welding Defect Inspection Robot on ... (Noorman Rinanto et al)
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Figure 17. Comparison of the detection results of the two models on porosity-type welding defect test data.
(a) CNN-CBAM model. (b) YOLOv8 model

Figure 18. Comparison of the detection results of the two models on excessive class welding defect test data.
(a) CNN-CBAM model. (b) YOLOv8 model

Figure 18(a) shows the results of the CNN-CBAM model detection of excessive weld defects with a
confidence level of 99.73%. The system successfully recognized the presence of excessive protrusions on the
weld surface marked by a green detection line. The system processing time was measured at 0.11 seconds with
a speed of 9.3 FPS, which is better than the identification output with the YOLOv8 algorithm in Figure 18(b)
with a confidence level of only 88.82%, a long detection time of around 2.29 seconds, and a low FPS value of
0.4 FPS.

Figure 19. Comparison of the detection results of the two models on undercut-type welding defect test data.
(a) CNN-CBAM model. (b) YOLOv8 model

Figure 19(a) illustrates the detection outcomes of the suggested approach for undercut faults, achieving
a confidence level of 99.94%. The green box highlights the empty space along the weld’s edge, indicating this
kind of flaw. Operating at 10.2 frames per second, the system takes 0.10 seconds to identify it. The results
demonstrate that this model is very reliable in identifying undercut flaws with significantly improved accuracy
over the YOLOv8 approach presented in Figure 19(b), which has an 84.12% confidence rate, takes 2.44 seconds
to run, and operates at around 0.4 FPS.

Figure 20. Comparison of the detection results of the two models on normal class welding test data. (a)
CNN-CBAM model. (b) YOLOv8 model

IJEEI, Vol. 14, No. 2, June 2026: 387-403
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Finally, the detection results of the CNN-CBAM model on a normal weld test sample are shown in
Figure 20(a). The system can classify with a very high confidence level of 99.99%. The analyzed area is marked
with a green box that highlights the weld joint surface without any indication of defects. The classification
process is fast with a time of 0.09 seconds and a speed of 11.7 FPS, making it one of the best results in terms
of accuracy and responsive FPS performance compared to the YOLOv8 approach in Figure 20(b) which has a
71.29% confidence level, a detection time of around 2.39 seconds, and an average frame rate of 0.4 FPS.

Table 3 presents a summary of the results of welding defect detection on iron pipes using the proposed
approach (CNN-CBAM) and the YOLOv8 benchmark method with 10 tests in each class using the test dataset.
The test results indicate that the CNN-CBAM approach achieves a high degree of accuracy, with a total con-
fidence of 97.13%, ranging from 94.79% for normal situations to 99.61% for porosity cases. Using the same
data, the YOLOv8 approach has a total confidence of 92.21%. For normal situations, its minimum is 90.62%,
and for porosity problems, its maximum is 93.83%. The CNN-CBAM technique outperforms the YOLOv8 ap-
proach in terms of picture processing speed (FPS), reaching an average rate of 10.35 FPS. The average speed at
which the YOLOv8 model processes images is 0.65 FPS, indicating it is insufficient for applications requiring
real-time processing.

Table 3. Comparison of the proposed model to the YOLOv8 method.
Welding Defects YOLOv8 Conf. (%) YOLOv8 (s) YOLOv8 (FPS) CNN-CBAM Conf. (%) CNN-CBAM (s) CNN-CBAM (FPS)

Normal 92.43 2.15 0.8 94.79 0.22 10.2
Excessive 90.62 1.98 0.6 96.72 0.35 9.7
Undercut 91.94 2.33 0.5 97.45 0.17 10.9
Porosity 93.83 2.24 0.7 99.61 0.11 10.6
Average 92.21 2.18 0.65 97.13 0.21 10.35

3.4. Full Prototype Testing
The camera arrangement is parallel to the surface of the test pipe, allowing it to image the welded

section directly free from any angle distortion; see Figure 21. To maximize brightness and guarantee excellent
photographs, LED lights are positioned around the camera. From this perspective, the mechanical frame is also
apparent since it can sustain the weight of the carbon steel pipe while the system is operating. The frame’s
robust and well-balanced construction ensures the prototype remains stable even as the DC motor with a rotary
encoder turns to move the pipe. This indicates that the frame’s design is not only compact but also has sufficient
strength to manage the continuous testing weight.

Figure 21. Bird’s eye view of the proposed model in operation.

From this angle, one can also see a little computer positioned atop the structure with a camera in front
and a DC motor with a rotary encoder at the rear that helps to move the pipe. This perspective emphasizes the
small character of the frame’s construction, therefore guaranteeing that every component has a unique location
and does not impede the others. This view also suggests that the balanced weight distribution of the components
helps the system remain stable as the motor operates.

Design of a Visual Welding Defect Inspection Robot on ... (Noorman Rinanto et al)
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The picture plainly shows the inside layout, notably the placement of the battery and the main power
supply, placed in the centre of the frame to maintain equilibrium. The wires are arranged neatly and don’t
obstruct the operating area of the camera. The top view also shows the mechanical arrangement, therefore sim-
plifying access for users to the control components including the LCD, buttons, and connectors, so accelerating
maintenance and troubleshooting any problems.

By oiling the prototype’s surface, it underwent an additional testing scenario on a lubricated pipe.
The findings revealed the prototype slid because of the slick surface. To enhance the grip of the prototype, a
circular strap was inserted. This study sought to pinpoint the flaws of the prototype for real-world application
and considered all restrictions for design enhancements in future research, carried out on a modest basis in the
lab.

The picture in Figure 22 illustrates the interaction of hardware and software within the inspection
system. Live images of the weld junction are captured by a depth camera linked to a tiny computer, which
then handles this data using a classification approach depending on CNN-CBAM. As shown in Figure 23, the
findings are shown in a graphical user interface created with Python (PyQt5) that functions as a hub for control
and monitoring. Three kinds of pictures are shown by this graphical user interface: the original image, the
edge-detected image, and the image cut from the region of interest (ROI). Moreover, interactive buttons on
the graphical user interface let users operate actuators such DC motors and LED strips, therefore enabling the
seamless cooperation of all the system components.

This picture shows how the graphical user interface looks when the system is being used to find weld
flaws. It shows the classification outcomes, including the kind of flaw and the degree of accuracy. Monitoring
data is also shown by the graphical user interface in a tabular format, including test findings such detection
time, FPS value, and model confidence level. Eliminating the necessity for human inspections, this interface
lets consumers digitally examine the state of the weld junction.

This evaluation demonstrated that the system can run concurrently, completing image capture, data
processing, classification, and displaying real-time results all within one platform. A major advantage of the
technology is this degree of integration, since it simplifies user inspections and automatically creates digital
reports.

Figure 22. Combination of software and hardware for the proposed prototype.
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Figure 23. Graphical view of the proposed system’s interface.

Along with the range of pipe diameters it can evaluate, Table 4 shows the features of the prototype
robot meant to visually search the outer pipeline for welding flaws. With dimensions of 42 by 24 by 22 cm and
a weight of 7.5 kg, the IVIS-02 prototype is highly portable. It can find pipes with diameters between 6 and 30
inches, so it can be used in many industries.

Table 4. The proposed prototype’s technical specifics.
Prototype Name Length (cm) Width (cm) Height (cm) Weights (kg) Pipe inspection capability diameter (inch)

IVIS-02 42 24 22 7.5 6 - 30

Using the model on a mini-PC (ACER Veriton N4640G) and a DELL Latitude E7270 laptop, both with
Intel i5 CPUs and 4GB of RAM, we conducted tests to check the effectiveness of the CNN-CBAM approach
with this prototype. The two gadgets differ just in weight and size. Weighing around 1.5 kg, this little PC
is 204 mm long, 192 mm broad, and 33.2 mm high. On the other hand, the laptop’s dimensions are 310.5
mm in length, 215.15 mm in width, and 18.85 mm in height; it weighs around 1.26 kg. Table 5 shows the
results of evaluating the CNN-CBAM model on the two devices. To guarantee a fair evaluation, five samples
for every kind of welding defect were tested with the same CNN-CBAM models on both devices. With the
laptop’s mean average precision at 0.84 against the mini-PC’s 0.83, the table shows that both gadgets have
somewhat equivalent performance; the laptop somewhat outperforms the small PC in average accuracy. The
laptop also led in terms of frames per second (FPS) by roughly 0.15 FPS. This testing shows that the mini-PC
works well inside the intended design, with a particular focus on how the mini-PC’s smaller form factor is a
major advantage even while it matches the laptop in welding fault-detection capacity.

Table 5. Performance evaluation results for the CNN-CBAM on laptops and small PCs.

Welding defects Mini-PC Laptop
mAP50 FPS mAP50 FPS

Normal 0.79 11.5 0.8 10.9
Excessive 0.83 9.3 0.85 10.5
Undercut 0.87 10.2 0.84 10.1
Porosity 0.81 10.6 0.86 10.7
Average 0.83 10.4 0.84 10.55

4. CONCLUSION
Using an RGB camera and a CNN approach, this study successfully created and implemented a

paradigm for detecting welding flaws, with enhanced accuracy attained by adding a CBAM module. The
setup includes a webcam, a DC motor with a rotary encoder, an ESP32, an LED strip, and a small PC, which
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together allow for capturing images, classifying them, and showing the inspection results in a live graphical
user interface. The test results showed that the system has an average accuracy of 97.13%, takes 0.21 seconds
to detect issues, and is capable of identifying problems such as porosity, undercut, and excessive reinforce-
ment.It operates at an average frame rate of 10.35 frames per second. The prototype’s mechanical design is
strong enough for testing in a lab environment, but it requires advancements in materials and dimensions to
be fit for application on a bigger industrial scale. To move the project forward, it is important to upgrade the
hardware specifications to include GPU support or move to a smaller model (like TensorRT/ONNX) for a more
steady frame rate. Furthermore improving the mechanical design with proper materials and measurements
matching industry criteria can improve the prototype’s durability and readiness for use. To increase flexibility
and precision of detection in real-world settings, it is also recommended to include wireless communication
and depth-based segmentation methods. In the future, prototype testing will not only be for pipeline inspection
but will also be tested in shipping environments such as on ship hulls; manufacturing industries, for example,
in industrial tank inspections; and perhaps also in civil construction environments such as bridges or buildings.
In addition, improvements to the mechanical design are absolutely necessary so that the robot can grip firmly
and be more stable when implemented on slippery inspection objects due to the presence of oil, water, or other
materials.
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