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Abstract: Defective wheels pose a significant challenge in railway transportation, impacting opera-
tional performance and safety. Excessive traction and braking forces give rise to deviations from the
intended conical tread shape, resulting in amplified vibrations and noise. Moreover, these deviations
contribute to the accelerated damage of track components. Detecting wheel defects at an early stage is
crucial to ensure safe and comfortable operation, as well as to minimize maintenance costs. However,
the presence of various vibrations, such as those induced by the track, traction motors, and other
rolling stock subsystems, poses a significant challenge for onboard detection techniques. These
vibrations create difficulties in accurately identifying wheel defects in real-time during operational
activities, often resulting in false alarms. This research paper aims to address this issue by using a
hybrid deep learning-based approach for the accurate detection of various types of wheel defects
using accelerometer data. The proposed approach aims to enhance wheel defect detection accuracy
while considering onboard techniques’ cost-effectiveness and efficiency. A realistic simulation model
of the railway wheelset is developed to generate a comprehensive dataset. To generate vibration
data in various scenarios, the model is simulated for 20 s under different conditions, including one
non-faulty scenario and six faulty scenarios. The simulations are conducted at different speeds and
track conditions to capture a wide range of operating conditions. Within each simulation iteration,
a total of 200,000 data points are generated, providing a comprehensive dataset for analysis and
evaluation. The generated data are then utilized to train and evaluate a hybrid deep learning model,
employing a multi-layer perceptron (MLP) as a feature extractor and multiple machine learning mod-
els (support vector machine, random forest, decision tree, and k-nearest neighbors) for performance
comparison. The results demonstrate that the MLP-RF (multi-layer perceptron with random forest)
model achieved an accuracy of 99%, while the MLP-DT (multi-layer perceptron with decision tree)
model achieved an accuracy of 98%. These high accuracy values indicate the effectiveness of the
models in accurately classifying and predicting the outcomes. The contributions of this research work
include the development of a realistic simulation model, the evaluation of sensor layout effectiveness,
and the application of deep learning techniques for improved wheel flat detections.

Keywords: wheel defects; deep learning; wheel flats; false flange; nonlinear dynamics; MLP

1. Introduction

The railway wheelset plays a vital role in railway transportation, ensuring the safe
and comfortable operation of the vehicles. The conical shape of the wheel tread is designed
to maintain optimal performance. However, excessive traction and braking forces at the
wheel-rail interface can cause the wheel’s exterior perimeter to deviate from its desired
conical shape. This either results in a flat or more conical surface of the wheel tread.

Sensors 2023, 23, 6248. https:/ /doi.org/10.3390/523146248 1 https://www.mdpi.com/journal/sensors
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This deviation leads to increased vibrations, noise, and a decrease in ride comfort and
operational safety. Moreover, wheel defects contribute to the accelerated growth of cracks
on the rail tracks, ultimately leading to premature failure of the rail system [1]. Statistical
analysis of mechanical components of trains between 2004 and 2007 revealed that wheelset
faults accounted for 44.7% of train accidents, making them the most significant cause [2].
Therefore, early detection of defective wheels is crucial. To achieve this, an automated
approach capable of accurately distinguishing between healthy and damaged wheels needs
to be developed. Consequently, there is a great interest among railway administrations and
rolling stock operators in finding effective methods for early detection and identification of
wheel flats [3].

Rolling stock inspection is normally performed at fixed intervals and carried out
periodically in workshops. Periodic inspection is expensive due to the unavailability of
rolling stock during maintenance time. Moreover, it is also inefficient, which usually results
in over- or under-maintenance of the components [4]. In the last few decades, various
techniques have been employed in the railway industry, and various monitoring approaches
have been proposed to automatically inspect wheel conditions. Most of these techniques
are based on the concept that the wheel-rail interaction forces increase in a defective
wheel [5,6]. The most popular techniques which have gained plenty of attention from
railway researchers are the onboard techniques and wayside measurement techniques [7].

The wayside inspection involves the installation of various sensors along the railway
track at specific locations, allowing for the evaluation of all passing wheels [8,9]. These
techniques utilize vibration, acoustic, image detection, and ultrasonic technologies to
monitor the condition of the trains [10-12]. Hot axle box detectors (HABDs) are commonly
employed in wayside monitoring systems to identify faulty overheating axle bearings by
using thermal imaging. However, HABDs are unable to detect damage at early stages,
as minor faults do not typically cause a noticeable increase in temperature. Additionally,
HABDs are prone to false alarms triggered by environmental conditions [13]. Trackside
acoustic array detectors (TAADS) utilize arrays of microphones to capture the audible
noise produced by passing axle bearings. However, the operating frequency range of
these microphones (normally 22-44 kHz) makes them susceptible to errors resulting from
background noise [14]. To enhance the accuracy of detection, many modern wayside
monitoring systems incorporate machine learning and deep learning algorithms [5,15]. For
example, in [5], a multi-sensor data fusion approach combined with an unsupervised early
damage detection methodology has been proposed, capable of automatically distinguishing
between defective and healthy wheels, particularly considering small flat sizes. This
methodology relies on the evaluation of acceleration and shear time histories recorded on
the rails during the passage of traffic loads. In [15], an improved YOLOvV3 framework is
developed for rail wheel surface defect detection, achieving classification detection of four
types of wheel tread defects with an average mean average precision (MAP) accuracy of
0.92. Various types of sensors, including strain gauges and accelerometers, are utilized to
capture input signals for detecting wheel flats.

However, wayside monitoring systems are often costly due to the requirement for
multiple sensors and high-end computing capabilities for comprehensive diagnosis and
effective wheel condition monitoring. For instance, in the Swedish railway network, the
wayside equipment for monitoring rolling stock consists of almost 200 wayside inspection
devices [16]. Moreover, this method also requires detailed information about a target
vehicle (e.g., number of axles and type of wagon) for accurate condition monitoring [17].
The high cost and maintenance issues associated with this method limit its widespread
use. Additionally, the deployment and security of wayside equipment are important
considerations that need to be addressed.

Due to the challenges associated with wayside monitoring techniques, several onboard
techniques have been proposed in the literature [18-23]. One such technique, presented
in [10], detects wheel flat defects by measuring the vertical acceleration on the axle box.
This algorithm operates in the time domain and can identify the presence of wheel flats
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at an early stage and estimate their severity. The results demonstrate that the proposed
wheel flat index is effective for detecting small flats and estimating their severity. In [18],
multiple models and a fuzzy logic-based technique are introduced for detecting conicity in
railway wheelsets. This method indirectly identifies the conicity condition by analyzing
the lateral acceleration of the wheelset. Another onboard detection method proposed in [7],
known as the angle domain synchronous averaging technique (ADSAT), utilizes vertical
axle-box vibration acceleration (ABVA) to monitor the conditions of axle-box bearings.
The results indicate that this method not only achieves better detection than traditional
methods but also mitigates the influence of background noise. In [19], a lightweight
1D convolutional neural network (CNN) architecture, guided by Bayesian optimization,
is presented for wheel flat (WF) detection using car body accelerations. Additionally,
model-based onboard techniques are proposed in [20-23] to detect wheelset conditions
under different environmental conditions, utilizing axle vibration and gyroscopic data for
onboard diagnosis.

The advantage of on-board monitoring systems is that the wheel is monitored con-
tinuously and not only when the vehicle passes a trackside monitoring site. This allows
for the timely detection of emerging wheel defects [10], thus, allowing immediate action
to perform maintenance after the formation of a wheel flat, without requiring a visit to a
trackside monitoring site [10,24]. Furthermore, if the onboard monitoring system provides
positioning, the occurrence of a wheel defect can be linked to a position on the track. The
track at this position can then be inspected and, in cases where a track defect is identified,
appropriate maintenance actions can be issued to avoid further damage to the rail and
other passing vehicles [24]. The early detection of wheel flats can also be correlated with
braking occurrences, if the braking system is monitored, to develop strategies for reducing
their frequency [25]. However, onboard detection methods require equipping all wheels
with sensors for comprehensive diagnosis and effective wheel condition monitoring, which
can be costly and pose maintenance challenges.

Onboard detection techniques face a substantial challenge due to the presence of
diverse vibrations originating from multiple sources within the railway system. These
vibrations, generated by the track, traction motors, and various rolling stock subsystems,
introduce significant complexity and pose obstacles to the accurate identification of wheel
defects in real-time during operational activities [7,26]. The intricate nature of these vi-
brations makes it difficult to distinguish between genuine wheel defects and false alarms,
leading to potential disruptions and unnecessary maintenance interventions. Addressing
the challenge of vibration interference requires innovative approaches that can effectively
separate the signals related to wheel defects from the surrounding vibrations. By employ-
ing machine learning algorithms, it becomes possible to enhance the accuracy of onboard
detection systems and mitigate the impact of background vibrations. These techniques aim
to extract relevant features and patterns associated with wheel defects, enabling reliable
and real-time identification even in the presence of complex vibration environments [27].

This paper presents a novel technique to address the challenges faced by onboard tech-
niques. The proposed technique utilizes axle vibration data exclusively, thereby reducing
the reliance on multiple sensors. Moreover, the proposed technique incorporates a hybrid
deep learning approach, which plays a crucial role in mitigating the influence of back-
ground vibrations. The utilization of hybrid deep learning algorithms allows for enhanced
detection performance by effectively distinguishing between genuine wheel defects and
the vibrations induced by the track, traction motors, and other rolling stock subsystems.
By harnessing the power of deep learning, the proposed technique aims to overcome the
limitations and false alarms commonly encountered in onboard detection systems.

A significant novelty of this research is the automatic detection of defective wheels
at a very early stage, representing a substantial improvement in the effectiveness of the
proposed method and facilitating its full implementation in real-world applications. The
research work’s key contributions are as follows:
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(a) Development of a realistic simulation model of the railway wheelset to generate a
comprehensive dataset.

(b) Evaluation of the effectiveness of the proposed method considering a minimalist
layout of sensors.

(c) Enhancement of wheel flat detection through the application of hybrid deep learn-
ing technique.

2. Methodology

The methodology section of this research paper outlines the approach used to develop
a deep learning model for the detection of defects on railway wheelsets using vibration
measurements. This section describes the data collection process, the deep learning ar-
chitecture employed, the training procedure, and the model evaluation methodology. By
leveraging the inherent capabilities of deep learning, the proposed methodology aims
to automatically learn relevant features directly from the raw vibration measurements,
eliminating the need for explicit feature extraction. The following subsections provide a
detailed overview of the methodology, highlighting the steps taken to train and evaluate
the deep learning model accurately.

2.1. Development of a Realistic Simulation Model

A nonlinear wheelset simulation model presented in [21-23,28] is used to develop
the simulation model in Simulink to mimic the behavior of the actual wheelset dynamics.
The model is modified to consider all the disturbances that are faced by an actual railway
vehicle (e.g., irregularities in track in the lateral direction, variation in gauge and track
geometry) to generate data that are close to real-time scenarios. Only the lateral and yaw
dynamics of the system are considered, which are most affected by the wheel defects. The
model is described in Equations (1)-(5).

. 2 F, y Fa)
== (y2_ L2 1
Y mw< Y Vxv .
R T 2yLdw By 2¥LgF, K, ¥ 2)
Iy oY Y Vx v
L% Aol N/ ?
B 4 wlY =Yt =Yg y
v ( Vx * 1o ) " (Vx T) ®
i=uol(1— A)el =PV 4 4] (4)
E, = 2Ny kae 5 +arctan(kse) ®)
T |1+ (kAé)

The simulations are in different conditions to develop a comprehensive dataset. The
following scenarios are considered in the development of the dataset.

Variation in speed (Vx): In previous similar studies [18-24] speed was kept constant
to detect the anomalies. However, in real-time scenarios, speed is not constant. Therefore,
in this study, data are generated at variable speeds (25 km/h, 50 km /h, 75 km/h, 100 km/h,
120 km/h, and 150 km/h).

Variation in track conditions: Track condition also changes with time and location.
Therefore, the data are generated by varying the track parameters (y, k4, €, and kg).

Variation in wheelset condition: Wheel profile plays an important role in the safe and
reliable operation of railway vehicles. Due to wear and tear during the operation wheel
profile is changed. The variation in the wheel profile is incorporated during the simulation
by varying wheel conditions (A).
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Track disturbances: The creep forces generated at the wheel-rail interface are di-
rectly affected by the track irregularities, such as lateral variation and variation in gauge.
Therefore, these disturbances are also considered in this study.

The data collection process is depicted in Figure 1. A simulation model of a nonlinear
railway wheelset is developed in MATLAB/Simulink. Varying forward speed, varying
wheel conditions, and varying track conditions are given as input to the model. Practically,
a 3-axis accelerometer is placed on the left side of the axle (opposite side of the traction
motor) to measure axle vibration. A preprocessing unit is used to remove any bias in the
vibration data and to extract vibrations in lateral direction. Simulations are run for 20 s in
each of the scenarios, including one non-faulty scenario and six faulty scenarios, to develop
the dataset. Some of the results are given in Figure 2. It is quite evident from Figure 2
that the frequency and the amplitude of the lateral acceleration are directly affected by the
changes in the speed as well as by the wheel profile variation. An accelerometer is placed
on the axle of the wheelset to capture lateral vibrations during the simulation process. A
total of 200,000 data points are generated in each scenario which is archived in CSV format
for later use.

Track
Disturbances

!

Varying y 3-Axis Accelerometer
Speed M
Pre-
processing
Varying
Wheelset Model
Track ===
Condition Lateral
Vibration
. Data
Varying Wheel
Condition

Figure 1. Data collection process.
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Figure 2. Lateral acceleration of the wheelset in different conditions.
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2.2. Hybrid Detection Architecture

The overall block diagram for defect detection is shown in Figure 3. The defect
detection architecture proposed in this research paper combines an MLP as a feature
extractor with a machine learning model for the final classification of conicity values. The
input features used in this architecture are derived from vibration data only. This is one of
the main contributions of this work because in the presence of disturbances and variable
parameters it is difficult to detect wheel defects using vibration data only.

Figure 3. Model architecture.

To ensure effective feature extraction, the MLP undergoes a pre-training phase, as
shown in Figure 4a. During pre-training, the model is initialized with appropriate weights
and biases, enabling it to extract meaningful patterns from the input data. This initialization
process sets a foundation for the MLP to learn and capture relevant features that are crucial
for accurate defect detection in railway wheelsets.

2.3. MLP—Fully Connected Network

The model presented in this research paper is designed for defect detection in railway
wheelsets using vibration data. The architecture, shown in Figure 5, consists of an MLP as
a feature extractor and a subsequent machine-learning model for the final classification of
conicity values. The feature extraction process begins with the MLP, which includes three
parallel dense networks. Each network has multiple dense layers with decreasing numbers
of units, incorporating the GELU activation function. Regularization is applied to the first
dense layer of the first parallel network using a kernel regularizer.

During training, the model is initially pre-trained to initialize the weights and biases.
This pre-training step helps the MLP extract meaningful patterns from the vibration data,
facilitating effective feature extraction. Once the MLP is pre-trained, the last classification
layer is removed. Instead, the layer where the outputs of all three branches are concatenated
is used to extract the features learned by the MLP. This concatenated layer combines the fea-
tures extracted from each parallel network with the input layer, providing a comprehensive
representation of the input data. A training summary of the MLP is given in Table 1.
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Figure 4. (a) Pre-training process. (b) MLP Network pruned with ML-based classifier. Once the
MLP has been pre-trained and equipped with the ability to extract relevant features, these extracted
features serve as inputs to the subsequent machine learning model, as shown in (b). The machine
learning model leverages the extracted features to perform the final classification of conicity values.
By utilizing the comprehensive and representative features obtained from the MLP, the machine
learning model can make accurate predictions regarding the severity of defects in railway wheelsets.
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Figure 5. MLP networks’ architecture with three parallel branches and concatenation layer.
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Table 1. MLP training summary.

Total Parameters 4471
Trainable parameters 4471
Non-trainable parameters 0

These extracted features serve as the inputs to the subsequent machine learning model,
which performs the final classification of conicity values. The machine learning model
utilizes the extracted features to make accurate predictions regarding the severity of defects
in railway wheelsets. By removing the last classification layer and extracting features from
the concatenated layer, the model focuses on capturing and utilizing the learned represen-
tations of the input data. This approach enhances the effectiveness of defect detection by
leveraging the discriminative power of the extracted features for classification purposes.

2.4. Hyperparameters

The details of the hyperparameter are given in Table 2. The model uses a Gaussian
error linear unit (GELU) as an activation function with a categorical cross-entropy loss
function and Adam optimizer.

Table 2. Hyperparameters.

Hyperparameters

Loss function Categorical cross entropy
Activation function GELU

Optimization algorithm Adam

# of training epochs 100

Batch size 100

2.4.1. GELU Activation Function

The GELU activation function outperforms ReLU in the presented architecture due
to its smoothness, improved representation learning capabilities, and ability to alleviate
the vanishing gradient problem. These advantages enable more stable training, enhanced
feature extraction, and improved accuracy in defect detection for railway wheelsets. The
GELU activation function is defined as follows in Equation (6):

GELU(x) = 0.5x - (1 + tanh <\/z - (% +0.044715:%) ) ) ©)

2.4.2. Categorical Cross Entropy Loss Function

Categorical cross entropy is utilized as the loss function for the final classification
model. This choice is motivated by the nature of the defect detection task, where the goal
is to classify conicity values into different categories or severity levels. Categorical cross
entropy is well-suited for multi-class classification problems, providing a measure of the
dissimilarity between the predicted conicity values and the true labels. By minimizing
this loss function, the model is encouraged to accurately classify the severity of defects in
railway wheelsets.

output
size .
Loss=—Y 1 yi-logy; )
2.4.3. Adaptive Moment Estimation (ADAM) Optimizer

The ADAM optimizer is a widely used optimization algorithm for training neural
networks. It offers several advantages that contribute to its popularity. ADAM utilizes
adaptive learning rates, adjusting the learning rate for each parameter individually based
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on the gradients” history. This adaptive nature allows for faster convergence and efficient
parameter updates. The inclusion of momentum helps accelerate optimization by maintain-
ing a running average of past gradients. ADAM also handles sparse gradients effectively,
which is common in deep learning models. Additionally, it incorporates L2 regularization,
preventing overfitting and improving generalization. Overall, these features make ADAM
a versatile and effective optimizer for neural network training.

3. Results
3.1. Training Procedure

The entire training procedure for the proposed algorithm consists of pretraining an
MLP for feature extraction and then feeding these feature vectors to ML model training.
The steps are shown in Table 3.

Table 3. Training procedure.

Step Step Name Details

Prepare and arrange the entire dataset with the number
of columns as the number of features and the output
label as the last column. The number of rows is the
number of datapoints.
An MLP network is trained as a classifier first with
inputs as feature vectors and output as conicity labels.
The model is trained for 50 epochs using the GELU
activation function and ADAM optimizer.
The trained model in Step 2 is then used where the last
classification layer is removed, giving us the
3 Feature extraction concatenated layer. The output of this layer is of size
3 x 100. This is a feature matrix from the pre-trained
MLP network.
Multiple ML models, such as SVM, DT, RF, and kNN,
4 ML model training are then trained on the extracted feature matrix from
Step 3.

1 Data preparation

2 Pre-training phase

3.2. Model Performance

The results are gathered by following a training procedure where the MLP network is
first pre-trained. Then, using the trained model, the last classification layer is removed to
extract features. These features are then fed to ML models one by one, and a comparison
is drawn. Each model is analyzed for its accuracy, precision, recall, and F1 score. The
performance metrics are summarized in Table 4.

Table 4. Performance comparison.

Model Performance Metrics

Accuracy Precision Recall F1 Score
MLP 88.6% 89.6% 88.6% 88.7%
MLP-RF 99.0% 99.2% 99.2% 99.1%
MLP-DT 98.9% 98.9% 98.0% 98.9%
MLP-KNN 95.0% 94.5% 94.5% 94.0%
MLP-SVM 83.1% 85.6% 83.1% 83.5%

RF = random forest, DT = decision tree; KNN = k-nearest neighbor, SVM = support vector machine.

Figure 6 shows the performance comparison of MLP, SVM, RF, DT, and k-N. The
MLP-RF shows the highest detection accuracy, precision, and F1 Score.
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Figure 6. Bar chart of performance metrics of MLP, SVM, RF, DT, and k-N.

3.3. Results Interpretation

The performance results in the previous section show four types of performance
metrics, namely accuracy, precision, recall, and F1 score. The results are summarized in

Table 5.

Table 5. Summary of results.

Model

Results Interpretation

MLP

MLP-RF

MLP-DT

MLP-kNN

MLP-SVM

This model achieved an accuracy of 88.6%, which means it correctly classified 88.6% of the defects.
The precision of 89.6% indicates that when it predicted a defect, it was correct 89.6% of the time. The
recall of 88.6% indicates that it identified 88.6% of the actual defects. The F1 score, which considers
both precision and recall, is 88.7%.

This model achieved high accuracy of 99.0%, indicating that it performed exceptionally well in
classifying defects. The precision and recall of 99.2% suggest it had a very low rate of false positives
and false negatives. The F1 score of 99.1% reflects the overall effectiveness of the model in
detecting defects.

This model achieved an accuracy of 98.9%, indicating strong performance in defect detection. The
precision of 98.9% suggests that it had a very low rate of false positives. However, the recall of 98.0%
indicates it missed a small portion of actual defects. The F1 score of 98.9% reflects a good balance
between precision and recall.

This model achieved an accuracy of 95.0%, indicating a relatively high performance in detecting
defects. The precision and recall of 94.5% suggest a low rate of false positives and false negatives.
The F1 score of 94.0% reflects a good overall performance, though slightly lower than the

previous models.

This model achieved an accuracy of 83.1%, which indicates it had a moderate level of performance in
detecting defects. The precision of 85.6% suggests it had a relatively low rate of false positives.
However, the recall of 83.1% indicates it missed a significant portion of actual defects. The F1 score of
83.5% reflects the overall effectiveness of the model, considering both precision and recall.

3.4. Classification Results for Conicity Values

Figure 7 shows the error matrix (or confusion matrix) for predicted and ground truth
results. Starting from MLP, the accuracy of valid conicity value (c = 0.15) is 82%, while for
MLP-RF it is 99%, for MLP-DT it is 98.9%, for MLP-kNN it is 94.2%, and for MLP-SVM it is
79.3%. The confusion matrix is plotted for the unseen test data.

11
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Figure 7. Classification results.

4. Conclusions

In conclusion, this research paper presents the implementation of a hybrid deep
learning-based defect detection system. The system utilizes a multilayer perceptron (MLP)
for feature extraction, which is pre-trained on collected data. Multiple machine learning
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models, including support vector machine (SVM), random forest (RF), decision tree (DT),
and k-nearest neighbors (k-NN), are employed for classifying conicity target values. The
performance of different models in detecting wheel defects was evaluated. The MLP model
achieved an accuracy of 88.6% with balanced precision and recall. MLP-RF exhibited
exceptional performance with high accuracy (99.0%), precision, recall, and F1 score. MLP-
DT demonstrated strong performance with an accuracy of 98.9% and balanced precision
and recall. MLP-kNN achieved a relatively high accuracy of 95.0% with good precision and
recall. MLP-SVM showed moderate performance with an accuracy of 83.1%, relatively low
recall, and moderate precision. Overall, the results indicate the effectiveness of MLP-RF,
MLP-DT, and MLP-kNN in accurately detecting wheel defects, while MLP-SVM showed
relatively lower performance.

These findings suggest the effectiveness of combining deep learning-based feature
extraction with various machine learning models for accurate defect detection and clas-
sification. The achieved results highlight the potential of hybrid approaches in defect
detection applications, showcasing the benefits of leveraging deep learning and traditional
machine learning techniques in tandem. Future research can explore further enhancements
to improve accuracy, explore different feature extraction methods, or investigate the appli-
cability of the proposed system to other defect detection scenarios. One limitation of this
study is the reliance on simulated data to train and evaluate the proposed model. While
efforts have been made to create a realistic simulation model and generate comprehensive
datasets, there may still be discrepancies between simulated data and real-world scenarios.
It is important to validate the model’s performance using real-world data to ensure its
effectiveness in practical applications.

To advance the field of defect detection and classification using hybrid deep learning
methodologies, several avenues for future research can be explored. These include fine-
tuning the pre-trained MLP model specifically for defect detection, investigating alternative
deep learning architectures, such as CNNs or RNNs, and evaluating the effectiveness of
data augmentation techniques. The integration of transfer learning and real-time imple-
mentation in real-time settings should also be considered. Additionally, validation on
diverse datasets, deployment in real-time environments, and integration with automated
decision-making systems are promising areas for further investigation. To achieve practical
implementation, the proposed model can be effectively deployed on an edge computing
platform. This deployment enables the real-time detection of wheel defects, providing
prompt and accurate identification of any issues. By leveraging the computational capabili-
ties of the edge computing platform, the model can efficiently process the incoming data
from sensors and rapidly analyze them for the presence of wheel defects. This approach
ensures that potential defects are promptly detected, and appropriate actions can be taken
to maintain operational safety and efficiency in railway transportation.
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Nomenclature
Symbol Parameter Value and/or Unit
F, Creep Force N
1 Friction coefficient
kg Reduction factor around the adhesion
) Wheel radius 0.5m
Ly The half gauge of the track 0.75m
Aw Wheel conicity 0.15rad
€ The gradient of the tangential stress in the adhesion area
Vx Vehicle’s forward velocity
Y Lateral motion meter
Yg Variation in gauge meter
Vit Track disturbance in the lateral direction meter
Y Yaw angle radians
ks Reduction factor in a slip
Iy Yaw moment of inertia of wheelset 700 Kgm2
Ky Yaw stiffness 5 x 10° N/rad
My Wheel weight with induction motor 1250 Kg
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Abstract: To solve the problem of anomaly detection in annular metal turning surfaces, this paper
develops an anomaly detection algorithm based on a priori information and a multi-scale self-
referencing template by combining the imaging characteristics of annular workpieces. First, the
annular metal turning surface is unfolded into a rectangular expanded image using bilinear interpo-
lation to facilitate subsequent algorithm development. Second, the grayscale information from the
positive samples is used to obtain the a priori information, and a multi-scale self-referencing template
method is used to obtain its own multi-scale information. Then, the phase error and large-size
anomaly interference problems of the self-referencing method are overcome by combining the a priori
information with its own information, and an accurate response to anomalous regions of various
sizes is realized. Finally, the segmentation completeness of the anomalous region is improved by
utilizing the region growing method. The experimental results show that the proposed method
achieves a mean pixel AUROC of 0.977, and the mean M_IOU of segmentation reaches 0.788. In terms
of efficiency, this method is also much more efficient than the commonly used anomaly detection
algorithms. The proposed method can achieve rapid and accurate detection of defects in annular
metal turning surfaces and has good industrial application value.

Keywords: image anomaly detection; annular workpiece; a priori and self-information

1. Introduction

There are a lot of grooves, tapered surfaces, end faces and other annular turning sur-
faces in the manufacturing process of metal workpieces [1-3]. Surface anomaly detection in
annular metal turning surfaces is an important process for the quality control of machining.
In images, the annular metal turning surface is a circular structure, and its region of interest
occupies only a small part of the whole image [4]. In grayscale images, the annular metal
turning surface shows a uniform distribution of grayscale in the circumferential direction.
Developing a general and efficient anomaly detection algorithm using the structure and
grayscale characteristics of annular metal turning surfaces has important application value
for automated anomaly detection in annular metal turning surfaces.

Two problems need to be overcome to achieve anomaly detection in annular metal
turning surfaces: 1. large image resolution but small region of interest; 2. metal turning
surface positive and negative samples are unbalanced, and negative samples are difficult
to collect.

In an image containing a complete annular metal turning surface, the image size
is determined by the outer diameter of the ring. The difference between the inner and
outer diameter of the ring is usually not large, which results in the region of interest of the
annulus occupying a small area in the image. Regarding the problem of high-resolution
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anomaly detection, in addition to the direct processing of the whole image [5,6], other
common solutions are resizing [7] and cutting [8,9]. Zhao [10] et al. directly compressed
the input image size, and experiments proved that such a strategy has little effect on the
detection accuracy for large-size targets, but the recognition effect is poor for small-size
targets, and the direct resize neutralizes or removes the pixels in small target regions. Some
researchers have used a cutting method to cut large-size images into small-size images for
processing and finally stitch the detection results together as the final output. The sliding
window approach [11-13] has also been adopted by many researchers to transform the
problem of detecting high-resolution images into a small sliding window detection problem.
Coordinate transformation is also an effective way to extract the ring region of interest.
Suo [4] and Deng [14] et al. directly unfolded the region of interest of annular workpieces
to complete the inspection of the annular workpieces without reducing the resolution of
the part being inspected. The conversion of the annular region into a rectangular region
also facilitates subsequent algorithm development.

In terms of industrial anomaly detection needs, the collection of anomaly samples
is more difficult due to the low product substandard rate. Meanwhile, anomalies have
different manifestations, and it is difficult to cover all types of anomalies in the collection of
anomaly samples, and unexpected anomalies are usually encountered in actual production.
The difficulty of collecting negative samples leads to the difficulty of practical application of
supervised target retrieval [15,16] or segmentation [17,18] methods. To address the problem
of negative samples being difficult to collect, researchers have carried out extensive re-
search work on positive-sample-based anomaly detection algorithms. Traditional anomaly
detection algorithms can quickly achieve anomaly detection by manually designing the
processing flow and using morphological processing [19,20] or template matching [21,22].
However, the traditional algorithm has high requirements for illumination, imaging an-
gle and the state of the workpiece to be detected, and the selection of each parameter in
the algorithm is complicated, and the algorithm is less robust. With the development of
deep learning technology, the powerful feature extraction capability of deep networks
has greatly enriched the technical methods of unsupervised anomaly detection. Positive
sample anomaly detection methods using deep learning networks can be classified into
two main categories [23]: image-reconstruction-based methods [24-26] and discriminative-
embedding-based methods [27,28]. Image-reconstruction-based methods tend to learn the
structural information of positive samples for image reconstruction and compare the recon-
struction differences between the image to be detected and the abnormality-free map to
achieve abnormality detection. Discriminative-embedding-based methods are more about
learning the feature distribution of positive samples, and the determination of anomalous
regions is achieved by calculating the distance between the features of the samples to be
detected and the statistical positive sample features. Defard et al. [29] used VGG16 as a
feature extraction layer, patch embedding for anomaly-free samples using multivariate
Gaussian distribution to obtain a probabilistic representation of the normal class, and
anomaly detection was achieved by calculating the Mahalanobis distance between the
image to be detected and the normal class. Roth et al. [30] combined embeddings from
ImageNet models with an outlier detection model to construct a maximally representative
memory bank of nominal patch features. This method provides a further improvement
in the speed of anomaly detection. The detection effect of deep-learning-based anomaly
detection methods depends mainly on the learning effect of the network, and it is more
difficult to improve the targeted effect of the trained network. Additionally, anomaly detec-
tion by deep learning methods generally results in too-large segmentation of small-sized
anomalous regions.

Since the annular metal turning surface has a uniform grayscale in the circumferential
direction, this grayscale characteristic is suitable for the self-referencing template method
in the traditional anomaly detection method. The self-referencing method uses the periodic
grayscale information of the image itself to construct an anomaly-free template, and the
final anomaly detection result is obtained by the difference between the template and the
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image to be detected [31,32]. Ideally, the self-referencing template is anomaly free, but when
there are large-size anomalous regions, the self-referencing template constructed using
its own grayscale information contains a large amount of anomalous information, which
causes serious misidentification problems [33]. Due to the use of grayscale differencing,
the self-referencing template method may be incomplete in detecting anomalous regions
with low contrast.

Combining the above analysis and the existing problems, this paper combines the
circular structure of the annular metal surface and the characteristics of uniform imaging
to unfold the annular region of interest, which not only maintains the pixel resolution of
the region of interest but also reduces the amount of data processing and the background
complexity of anomaly detection objects. Due to the lack of anomalous samples, this
paper proposes to implement anomaly detection in annular metal surfaces based on a
self-referencing algorithm. In this paper, we overcome the problem of the self-referencing
template method failing to detect large-size anomalous regions by introducing a priori
information and introduce the strategy of a multi-scale self-referencing template and region
growth to improve the accuracy of low-contrast anomaly detection.

Our main contributions in this article are summarized as follows:

(1) A bilinear interpolation expansion method based on the principle of transforma-
tion between polar and Cartesian coordinate systems is invoked for the problem of
extracting the region of interest of annular metal turning surfaces;

(2)  For the problem of large-size anomaly detection, a general self-referencing template
anomaly detection algorithm that fuses a priori information and its own grayscale
information is proposed, and the anomaly segmentation effect is further improved by
using a region growing method;

(3) A more systematic and comprehensive experimental analysis and demonstration of
the selection basis and performance effect of the parameters in the algorithm of this pa-
per are conducted, and the generality of the parameters is proved
through experiments.

The remainder of this paper is organized as follows. The flow of the developed
algorithm and the object to be tested are briefly introduced in Section 2. Section 3 details the
implementation of the entire algorithm. The following Section 4 describes the experimental
design and results. Finally, this work is concluded in Section 5.

2. Pipelines and Sample Acquisition
2.1. Pipeline

The process of manual anomaly detection is: first, find the region of interest; then,
judge the rough anomaly region based on the a priori information in the mind; finally, finish
the precise location of the anomaly region based on the information relating to texture or
the grayscale of the image itself. Referring to the process of manual anomaly detection, this
paper carries out the development of an anomaly detection algorithm for annular metal
turning surfaces. The pipeline of the proposed method is illustrated in Figure 1, which
is mainly divided into two parts: mean grayscale template construction and the defect
detection process. Firstly, the annular region of interest (ROI) in positive samples I is
unfolded into rectangular image f, (corresponding to the manual detection of the search
of interest).

In the mean grayscale template construction part, the grayscale value data of i columns
in N normal expanded images are randomly extracted, and a total of N X i columns of
waveform data are extracted, and the grayscale mean value of each row is calculated
as the standard grayscale waveform to construct mean grayscale template MGT with
the same size as the input image (corresponding to the a priori information of manual
detection). In the defect detection process, for the expanded image to be detected f;, the
significant anomalous regions are screened using the mean grayscale template and the
multi-scale self-referencing template (corresponding to the coarse anomaly detection for
manual detection); the significant anomalous regions are restored using MGT data to
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obtain the restoration map R; again, using the multi-scale self-referencing template method
to obtain the final anomaly difference score map Scoref;,, the high-response region in
Scorefing is the anomaly region (corresponding to the precise location of the manually
detected anomaly region); finally, the abnormal region is segmented by the region growth
and morphology processing method, and the segmentation map Result is obtained.

Positive sample images Nx/g ( 1 2 i-1 i p ]
pr——— o Mean o ] —
_.I, =— . grayscale | —» .. I
S - - values by row — — |
Grayscale waveform data acquisition of Mean grayscale
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Figure 1. Pipeline of anomaly detection algorithms based on a priori information and multi-scale
self-referencing template.

2.2. Sample Acquisition

Since there are relatively few public datasets for anomaly detection in annular metal
turning surfaces, in this paper, as shown in Figure 2, a dataset containing three types
of annular metal turning surfaces is constructed: a nuclear fuel rod groove dataset, ro-
tary body thin-walled port dataset, and injector nozzle valve seat surface dataset. The
objects to be detected in the datasets are all annular workpieces (yellow area), and their
unfolded images are all long-bar images; the nuclear fuel rod groove has an unfolded size of
100 x 7000 pixels, the rotary thin-walled port has an unfolded size of 120 x 8700 pixels
and the injector valve seat surface has an unfolded size of 440 x 10,000 pixels. The number
of positive and negative samples for the three datasets is shown in Table 1.

Table 1. Composition of the annular metal turning surface dataset.

Dataset Number of Number of Expanded Image
Positive Samples Negative Samples Size (Pixels)
Groove 98 29 100 x 7000
Thin-walled port 89 34 120 x 8700
Valve seat 128 32 440 x 10,000
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thin-walled port Valve seat
Figure 2. Annular metal turning surface dataset.

3. Algorithm Implementation
3.1. Unfolding of Annular Region of Interest

The region of interest of the annular turning surface only occupies part of the whole
image. To reduce the number of data operations and make full use of the structural
characteristics of the annular surface with uniform grayness in the circumferential di-
rection, the annular region of interest needs to be extracted and unfolded into a long
rectangular image.

In Figure 3, the schematic diagram of the annular region of interest unfolding is
shown. The yellow area in Figure 3a is the annular region of interest, and its corresponding
annular unfolding area is shown in Figure 3b. To facilitate the annular unfolding operation,
two coordinate systems are constructed in the original image I(x, y): the image Cartesian
coordinate system O — XY and the polar coordinate system o — rf with the center of the
annular region of interest as the origin. Let P(r,6) be any point of the annular region in
polar coordinates, and its corresponding point in the image Cartesian coordinate system is
p(x,y), and the relationship between the image Cartesian coordinate system and the polar
coordinate system can be established.

X = xg9+rcosf o ano

Yy =1yo+rsinf 6 € [0°90°)

¥ =xo=reosh 950 180°)

Yy =Yyo—rsind (1)
X = xg+rcosf o o

Y = yo +rsind 6 € [180°,270°)

¥ =xo=reosh g mn0 3600)

Yy =Yyo—rsind
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where xy and y are the coordinates of the polar coordinate system o — r in the center
circle of the image coordinate system.

o(1,1) 270° X

A'(n,1)

(b)

Figure 3. Annular region of interest unfolding. (a) The image Cartesian and polar coordinate system
I(x,y); (b) expanded image f(x,y).

The inner and outer rings of the annular region of interest intersect the 0° axis of
the polar coordinate system at the points A(r1,0°) and B(r;,0°), whose corresponding
positions in the expanded image f(x, y) are A’ and B’, respectively. Since the circumferences
of the circles where points A and B are located are different, in this paper, the annular
region of interest is unfolded along the circumference of the outer ring. Let the image
f(x,y) sizebe n x m after the annular unfolding, which is defined as follows:

m = |27mry
no e @
n=r,—r +1

where 7 is the number of rows of the expanded image, and m is the number of columns of
the expanded image; r| and r, are the radius of the inner and outer rings, respectively, and

their values are integers; and L Jis a downward rounding symbol.
Let the point P(r,0) in the polar coordinates have its corresponding position as
P'(ny,my) in the expanded image. Then, the transformation equation of point P to

P'is:
ny = |r—rj np = |r—r| 3
{ ol ©

my = L%*lj
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where 71, and 11, are the coordinates of point P’ in the expanded image; 1 is the number of
columns of the expanded image; r is the radius coordinate of point P in the polar coordinate
systemr = ry,r1 +1,...,r2; 0 is the angular coordinate of point P in the polar coordinate

system 0 = %(t —-1),t=1,2,...,m;and L) is a downward rounding symbol.

To improve the unfolding effect of the annular turning surface and avoid the jagged
effect generated by the image unfolding, the gray values in the unfolding map are calculated
by bilinear interpolation when performing the unfolding. As shown in Figure 4, p(x,y) is
the interpolation point corresponding to point P’ (11, m,) in the expanded image. Since the
coordinates of p(x,y) may not be an integer, four integer points py, p2, p3 and p4 around
p are selected. The values of point M and point N are obtained by linear interpolation
using pj and py and p3 and p4, respectively. Then, the grayscale value of point p is obtained
by the linear interpolation of point M and point N.

pm = p2 — (p2 — p1)(ia — x)

pn = pa— (ps—p3)(is — x) (4)
p="pn—(Pn—pm)(n—y)

(i1,j1) (i2,)2)

(13,/3) (i4,74)

Figure 4. Bilinear interpolation method.

This completes the extraction and unfolding process of the annular region of inter-
est. For any annular workpieces, we only need to determine the circle center o(xo, yo),
inner ring radius rq (in pixels) and outer ring radius r; (in pixels) and use the above
Equations (1)—(4) in turn to achieve the counterclockwise unfolding process of the annular
workpiece region of interest.

3.2. Mean Grayscale Template Construction

For computational convenience, the images are converted to single-channel grayscale
maps with grayscale values ranging from 0 to 1 during the subsequent algorithm devel-
opment. As shown in Figure 5, for the expanded image f(x,y) of an annular workpiece
without anomalies, it can be ideally considered to have equal gray values in each row
(yellow region) and the same gray waveform in each column (green region).

In the actual industrial detection process, the design of the tooling fixture and imaging
method can ensure that the imaging position of the annular workpiece is relatively fixed,
and the imaging brightness and contrast of each position are relatively consistent, so it can
be approximated that the distribution of the gray value of each row of the corresponding
expanded image conforms to the normal distribution. For any annular turning surface, the
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mean value of each row of grayscale can be counted to construct an anomaly-free mean
grayscale template MGT equal to the size of the expanded image.

135 135 135) 135 135) 135) 135§ 135) 135§ 135) 135§ 135) 135| 135) 135§ 135) 135§ 135] 135 135 135 135) 135 135) 135) 135] 135

118§ 118 118) 118 118) 118 ) 118§ 118 118§ 118 ) 118§ 118 | 118§ 118) 118§ 118§ 118§ 118 118 118 ) 118 118 ) 118 118 ) 118 ) 118 118

168 | 168f 168 168| 168 168 168} 168) 168 ) 168 1681 168 | 168§ 168) 168 | 168§ 168 | 168 | 168 168 | 168 | 168 168 | 168 | 168 | 168 | 168

205 § 205] 205§ 205) 205) 205) 205] 205) 205} 205) 205) 205) 205) 205§ 205) 205§ 205] 205§ 205 205§ 205) 205§ 205 205§ 205 205§ 205

97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97 97

Figure 5. Image features of the annular expanded image.

N anomaly-free expanded images I are collected, and a positive-sample statistical
matrix Ps of size n x (N x k) is constructed by randomly selecting k columns of grayscale
waveforms in each expanded image. The mean grayscale value of each row of Ps is
calculated, and the mean grayscale template MGT is constructed.

Nk
MGP(i,:) = Nk Z; Ps(i, ) (5)
j=

where MGT(i,:) is all the grayscale values in row i of the mean grayscale template; i is the
row coordinates of Ps in the range of 1,2,- - -, nn; and j is the column coordinate of Ps in the
rangeof 1,2,---, N x k.

If the MGT is directly used as a template to calculate the absolute value of the differ-
ence between MGT and the image f to be detected, the a priori anomaly score Scorepyior
can be obtained.

Scorepyjor = abs(MGT — f) (6)

As shown in Figure 6, the results of the a priori anomaly scores for the multiple images
to be detected are shown. In Figure 6¢, the a priori anomaly score has a strong response
for anomalous regions, but the score map also has a high response for edges and contours.
The reason for this is that the MGT template can only respond to the grayscale distribution
trend of the image and cannot accurately respond to the phase shift of the image. Therefore,
the a priori anomaly score cannot be directly applied to the anomaly detection task.

3.3. Anomaly Detection Algorithm Based on a Priori Information and Multi-Scale
Self-Referencing Template

In practical imaging of annular turning surfaces, there are problems such as oil inter-
ference, surface texture, uneven lighting or unfolded center shift. As shown in Figure 7b,
the grayscale of each row of the expanded image is the same; meanwhile, the grayscale
waveforms of each column also produce phase deviation. The dashed box in Figure 7a
represents the self-reference template construction area at the solid line, and the solid line
is the center of the dashed box. The construction region of the self-referencing template
has a total of w columns, and the row grayscale mean of the region is used as the grayscale
template. Figure 7c shows the self-referencing template waveforms of an abnormal column,
where the difference at the anomaly increases as the value of w is taken, but the disturbance
in other regions increases. Figure 7d shows the self-referencing template waveforms of
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a normal column. When w is small, there is a large amplitude difference between the
constructed template and the normal waveform due to the influence of the anomalous
region, and false recognition occurs at this time. When w takes the value of 2000, the
amplitude of the template waveform is the same as that of the anomaly-free waveform.

Figure 6. Results of the a priori anomaly scores. (a) Mean grayscale template MGT. (b) Image to be
detected. (c) The a priori anomaly score Scoreyor-

The above analysis shows that, in the self-referencing template algorithm, the parame-
ter w directly determines the performance of the algorithm. Too small a w value can create
problems with false recognition and missed recognition, while too large a w value can
introduce too much interference. To solve the above problems, with reference to the process
of manual judgment of abnormal areas, this paper proposes a highly robust anomaly detec-
tion algorithm adapted to annular metal turning surfaces by combining abnormality-free
mean grayscale templates (a priori knowledge) and a multi-scale self-referencing template
(own grayscale information).

First, the image to be tested f (size n x m) is shrunk horizontally, and its height is
kept unchanged. The shrunken image T’ is obtained.

[sk x 7' N
, , £ )
j=|sk x (j’=1)]+1

T'(i,]) = . )

where T’ is the shrunken image in the horizontal direction; i is the row coordinate of T
which takes a value in the range of 1,2, ..., n; j’ is the column coordinate of T', which takes
values in the range of 1,2, ..., |[m/sk|; j is the column coordinate of f, which takes values

in the range 1,2,...,m; L ]'is a downward rounding symbol; and sk is the scale factor,
sk = (columns of the original image)/(columns of the target image). To better explain the
concept of algorithm development for horizontal shrink, we introduce the sk variable in
place of the w variable. The two variables have different physical meanings but can be
considered numerically identical.
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Figure 7. Grayscale waveform analysis of the expanded image. (a) Grayscale waveform selection;
(b) grayscale waveforms of different columns; (c) self-referencing template waveforms of abnormal
column; (d) self-referencing template waveforms of normal column.

After the operation of shrinking, the abnormal column in the original image is diluted
by the data of the normal column, at which point it can be approximated that there is no
abnormal data in the shrunken image T’. To ensure size consistency between the template
and the expanded image f, this paper adopts the bilinear interpolation method to enlarge
T’ to the size of n x m to obtain the final self-referencing template T.

Calculate the absolute residual of the self-referencing template T and the expanded
image f to obtain the residual map Res.

Res(x,y) = abs(T(x,) — £(x,y)) ®)

where abs is the absolute value operation.

By choosing different values of sk, a series of self-referencing algorithm residual
maps of different scales can be obtained. Since different sk values have different anomaly
detection effects for different sizes of anomalous regions, it can be assumed that the residual
map corresponding to a series of sk values must contain all the anomalous regions. The
mean value of these residual maps can be used to extract all the anomalous regions; this
step is mainly to find all the anomalous regions without requiring all the anomalous regions
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to have a high response. The mean value of all residual maps is calculated to obtain the
multi-scale self-referencing anomaly detection score Scoreys.

Num
Y Resy

k=1
S = 9
COTens Num 9)
where k is the index number of the scale factor k = 1,2, - - - , Num; the scale factor takes
values in the array [sky,sky, - - - sknym]; and Resy is the residual map obtained when the

scale factor sk = sk;.

To perform the normalization operation on Scoreys, introduce the normalization
threshold t;.

Scoreys /max(Scoreys) max(Scoreys) > h

Scorens/t max(Scoreys) < t (10)

Scoreys = {

where max(Scorey,s) is the maximum value of Scores.

At this time, Score,,;s contains not only the response of the anomalous region but also
the response of the non-anomalous region, but there is less phase interference in it, and
the information of the mean grayscale template MGT can be introduced to suppress the
non-anomalous region. Since the a priori anomaly score Score,, has a high response to
both the significant anomaly region and the phase disturbance, the a priori anomaly scores
Scoreyyor are operated with the multi-scale self-referencing anomaly scores Scoreys for the
dot product, and only the significant anomaly regions can be retained to obtain the scores
of the significant anomaly regions Scores.

Scores = Scorepyior. X Scoreps (11)
The parameter #; is introduced for contrast enhancement of Scores.

1 max(Scoreg) >

Scoreg /1ty max(Scoreg) < tp (12)

Scores = {

At this time, the interference caused by phase anomalies and large-size anomalies is
removed from the Scoreg, but it is less effective in detecting the anomalous regions that
are close to the grayscale of MGT. Here, the strategies of image restoration and, again,
multi-scale self-referencing templates are introduced to solve the above problems. The
main idea is to fill the anomalous position in the original image f with the mean grayscale
template MGT corresponding position data according to the significant anomaly detection
score Scoreg.

The dot product operation is performed on Scores and MGT to obtain the grayscale
data MGT’ for restoration.

MGT' = MGT. x Scoreg (13)

The locations to be reconstructed in f are removed with Scoreg to obtain the anomaly
region mask map fusk-

frnask = f- % (1 — Scores) (14)
The final restoration map R is obtained by adding MGT’ and f,,4sk-

R = MGT' + fmask (15)

The final anomalous region score result Score;,, is obtained by using the multi-scale
self-referencing template method in Equations (7)—(9) again for the restoration map R. In
Scoregiyg, phase errors are eliminated, the effect of large size anomalies is overcome and
the response to low-contrast anomalies is high.
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Since the response of the anomalous region is usually not uniform, in order to achieve
the complete segmentation of the anomalous region, the region growth method is intro-
duced here, setting the region growth start point f3 and the region growth end point f;4.
The final anomalous region segmentation result Result can be obtained.

4. Experiment
4.1. Bilinear Interpolation Unfolding Effect

Image unfolding is a key part of the data processing of the algorithm in this paper,
where the thin-walled annular region of interest needs to be unfolded into a long strip of
images to facilitate the development of the algorithm. The region of interest of the ring
is converted to a rectangular region, and the area of the region of interest increases so it
involves interpolation of the pixels of the increased region in the unfolded image. Since the
algorithm of this paper is based on the uniformity of grayscale in the horizontal direction of
the unfolded image, if the interpolation method is not well chosen, it leads to the generation
of a jagged texture in the horizontal direction of the unfolded image, as shown in Figure 8a,
which affects the detection effect of the algorithm of this paper.

Expanded image Score, Scoreg

Figure 8. Bilinear interpolation unfolding effect. (a) Nearest-neighbor interpolation. (b) Bilinear

interpolation.

Figure 8 demonstrates the image unfolding results of the nearest-neighbor and bilinear
interpolation methods and shows Score,;s (the multi-scale self-referencing anomaly detec-
tion score) and Scoreg (the significant anomaly detection score) processed by this paper’s
algorithm. As shown in Figure 8, the generation of jagged edges in the expanded image
can be avoided by the bilinear interpolation method, and, for the algorithm in this paper,
the anomalous response interference from jagged edges can also be effectively suppressed.
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As shown in the comparison results, the use of the bilinear interpolation method for
image unfolding can effectively increase the degree of smoothness of the unfolding map to
avoid the generation of jagged edges, which ensures the normal operation of the anomaly
detection algorithm in this paper.

4.2. Multi-Scale Parameter Determination

The scale factor sk is related to the horizontal dimension of the anomalous region to be
detected in the expanded image. When the value of sk is too small, the algorithm becomes
weak in detecting anomalies of large size, and, at the same time, it causes misrecognition,
as in the green area of Figure 9b. If sk is too large, it introduces phase or light uneven
interference. Under actual working conditions, the size of the anomaly region varies greatly,
and here in this paper, the pixel range of the horizontal size of the anomalous region is
defined as 5~500 pixels. As shown in Figure 9a, in this paper, the self-referencing residual
map Res is calculated for different sizes of artificial anomalous regions with different
sk values, and the mean response value v of the anomalous region (red region in Figure 9b)
is counted to determine the choice of the scale factor sk.

(b)

Figure 9. Artificial anomalous region and the residual maps Res. (a) Artificial anomalous regions.
(b) Self-referencing template residual map Res.

The statistical results of the scale factor sk versus the mean response value v for the
anomalous region are shown in Figure 10. The mean response value v of the anomalous
region increases with the scale factor sk. As can be seen from the size of the anomalous
region, the scale factor sk corresponding to the convergence position of the average response
value increases as the size increases, while the final convergence value becomes smaller,
which is consistent with the calculation principle of the self-referencing template method.
From the figure, it can be seen that when size takes the maximum value of 500, the mean
response value v takes the basic convergence at sk = 2500. Since the residual response is a
grayscale difference, and considering that the human eye has the highest discrimination
ability for grayscale display systems with a grayscale level of 8, that is, in the residual map
Res, from 0 to 1, when the residual value > 1/8 = 0.125, the corresponding position can be
considered as an anomalous region. To avoid the interference caused by the large-scale
factor and to ensure the effect of anomaly detection, this paper takes sk = 1000 when the
mean response value v is 0.37, which meets the reliability standard of anomaly detection.

The grayscale value of the artificial anomalous region in this paper is 0, which does
not represent the full true anomaly region. However, due to the high error tolerance of
the chosen average response value v, combined with a large number of supplementary
experiments, this paper suggests that the algorithm in this paper has a better anomaly
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detection effect when the scale parameter sk is taken to be twice the maximum size of the
anomalous region to be detected.
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Figure 10. Experimental statistical graph of scale factor sk.

In summary, for the anomaly detection demand of 5~500 pixels in a horizontal di-
rection, the scale factor sk selected in this paper takes the value range of 10~1000, and, to
ensure that sk is an integer, the number of sk is taken as 6 by equal difference interval, and
sk = 10,208, 406, 802, 1000.

4.3. Determination of Algorithm Grayscale Parameters

There are four grayscale parameters in this algorithm, which are the normaliza-
tion threshold t; for normalizing the multi-scale self-referencing anomaly detection score
Scoreys, the threshold ¢, for contrast enhancement of the significant anomaly detection
score Scoreg, the anomalous region growth start point t3 and end point t4.

The normalization threshold t; serves to prevent the multi-scale self-referencing
template score Score;;s from being too low, which, in turn, amplifies the phase and noise
disturbances during normalization. Studies have shown that the human eye has a high-
resolution accuracy for regions with grayscale differences >0.125, i.e., the human eye
resolution threshold is 0.125. Here, t; is set to equal the human eye resolution threshold of
0.125. The main function of contrast enhancement threshold ¢, for the significant anomalous
region is to improve the contrast of anomalous regions for subsequent image restoration. If
its value is too large, it affects the low-contrast abnormality recognition; if its value is too
small, it introduces too much noise interference. To ensure the detection effect, its value is
also taken to be the human eye resolution threshold 0.125.

The region growth parameters f3 and f4 are the key parameters that control the final
segmentation results of the algorithm. Figure 11 shows the region growth start point ¢3
comparison experiment. The starting value is taken as the human eye resolution threshold
0.125 for t3 = 0.125, 0.1875 and 0.25, at which f4 = 0.1. From the results of the experiment,
it can be seen that if t3 is too low, too much interference is introduced, and the noise is
significantly suppressed with the increase in t3. Therefore, this paper selects the starting
point of regional growth as t3 = 0.25.
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Original image 4 13=0.125 13=0.1875

Figure 11. The region growth start point {3 comparison experiment.

From Figure 12, it can be seen that if the region growth end point ¢, is too low, too
much noise interference is introduced, and, as f4 increases, the noise interference decreases
but the integrity of the segmentation is reduced. Considering the suppression of noise
interference and the integrity of the abnormal region segmentation, this paper selects the
region growth end point as t; = 0.1, whose value is slightly lower than the human eye
resolution threshold.

4.4. Effect of the a Priori Information on Detection

The self-referencing template method is less effective in detecting large-size anomalous
regions but has a good suppression effect on phase errors, while the mean grayscale
template is more effective in detecting large-size anomalies but introduces excessive phase
errors. To verify the detection effect of the method in this paper for large-size anomalies
and the suppression effect of phase errors, three different samples of large defects in the
annular metal turning surface are selected in this section to compare the detection effect of
the self-referenced template, mean grayscale template and the method in this paper.

Figure 13 shows the comparison experiment of large-size anomaly detection effect.
The figure shows that the direct use of the mean grayscale template works well for detect-
ing large-size anomalous regions, but phase interference is introduced; self-referencing
methods are effective in suppressing phase interference but have a low response for large
sizes, while also introducing erroneous responses in non-anomalous regions; the a-priori-
information-based and multi-scale self-referencing template algorithm proposed in this
paper combines the advantages of the mean grayscale template and self-referencing tem-
plate to ensure the detection of large-size anomalies while effectively suppressing phase
interference.
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Figure 12. The region growth end point 4 comparison experiment.
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Figure 13. Comparison experiment of large-size anomaly detection effect.

31



Sensors 2023, 23, 6807

4.5. Comparison of Commonly Used Unsupervised Anomaly Detection Methods

The algorithm in this paper is tested against three commonly used unsupervised
anomaly detection algorithms, CFLOW-AD, PatchCore and PaDiM, which perform well
in the MVTec AD dataset. Since the object processed by the algorithm in this paper
is a long expanded image, and the commonly used unsupervised anomaly detection
algorithms CFLOW-AD, PatchCore and PaDiM process images that are square, to compare
the performance of this paper with the above commonly used methods, in this part of the
experiment, this paper intercepts the expanded images as samples of equal length and
width to construct the comparison experimental dataset, as shown in Table 2.

Table 2. Comparison experimental dataset.

Number of Number of Test Set
Data Size (Pixels) Positive-Sample . _
Training Set Positive Sample Negative Sample
Groove 100 x 100 204 29 29
Thin-walled port 120 x 120 211 34 34
Valve seat 440 x 440 237 32 32

The programming environment of the algorithm in this paper is MatlabR2021b, and
the programming environment of the comparison algorithm is Python, and the experiments
are conducted in a Windows 10 system. The slave computer is configured with an Intel(R)
Core (TM) i5-11400F @ 2.60 GHz 2.59 GHz and a memory of 16 G. The model of graphics
card is an NVIDIA GeForce RTX 3060 with 12 GB memory.

Two evaluation indicators, AUROC and IOU, are selected. AUROC is a common
indicator in the field of anomaly detection and is used to evaluate the anomaly response of
each algorithm, which avoids the influence of subjective assumptions in threshold selec-
tion by summarizing the overall performance of the model under all possible thresholds.
The 10U indicator is used to evaluate the anomalous region segmentation capability of
each algorithm.

As can be seen from the Table 3, in terms of the Image AUROC and Pixel AUROC
indicators, this paper’s method achieves the optimal mean indicator for all three data.
In terms of the Image AUROC indicator, the advantage of this method is more obvious
compared with that of other methods. The reason for this is that this method has a higher
response score for anomalous regions based on the grayscale difference, but the response
score is not uniform over the same anomalous region. As a result, compared with other
methods, this paper is better in terms of the Image AUROC indicator but slightly stronger
in the Pixel AUROC indicator.

Table 3. AUROC indicator performance comparison.

Image AUROC Pixel AUROC
Item Algorithm . Mean X Mean
Groove Thin-Walled Port Valve Seat Groove Thin-Walled Port Valve Seat
1 CFLOW-AD 0.981 0.971 0.901 0.951 0.941 0.973 0.904 0.939
2 PaDiM 0.977 0.930 0.934 0.947 0.968 0.975 0.982 0.975
3 PatchCore 1 0.958 0.945 0.968 0.960 0.965 0.986 0.970
4 Ours 1 0.959 1 0.986 0.976 0.975 0.981 0.977

The goal of anomaly detection is to segment the anomalous region, and the AUROC
indicator more greatly reflects the divisibility of the anomalous region response score
obtained by the algorithm. The ease of partitioning of the anomalous region response
scores also needs to be considered when performing algorithm performance evaluation. In
this section, we compare the image-level mean IOU indicator M_IOU of the anomalous
region segmentation results of the method in this paper with those of other classical
unsupervised methods, and the experimental results are shown in Table 4.
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Table 4. M_IOU indicator performance comparison.

M_IOU
Item Algorithm - Mean
Groove Thin-Walled Port Valve Seat
1 CFLOW-AD 0.573 0.595 0.52 0.563
2 PaDiM 0.582 0.567 0.575 0.575
3 PatchCore 0.66 0.617 0.584 0.620
4 Ours (scoreg) 0.843 0.691 0.831 0.788

From the M_IOU indicator values in the table, it can be seen that the M_IOU of all
algorithms exceeds 0.5, indicating that the algorithms all have excellent anomaly segmen-
tation ability. Compared with the Pixel AUROC indicator, the advantage of this paper’s
method is more obvious in the M_IOU indicator. The reason is that the Pixel AUROC
indicator is affected by the area of the anomalous region; if the large anomalous region
is correctly located, the Pixel AUROC indicator is greatly improved, while if the small
anomalous region is incorrectly located, there is only a small decrease in the Pixel AUROC
indicator. However, when the IOU is counted from each image, and the mean value is
calculated, the effect of anomalous region size on the indicator is effectively overcome. The
experimental results further demonstrate the effectiveness of the method in this paper.

Some of the experimental results are shown in Figure 14. Comparing the anomalous
response results of the algorithms, the edges of the anomalous response region of the
commonly used unsupervised anomaly detection methods are fuzzy, and the anomalous
response region of this paper’s method is more precise, responding only to the anomalous
region and not to the non-anomalous region. From the segmentation results in the figure,
it can be seen that the anomaly detection method proposed in this paper achieves the
optimal anomaly localization results in contrast to Ground Truth. As shown in Figure 14b,g,
the method in this paper still realizes the complete segmentation of defects in the case
of an inhomogeneous anomalous response due to the segmentation strategy of region
growing. For large-size anomalous regions, as shown in Figure 14c,f,i, the response of this
paper’s method to the anomalous regions is more significant compared with that of other
comparison methods, and it avoids the problem of the response of the anomalous regions
not being significant. For small-size anomalous regions, as shown in Figure 14j, the method
in this paper still achieves good detection results based on the grayscale difference, while
the commonly used anomaly detection methods have a very low response (CFLOW-AD
and PaDiM) or no response (PatchCore).

In this paper, the operational efficiency of each algorithm is also analyzed. As shown
in Table 5, the image sizes processed by each algorithm differ slightly when speed tests are
performed due to the different input data sizes required by the different algorithms. In
terms of efficiency, the algorithm in this paper achieves the highest detection speed.

Table 5. Algorithm efficiency comparison.

Algorithm Data Input Size FPS
Groove 100 x 100 28.71
CFLOW-AD Thin-walled port 120 x 120 22.35
Valve seat 440 x 440 4.56
Groove 224 x 224 1.72
PaDiM Thin-walled port 224 x 224 1.58
Valve seat 224 x 224 1.89
Groove 224 x 224 0.55
PatchCore Thin-walled port 224 x 224 0.78
Valve seat 224 x 224 0.86
Groove 100 x 100 411.76
Ours Thin-walled port 120 x 120 276.51
Valve seat 440 x 440 17.73
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thin-walled port data. (g—j) are valve seat data. Each column in the figure corresponds to the results
processed by the original image, Ground Truth, and 4 detection methods, with anomalous response
results and final segmentation results shown under each detection method.

The experimental results in this section demonstrate that the algorithm in this paper is
suitable for annular metal turning surfaces with both good anomalous region segmentation
capability and high speed, while the algorithm in this paper has no excessive configuration
requirements for processing units and is easy to deploy for applications.

5. Conclusions

This paper focuses on solving the problem of anomaly detection in annular metal
turning surface in industrial application scenarios. In this paper, the imaging characteristics
of annular metal turning surfaces are utilized to unfold the annular region of interest into
a rectangular region, which reduces the amount of data processing and simplifies the
development of subsequent algorithms. This paper introduces statistical grayscale a priori
information, which effectively improves the detection of large-size anomalous regions.
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Through the acquisition of self-referencing multi-scale templates, combining the image’s
own information with the a priori information, the interference caused by contours and
large-size anomalous regions is effectively suppressed. The segmentation operation of the
response map using the region growing method improves the completeness of anomalous
region segmentation. Compared to existing unsupervised anomaly detection algorithms,
the method in this paper achieves the best average detection results in the three datasets
of groove, thin-walled ports and valve seat data. The experimental results show that this
method achieves a mean Pixel AUROC of 0.977, and the mean M_IOU of segmentation
reaches 0.788. In terms of efficiency, this method is also much more efficient than the
commonly used anomaly detection algorithms. The method proposed in this paper is
versatile for annular metal turning surfaces and has lower hardware requirements and
superior economics for industrial applications.

It is worth noting that the anomaly detection algorithm proposed in this paper is
mainly for annular turning surfaces with uniform grayscale, and the algorithm is not appli-
cable to objects with uneven grayscale in the expanded image, such as flange surfaces with
holes and gear end faces. The algorithm in this paper still relies on grayscale differences
and currently performs poorly for textural anomalies with very low grayscale differences
(e.g., rippling). In future research, we intend to incorporate texture information into the
development of the algorithm, as well to improve the detection of texture anomalies, and
we will also explore the optimization of the algorithm in this paper to accommodate objects
to be detected with uneven grayscale in the horizontal direction.
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Abstract: Typically, the quality of the bitumen adhesion in asphalt mixtures is assessed manually by
a group of experts who assign subjective ratings to the thickness of the residual bitumen coating on
the gravel samples. To automate this process, we propose a hardware and software system for visual
assessment of bituminous coating quality, which provides the results both in the form of a discrete
estimate compatible with the expert one, and in a more general percentage for a set of samples.
The developed methodology ensures static conditions of image capturing, insensitive to external
circumstances. This is achieved by using a hardware construction designed to provide capturing
the samples at eight different illumination angles. As a result, a generalized image is obtained, in
which the effect of highlights and shadows is eliminated. After preprocessing, each gravel sample
independently undergoes surface semantic segmentation procedure. Two most relevant approaches
of semantic image segmentation were considered: gradient boosting and U-Net architecture. These
approaches were compared by both stone surface segmentation accuracy, where they showed the
same 77% result and the effectiveness in determining a discrete estimate. Gradient boosting showed
an accuracy 2% higher than the U-Net for it and was thereby chosen as the main model when
developing the prototype. According to the test results, the evaluation of the algorithm in 75% of
cases completely coincided with the expert one, and it had a slight deviation from it in another 22%
of cases. The developed solution allows for standardizing the data obtained and contributes to the
creation of an interlaboratory digital research database.

Keywords: asphalt mixtures; adhesion; boiling water test; image analysis; surface segmentation;
gradient boosting; U-Net

1. Introduction

Throughout the world, paved roads are mainly constructed with asphalt or asphalt
concrete consisting of a mixture of stones and bitumen, which is an oil substance that serves
as a gluing component for stones. In order to ensure the surface robustness and prevent
the stones from detachment, it is crucial to establish a stable bond between the stones and
bitumen. In the case of pavement delamination, repair or repaving may entail substantial
costs. Hence, prior to approval of the bituminous mixture use, preliminary laboratory
tests are executed to determine its resistance to physical impact on a particular type of
gravel base.

For this purpose, two test methods, namely, the rolling bottle and boiling water tests,
are widely implemented [1]. The resistance of the bituminous coating to contact interaction
is tested by the rolling bottle method, whereas its resistance to temperature exposure and
water erosion is studied by means of boiling. After the experiments, the test samples are
subjected to an assessment of the residual bitumen adhesion.

Sensors 2023, 23, 9325. https://doi.org/10.3390/523239325 37 https://www.mdpi.com/journal/sensors



Sensors 2023, 23, 9325

Currently, the main assessment method involves visual analysis conducted by a group
of experts who independently determine discrete quality estimates for each stone in the
test sample based on visual analysis of the residual coating level. The resulting quality
assessment of the coating and the bituminous mixture is the product of averaging the
estimates, initially by sample and then by a group of experts.

The rolling bottle method provides a simpler visual analysis of residual coating level
in comparison with the boiling water method [2]. This is due to the fact that it only requires
consideration of the bare gravel area resulting from chipping of the bituminous coating.
When examining the stone surface after boiling, it should be noted that the results may
not be entirely conclusive, as the bitumen tends to detach unevenly. Its final thickness
in different areas can vary greatly, thereby affecting the assessment. In this regard, the
following four surface types are identified, which categorize certain ranges of bitumen
layer thickness based on their visual attributes and proportionate areas on the stone surface
(see Figure 1):

e  Bare gravel, which is the surface that lacks or has very little bituminous coating;

e Insufficient layer, which is the surface with a thin bitumen layer that allows the gravel
underneath to be visible or has very few patches of the coating;

e  Thin layer, which is the surface with the gravel base obscured by the bitumen layer
but with clearly visible relief;

e  Thick layer, which is the surface with the gravel base relief either completely invisible
or extremely smoothed.

Insufficient layer

Thin layer Thick layer

Figure 1. Gravel surface coating types. Average stone size: 3 x 2 cm. Average stone image size:
378 x 402 pt.
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However, the expert assessment method has a number of significant disadvantages:

Subjective assessments: There are no strict criteria for assigning a stone coating to one
or another assessment class; the assessment from one expert for the same stone may vary
at different times;

Slow assessments: To compensate for the subjective factor, an expert group is involved
for independent assessment, which greatly slows down the rate of obtaining results;

Insufficient assessments: During the expert assessment of a stone, only four core
quality estimates are distinguished: 2, 3, 4, and 5 with the possibility of assigning an
intermediate estimate, thus the stones are distributed by residual coating in seven classes.
Due to the subjectivity of the assessment, the distribution into a larger number of classes
appears to be extremely difficult. This makes it impossible to more accurately select
the emulsion mixture ingredients in the absence of Evident visible differences among
various samples.

The process automation removes the subjective factor from the assessment procedure,
provides a percentage integral estimate, and significantly accelerates obtaining a result.
Moreover, it allows standardization of studies across different laboratories. Our study
strives to devise a hardware and software system for automated quality assessment of
residual bituminous coating for testing by the boiling water method, capable of both
providing a discrete estimate comparable to the expert one and a more general integral
estimate of the coating.

2. Related Works

It is noteworthy that quite a few researchers in the emulsion mixtures field provide
automated visual assessment algorithms for residual adhesion after physical impact resis-
tance testing. As a rule, such an algorithm is divided into two stages: recognizing stones in
the analyzed image and semantically segmenting the stone surface.

The pixel-by-pixel filtering algorithm for selecting stones in the image is employed in
all the papers reviewed, wherein there are variations in the filtering method used: some
of them imply filtering regarding a stipulated background color value, whereas others
ascertain the background color boundary by scrutinizing the color component histogram.
As the rolling bottle test features in the majority of these studies, the surface is divided into
two classes: bare gravel and bitumen layer.

Kallén et al. [3] proposed a pixel filtering method for identifying stones in a picture.
This method defines pixels with a small Euclidean distance value to white as part of the
background and those with a large distance as stones. Subsequently, areas with identified
stones are filtered to remove potential classification errors. Stones that are too small or
possess significant differences between their area, as well as the ones with convex hulls, are
excluded from the analysis. In general, in order to solve the problem of surface semantic
segmentation, various approaches are utilized, from threshold filtering methods to deep
convolutional networks. Let us consider some of them.

In order to segment the stone surfaces into zones of bituminous coatings and bare
gravel, Killen’s team uses a graph-based segmentation algorithm, which includes the
image being represented as a graph with pixels as nodes. Each pixel has a connection to
each neighboring pixel, with a weight inversely proportional to the distance between these
pixels in color space. Additionally, each pixel has an edge with nodes of typical bituminous
coating and bare gravel colors. The edge weights are determined based on the proximity of
the pixel color to the typical color. Typical colors, in turn, were determined through the
clustering procedure by the k-means method on both completely bare stones and the ones
completely covered with bitumen. The segmentation of the stone surface is performed
through the procedure of removing faces from the graph until each pixel node of the image
has a connection with only one node of a typical color while minimizing the sum of the
weights of the removed faces.

In their further research [4] conducted in the same field, Kéllen’s group proposed
a much simpler and faster segmentation algorithm. By means of capturing photos with
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varying illumination angles, the minimum and maximum illumination values for each
pixel can be determined, and the difference between them can then be calculated. Two
sets of stones, one completely covered with bitumen and the other completely bare, were
used as samples to calculate histograms of distribution for intensity differences. These
histograms were then used to derive the probabilistic intensity distribution for the two
surface types. When analyzing the image of a stone based on these distributions, the proba-
bility of it having a bituminous coating is calculated for every pixel. The resulting quality
assessment of the coating for the stone is calculated as the mean of these probabilities for
all stone pixels.

Mulsow [5] employed akin methodology scrutinizing laser reflections from the stone
surfaces in his publication. The stones were laser-illuminated both horizontally and verti-
cally, and a composite image was then compiled. This image facilitated calculation of an
illumination histogram used for establishing threshold values that discriminate between
bare gravel and bituminous coating. Similarly, Kallen et al. [6] investigated the distinc-
tion between natural illumination analysis and highlight analysis on stone surfaces. This
approach is rooted in the fact that bitumen-coated surfaces tend to produce particularly
strong highlights. Previous research provided the basis for their conceptual development.

The identification of bare gravel areas through pixel classifications according to their
color characteristics is a commonly employed technique due to its straightforwardness. The
Image] program for image processing is frequently applied in such scenarios. For instance,
Blom and De Boek [7] used Image]J for image binarization by Otsu’s method, in which the
separation of two surface classes is made by the color intensity distribution histogram since
a black-and-white image of a stone is considered. In a similar manner, Lantieri et al. [8]
applied Image] to classify pixels according to their color characteristics in the YUV color
scheme. The surface division into bitumen and gravel is made via pixel filtering through
threshold values for each of the YUV’s components. Riekstins et al. [9] applied nearly the
same approach involving the use of Image]. The key distinction of their research lies in the
application of initial image processing methods, which imply enhancing hue, saturation,
and brightness. This, in turn, amplifies the contrast between the gravel foundation and
bitumen and increases the gap between them in the feature space, thereby simplifying the
separation process.

Trejbal et al. [10] proposed an entropy segmentation algorithm to segregate bitumen-
coated and uncoated stone zones. The algorithm evaluates surface smoothness using the
image local entropy estimate. The algorithm consists of three steps: filtering by intensity,
filtering by entropy, and smoothing. At the first step, the image is converted to grayscale,
after which a primary threshold filtering of background is performed. To distinguish
the pixels in areas with bitumen coating, it is necessary to take into account the texture
of the area in which the pixel is located. To perform this step, the authors propose to
calculate the local entropy for each pixel of the stone in a small radius neighborhood. Then,
the obtained values are normalized based on the maximum entropy for the stone. After
this step, threshold filtering is performed. At the final stage, the segmentation result is
smoothed using a Gaussian filter to eliminate local errors. High-entropy areas indicate the
bare gravel zone, whereas low-entropy areas indicate the bituminous coating zone.

Xiao et al. [11] described an algorithm to assess the residual adhesion of bitumen,
which was specifically tailored for boiling water tests. The authors compared images of
the gravel before and after the test procedure. In order to obtain a better assessment, an
additional image sampling was applied: the color space of each RGB component in the
image was represented as a union of consecutive non-overlapping intervals of a given
width (the authors used an interval of width 20). For each pixel, the values of its color
components were reduced to the mean value of the interval in which they fell. Thus, a
significant reduction in the color heterogeneity of stone surface areas belonging to the
same class was achieved, which simplified the segmentation procedure. Afterwards, the
main color options characterizing the gravel base were determined from the histogram of
the image of the original gravel. Accordingly, using these options, the number of pixels
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depicting bare surface in the image of boiled stones was determined, and the ratio of bare
gravel pixels to the number of all stone pixels was calculated. Although this method was
described specifically for the case of testing bitumen adhesion by the boiling method, the
proposed approach deviated slightly from the surface segmentation methods using color
characteristics that were applied in studies involving the rolling bottle technique. However,
it did not take into account the factor of thinning the bitumen film, rather than its complete
separation; as a result, the color characteristics of bare gravel could be greatly distorted.

In a study by A. Chomicz-Kowalska [12], residual adhesion was likewise explored
after the boiling water method, utilizing conventional surface segmentation. Although the
test stones were also segmented into two categories, the HSV color scheme was applied
instead of the RGB scheme used in Xiao’s study. An additional distinctive characteristic of
their methodology involved performing surface segmentation on both sides of the stones
being studied, with the final values of surface area classes being calculated using images
from both perspectives.

In the majority of the reviewed works that rely on threshold filtering, the thresholds
themselves are set manually by the researchers based on their perception, which signifi-
cantly reduces the objectivity of the method and the level of its automation. Moghaddam
et al. [13] applied the most complex approach, avoiding this disadvantage. After prepro-
cessing, the pixels in the image are grouped into clusters based on color similarity via the
k-means algorithm. A class and the mean value of the members of this class are assigned
to each pixel. Afterward, to determine whether each class belongs to bitumen or bare
gravel, a classification algorithm (SVM or decision tree) is applied to their averages. For the
training, average scores corresponding to the bitumen surface were prepared in advance,
and the average values for bare gravel were taken from the images before the test. Thus,
the algorithm needs to be pretrained for each run. This algorithm automates the coating
evaluation process for the rolling bottle method. However, as it is entirely based on using
the color characteristics of the gravel before testing and does not consider the surface relief,
this method can be ineffective for the boiling method application.

In his work [14], ZhenZhou Wang proposes a universal algorithm for segmenting
surface areas in an image based on the threshold filtering approach. In order to determine
the threshold values by which the image is segmented, the derivative of the slope difference
function of the intensity distribution is used. The original RGB image is converted to
grayscale, and a normalized intensity histogram is calculated for it. The resulting histogram
is then converted into frequency space via the Fourier transform method. The frequencies
are filtered then to retain only the very low and very high frequencies. After frequency
filtering, the histogram is inversely transformed back to the original intensity space. Then,
the histogram slope to the right and left of each intensity value is calculated. This is
performed by finding linear models through regression over N adjacent points on each
side. The difference in the slope coefficients of the constructed models gives the value of
the difference in slopes at a point. The extremum points are then found by calculating
the derivative function. The points where the slope difference function reaches a local
minimum are considered class separation points. They are selected as thresholds for
segmentation. The same algorithm is applied to calculate threshold values for the image
gradient map. Then, depending on the task, either segmentation by initial intensities,
gradients, or a combination of both are used as the final segmentation map.

Such methods can be further improved, for example, by a finer selection of threshold
values. In particular, ZhenZhou Wang et al. propose a method for flexible and robust
threshold selection based on the slope difference distribution [15]. The threshold is selected
based on the analysis of the peaks and valleys of the slope difference distribution. The
pixel classes are separated according to the parameters calibrated for each specific image
type. However, the method requires manual parameter adjustment and comparison with a
benchmark obtained for each type of image being studied.

One of the key drawbacks of the algorithms reviewed is that they segment the surface
into just two classes. While it is acceptable for the rolling bottle method, where the
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bitumen layer chips away, the process is unsuitable for boiling water tests, as their results
do not correctly represent the observed coating quality. Furthermore, the pixel-by-pixel
filtering relative to threshold values, along with the analysis of a single pixel on the surface,
disregards the surface relief. As a result, this method lacks the ability to accurately identify
areas with a thin coating layer. If it is necessary to take into account the relief of the
analyzed surface and some more complex interconnections between neighboring pixels,
it is advisable to employ more compound and advanced techniques of semantic image
segmentation. In particular, such problems are well solved by deep learning methods, as
shown by recent studies in the field of object detection and image segmentation [16-21].
Let us consider some state-of-the-art approaches.

A neural network with an encoder—decoder architecture is the dominant technique
in the field of semantic segmentation [22]. This deep learning architecture comprises
two major parts: an encoder and a decoder. The encoder converts the input data into
a compressed representation, also known as a latent space. The decoder then generates
the output data based on this compressed representation. The encoder and decoder are
jointly trained using error backpropagation to minimize the gap between the predicted and
actual outputs.

One of the key strengths of the CNN encoder—-decoder model is its capability to process
complex and multidimensional data, such as images and time series data. This is achieved
by using convolutional layers in both the encoder and decoder to extract the relevant
functions from the input data. Furthermore, employing latent space enables the model to
apprehend the main data patterns and interconnections, which can prove useful for tasks
like anomaly detection and data clustering.

The U-Net architecture is one of the most efficient and extensively utilized structures
employing this technique. It was firstly introduced in the paper [23] by Ronneberger et al.,
in which its effectiveness for semantic segmentation in biomedical data is demonstrated.

The principal drawback of the basic encoder—-decoder architecture is the problem of
positional information loss when overcompressing, which subsequently results in a decline
in segmentation quality during restoration to the original dimension. Therefore, the U-Net
architecture is a significant innovation that incorporates direct connections between the
encoder outputs and the decoder inputs at the same level. Firstly, this feature allows the
decoder to use positional information when restoring dimensionality, and, secondly, it
enables the usage of the convolution results and therefore the identified dependencies at
every encoder level.

In [24], Enshaei et al. presented a study showcasing the effectiveness of the U-Net-like
architecture in semantically segmenting material surface defects with varying material
textures. They compared the efficiency of defect detection on a DAGM dataset of textured
surfaces by two implementations of the U-Net architecture. The first model was the basic U-
Net version with the only change in the order of the normalization and activation layers. In
the second model, the max-pooling layer was replaced with a 3 x 3 convolution layer with
strides 2 x 2. According to the test results, the second model showed slightly better results.
It should be noted that this method is quite general and requires further development for
application to bitumen analysis problems.

The U-Net architecture is also widely used in road surface image segmentation prob-
lems. For example, Majidifard et al. [25] utilize the U-Net network to determine the
condition of pavements. To assess the deterioration of the asphalt, they perform localiza-
tion of the defected road area by the YOLO model and then apply directly pixel-by-pixel
segmentation of the defect by the U-Net model.

Similarly, Robet et al. [26] used a U-Net-based neural network to tackle the task
of semantically segmenting the roadway for pavement type determination and defect
detection. The specialty of the approach is that images for analysis are captured by a road
surveillance camera (the Road Traversing Knowledge (RTK) Dataset is used for training).
The neural network trained on this dataset made it possible not only to detect the road
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surface in the image but also to determine its type (asphalt, paved, and dirt) and to identify
elements on the road such as markings, tire tracks, patches, potholes, and puddles.

However, in addition to the neural network approach, other machine learning tech-
niques can be used in the task of semantic segmentation, which, due to greater simplicity
and a smaller number of parameters, allow one to achieve relatively good results in less
computing time [27,28].

One of these techniques is gradient boosting. It is an ensemble learning method that
combines several weak models to create a general model capable of describing complex
dependencies. The main intention of gradient boosting is to iteratively add new models to
the ensemble, whereas each new model corrects the errors of the previous ones. The use
of gradients, which are mathematical functions that describe how the model’s predictions
should be adjusted to minimize the total error, is crucial to this approach. At each iteration,
the gradient boosting algorithm first calculates the loss function gradient in relation to the
predictions of the current model. It then establishes the appropriate direction in which to
adjust the model’s predictions to minimize the error. The new model is adjusted to the
anti-gradient using a decision tree, correcting the previous model’s errors. The new model
is then added to the ensemble, and the process is repeated until the stop criterion is met.

The effectiveness of the gradient boosting algorithm is demonstrated by Dai et al. in
their paper [29], wherein they successfully solve the task of detecting an object in an image.
To achieve this goal, they perform several convolutional transformations with different
kernels over the original image, thus forming a matrix of additional features. The gradient
boosting algorithm (XGBoost) is then utilized to classify each image pixel as belonging to
either the background or target object. The advantage of using XGBoost is that gradient
boosting is more resistant to overfitting on small samples.

The algorithms considered provided the basis for the software component of the
device for automated quality assessment of residual bituminous coating.

Given the applied nature of the present research, we did not strive to compare all
known approaches to the image segmentation problem. Based on the analysis of modern
surveys [19-22], we have chosen the Fully Convolutional Networks (FCN) approach as the
most appropriate for the described problem. One of the most popular, relatively simple,
and effective options for the FCN architecture is the U-Net architecture, which was chosen
to implement semantic segmentation. In order to extend the study, XGBoost was chosen
as an alternative approach with sufficient generalization capability. For comparison with
“traditional” techniques of image segmentation, we implemented an algorithm based
on threshold histogram analysis as the most common approach in the field of residual
adhesion analysis.

Our contribution is as follows. We have developed an automated bituminous coating
quality assessment device that provides the required reproducible conditions for image
shooting and analysis. This eliminates the influence of light situation changes when
analyzing samples. As well, we have compared the two most common approaches to
image segmentation and identified their features with regard to the considered application
task. The most suitable segmentation method is refined and incorporated into the industrial
laboratory prototype.

3. Materials and Methods
3.1. Hardware and Software System Structure

As part of the research, a hardware and software system (HSS) was developed to
perform the basic determination of the adhesion level of bitumen to gravel, as shown
in Figure 2.
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(a) (b)

Figure 2. (a) Device diagram; (b) Implemented prototype.

The developed HSS has the following characteristics. The device has an aluminum
h519 x 394 x 445 mm frame (1). It is equipped with an internal cavity (2) for gravel samples
to be analyzed. On the front side of the device, there is a sliding tray for the analyzed
sample placement (3). The sliding tray has a hole for fixing the substrate (4), where the
loaded samples are located. In order to operate this device, the power button (5) and a color
LCD display (6) are located on the HSS’s front side. An Ethernet port on the back of the
device for connecting to a PC acts as a setup and debugging interface (7). A USB camera
(8) and a set of eight LED sources (9) are installed in the internal cavity of the device to
analyze the adhesion level of bitumen to a stone. An Nvidia Jetson Nano microcomputer
(10) is provided in the device to control the equipment and analyze samples. A three-pin
voltage supply connector is located on the back panel to power the HSS (11). In the sample
tray, there is a substrate marked, as shown in Figure 3.

(a)

Figure 3. (a) Substrate template, where 1 is the area for the samples, and 2 is the area for color

adjustment; (b) Samples placed on the substrate.

The samples are put in the zone of the largest circle, which is the sample location zone.
To be correctly processed, the samples must be placed as follows: the distance between
the samples should not be less than 5mm, and they should not cross the line of the sample
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location zone or be located outside this zone. To put the samples into the device, the
substrate containing the samples must be placed within a designated slot in a specially
designed tray.

The device has several operational stages:

1. Running a program: At this stage, the program displays a welcome message and
waits for the analysis start signal from the operator;

2. Hardware verification: At this stage, the program checks for camera connected to
the device and, when it is detected, proceeds to shooting images. If, after fifteen
seconds from the beginning of the transition to this stage, the camera is not detected,
the program proceeds to the results stage, displaying the camera absence error;

3. Shooting images: At this stage, the LED lighting is switched on alternately, and the
pictures of gravel samples put into the HSS are taken. Upon successful completion of
shooting at all illumination angles, the images are transferred to the processing stage.
If an error occurs during shooting, the transition to the results stage occurs with the
display of the shooting error;

4. Processing: This stage involves processing and analysis of the obtained images of
gravel samples in accordance with the specified requirements. If an error occurs,
the corresponding error message is transmitted to the results stage instead of the
analysis values;

5. Results: The stage includes displaying on the HSS’s screen the obtained analysis
values and images of stone samples in the outline in case of successful completion
of the analysis. If an error occurs at one of the described software operation stages,
the corresponding message is displayed on the HSS’s screen. In any case, this stage
displays a button to start a new analysis;

6.  Device shutdown: The device shutdown occurs when the power button is held for
several seconds while the device is operational. Its primary purpose is to confirm
the operator’s intention to shut down the device. In case of confirmation, the main
program is stopped, followed by the device logout and shutdown. Otherwise, there is
a return to the executed stage of the main program.

The following requirements are imposed on the software component of the HSS:

e Input data should comprise images of gravel samples within the inner cavity, captured
at various illumination angles;

e The software must determine the total number of stone samples present in the
input data;

e  For each found sample, the contours of the borders and a delineative rectangle should
be defined;
The adhesion level of each found sample should be analyzed independently;
The analysis results should be presented in both integral and discrete forms, using a
value that is applicable to all samples;

e Inaddition to the general values, the software tool should provide an image of the
analyzed stone samples in a special color outline.

3.2. Software Component Overall Structure

Consider the implementation of the HSS’s software component. It is represented by
a shooting module and an algorithm for assessing adhesion level. When the hardware
system is run, and the program is loaded, the user puts the tested sample of stones into
the device and runs the program through the user interface. Once the program is run,
the shooting module captures a series of eight photos of samples at different illumination
angles. The resulting images are processed by an adhesion assessment algorithm.

The adhesion assessment algorithm includes a stone detection module, a semantic
segmentation module, and a final classification module. These modules are run sequentially
and perform all the required image analysis steps (see Figure 4).
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Figure 4. Hardware system overall operation scheme.

Upon completion of the final classification module, each stone from the test sample
is assigned a discrete and integral (percentage) estimate. Then, the average integral and
median discrete estimates for the sample are calculated. Afterwards, the resulting values
are delivered to the user as final estimates of the adhesion quality in this sample.

The flow diagram for software operation is presented in Figure 5. The device is turned
on by briefly pressing the button on the front side. After the system starts, the operator can
select the analysis method (XGBoost or U-Net). Before starting the analysis, the operator
must open the loading tray, fix the substrate, place the gravel samples on it, and then close
the tray. To start the analysis, the operator should press the button on the LCD display, and
then the camera launches. If the camera is connected successfully, the analysis is carried
out automatically. The progress of the analysis is shown on the display. Once the analysis
is complete, the results obtained will be displayed. In case of an error, the corresponding
message will be shown. To shut down the device, the operator should hold down the
power button for a couple of seconds.

3.3. Stone Detection

The stone detection module is responsible for detecting all the stones in a photo series
to form a mask and a delineative square for each stone, followed by cutting it out of the
overall image.

Classical algorithms of the Canny operator [30] and Suzuki contour search [31] are
used for this task.

The Canny Edge Detection Algorithm is a widely applied boundary detection method
in computer vision and image processing. The algorithm comprises four main stages:
smoothing the image with a Gaussian filter, calculating the magnitude and gradient orien-
tation, suppressing non-maximal boundaries, and applying hysteresis threshold screening
to obtain the final boundary map.

A known limitation of the Canny algorithm is its sensitivity to color intensity gradients,
often leading to blurring in color areas. Shadowed regions, where the stone casts a shadow,
show black as the dominant color, thereby triggering blurring. To remove shadows from
the image required for stone detection, the maximum value for each pixel across all images
is calculated (see Figure 6).
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Figure 5. The flow diagram for software operation.

To improve the Canny filter operation, contrast enhancement is applied to the max-
imum image in order to increase the visibility of the blue component characterizing the
background, followed by the removal of all pixels with a dominant, relatively large blue
component (see Figure 7).

After these operations, Canny easily finds all the necessary stone boundaries
(see Figure 8).

Suzuki’s algorithm is a contour detection algorithm based on the Freeman chain code
used in computer vision and image processing, which represents the boundary of an object
as a sequence of directions. The algorithm first identifies the starting point of the contour
and then uses the Freeman chain code to follow the object’s boundary. The algorithm uses
a stack to track the current position and direction of the contour and an array of visits
to mark pixels already visited. If the algorithm encounters a pixel that has already been
visited, it returns until it finds an unvisited pixel and continues to follow the boundary
from there. When the contour is completely delineated, it is added to the list of contours.
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Figure 6. Example of the maximum for all frames.

Figure 7. Increased contrast and removed blue background.

Figure 8. The contour search algorithm is used for the boundaries obtained via Canny operator.
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As the algorithm does not provide any requirements for the number of stones in the
analyzed set, all possible contours are initially selected. Then, a contour with a maximum
area is selected, relative to which all other contours are filtered. A contour is considered
a contour of a stone if its area is at least 20% of the area of the largest stone. All other
contours are regarded as dirt on the substrate.

After filling in all the remaining contours, we get the resulting masks of stones
(see Figure 9).

Figure 9. Resulting masks of stones.

Then, a delineative square is determined for each stone by its mask, and this part of
the image is cut out of each photo. This set of images of the stone with the mask is passed
on to the semantic segmentation module.

3.4. Preparing a Dataset for Model Training

Training a neural network to achieve a high-quality result requires a sufficiently large
set of qualitatively marked up images in the training sample. Let us further consider
preparing a dataset for training and a neural network.

In this research, we use a dataset consisting of 300 stones. Each stone’s discrete
estimate was determined by an expert, and half of them were additionally categorized
by the surface types indicated in Figure 10. The surface types include areas of bare
gravel indicated in red, insufficient layers indicated in green, and thin layers indicated in
blue. Moreover, areas of the stone lacking a color mask were defined as the ones having
a thick layer.

Of the set of marked up stones, 70% was allocated as a training sample for the
segmentation algorithm, and the remaining 30% was allocated for a test sample. In such a
way, we get a fairly limited sample for training a deep neural network, which can easily
lead to the model retraining.

Accordingly, as an alternative approach, it makes sense to try a simpler machine
learning algorithm that would rely on the experience of existing research’s algorithms,
in which image segmentation primarily relied on the color characteristics of individual
pixels. To study the difference between the surface types under consideration (thick layer,
thin layer, insufficient layer, and bare gravel) in the color space, we construct distribution
histograms of color characteristics of stones across all images with a marked-up surface.

In order to view the image of the stone without strong distortions that arise due to the
illumination angle, 8 photos with different illumination angles are taken for each stone. To
eliminate the influence of excessive illumination, highlights, and shadowing, an aggregated
image is applied in the analysis. As the highlight on the bitumen surface introduces too
much bias into the average value, instead of simple averaging, 30% of the percentile is
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used to obtain an aggregated image. The image obtained by this aggregation method will
hereinafter be referred to as the average image.

(a)

(b)
Figure 10. Stone markup by surface types: (a) The original photo; (b) The marked-up image. Each

color represents regions belonging to the same class.

4. Experiment Results

4.1. Analyzing the Color Components in the Image

We consider the distribution of color components in the three most common color
spaces, specifically RGB (Figure 11), HSV (Figure 12), and YUV (Figure 13). If there are
significant differences in the distributions of color components for various surfaces, we can
conclude that the conditional classification by color components is sufficiently effective
and also determines the best color spaces to use.

Histograms of color components in the RGB scheme

Thick layer 565 Thin layer
0.05 ’ — Blue
0.025 — Green
0.04 — Red
0.02
0.03
0.015
0.02
0.01
0.01 0.005
0 0
0 50 100 150 200 250 (] 50 100 150 200 250
Insufficient layer Bare gravel
0.025 0.02
0.02
0.015
0.015
0.01
0.01
0.005
0.005
o 0
0 50 100 150 200 250 0 50 100 150 200 250

Figure 11. Histograms of color components in the RGB scheme.
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Histograms of color components in the HSV scheme
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Figure 12. Histograms of color components in the HSV scheme.
Histograms of color components in the YUV scheme
Thick layer Thin layer
Luminance
0.2 e —
—\/
0.15 0.15
0.1 0.1
0.05 0.05
0 0
0 50 100 150 200 250 0 50 100 150 200 250
Insufficient layer Bare gravel
0.12
0.06
0.1
. 0.04
0.06
0.04 0.02
0.02
0 0
0 50 100 150 200 250 0 50 100 150 200 250

Figure 13. Histograms of color components in the YUV scheme.

Based on histogram analysis, it can be concluded that each of the four surface types
has a distinctive distribution pattern for color characteristics. This is apparent mostly in the
HSV color scheme and least so in YUV. Intersections in the distributions are normal since,
with a sufficiently rough markup, zone parts of one type can affect zone parts of another
type. One of the most challenging aspects of intersections is the insufficient coating layer
since it very often delimits areas with another coating type.

It is worth examining the characteristics of the color component distributions in the
HSV space for various surface types, namely, the values of the median, lower, and upper
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quartiles (see Table 1). These values were obtained by averaging the values of a sample of
test images for samples of clearly distinguishable class of bitumen coating (see Figure 12).

Table 1. Statistical characteristics of color component distributions in HSV space for different
surface types.

Surface Type Lower Quartile Median Upper Quartile
Bare gravel 29,70, 51 56,90, 72 84,109, 96
Insufficient layer 41,59, 37 64,76,49 86, 96, 62
Thin layer 70,59, 23 86, 81, 34 98,104, 44
Thick layer 74, 62,14 92,97, 26 108, 127, 38

Table 1 shows that the value component is one of the most effective criteria for
separation. On the whole, we can conclude that it is possible identify suitable threshold
values for components, resulting in the satisfactory separation of sections with differing
surface types.

However, to attain higher quality segmentation, the algorithm should consider more
intricate pixel color dependencies with neighboring pixels, as well as the relief and high-
lights of the surface. In this instance, employing a gradient boosting algorithm represents
the optimal choice.

In order to select a suitable method for assessing the quality of bitumen coating,
we implemented three semantic segmentation methods, namely, threshold segmentation,
gradient boosting, and a U-Net-based neural network.

4.2. Gradient Boosting

According to the stone images received at the module input, a dataset of feature
vectors is formed, in which each vector corresponds to a specific pixel of the stone surface.
The features used for classification are presented in Table 2.

Table 2. The features used for classification in gradient boosting.

Feature RGB HSV
Value in the average image + +
Average value of the average image around the (15, 15) and (21, 21) pixels + +
Median value of the average image around the (15, 15) and (21, 21) pixels + +
Value in the minimum image + +
Average value of the minimum image around the (15, 15) pixel + +
Median value of the minimum image around the (15, 15) pixel + +
Standard deviation of the pixel component for all frames + +
Average value of the standard deviation for all frames around the (15, 15)
. + +
and (21, 21) pixels
Standard deviation value of the component of the average image around N
the (15, 15) and (21, 21) pixels
Maximum value of the average image around the (11, 11) pixel +

The gradient boosting algorithm implementation employed XGBoost. The model was
trained by combining datasets of feature vectors from all stones in the training set into a
single large dataset. A 10% validation sample was used to determine the best model by
selecting optimal hyperparameters through random search.

Random search grid parameters:

Tree depth in the [3, 14] interval;

Number of trees in the ensemble in the [50, 500] interval;
Training parameter: [0.1, 0.05, 0.01, 0.005, 0.001];

Tree subsample proportion: [1, 0.75, 0.5, 0.25];

Tree features proportion: [1, 0.75, 0.5, 0.25].
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Best model parameters:

Tree depth: 12;

Number of trees in the ensemble: 480;
Training parameter: 0.1;

Subsample proportion: 0.75;

Features proportion: 1;

Validation accuracy: 93.43%.

After classifying each pixel of the stone, a primary map of the surface type distribution
is obtained (see Figure 14a). To neutralize possible errors and smooth out the zone limits, a
median filter with a kernel (7, 7) is applied to this map (see Figure 14b).

(b)

Figure 14. The average image (a) and the final map (b) of the surface type distribution, where red is
bare gravel, yellow is an insufficient layer, blue is a thin layer, and green is a thick layer.

4.3. U-Net Architecture

Unlike gradient boosting, where the model analyzes the image pixel by pixel so that
it considers only the pixels belonging to the stone, a rectangular matrix must be input to
the convolutional neural network, i.e., in addition to distinguishing four surface types, the
neural network must also determine the background in the image. The average image is
used for the analysis.

The standard approach for semantic segmentation of different dimension images using
neural networks is to reduce images to the same size. However, in this case, a different
approach involves splitting the original image into tiles of the same small size, segmenting
all the tiles and then merging them into an image of the original size. This approach was
chosen in order to increase the training sample size to achieve better model generalization.

For the training dataset of stones, the average image sizes are (376, 403), so (128, 128)
was chosen as the one tile size. Firstly, this tile size enables the use of a neural network with
a relatively small number of parameters, and, secondly, it allows to significantly increase
the training sample size through synthetic instances obtained through rotation operations,
whereas the tile size is large enough to capture patterns of textures and relief of various
surface types.

As part of the search for the neural network optimal configuration, the following
parameters varied:

Compression depth: [2, 5];

Base number of filters: [2, 16];

Number of convolution blocks at the level: [1, 3];
Kernel size in the convolution block at the level: [2, 6];
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e Activation function used in the convolution block: [ReLU, Leaky ReLU, ELU, Sig-

moid];

Max pooling kernel size: [2, 4];

Training parameter: [0.0001, 0.1] with logarithmic progression.

In order to determine the optimal network configuration, a Bayesian optimization
algorithm was applied with a maximum number of 800 tested models and with 200 starting
points (see Figure 15).
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Figure 15. The final neural network architecture with the optimal configuration found.

MSE was used as a loss function to ascertain that not only does the surface type match
its true value but also that the falsely defined class is as close to the authentic one as possible
when misclassified.

To optimize the parameters, we applied the Adam algorithm with 50 epochs, a valida-
tion sample size of 10%, the possibility to initiate early stopping in the absence of MAE
metric improvement during validation, and a patience parameter of 5 epochs (see Table 3).

Table 3. The resultant error of the optimal found model in training.

Sample MSE MAE
Training 0.0307 0.0534
Validation 0.1112 0.1074

For the ten models with the highest quality obtained through Bayesian optimization,
further training has been carried out for an extra 1000 epochs, with a decrease in the training
parameter and the possibility of an early stopping with a patience parameter of 10 epochs.

At the output of the neural network, we get an assessment matrix of surface classes for
pixels in the tile. As the estimates obtained are real, in order to obtain a map of the surface type
distribution, after the tile merging procedure, the procedure of rounding values to integers is
applied to the complete matrix, as well as the truncation of estimates in the [0, 4] interval.

The final map is then smoothed using the median filter (7, 7), similar to the case of
gradient boosting (see Figure 16).
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Figure 16. The average image and the final map of surface type distribution. Green color indicates
thick coating; red—bare gravel; yellow—insufficient layer; blue—thin layer.

4.4. Comparison of Segmentation Accuracy

In order to perform an unbiased image segmentation quality assessment, the results
of the developed models have been compared with the accuracy in naive segmentation.
During this process, the entire stone surface is determined by one surface type for all
the stones in the test sample (see Tables 4 and 5). Metrics utilized include the average
segmentation accuracy of the test sample and the average absolute classification error.

Table 4. Naive segmentation results.

Surface Type Average Accuracy, % Average MAE
Bare gravel 1.86 241
Insufficient layer 14.36 1.45
Thin layer 24.86 0.77
Thick layer 58.92 0.59

Table 5. Model segmentation results.

Model Average Accuracy, % Average MAE
TS 49.79 0.68
XGboost 77.03 0.26
U-Net 77.04 0.27

Also, a simple and quick semantic segmentation method was implemented to compare
the results obtained with a widely used threshold segmentation approach (TS). It is based
on filtering pixels by a threshold value and is used in the majority of the reviewed works.
Therefore, we adapted the algorithm for image segmentation for all surface types under
consideration. In addition, we applied a number of known effective practices: image
analysis in the HSV [12], in which surface types are best separated, and the use of additional
image sampling [11], in order to simplify the task of component filtering of image pixels.
The implemented approach includes the following steps:

Converting all frames from RGB to HSV;

Determining the mean of the image for H and V components;

Sampling the image into areas of width 20;

Partitioning the stone surface into regions where gravel surface is not detected
(class 1) and where gravel surface is detected (class 2) based on comparison with
threshold values;
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e  Partitioning the regions of class 1 into areas with insufficient coverage and bare gravel;
e  Partitioning the regions of class 2 into areas with a thick and thin layer of coating.

The threshold values of H and V components were determined on a training set
of images with a marked surface. For each stone, the optimal values for dividing the
zone were determined according to the rule described above from the point of view of
maximizing the Kullback-Leibler divergence. Then, the obtained threshold values were
averaged over all stones.

It is apparent that both XGboost and U-Net demonstrate comparable results, sig-
nificantly better than naive segmentation and TS. The U-Net shows marginally superior
precision in identifying surface types, but XGBoost deals with surface type classification
errors better than U-Net.

4.5. Final Classification Module

Having passed the semantic segmentation module, the final distribution map of the
stone surface types is transferred to the final classification module. Here, the areas of each
surface type are calculated in relation to the total area of the stone.

The integrated (percentage) quality assessment of the stone coating is calculated as a
weighted sum of data:

R = (0.2Weak + 0.5Thin + Thick) x 100, 1)

where R is an integral estimate, Weak is an insufficient layer relative area, Thin is a thin
layer relative area, and Thick is a thick layer relative area.

For identifying the discrete estimate of the stone coating, in order to simulate the
expert’s logic while determining the estimate and prevent retraining, a classifier based
on a decision tree is used, with a maximum depth of 5 and with a minimum number of
7 elements in the list. The features in the classification of a stone are its values relative to
the surface type areas.

All stones with marked up surfaces are utilized to train the classifier for
discrete estimates.

The final test studied the correspondence of discrete estimates of stones determined by
the algorithm to expert’s discrete estimates for all stones in the sample. The results obtained
using the XGBoost and U-Net segmentation models, as well as threshold segmentation, are
compared (see Table 6).

Table 6. Comparison of test results.

Metric TS, % XGboost, % U-Net, %
Accuracy 62.96 75.56 73.7
Estimates less than the expert one by 0.5 12.59 12.22 15.19
Estimates greater than the expert one by 0.5 15.19 9.63 7.78
Estimates less than the expert one by 1 2.96 1.11 0.74
Estimates greater than the expert one by 1 5.56 0.74 1.11
Estimates that differ from the expert one by more 0.74 0.74 1.48
than 1
MAE 0.239 0.139 0.156
Maximum deviation of the estimate 2.5 15 15

As can be seen from the results, the accuracy of a simple threshold segmentation is
significantly lower. Approximately in 8.52% of cases, the TS method assigns a stone to
a different class relative to expert assessment. The main disadvantage of this algorithm
is that, due to the classification of an isolated pixel, it disregards the surface topography.
Therefore, it is not able to qualitatively distinguish the class 5 and class 4 (among the errors
with overestimation of stone, the share of class 4 is 53%). In both cases, the surface of the

56



Sensors 2023, 23, 9325

stone is completely covered with bitumen, but there is a difference in layer thickness. This
can be significant when industrially testing samples of asphalt mixtures.

Assessing the quality of the developed solution, it can be concluded that when using
the XGBoost-based segmentation model, the algorithm shows better results, compared
with U-Net, although the difference in quality is negligible. The XGBoost-based model
is more likely to overestimate the stone value, whereas U-Net tends to underestimate it
more frequently.

Generally, the algorithm’s estimate coincided with the expert’s one in over 70% of
cases. In an additional 22% of cases, the algorithm’s estimate differed from the expert’s by
only 0.5 points, which falls within the threshold value. The algorithm’s estimate differed
from the expert’s one by more than 1 point in only 2% of cases, with the maximum error of
1.5 points. Therefore, a stone with an expert estimate of “5” has never received an algorithm
estimate of “3” or lower, and vice versa.

4.6. Performance Analysis

During image processing, the algorithm combines the received images into one, seg-
ments the bitumen samples in the combined image, and processes each region of the
segmented samples individually. As the developed HSS has restrictions on the hardware
installed, the running time of the algorithm varies depending on the properties of the set
of samples under analysis. To reveal dependencies between the algorithm’s performance
and the parameters of the samples, some tests on gravel of various numbers and sizes have
been carried out. For the experiment, sets of 1, 3, and 5 gravel samples were used. For
each sample size, five sets of available samples were applied. Before running tests for a
new sample size, the application was restarted. Also, for each sample, the experiment was
averaged over three runs. For the test, random samples of various sizes were used (see
Figure 17). The average operating times of the algorithm are given in Table 7.

Figure 17. Sets of samples.
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Table 7. Average processing time.

. Combining Search for Stone Masks, Surface Analysis, .
Set Size Total Time, s
Images, s Average by Sample, s Average by Sample, s
1 0.8 3.62 59.28 63.88
3 0.8 3.22 56.09 172.74
5 0.8 3.18 38.94 198.92

The results show that the operation of combining images and searching for stone
masks takes approximately the same time. However, due to the performance degradation
after initializing the XGBoost model on the prototype, there was an increase in processing
time. In addition, the impact of the initialization of the XGBoost model on the execution
time of the algorithm is noticeable. The experiment showed a great variability in the time
of individual processing of stones in the sample: from 22 s to 75.9 s. It should be noted that
as the number of samples in a set increase, the processing time for an individual sample
decreases slightly due to the peculiarities of initialization and testing of the model. Analysis
execution time is affected by throttling of the device’s CPU after the XGBoost model
is initialized.

5. Conclusions and Further Development

The adhesion properties of bitumen determine the quality and durability of road
surfaces. According to existing practices, they are determined subjectively by experts,
which entails known disadvantages. The aim of this work was to develop a methodology
able to replace the human in assessment of bitumen quality regardless of the conditions
under which the analysis is performed. For this purpose, hardware that “works out of
the box” was developed, facilitating sample processing without requiring preliminary
preparation and configuration.

To ensure the assessment accuracy, two versions of semantic surface segmentation
algorithms have been developed by the authors. After comparing the results, it is evident
that the gradient boosting approach outperforms the U-Net architecture for the purposes
of the research. In general, both algorithms show a fairly high coherence of their estimates
with expert discrete estimates. The significant discrepancy (error in determining the class
of the sample) with the expert’s assessment was less than 2%.

A possible explanation for the reason why the U-Net architecture has shown worse
quality compared to the gradient boosting method is the insufficiency of the training
sample, from which the model fails to extract general patterns. Therefore, the most straight-
forward and evident direction for further development is to increase the number of marked
up samples.

Another important direction of research is the reduction in image processing time. As
this work is devoted to a laboratory prototype, the main requirement for it is the accuracy
of assessing the quality of bitumen coating, expressed in approximation to expert assess-
ment. At the same time, sample processing time was not a key requirement. With further
development of the proposed methodology, a conveyer analyzer can be implemented
with greater computing resources, parallelization of calculations, and optimization of
calculation time.

It should be taken into account that the thickness of the covering bitumen layer is a
significant factor in the expert evaluation, against which the accuracy of the developed
algorithms was assessed. A significant contribution of our work compared to binary
classification of the known methods is that the developed solution is capable of classifying
the gravel samples considering the thickness of the covering bitumen layer. It is also worth
noting the general differences, both in terms of hardware implementation (number of
images, shooting angle, and distance to the lens) and in the methodological part (calculating
the accuracy of clustering for all stones in the image or for each one separately and the
number of stones in the image, as precise surface classes have been formed). Unification of
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these conditions allows us to implement a more sophisticated methodology that makes our
developments applicable at the industrial level.

The authors have developed and registered a patent for a hardware and software
system and a methodology for automated assessment of the adhesion of bitumen to gravel.
These developments may further lead to the establishment of pavement durability and
quality standards. Our methodology minimizes testing errors and can be used to create
a database of bituminous mixtures tests. In addition, the developed methodology allows
standardizing the data obtained and contributes to the creation of digital research database
compiled of various sources. If the HSS application is successful, we will consider its
launch into mass production. Incorporating the developed solutions into existing adhesion
level test standards may result in improved primary tests for asphalt quality.
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Abstract: Automated optical inspection (AOI) plays a pivotal role in the quality control of contact
lenses, safeguarding the safety and integrity of lenses intended for both medical and cosmetic
applications. As the role of computer vision in defect detection expands, our study probes its
effectiveness relative to traditional methods, particularly concerning subtle and irregular defects
on the lens rim. In this research study, we propose a novel algorithm designed for the precise
and automated detection of rim defects in contact lenses called “CLensRimVision”. This algorithm
integrates a series of procedures, including image preprocessing, circle detection for identifying lens
rims, polar coordinate transformation, setting defect criteria and their subsequent detection, and,
finally, visualization. The method based on these criteria can be adapted either to thickness-based or
area-based approaches, suiting various characteristics of the contact lens. This approach achieves
an exemplary performance with a 0.937 AP score. Our results offer a richer understanding of defect
detection strategies, guiding manufacturers and researchers towards optimal techniques for ensuring
quality in the contact lens domain.

Keywords: contact lens; computer vision; automatic optical inspection; defect detection; image processing

1. Introduction

Contact lenses, medical devices intended to be worn on the cornea, have revolu-
tionized the world of ophthalmology and vision correction [1,2]. Their use has grown
substantially over the years due to their convenience and advancements in materials and
design [3-5]. Ensuring the safety and effectiveness of these lenses is crucial, not only to
provide optimal vision but also to prevent potential eye-related complications [6,7]. One of
the critical aspects for ensuring the quality of contact lenses is the detection and elimination
of defects, particularly in areas that have a direct interface with the eye [8-10].

The rim area of a contact lens is particularly sensitive as defects in this region can lead
to discomfort, tear film disruption, or even potential injury to the ocular surface. Traditional
methods for defect detection, such as manual inspection, may not provide the necessary
sensitivity or specificity needed for accurate and efficient quality control at an optimal
cost and in an optimal time frame [11,12]. The size of a contact lens is very tiny relative to
the human body. It must be in a proper liquid, comfortable, visible, transparent, soft, and
curved. These are challenges for the quality control process of the product, which has strict
criteria for its use in humans.

In recent times, with the advent of the computer, there has been a paradigm shift in
how inspections are conducted in various industries [13-18]. Automated defect detection
systems have demonstrated high levels of accuracy and consistency, surpassing human
capabilities in certain cases. However, the unique challenges posed by the transparent
nature of contact lenses and the subtle tiny defects that can arise in the rim area require a
specialized approach.
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This paper introduces a novel algorithm tailored for the robust and accurate detec-
tion of defects in the rim area of contact lenses. Leveraging advanced image processing
techniques combined with mathematics and statistics, this system aims to offer superior
detection capabilities, ensuring higher quality and safety standards for contact lens users
worldwide. We focus on this area because it directly interacts with the rim of the human
eye, making it crucial for the wearer’s comfort. Defects, such as burrs, can cause irritation to
wearers. Figure 1a,b illustrate examples of a clear lens and a colored and patterned contact
lens edge with some defects and a lack of smoothness from our real dataset. This kind of
defect is called a burr, which refers to a small, unwanted, and often sharp-edged or -ridged
material that can form on the surface of a workpiece as a result of various machining or
manufacturing processes. In the yellow box, display a larger view of samples showing
defects in the rim area of both transparent and patterned contact lenses.

.LI'

(a) (b)

Figure 1. Sample defects on edge of contact lens. (a) Clear contact lens; (b) Colored and patterned
contact lens.

Our paper’s contributions are as follows.

e  We proposed a novel image-processing-based algorithm to detect burr defects on the
rim of contact lenses.

e  We applied this comprehensively using mathematics and statistics to a computer
vision algorithm.

e  We presented information relevant for manufacturers and researchers in the contact
lens sector, providing them with insights and methodologies that can be directly
applied to improve quality control automation processes.

2. Background

Contact lenses are intricately designed medical devices that require the utmost pre-
cision during manufacturing. Defects, even if minute, not only compromise the wearer’s
visual clarity but also their safety. Over the years, ensuring defect-free lenses has been a
priority, with multiple quality control methods put into place.

Historically, the contact lens industry has relied heavily on manual inspection methods,
in which trained professionals visually inspect each lens under magnification. While this
method has the advantage of human intuition, it is time-consuming and susceptible to
inconsistencies and errors, especially when dealing with vast production numbers.
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2.1. Quality Control in Optical Industry

In the realm of optical products, such as contact lenses and camera lens glasses, main-
taining a high level of quality control is paramount to ensuring optimal transparency [7-9]
and visual performance, as Rebsamen et al. stated [19]. While defects in optical products
can occur, quality control systems are in place to assess whether the detected defects meet
the acceptable criteria. It is important to note that different areas within the same product
may have distinct criteria for evaluation [20].

For contact lenses specifically, quality control standards are outlined in ISO 18369-1:2017
and contact lens fundamental requirements in ISO 14534:2015 [19]. These standards not
only address the overall quality control requirements but also delve into the criteria and
responsibilities for the different areas of a contact lens. Adhering to these standards ensures
that the quality of contact lenses aligns with established guidelines and contributes to
the overall reliability and safety of these optical products. The most inner circle zone is
called the center optical zone, Zone 2 is called the rim optical zone, and Zone 1 is called the
rim connected zone. In our research, we will solely focus on Zone 1 as it is the area most
sensitive to the user’s safety and the area we use to develop our algorithm for the detection
of edge defects.

2.2. Computer Vision for AOI of Contact Lenses

AOl is being used to shorten the process of the mass production of lenses in terms of
minimizing the presence of defective products. There are several techniques and combi-
nations inside the AOI sector. In the context of contact lens defect detection, Chang et al.
use computer vision algorithms to utilize edge points to calculate the distance from the
center and employ a radius abnormality function [21]. This approach involves computing
the distance between the radii of adjacent parts of the circle and evaluating the absolute
difference. Finally, the radius abnormality function is applied by defining an offset thresh-
old. However, during the actual experimental setup, there may be situations in which
the contact lens is not properly placed in the contact lens holder (we will explain this
in Section 3.1), leading to an uneven thickness along the circular rim of the contact lens
(we will discuss this in Section 4.4.1). This scenario motivates us to further develop the
algorithm to accurately detect defects even under such circumstances, a consideration that
Cheng et al. may not have considered.

After scoping the contact lens area, the next step is to use image processing methods
to effectively detect and assess defects in contact lenses, which can contribute to overall
quality control. The utilization of computer vision algorithms enhances the efficiency and
accuracy of the AQOI process for contact lens production. The following image preprocessing
and computer vision techniques make the defect clearer and more accurately detected.

Image Processing Techniques

e  Color space and morphological operations can extract information as compared to
intensity or HSV color-space-based segmentation, as Dumitru Dan Burdescu et al.
proved in their research [22]. The HSV (hue, saturation, and value) color space is
utilized for color-based object segmentation. The hue channel represents the color
category, while the saturation ranges from unsaturated to fully saturated levels. The
value channel conveys the color intensity. Morphological operations, such as erosion
and dilation, modify images using a structuring element [23-25]. Hasan et al. use mor-
phological operations and prove that this technique can detect the edge of objects [26].
Moreover, the usage of erosion reduces noise and isolates elements, while dilation
merges dissimilar elements and detects irregularities.

e Polar Coordinate Transformation: The conversion of Cartesian coordinates (x, y) to
polar coordinates (r, ) has various effects and facilitates specific image processing
tasks. This transformation is useful for radial distortion correction, circular pattern
analyses, and the transformation of images into a polar representation. The open
library from CV2 [27] that supports this algorithm is Warp polar [28].
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e  C(Circle Detection: The algorithm aims to identify the best-fit circle that matches a given
set of points. A circle in 3D space can be represented using a parametric equation,
involving the center, radius, normal unit vector, and perpendicular vector. These
parameters provide a comprehensive description of the circle in three-dimensional
space. Ramlee et al. use circle detection to detect outliers in their research [29,30],
which is similar to our aim to detect burr defects on the circular edge of contact lens.

3. Experimental Setup
3.1. Concept of Machine Design

This section outlines the procedural steps for configuring the traditional physical
design of a contact lens. The automated optical inspection (AOI) system is designed to
capture high-resolution images of contact lenses and emphasize detailed visualization of
defects. The setup design is shown in Figure 2a. First, to set up the camera, position it
facing downward from the top of the inspection holder. Second, set up the base, which
contains the contact lens in a liquid. The container must be transparent and placed beneath
the camera. Third, since contact lenses are transparent objects, a specialized photographic
approach employing backlighting is crucial. A backlight is placed at the bottom of the
inspection base to illuminate the object of interest and reveal all the necessary details for
the camera to capture. In our study, we adopted a traditional approach inspired by the
design of this contact lens AOI machine. Our camera placement was carefully calibrated
to enable surface imaging, while backlighting was used to detect irregularities or foreign
substances. The design of this apparatus draws from the work of Jin et al. [31,32], who used
cold cathode fluorescent lamps (CCFLs) as a light source to illuminate a glass ribbon placed
perpendicular to the vertical axis. The image was then captured using a CCD camera. The
physical arrangement in our experiment is presented in Figure 2b. This equipment was
designed and built by Intelligent Robotics Lab, Department of Mechanical Engineering,
National Taiwan University of Science and Technology.

camera

liquid

Contact lens holder

Contact lens

Back light

(a) (b)

Figure 2. Design of contact lens AOI system. (a) Setup design; (b) Physical setup.
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After setting up the station and successfully capturing images of an adequate quality
for the experiment, the next step involves performing the experiment on a processing unit.
For this experiment, we utilize a computer with the following specifications: an Intel®
Core™ i9-10900X CPU running at 3.70 GHz, an RTX 1080Ti 11 GB GPU, and 16 GB of RAM.

3.2. Dataset

This dataset serves as the foundation for testing the novel algorithm using image
processing approaches. Our objective is to assess the inherent learning capabilities of
algorithm using raw images alongside evaluation of their corresponding labels. The raw
images we use for training and evaluation are 5472 pixels in width and 3648 pixels in
height. The original set of contact lens samples comprised 60 lenses; 3 images for each were
captured, producing a total of 180 original images as shown in Figure 3.

(a) (b)

Figure 3. A sample of contact lens. (a) Original image; (b) Labeled image.

The dataset was composed of two types of contact lenses: a clear contact lens and
colored and patterned contact lens, which are shown in Figure 1a,b, respectively. Trans-
parent contact lens has 12 pieces and colored and patterned contact lens has 48 pieces
in the dataset.

We prepared the dataset for evaluation metrics by labeling the defect area of each
image. The labeled defects are shown in Figure 3. In each image, the defects are labelled in
details in the green boxes. The objective is to decrease high variation in detection results’
aspect ratio and size. Examples of the original field of view (FOV) and an image with the
visualized labels are shown in Figure 3a,b, respectively.

3.3. Evaluation Metrics

In this section, we introduce key evaluation metrics that play a pivotal role in assessing
the performance of our object detection model. These metrics provide valuable insights
into the accuracy and completeness of object localization and identification, which are
fundamental aspects of our research.

e Intersection over union (IoU) is a critical metric in object detection, quantifying the
degree of overlap between predicted bounding boxes and ground truth bounding
boxes. It is calculated as the ratio of the area of intersection between the two bounding
boxes to the area of their union. IoU serves as a measure of the spatial alignment
between the predicted and actual object locations.

e Precision measures the proportion of true positive predictions out of all positive
predictions made by the model. In our context, it assesses how many of the objects
our model detected are genuinely correct.

65



Sensors 2023, 23,9610

e  Recall measures the proportion of true positive predictions out of all actual objects
in the dataset. It evaluates our model’s capability to identify all relevant objects
in the images.

e  Mean average precision (mAP) is a comprehensive metric that combines precision and
recall across a range of IoU thresholds. It provides a single scalar value to gauge the
overall performance of our object detection model. mAP is particularly valuable when
we need to compare our model’s performance against various benchmarks or evaluate
its effectiveness across different scenarios. In the context of our research, the dataset
exclusively comprises a single class of objects. Consequently, we have opted to utilize
average precision (AP) as the primary evaluation metric. AP offers a robust means
of assessing the precision/recall trade-off and model performance and is particularly
well suited for single-class object detection scenarios.

In the subsequent sections, we will delve into the methodology of our experiments,
the datasets used, and the results obtained, all of which are pivotal in demonstrating the
effectiveness of our approach.

4. Methodology

This chapter explains the concept of CLensRimVision algorithm to detect defects
on the edge of the outer circle of the contact lens. ClensRimVision algorithm comprises
two main components: the offline process and the online process. The term “offline process’
refers to the setting of parameters which must be fully established prior to implementation
or production. We use ‘offline’ to emphasize that these preparations are essential and
must be completed beforehand. Conversely, the ‘online process’ pertains to the actual
implementation of the algorithm, specifically for defect detection on a production line. The
workflow of ClensRimVision algorithm is as shown in Figure 4. In this proposed algorithm,
we integrate both basic image processing methods and our designed methods within the
overall workflow. The description of basic image processing is provided in Section 4.1,
Section 4.2, Section 4.3, Sections 4.4 and 4.5. However, the sequence for connecting each
method is determined and arranged by us. This arrangement has been proven to guarantee
the desired output results and performance of our experiments. The innovative part that
can significantly increase our chance to fulfill our objective, as explained in Section 4.4,
constitutes the core idea of this research paper. The sequencing of the system workflow is
also a significant aspect contributing to the innovation of this research. Each step in the
workflow plays a crucial role in enhancing the results of the preceding part, as it serves as
the input for the subsequent stage.

In the offline process, various parameters are carefully configured to optimize the
performance of the defect detection algorithm. During implementation, images of the
contact lens may be captured under different settings, such as various methods of capture,
lighting conditions, distances, and more. Therefore, proposing an algorithm that can
dynamically adjust parameters according to different settings is essential. This entails
setting parameters for three key aspects: image preprocessing, circle detection, and defect
detection, as shown in Table 1. These parameters are predetermined and serve as the
foundation for the defect detection system. In the online process, the algorithm utilizes
the configured parameters to analyze and detect defects on the edges of contact lenses.
This is achieved through the application of image processing procedures and the proposed
algorithms. The online process takes input images or a combination of computer vision
modules as input and performs defect detection based on the configured parameters from
the offline process.
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Table 1. Parameters in offline process.

Sections Parameter Name Domain Default
H color space range 0to 180 0to 180
S color space range 0 to 255 0to 18
Image processing V color space range 0 to 255 197 to 255
Morphological Dilate 0 to 30 5
Morphological Erode 0to 30 5
Size of radius circle in range integer 1200 to 1350
Circle detection Center circle position (x, y) in integer (2010,1050)
Max area of a contour integer 50,000
Size of separated image 0 to 200 10
Number of images above 15 to 100 50
Number of images below 15 to 100 50
o Extended thickness pixel criterion (thickness based) 0to 30 >3
Criterion Shrink thickness pixel criterion (thickness based) 0to 30 >3
Extended area ratio criterion (area based) 0to3.0 >0.1
Shrink area ratio criterion (area based) 0to3.0 >0.1
Factor of SD to average 0to3.0 0.5

Furthermore, the algorithm’s workflow comprises five main execution steps as follows:

1.  Image Preprocessing: This step is responsible for adjusting and preprocessing the
input contact lens image to convert it into a contour image, highlighting the rich
details and essential components within the image. In Figure 4, labelled “Input
shows the input image of ClensRimVision algorithm, and labelled “1” shows the

output of the Image Preprocessing step.

2. Circle Detection: This step focuses on detecting the area and coordinates of the circular
contact lens within the input image. The red circle in Figure 4, labelled “2” shows

output of Circle Detection step.
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3. Polar Coordinate Transformation: This step focuses on the transformation from
circular to linear forms, stemming from the circle detection step. In Figure 4, labelled
“3” shows image after Polar Coordinate Transformation is applied, and in the red box
shows the region of interest for the algorithm.

4. Defect Detection: This step focuses on detecting defects at the rim area by using
linear image. In Figure 4, labelled “4” shows defects in the object by printing red area
in the image.

5. Visualization: This step focuses on visualizing the defects by reversing polar coordi-
nate transformation and marking the results. In Figure 4, labelled “5” shows result of
detecting defects in the original image aspect.

4.1. Image Preprocessing

We employ image processing to refine and enhance the input image, making edges
sharper and more readily detectable by the circle algorithm. This enhancement utilizes
two primary functions in image processing: firstly, the HSV color space, and secondly, the
morphology method.

A color space is a multidimensional system by which colors can be represented,
usually within three or more dimensions. Each dimension corresponds to a distinct color
component. Recognizing the differences between various color spaces is pivotal in image
processing, as the chosen color space can profoundly influence tasks such as segmentation,
representation, and image manipulation.

Morphological image processing focuses on the shape or morphology of features
within an image. Rooted in set theory, this method provides tools for extracting components
of an image that are instrumental in describing and representing region shapes, like
boundaries, skeletons, and the convex hull. The primary applications of morphological
processing include noise reduction and sealing the contour of the circular edge of contact
lenses using two core operations: dilation and erosion.

Thus, our image preprocessing involves using the HSV color space to filter and pin-
point the section within our desired color range as in Figure 5, which, in this context, is
the rim of a contact lens. Subsequently, morphological image processing is employed
to minimize noise and seal the circular rim of the contact lens. Following this prepro-
cessing step, the algorithm identifies the image contours and progresses to the subse-
quent phase: circle detection. The final image then undergoes the image processing polar
coordinate transformation.

Image processing Find contour and filter contour Select contour and circle detection

Limit filter area
lower than 320,000 pixels

Using least square to find the lowest
distance from the preset circle to
select the contour.

Preset parameters (HSV, erode, dilate)
applied to this process

Figure 5. The workflow of image processing and circle detection steps.
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4.2. Circle Detection

In this study, we opted for circle regression due to its efficiency and robustness
to noise, enabling us to efficiently detect circular objects in complex, cluttered images
without the need for extensive parameter tuning, thereby streamlining the image analysis
process [27,33]. In this section, the input of this step is the list of contours from the first
step. The algorithm needs to pick the rim contour by first filtering the size of the contour
lower than parameter named “Max area of contour” which can reduce many contours
from noise and container part; secondly, by selecting the final contour by using the least
squares equation compared to parameters including “size of radius circle in range” and
“center circle position”, as shown in Figure 5; and then finally, by obtaining a very accurate
circle parameter to be able to continue to the next part, which is the polar coordinate
transformation. We use circle regression to fit the points from the contours. Circle fitting
refers to the problem of finding a circle that best fits a set of data points with the least
squares method. This method can be employed in a variety of scientific and engineering
contexts, such as computer vision, robotics, and metrology.

Given a set of data points (xj, y;), the general equation of a circle is as follows:

(xi—a)’+ (y;—b)* =17 (1)

where (a, b) are the coordinates of the circle’s center and r is the radius of the circle.

For the circle fitting, the goal is to determine the values of a, b, and r that minimize the
sum of the squared distances or error between the data points and predicted circle. In this
paper, we used linearization method to solve the circle fitting by starting with the standard
circle question in Equation (2).

x>+ y2 +Dx+Ey +F=0 @)
with
D= -2a ©)
E=—2b (4)
F= a?+b* -2 (5)

Solve Equations (2)—(5) to find a, b, and r and perform a least squares linear regression
to fit the equation.

4.3. Image Processing for Polar Coordinates’ Transformation

The purpose of this section is to transform the circle image to a linear image. The
polar coordinate transformation discussed in this section applies different geometrical
modifications to 2D images. While they do not alter the actual content of the image, they
reshape the pixel grid and project this reshaped grid onto the output image. To ensure the
best quality and avoid any distortion, the projection is carried out in the opposite direction:
from the output back to the input. This means that for every pixel (x, y) in the output
image, the functions determine the respective original pixel in the input image and transfer
its value. The linear image can apply one-dimensional window sliding, with the optimal
computation cost of the algorithm for calculating information about the edges of a contact
lens, such as area and thickness.

4.4. Defect Detection

The defect detection step is composed of three substeps, including contour calculation
using window sliding, defining the correction criteria, and finding an acceptable range for
calculation. The flowchart of defect detection is shown in Figure 6.
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Figure 6. The workflow of defect detection.

The overall concept of defect detection in the algorithm is that it slices the long image
into small pieces. Then, it selects a range of interested numbers of windows to calculate the
average and standard deviation (SD). After obtaining the average and SD, the equation is
used to determine if the value in the previously calculated window meets the condition. If
so, then it is gathered for the second round of average value calculation. Lastly, the new
average value is used for defect detection using the criteria for the acceptable range.

4.4.1. Contour Calculation Using Window Sliding

Window sliding solves the problem of the edge line of the contact lens does not have
an uneven thickness along the whole circle, as shown in Figure 7. In this scenario, if we
create an algorithm to obtain the data from the whole circle and calculate the statistical
result, it would be biased, and unfortunately, half of the thicker circle may be detected
as a defect.

Figure 7. Edge of a contact lens with uneven thickness.
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To avoid that, we perform the window-sliding technique to set a range of windows
and obtain the data from the local area where it has a similar ground truth thickness. First,
the algorithm starts with performing window sliding, at which point it receives the window
size parameter as input along with the straightened preprocessed image. The size will be
set to the window vertical height of all windows in the input image. The demonstration of
window sliding in our algorithm is as shown in Figure 8.

Area ——
(area of black contour)
fe—>]
split window 1 —§ Thickness 5
(pixels)
Number of window above
Local Region of interest
Atsplit windown
P Calculate average
and standard deviation
Size of separated of thickness or area
window (pixels) L Based on algorithm
Region of interest If there's no correction
At split window n of criterion, C, C,
are the average value
of this range
— Number of window below

- =

[©]

O

Total m split images Window sliding process

l<n<m
Figure 8. The sliding window process and an explanation of the parameters.

Second, we select the method to count black contours. As you can see in Figure 8, the
black contours along the image are uneven with some rough edges. The red box represents
a window section for the window sliding method. To determine whether these surfaces
are defects, we proposed two approaches to perform the calculation, which are area-based
approach and thickness-based approach.

For the area-based approach, the algorithm counts the number of black contours in
pixels inside each window using OpenCV library. For a thickness-based approach, the
algorithm counts the maximum width of black contour along the x-axis. This can be
achieved by using OpenCV library.

The reason for proposing two different approaches is to compare their performance
and check either of these approaches would be suitable for different objectives of de-
fect detection. For example, let us assume that the average thickness in the example of
10 x 10 window slides is four with SD of one and the average number of black pixels (area)
is 35 with SD of 10. If we consider only thickness of the black contour, there could be a case
in which the thickness seems normal but somehow the defect is a slight swelling. In this
case, area-based approach would detect and count the number of black pixels and return
an unusually high value of black pixels inside that window. Another possibility is that, if
a thin spike occurs in an image, the area-based approach may perform calculations and
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find that this window’s black pixel value is normal; however, if we used thickness-based
approach, it would immediately know that there is a spike in this window.

After calculating the value of black contours in each window, either using area-based
approach or thickness-based approach, the last step is to calculate the average and SD val-
ues from a selected range of window slides. In this part, the parameter “number of windows
above and below” is used to decide the range of each calculation. The reason we calculated
the average is to use it as a determined value for the later step. To provide a clear expla-
nation of each step, we present the procedure of this step in pseudocode in Algorithm 1.

Algorithm 1: Defect Criteria-Window-sliding method

Input
(1) Preprocessed image
(2) Size_window = parameter “Size of separated image”
(3) Num_above = parameter “Number of images above”
(4) Num_below = parameter “ Number of images below”
Output
(1) Criteria_based_list = the list contain in the local region of interest range either
“thickness_based_list” or “area_based_list”.
(2) Criteria_avg = the average of Criteria list (“Criteria_list_value”)
(3) Criteria_sd = the standard deviation of Criteria list (“Criteria_list_value”)

=]

o
®.

=

. Image_total_length = Preprocessed_image.length
. Number_of_window = Image_total_length/size_window
. Criteria_based_list = []
. If (area_based is True) then
For (window = 0, window=Number_of_window, window=window+size_window) then
Criteria_based_list = Area_based_list.append(find_area_of_contour(i))
. else then
For (window=0, window=Number_of_window, window=window+size_window) then
. Criteria_based_list = Thickness_based_list.append(find_thickness_of_contour(i))
10. //find average
11. Window_AVG_list, Window_SD_list =[], []
12. For (window=0, window= Criteria_based_list.length, window=window+1) then
13. Window_local_range = Criteria_based_listfwindow — Num_above : window +
Num_below]
14. Window_local_AVG = Window_AVG_list.append(Average[window_local_range])
15. Window_local_SD = Window_SD_list.append(SD[window_local_range])
16.  //correction of criterion (will be explained in the next section)
17.  //defect detection (will be explained in the next section)
End

O 0NN U W N =

4.4.2. Correction of Criteria

This substep is proposed to slightly adjust the average from the previous substep to
be more accurate as the thickness and area of the contact lens rims. The calculated average
value from the previous step may include the value of the defects, which may lead to an
unusually high value of the average. To detect this, we proposed the correction criteria
method to reevaluate the average value by excluding the outliers in consideration. The
first step for correction criteria is to check each window’s black contour value with the
set criteria that uses the average and SD values from the previous step. The equation for
correction criteria is as shown in Equation (6).

Average — F x SD < qualified value < Average + F x SD 6)

The average and SD values are specified from each set of windows for each iteration.
The factor of SD to average is the required input parameter. If the window’s black contour
value is within the range of lower bound and upper bound, then that window’s value is
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gathered and used for calculating a new average value. Figure 9 demonstrates how valid
windows are selected for the calculation of a new average.
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Figure 9. The execution process in a window sliding calculation.

The pseudocode used for demonstrating the concept in this step is as shown in
Algorithm 2.

Algorithm 2: Defect Criteria-Correction of Criterion

Input

(1) Window_local_range = either Thickness_based_list or Area_based_list
(2) Factor_of_SD as parameter “Factor of SD to average”

(3) AVG as Window_local_AVG

(4) SD as Window_local_SD

Output
(1) Window_new_local_AVG
Begin
1. //find new average in correction of criterion, the for loop(line3) is the same in last loop in
Algorithm 1
2. For (window = 0, window= Criteria_based_list.length, window=window+1) then//line 12
in Algorithm 1
3. //window sliding return AVG, SD, Window_local_range
4. Window_new_local_range= []
5. For (window=0, window= Window_local_range length, window=window+1) then
6. If (AVG — (SD*Factor_of_SD) < Criteria_based_listfjwindow] < AVG +
(SD*Factor_of_SD))
7. Window_new_local_range = Window_new_local_range.append(Criteria_based_list
[window])
8.  Window_new_AVG = Average [Window_new_local_range]
9. Return Window_new_AVG
End
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4.4.3. Calculation of Acceptable Range for Defect Detection

The last step in defect detection on the circle edge of the contact lens is to perform the
defect detection. In this step, the algorithm is prompted with equations that determine
whether the window has a burr defect. The equations are separately designed for area-
based approach and thickness-based approach, in which the lower bound is multiplied by
the shrink value, and the upper bound is multiplied by extended value. These two values
have different domains for area-based and thickness-based approaches. For a thickness-
based approach, it is calculated with the instant value of pixel as shown in Equation (7). For
area-based approach, the extended and shrink values are calculated with the percentage of
the average of the black contour area as shown in Equation (8).

C; — St < acceptable thickness < Cy + E; ?)

Ca — Sa < acceptable area < C,+ E, (8)

From Equations (7) and (8), C represents the new average value after being calculated
from the correction criteria algorithm. S represents the shrink value and E represents
the extended value. For the area-based approach, the subscription symbol a is used
to represent this method, while the symbol t represents the thickness-based approach.
With this equation, if any window’s value has the value outside the equation range, it is
considered a defect. Algorithm 3 shows the pseudocode for the calculation of the acceptable
range based on 4 inputs, including the output of Algorithm 2, the shrink criterion, the
extended criterion and the window value.

In this stage of the process, the algorithm undertakes a couple of significant actions.
Initially, it overlays a red mask onto the image to enhance visualization and to help in
assessing how well the algorithm is performing. Simultaneously, it employs a specific
image processing technique, which we will delve into in the next section. In terms of perfor-
mance assessment, the algorithm relies on these enhanced images to calculate evaluation
metrics. This assessment involves comparing the algorithm’s results to a labeled dataset,
as we will discuss in detail in the following sections focusing on evaluation metrics and
dataset information.

Algorithm 3: Acceptable range calculation for defect detection

Input
(1) New_AVG as Window_new_local_AVG or Window_local_AVG incase using with or
without correction of criterion function respectively.
(2) Shrink_criterion is a parameter from either “Shrink thickness” or “Shrink area”.
(3) Extended_criterion is a parameter from wither “Extended thickness” or “Extended area”.
(4) Window_value is a thickness or area value of a certain window.
Output
(1) List Boolean of the defect as Bools_results
Begin
1. //defect detection
2. Bools_results = []
3. For (window=0, window= Criteria_based_list.length, window=window+1) then/ /line 12
in Algorithm 1
. //window sliding: return AVG, SD, Criteria_based_list
./ /correction of criterion: return Window_new_local_AVG
./ /start defect detection
New_AVG = Window_new_local_AVG/ /shorten the variable name
If (New_AVG — Shrink_criterion < Criteria_based_listfwindow] < New_AVG +
Extended_criterion)
9. Bools_results.append(True)
10.  Else Bools_results.append(False)
11. Return Bools_results
End

® N o Ul
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4.5. Image Processing for Visualization

In this step, the reverse function of the polar coordinate transformation is employed.
The predicted circle coordinates (x, y) and radius (r) obtained from the circle detection are
used as input for this reverse function. The polar transformation equation is a reversible
function used to convert the linear image back into a circular image, as illustrated in
Figure 10. In the process of defect detection, the algorithm will mask the red contour on
the defect following the window size in which the contour represents a rectangle size in
the image before reversing polar transformation.

Red masked from
defect detection

After reversed polar transformation

Converted to bounding box

Figure 10. Image processing for visualization result.

In the output from the defect detection step, the image region containing defects is
highlighted in red. The algorithm utilizes a color space method for image processing to
extract the red contours, convert them into bounding areas, and present the result, as
depicted in Figure 10.

5. Results

In the previous section, we proposed a novel algorithm that can perform defect
detection at the rim area of contact lens bycalculating criteria by either thickness-based
or area-based. In this section, we present the results of our algorithm’s performance
for different configurations and criteria. Table 2 summarizes the outcomes for both the
“thickness-based” and “area-based” approaches. These results demonstrate the influence
of varying shrink and extended thickness criteria, the number of images above and below
a specified pixel size of split images, and the factor correction applied to the criteria. The
values of the parameter that we set in each trial of the experiment were chosen intentionally.
We carefully selected the values for each parameter through a series of experimental trials.
For the shrink/extended criteria, we opted for values that were closely aligned with the
original, introducing only slight variations to explore the optimal parameter settings that
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would be the most effective acceptable range to detect defects in the contact lens. When
it came to the “Number of windows above/below” and “Factor correction of criterion”,
both were set as fixed parameters. The “Number of windows above” was established
as 20 because this configuration involves 20 windows above and 20 windows below the
window currently focused on, totaling 40 windows. This exceeds the threshold of 30, as
stipulated by the central limit theorem [34]. The “Factor correction of criterion” defaults
to 0.5 to maintain proximity to the average value and mitigate excessive fluctuations.
Regarding the “Pixel size of split images”, we employed values of 10 and 60. This choice
was informed by our preliminary study of burr defects, which indicated a statistical range
spanning from 8 to 52 pixels for each burr’s position. Given the considerable variability in
the burr sizes, we set the pixel size of the split images to 60 to encompass the largest burrs.
However, we also assessed the detection performance for smaller burrs using a smaller
split image size of 10. By examining the results for these two pixel sizes, we can discern
meaningful contrasts and draw further conclusions from the data.

Table 2. Evaluation result with test set images for image processing algorithm.

. Number of . . Factor
Algorithm Shrlgk'/tEx't ended Images P;xei: IS ize of Correction of Precision Recall AP@0.5
fienion Above/Below puitimage Criterion
6 20 10 0.5 0.870 0.955
Thickness 8 20 10 0.5 0918 0.924 0913
based
10 20 10 0.5 0.951 0.911
20 60 0.5 0.888 0.955
Thickness 8 20 60 0.5 0.925 0.940 0.924
based
10 20 60 0.5 0.959 0.911
0.3 20 10 0.5 0.711 0.980
Area based 0.4 20 10 0.5 0.821 0.971 0.809
0.5 20 10 0.5 0.894 0.955
0.3 20 60 0.5 0.880 0.971
Area based 04 20 60 0.5 0.951 0.955 0.937
0.5 20 60 0.5 0.980 0.940

Setups of the value of shrink and extended criterion are identical, which is called the symmetric setting criterion.
Similarly, symmetric setting is when the number of images above and below are identical.

5.1. Thickness-Based Approach

The “thickness-based” algorithm was evaluated using three different shrink/extended
thicknesses (6, 8, and 10) and two distinct pixel sizes of the split images (10 and 60). The
results indicated that for the 10-pixel split images, the algorithm achieved a high precision
of 0.950 and 0.911 for the thicknesses of 6 and 10, respectively. However, as the pixel size
increased to 60, the precision remained high but slightly decreased. This trend showcases
the algorithm’s ability to adapt to varying image characteristics while maintaining a good
balance between precision and recall. Figure 11 shows an example of the result of different
split image sizes; for the pixel heights of 10 and 60, the thicknesses are between 6 and 10 in
2-unit increments (6, 8, and 10 pixels). So, there are six image results for this sample. The
contact lens from the examples below has inconsistent edges. The algorithm can detect
but cannot cover all of the inconsistent edges. The example below represents the results of
detecting burr defects on a contact lens.
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(0) (f)

Figure 11. Results from a sample using the thickness-based method with different settings.
(a) 10-pixel image splitting combined with a 6-pixel extended and shrink thickness criterion;
(b) 10-pixel image splitting combined with an 8-pixel extended and shrink thickness criterion;
(c) 10-pixel image splitting combined with a 10-pixel extended and shrink thickness criterion;
(d) 60-pixel image splitting combined with a 6-pixel extended thickness criterion; (e) 60-pixel image
splitting combined with an 8-pixel extended and shrink thickness criterion; and (f) 60-pixel image
splitting combined with a 10-pixel extended and shrink thickness criterion.

In Figure 11, the 10-pixel split image performs better for the shrink defect criteria in
the detection of the bottom part; the predicted results are shown for the thicknesses of 6, 8,
and 10. In another setting, the 60-pixel split image cannot detect the same defect. Thus,
the 10-pixels split image cannot detect the extended edge defect at the right side of the
contact lens with a thickness of 10 pixels. However, the 60-pixel split image can perform
well under all of the criteria settings.



Sensors 2023, 23,9610

5.2. Area-Based Approach

For the “area-based” algorithm, we examined different factor correction values (0.3,
0.4, and 0.5) and two different pixel sizes for split images (10 and 60). Notably, the algorithm
consistently demonstrated a robust performance with precision values above 0.9 for various
factor correction values. This suggests that the “area-based” method maintains its efficacy
across different configurations.

Figure 12 shows a sample of the results of the area-based approach with the same
samples as the thickness-based approach. This method also can adjust the parameters for
the change criterion and split image size. In this method, the split image size is not set as a
high value because this will affect the percentage of the area of the criteria for detection.
Therefore, this parameter value is set to 10 pixels and 60 pixels, while the percentage of the
area in the criteria is set as three values: 0.3, 0.4, and 0.5.

@ (d)
(b) (e)
(o) ()

Figure 12. Results from a sample using the area-based method with different settings.

(a) 10-pixel image splitting combined with threshold of 0.3 extended and shrink area criterion;
(b) 10-pixel image splitting combined with threshold of 0.4 extended and shrink area criterion;
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(c) 10-pixel image splitting combined with threshold of 0.5 extended and shrink area criterion;
(d) 60-pixel image splitting combined with threshold of 0.3 extended and shrink area criterion;
(e) 60-pixel image splitting combined with threshold of 0.4 extended and shrink area criterion;
(f) 60-pixel image splitting combined with threshold of 0.5 extended and shrink area criterion.

The lower split image size of 10 pixels has more prediction detection bounding boxes.
It shows that the sensitivity of the model of the setting of the smaller split image is higher,
as shown in the left part of the result in Figure 12a—c. Also, the top part of the result is split
into two bounding boxes, but Figure 12d—f has the one bigger box in the top part of the
predicted result. In the bigger size of the split image, the number of predicted bounding
boxes is obviously lower than that of the smaller split image size. This shows that the
precision of the setting in which the 60-pixel size is used is greater than that of the 10-pixel
split image size.

6. Discussion
6.1. Effectiveness of Window-Sliding Method

The window-sliding method is proposed with the objective of addressing the issue of
uneven thickness around the entire circumference of the contact lens. The root cause of this
uneven thickness on the contact lens rim stems from the imperfect placement of the contact
lens in the contact lens holder. Tilt angles during its placement can lead to the conditions
observed in the captured images as shown in Figure 7. Therefore, the window-sliding
method is proposed to reevaluate the criteria defined by Equations (7) and (8) by calculating
the average thickness within a specified local region of interest. This calculation is per-
formed iteratively along the length of the circular rim. If the CLensRimVision algorithm is
executed without the window-sliding method, the criteria defined by Equations (7) and (8)
are calculated using the average value of the entire input of the contact lens. We conducted
a comparative test between the results of using the window-sliding technique and tnot
using it, as presented in Figure 13a,b, respectively. The testing results are based on the
area-based approach, with both results having an extended and shrink area ratio set to 0.3
and a split image size of 10 pixels. As a result, the image in Figure 13a can detect fewer
defects than the image in Figure 13b. Most of the detections in Figure 13b do not represent
actual defects; instead, they are normal curves without defects. However, their values
may fall outside the acceptable range during the defect detection stage. We can conclude
that Figure 13a yields more precise results in defect detection in this case, aided by the
window-sliding technique.

(a) (b)

Figure 13. A comparison between the results of using or not using correction criterion function in the
algorithm based on the area-based algorithm. (a) A result from the algorithm using window-sliding
method; (b) A result from the algorithm without window-sliding method.
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6.2. Effectiveness of Correction of Criteria Function

The correction of the criterion function is used to eliminate spike values from the local
regions of interest in the window-sliding method. These spikes can potentially occur due
to defects in the contact lens. However, when finding the average value of the local area,
we do not want to include these spikes, as they may lead to an inaccurate average value for
either the thickness (in the case of the thickness-based approach) or area (in the case of the
area-based approach) within the local region. The purpose of this function is to remove
outliers from the average criterion value in the local region that could interfere with the
overall calculated average value. The correction of the criterion function employs statistical
mathematics to limit the range of the average local value, as defined in Equation (6), in
which we manually set the proportion as factor F. Assuming that there are extended spikes
resulting from defects, mathematically, the average will be higher than in cases without
any defects. Conversely, if a local region has cuts or shrinkage defects in a linear shape
within the region of interest, the average value will be lower than usual. In Figure 14a,
there is a demonstration of a contact lens image that has been tested for defect detection
using the CLensRimVision algorithm with the correction criteria function. In contrast,
Figure 14b shows the result without using the correction criteria function. The results
reveal that the example image using the correction criteria has fewer detections compared
to the other image without the correction criteria. This is because it detects only the defects
that appear on the rim of the contact lens. Figure 14b has some detections that are false
positives for defects because they may have higher or lower average values than they
should. Consequently, some values that should not be detected are also identified as
defects on the rim.

(a) (b)

Figure 14. A comparison between the results of using or not using correction criterion function in
the algorithm. (a) A result from the algorithm using correction of criterion; (b) A result from the

algorithm without correction of criterion.

6.3. Characteristics of Criterion-Based Methods

In the CLenRimVision algorithm, there are two criterion-based methods available: the
thickness-based and the area-based approaches. Both methods serve the same purpose,
which is to count the number of black pixels within the region of interest during the
window-sliding process. In this section, we aim to highlight the characteristics of each
approach, as they may be suitable for different applications and objectives. Each approach
comes with its own set of required parameters for the shrink value and extended value used
in the calculation of the acceptable range. These parameters offer the flexibility to meet the
standards and specific industry needs associated with different contact lens grades, such as
economy-priced beauty contact lenses, premium contact lenses, and myopia contact lenses.

When compared to physical contact lenses, the thickness-based method is more intu-
itive to configure within the algorithm. This is because the pixel thickness can be easily
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converted into the physical length, thanks to standardized quality control processes. In
the premium contact lens industry, the thickness-based method has proven to be effective
in quality control, as it uses micron units to precisely identify the required thickness ad-
justments, whether for shrinking or extending. Therefore, it can be concluded that the
thickness-based method is more straightforward and suitable for most cases.

Conversely, the area-based approach may not exhibit a direct correlation with physical
contact lenses. This approach relies heavily on sensitivity when configuring parameters,
especially when setting the window size in the window-sliding process. This sensitivity
arises from the fact that the area of black pixels in the counting method is relatively
proportional to the size of the split image in the window-sliding technique. To illustrate, if
the area of the split image changes from 10 to 60 pixels while assuming a constant thickness,
the area difference between a 10-pixel split image and a 60-pixel split image would be
six-fold. As mentioned earlier, this highlights the importance of a deep understanding
of the algorithm when using the area-based method. However, it is worth noting that, in
certain scenarios, the area-based method can deliver slightly superior results compared to
the other approach.

6.4. Optimal Value of Pixels Size of Spilt Image

According to the results presented in Table 2, it is evident that the overall performance
is significantly better with a split image pixel size of 60 pixels compared to that of 10 pixels.
This leads to the conclusion that the 10-pixel size is limited in its ability to detect larger
defects, resulting in a lower accuracy compared to that of the 60-pixel size. To conclude, our
experiments have demonstrated that the optimal choice for the pixel size of split images is
60 pixels. This selection has been substantiated by the fact that it can effectively encompass
defects of varying sizes. On the other hand, smaller sizes, such as a size of 10 pixels, do not
enhance the accuracy since they are incapable of detecting larger burrs.

7. Conclusions

This research aims to provide a comprehensive understanding of the intricate tech-
nique required to detect burr defects on contact lenses. These defects may manifest as
variations in thickness along the rim circle of the contact lens. Building upon these observa-
tions and our research findings, we introduce CLensRimVision, an algorithm specifically
designed for detecting defects on the rims of contact lenses—an essential part that is in
contact with the human eye. The proposed algorithm consists of three main components:
image processing, circle detection, and defect detection. In defect detection, we developed
a thoughtful window-sliding technique that overcomes the limitations posed by having an
uneven thickness. Additionally, a correction criteria method was employed to reevaluate
the correct average value, which is crucial for determining the acceptable range. This
range calculation involves variables for shrinkage and extension, making the algorithm
adaptable to various parameter inputs. Furthermore, we introduced two criteria for dif-
ferent detection purposes: the area-based and thickness-based approaches. As a result,
we have generated prediction accuracy results based on different parameter settings and
the use of these two criteria. The results of the contact lens defect detection algorithms
under different parameter settings are shown, showcasing their performance in terms of
precision, recall, and average precision (AP of 0.5). Notably, the “thickness-based” algo-
rithm consistently demonstrates competitive levels of precision and recall across various
settings. The choice of the shrink/extended thickness criterion significantly influences its
performance, with lower criteria favoring recall. Additionally, a greater factor correction of
the criterion contributes to a slightly better precision. The algorithm performs optimally
with a pixel size of split images set to 20, consistently achieving a high AP of 0.5. On the
other hand, the “area-based” algorithm has proven to be competitive, particularly when
the shrink/extended criterion is set to 0.4 or 0.5. It offers a balanced trade-off between
precision and recall, with a significantly better performance achieved with a higher size of
window. Both algorithms exhibit sensitivity to parameter settings, which emphasizes the
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need to tailor the choice of algorithm to specific application requirements and consider the
trade-off between precision and recall.

Additionally, we engage in a discussion on the proposed technique, which helps
mitigate the diversity in rim thickness that can lead to errors and outliers, affecting the
accuracy of the average value in each window sliding. This discussion aims to establish the
meaningful and beneficial integration of each step within the algorithm. We believe that
our work holds the potential to benefit the contact lens industry, offering applications in
production or serving as a foundation for further implementations.

For our future work, several possibilities exist for extending this research or developing
new algorithms capable of detecting other types of defects, such as hair and foreign particles.
However, these defect types may not necessarily be related solely to the rim of the contact
lens and may require further exploration and new techniques.
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Abstract: With the recent rise in violent crime, the real-time situation analysis capabilities of the
prevalent closed-circuit television have been employed for the deterrence and resolution of criminal
activities. Anomaly detection can identify abnormal instances such as violence within the patterns
of a specified dataset; however, it faces challenges in that the dataset for abnormal situations is
smaller than that for normal situations. Herein, using datasets such as UBI-Fights, RWF-2000, and
UCSD Ped1 and Ped2, anomaly detection was approached as a binary classification problem. Frames
extracted from each video with annotation were reconstructed into a limited number of images
of 3 x 3,4 x 3,4 x4,5 x 3 sizes using the method proposed in this paper, forming an input data
structure similar to a light field and patch of vision transformer. The model was constructed by
applying a convolutional block attention module that included channel and spatial attention modules
to a residual neural network with depths of 10, 18, 34, and 50 in the form of a three-dimensional
convolution. The proposed model performed better than existing models in detecting abnormal
behavior such as violent acts in videos. For instance, with the undersampled UBI-Fights dataset, our
network achieved an accuracy of 0.9933, a loss value of 0.0010, an area under the curve of 0.9973, and
an equal error rate of 0.0027. These results may contribute significantly to solve real-world issues
such as the detection of violent behavior in artificial intelligence systems using computer vision and
real-time video monitoring.

Keywords: video surveillance; convolutional block attention module; area under the curve; equal
error rate; computer vision; UBI-Fights; 3D convolution

1. Introduction

The mandatory installation of closed-circuit television (CCTV) in daycare centers and
kindergartens owing to school violence and child abuse has been extensively debated, and
the revision of these laws is being promoted as a precaution. Additionally, numerous intelli-
gent CCTVs that detect or preempt dangerous situations early by analyzing the relationship
between current and past situations in real time have been released. Modern intelligent
CCTVs, capable of real-time situation analysis, play an integral role not only in deterring
potential criminal activities but also in aiding in their resolution. Thus, the maintenance of
safety and order is improved in the community via the CCTV recognition and classification
of crime scenes. Particularly, the detection of assault situations is a key task that uses video
anomaly detection. Anomaly detection, which has been the focus of several studies, is an
algorithm that finds abnormal instances within the patterns of a specified dataset. The
biggest challenge in the study of anomaly detection is that the dataset for these abnormal
situations is smaller than that for normal situations. Even if the number of datasets in-
creases, there remains a lack of data for completely abnormal situations. Recently, anomaly
detection using unsupervised learning, that is, using unannotated datasets, has been in-
creasing because data annotation is expensive and time-consuming. Many previous studies
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have used unsupervised learning, such as generative adversarial network (GAN) [1] and
autoencoder [2], using two-dimensional (2D) convolution. However, anomaly detection
using multi-instance learning is also a popular trend. In this study, a model was constructed
using a three-dimensional (3D) convolutional neural network (CNN), which is the most
commonly used supervised traditional deep learning method. 3D CNNs have 3D filters and
significantly more parameters; however, because fewer pre-trained models exist compared
to 2D CNN, training often starts from the ground up without weights. Therefore, 3D CNNs
appear unsuitable for constructing and learning sufficiently deep structures. However,
space-time data can be considered simultaneously, which enables effective recognition
and classification of dynamic behavior, including violent behavior. Because our model
uses a 3D CNN, it can learn both spatial and temporal data, and the convolutional block
attention module (CBAM) [3] is used to identify the most crucial information, thereby
improving the interpretability and focus of the model. The model can extract features from
various dimensions, thereby contributing to the recognition and classification of complex
behavioral patterns.

While other 3D CNNss use multiple frames as input simultaneously, we merged multi-
ple frames into one image and used multiple images as input. Therefore, even if the same
number of images was input, memory usage was reduced, which was useful for environ-
ments with large datasets or memory limitations. Consequently, substantial amounts of
temporal data could be used simultaneously, enabling more precise detection of anomalous
behavior. Important features could be extracted and learned more effectively by aggre-
gating multiple information frames from one location. This improved the recognition of
complex behavioral patterns and could increase the accuracy of violent behavior detec-
tion. Additionally, using input data in this manner is similar to the method of light field
imaging [4], which acquires 3D information by combining images captured from various
angles. Light field imaging is yet to prove effective at detecting abnormalities. However,
in this study, we generated data in a way similar to light-field imaging and extracted
temporal patterns by merging continuous frames to generate 3D information at various
points. Our method was inspired by light-field imaging, and it aims to improve precision
in anomaly detection.

In contrast to traditional methods that utilize 2D images or video data, this data-
merging method uses a complex input structure, in which multiple frames are contained
in one image. Therefore, the form of the input data in a CNN can significantly affect the
performance of the model, indicating the value of investigating various input methods in
this manner.

Finally, this form of input data did not previously exist, and it may be helpful in the
study of anomaly detection. Because it is similar to inputting images by dividing them
into patch units, such as with a vision transformer (ViT) [5], future research could expand
upon this idea. Therefore, in this study, we seek to emphasize the effect of the input data
structure on the CNN performance and pave the way for anomaly detection techniques that
expand on this structure. The findings of this study indicate that compared to existing state-
of-the-art methods, our approach exhibits superior performance, which enables improved
focus on areas of interest. Furthermore, rather than assessing a situation by observing a
static scenario, such as a 2D CNN, our method can be applied to various scenarios, such
as robbery, arson, and theft using the correlation between the past, present, and future.
Additionally, in this paper, experiments are conducted in an environment that has relatively
few obstacles and does not obscure actions, rather than a highly enclosed environment.

2. Related Works

Anomaly detection is the most popular and challenging topic in the field of computer
vision, and it entails several methods, including 3D convolution, weakly supervised learn-
ing, unsupervised learning, skeleton, and optical flow. This section introduces these and
other methods.
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2.1. Three-Dimensional Convolution

Inspired by deep learning innovations in the rapidly developing image domain, 3D
convolution (C3D) [6] can extract temporal and spatial information, in contrast to 2D
convolution. The model is trained using a combination of dropout, batch normalization,
and data augmentation techniques. The deep structures in the model perform better than
the shallow structures, highlighting the importance of capturing long-term structures in
videos. C3D has effective features for detecting anomalies, and several studies have been
conducted on it [7-10].

2.1.1. Exploring Kernel Temporal Depth

In [6], C3D with a kernel size of d x k x k was tested by changing only the kernel
depth, where d is the kernel temporal depth and k is the kernel space size. In this network,
eight convolution layers, five pooling layers (a pooling layer appears immediately after
each convolution layer), two fully connected layers, and a softmax loss layer were used for
predicting action labels. All convolution layers had the same kernel temporal depth and
four networks were set with kernel temporal depths of 1, 3, 5, and 7 for testing. The kernel
temporal depth with the best performance was 3 x 3 x 3.

2.1.2. Spatiotemporal Feature Learning

Deconvolution is used to understand what C3D learns internally. C3D starts by
focusing on the shapes in the first few frames and then tracks the prominent behavior in the
following frames. Detecting shapes and movements simultaneously is the most noticeable
difference between C3D and 2D CNN.

2.2. Weakly Supervised Learning

Currently, few datasets are available for anomaly detection, and the resulting an-
notation task requires a significant investment of time and money. Therefore, although
frame-level labels have been used in supervised learning in the past, many studies have
recently been conducted on anomaly detection via weakly supervised learning using labels
at the video level [11-15]. Weakly supervised learning saves time and money, and the
related multi-instance learning is used extensively.

2.2.1. Multi-Instance Learning

Multi-instance learning (MIL) is a variant of supervised learning in which a single
class label is assigned to a set of instances such as image patches. Therefore, while each
instance is not labeled for prediction, multiple instances form a bag, which is labeled
for prediction. This is one of the most widely used techniques because it requires less
annotation, is suitable for weakly supervised learning, and can learn the labels of each
instance (snippet or frame) using annotations at the entire video level.

MIL [16-20] is useful for identifying the specific parts of various snippets in a video
where an abnormality occurs. Additionally, it significantly reduces the misclassification
of snippets or frames that are normal. Because it focuses on certain parts of the video,
abnormalities can be detected in greater detail. In [18], we considered the video as a
background, where each frame was divided into multiple instances, generating instance
scores via MIL, prior to performing anomaly detection. Similarly, ref. [20] used a framework
that treated a video as a bag and video clips as instances of a bag, using both normal and
abnormal video clips. In [16], a self-learning framework was also used.

2.2.2. Gaussian Mixture Model

In [15], the Gaussian mixture model (GMM) modeled data distributions using proba-
bility distributions. Data distribution is identified by the combination of several Gaussian
distributions. Thus, GMM expresses data distribution as the sum of the weights of several
Gaussian distributions.

86



Sensors 2023, 23,9616

In video anomaly detection, the GMM models change over time at the pixel level, and
changes in brightness or color values for each pixel are modeled as Gaussian distributions
to distinguish between normal and abnormal patterns. An anomalous pattern is one that
deviates significantly from the general Gaussian distribution. Degardin [15] proposed
Bayesian filtering and GMM-based approaches for anomaly detection in video images
under an MIL paradigm, similar to weakly supervised learning. This method predicts
and measures the high anomaly score for a video segment in an anomalous situation.
Experiments were conducted on the UBI-Fights, UCF-Crime, and UCSD Ped1 datasets,
with an area under the curve (AUC) of 0.906 and equal error rate (EER) of 0.160, an AUC of
0.759 and EER of 0.302, and an AUC of 0.801 and EER of 0.236, respectively.

2.3. Unsupervised Learning

Unsupervised learning is a learning method that does not use any labels, in contrast to
weakly supervised learning that uses a limited number of labels, owing to the constraints
of available anomalous datasets on anomaly detection. Unsupervised learning methods
include the k-means clustering algorithm [21], which uses Euclidean distances; one-class
support vector machine (SVM) [22,23]; GAN [24-27]; and autoencoder [28-30]. Several
unsupervised learning methods are described below.

2.3.1. K-Means Clustering and One-Class SVM

K-means clustering [31] is an unsupervised machine learning algorithm that divides
a dataset into K nonoverlapping and distinct clusters. Doshi et al. [21] applied a fast
unsupervised anomaly detection system using K-means clustering consisting of three
modules responsible for pre-processing, candidate selection, and backtracking anomaly
detection. This method significantly reduced the overhead during test operations and
eliminated the overhead during learning operations.

A one-class SVM [23] is a model that focuses on the decision boundary of normal data
when insufficient amounts of anomalous data exist, and it learns to detect anomalies based
on this decision boundary. In contrast to SVM, because the hyperplane is divided based on
the origin, there can be only one class regardless of the quantity of data and the severity of
the normal/anomalous imbalance. The model achieved an AUC of 94.3 and EER of 10.0
at the frame level on the UCSD Ped1 dataset and an AUC of 70.3 and EER of 34.0 at the
pixel level. Additionally, for the entrances of the Subway Entrances and Exits dataset, it
achieved an AUC of 90.5 and EER of 16.9, whereas, for the exits, it recorded an AUC of 90.8
and ERR of 15.4.

2.3.2. Generative Adversarial Networks

GAN: s [1] were first introduced by Goodfellow et al. in 2014. Well-trained GANs,
known for their ability to produce samples that are nearly indistinguishable from real data,
have also been extensively studied for anomaly detection applications.

In 2017, Ravanbakhsh and Nabi [24] proposed a method for detecting strange events
in videos using a GAN. Using this method, the generator learns the distribution of normal
videos, and the discriminator detects anomalies based on this information. This study is
significant for the application of GAN to video anomaly detection, and it has significantly
influenced subsequent studies.

In 2018, Wang et al. [23] proposed an anomaly detection method based on future
video frame prediction. The key concept of this study is a model that predicts future video
frames from normal sequences and detects anomalies by comparing real and anticipated
frames. This study set a new standard in the field and influenced subsequent works [32,33].
Additionally, Li et al. [33] proposed, for a given video frame, first creating continuous
frames before and after using a two-branch generator network and then minimizing
the prediction error between the generated frames and their real-world counterparts.
They evaluated three datasets: CUHK Avenue, UCSD Ped?2, and Shanghai Tech Campus.
Furthermore, several other studies have been conducted, including [25,34].
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2.3.3. Autoencoder

Autoencoders were popularized in 2006 by Hinton and Salakhutdinov [2]. A well-
learned autoencoder can generate the same input data as that of a GAN.

Wang et al. [28] proposed a shallow generation network consisting of two neural
networks to obtain models such as a Gaussian mixture that fit the distribution of real
data. This model has contributed to maximizing the advantages of CNN and variational
autoencoder. Experiments were conducted on UCSD, Avenue, UMN, and PETS datasets,
and a high performance was achieved on all except UCSD.

Chong and Tay [29] proposed an autoencoder structure comprising 3D convolution
layers. Therein, if generation was not properly performed while reproducing an image in
the autoencoder, abnormalities were detected. Experiments were conducted on Avenue,
UCSD Ped1 and Ped2, and Subway Entrances and Exits datasets. AUC and EER were used
as evaluation indicators, and top performance was achieved on the subway exits, UCSD
Pedl1, and Avenue data.

2.4. Other Methods

In this section, we describe additional network methods such as skeleton-based, optical
flow-based, ViT, and convolution long short-term memory (ConvLSTM) as well as those
based on 3D CNN such as inflated 3D CNN (I3D).

2.4.1. Skeleton-Based Method

In the fields of computer vision and deep learning, the human body is mainly rep-
resented by the skeleton, that is, bones and their connections (joints). Skeletal data are
used to track, analyze, recognize, and model human behavior, and human movements are
represented by specific patterns or sequences. Anomalous behavior can be considered a
deviation from these patterns.

Morais et al. [35] presented a new method for detecting anomalies using skeletal
features in normal human behavior patterns. In [35], the authors proposed a network called
Message-Passing Encoder-Decoder Recurrent Neural Network (MPED-RNN) and evalu-
ated it using the ShanghaiTech Campus and CUHK Avenue datasets. In the ShanghaiTech
dataset, 101 videos related to humans are classified as human-related (HR) ShanghaiTech.
The authors achieved the highest performance on the HR ShanghaiTech and ShanghaiTech
datasets with receiver operating characteristic area under the curve (ROC AUC) scores at
the frame level of 0.754 and 0.734, respectively. Similarly, the Avenue dataset was divided
into HR Avenue and Avenue, and ROC AUC scores were obtained at frame levels of 0.863
and 0.862, respectively.

Du et al. [36] stated that skeleton-based motion recognition is generally considered a
time series problem and pointed out the deficiencies of existing methods, such as temporal
pyramids (TP) and hidden Markov models (HMMs). To overcome these shortcomings, the
author proposed a hierarchical recurrent neural network (RNN) that not only combined
human physical structures and behavior patterns but also extracted temporal dynamic
representations of skeletal sequences by maximizing deep RNN in modeling long-term
context information of time sequences. Experiments on the Berkeley MHAD and Motion
Capture Database HDMO05 datasets showed that the best performance was achieved on
both with 100% and 96.92% accuracy, respectively.

2.4.2. Optical Flow

An optical flow is a vector field that represents the movement of a pixel in an image
over time by indicating the extent and direction of its movement. Assuming that the
brightness of a pixel is constant over time and that adjacent pixels have similar movements,
the direction and size of the pixel can be expressed as a vector by calculating its move-
ment between two consecutive frames. Abnormalities are detected in subtle movement
differences in rapid, repetitive, or complex situations, rather than in patterns of general
movement.

88



Sensors 2023, 23,9616

In 2019, Nguyen and Meunier [37] proposed a model with an autoencoder structure
that converts video frames into optical flows. Liu et al. [32] uses an optical flow that is
optimized based on the adversarial loss between the optical flow and original output
video frame, and the optical flow can be extracted directly from a single frame because
FlowNet [38] is built inside the network. The model learns the spatial structure for normal
data via a Conv-AE and then determines the association between the pattern of each input
data in the second stream and the corresponding motion represented by the optical flow.
Furthermore, optical flows extracted from FlowNet2 [39] detected discontinuous behavior
well owing to clear boundaries and comparison of the optical flow prediction with the
actual answer values; it achieved the highest performance on the CUHK Avenue and UCSD
Ped2 datasets. However, as in [24], it has the drawback of time collisions.

Wang et al. [40] proposed a new approach to overcome these shortcomings. Owing to
the significant discrepancy between the ground truth and predicted optical flow, which
causes blurring in abnormal areas, optical flow with duality for both normal and abnormal
data was used to predict the next frame from the current frame. Therefore, for normal
behavior, the optical flow makes the predicted frame close to the real frame; however, for
anomalous behavior, noise is added. They experimented with UCSD Ped2, Avenue, and
ShanghaiTech datasets, achieving AUC scores of 94.2, 88.4, and 75.3, respectively, with
Avenue and ShanghaiTech exhibiting the highest performance.

2.4.3. Vision Transformer

The transformer was first proposed by [41] to provide an alternative to RNN- and
CNN-based natural language processing models. Additionally, in [42] they proposed a
bidirectional encoder presentation from transformers (BERT), which achieved state-of-
the-art performance in several natural language processing (NLP) tasks by pre-training
transducers for unlabeled text in both directions.

A ViT divides the image into several equally sized patches, each of which is planarized
into vectors that have position embeddings. The output of the transformer is passed
to the head for classification, and during training, prediction uses the output of the last
layer. Additionally, ViT can process continuous frames as time-series data and is useful for
learning the relationships and patterns between frames.

Yuan et al. [43] proposed an approach for video anomaly detection using a ViT, which
introduces a self-attention mechanism to overcome the inherent locality of convolutional
operations and the difficulty of modeling long-range relationships when reconstructing a
GAN or an autoencoder. The author used a video ViT (ViViT)- [44] and U-Net- [45] based
approach called TransAnomaly, which solves vision problems based on the transformer.
After decoding the features using U-Net, abnormalities were detected using the difference
between the predicted and actual frames [46]. Their modified ViViT enabled the effective
encoding of input images in all dimensions of space-time. The performance of the model
was evaluated using the AUC. For UCSD Ped1l and Ped2 and Avenue datasets, they
obtained AUCs of 0.867, 0.964, and 0.870, respectively, representing the best performance
on the UCSD Ped1 and Avenue datasets.

2.4.4. ConvLSTM

ConvLSTM is a variant of long short-term memory (LSTM), an RNN effective at
processing sequential data, which incorporates convolutional operations. ConvLSTM
is particularly useful for processing time-series data while preserving spatial structure
information by performing convolutional operations instead of matrix operations within
the LSTM. It was first introduced in 2015 by Shi et al. [47] to solve weather forecasting
problems. ConvLSTM is suitable for anomaly detection tasks because it can process
spatial (information within frames) and time series features (information between frames)
simultaneously to extract spatio-temporal features and learn dynamic patterns in video
sequences.
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Luo et al. [48] proposed a method for integrating ConvLSTM with an autoencoder
called ConvLSTM-AE to create a common CNN capable of learning the regularity of typical
shapes and movements. Similar to the other methods, anomaly detection was performed
using frames regenerated in the decoder; however, abnormalities can be detected only in
continuous frames. An experiment was conducted using the Moving-Mnist dataset, which
was divided into application and motion parts. The results showed that the models with
ConvLSTM-AE or ConvLSTM performed better than convolutional autoencoder (Conv-
AE), achieving AUCs of 0.999 and 0.949, respectively, in the appearance and motion sections.
Experiments were also conducted on Avenue, UCSD Ped1 and Ped2, and Subway Entrances
and Exits, with AUCs of 0.70, 0.755, 0.881, 0.933, and 0.877, respectively, achieving the best
performance on all datasets.

Medel and Savakis [49] proposed an approach for video anomaly detection using
several stacked ConvLSTMs capable of end-to-end learning. The overall model structure
was an autoencoder structure similar to the previous models, and three ConvLSTM layers
were used inside the encoder. The evaluation was conducted using the USCD Ped1 and
Ped2, Subway Entrances and Exits, and Avenue datasets. True positive/false positive and
precision/recall were used as evaluation indicators. For each dataset, the true positive/false
positive results were 40/7,12/1, 62/14, 19/37 (anomalies: 19), 29/15 (anomalies: 30), and
40/2, and the precision/recall results were 0.851/1.00, 0.923/1.00, 0.816,/0.939, 0.339/1.00,
0.659/0.967, and 0.952/0.957, respectively.

2.4.5.13D

I3D was first proposed in 2017 by Carreira and Zisserman [50]. I3D is a 3D extension of
the existing 2D CNN inflation structure where 3D represents height, width, and time, that
is, the 3D convolution of the 2D CNN inflation. I3D processes information by considering
the temporal continuity between video frames such that it allows existing 2D convolutional
filters and pooling layers to process (inflate) video data in 3D. For example, if the size
of the 2D convolution filter is k X k, it is expanded to 3D and converted into k x k x k.
I3D can learn the actions and patterns between consecutive frames by adding temporal
dimensions. Thus, the motions and patterns of the videos are recognized more accurately.
By extending the weight of the 2D filter to 3D, the initial value effectively learns the 3D
network. I3D also proposes a principle that uses two streams: RGB and optical flow. The
RGB stream processes the frames of the original video by focusing on the visual and color
information, and the optical flow stream determines the movements and patterns of objects
in a video. By combining these two streams, I3D can recognize behavior in a video more
accurately. Improving the accuracy of motion recognition using both visual and motion
information is a major feature of I3D. Additionally, anomaly detection studies continue to
be published [51-60].

3. Proposed Method

In this section, we propose a network architecture that correctly classifies violent
situations by using the spatial and temporal features of each video to detect abnormal
situations, particularly violent ones, and achieves state-of-the-art performance. The pro-
posed architecture adds a convolutional block attention module (CBAM) [3], an attention
module that includes the channel attention and spatial attention modules, to a residual
neural network (ResNet) [61] in the form of a 3D convolution.

3.1. CBAM (Convolutional Block Attention Module)

CBAM is a network module used to highlight the channel and spatial information
within a convolutional block. This improves the performance of CNNs and is commonly
used in image classification and various computer vision tasks, highlighting important
information. It comprises two attention modules.

1. Channel attention: Channel attention determines the importance of each channel
and plays a role in emphasizing the relationships between channels. Thus, important
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features can be emphasized, and unnecessary noise can be suppressed. Channel attention
is usually implemented by using the average value of each channel, calculated via global
average pooling, to learn the relationships between channels. 2. Spatial attention: Spatial
attention plays an important role in understanding the spatial structure of feature maps by
emphasizing one area and suppressing another. To this end, the importance of the feature
map calculated for each channel was determined, and a spatial weight was generated and
multiplied by the feature map. If the input feature map F is multiplied by M¢, which is
the channel attribute map, F’ is obtained. If it is multiplied by Mg, which is the spatial
attribute map, F” is obtained, which is the final feature map. Figure 1 shows the structure
of the detailed sub-module of CBAM, and the formulas for obtaining M¢ and Mg, which
are the channel attention map and spatial attention map, respectively, are shown as below
Equations (1) and (2) in below. Figure 2 shows the structure of each attention sub-module
of CBAM.
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Figure 1. Overview of the convolutional block attention module (CBAM): It consists of a channel

attention module and a spatial attention module [3].
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Figure 2. Structure of each attention sub-module of CBAM [3]: Divided into channel attention and
spatial attention. Output is generated after passing max pooling and average pooling.
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The channel attention map calculates the importance of each channel of an input feature
map and extracts the relationships between the channels. After calculating the attention
score and passing through average and max pooling, two vectors are produced, which
are input into the shared multilayer perceptron to add nonlinearity. This is then encoded
with a probabilistic value between zero and one using a sigmoid function to generate
an Mc, one-dimensional 1 X 1 x C channel attention map. If the input feature map F is
multiplied by M, F/, which is a feature map to which the channel attachment is applied,
is generated. A spatial attention map is created by encoding the pixels to be focused on
per C x H pixels throughout the channel. Up until the pooling process and concatenation,
it is the same as channel attention. This information is gathered for comprehensiveness
because both pooling methods are carried out to extract spatial information and calculate
the importance of location. Additionally, this value is placed in the 7 X 7 conv2d layer and
a 2D spatial attention map is generated via a sigmoid function. The feature map generated
in this manner is of size H x W x 1. When the resulting M is multiplied by F/, the final
attention map is obtained, that is, F” is produced. The formulae for F’ and F” as follows
Equations (3) and (4):

F'=Mc(F)®F 3

F"=Ms(F)®F 4)

We introduce the proposed method by transforming the attention-based approach proposed
in [62,63]. In this paper, we describe how the output of a linear classification layer can
be influenced in addition to a popular CNN pipeline that has excellent feature extraction
capabilities. CBAM influences the feature extraction process of the model and serves to
weigh the network output for improved feature extraction.

3.2. Grid Frame

In this section, we describe how to create a grid frame for each dataset and how to
assign labels accordingly.

In this study, we propose a method to improve the input data processing methods of
existing 2D and 3D CNN . In general, 2D CNNs adopt a method of processing one image
at a time. Consequently, each image is processed independently by considering only the
spatial features and thus does not consider the correlation between images. Therefore, to
detect abnormalities using 2D CNNs, an RNN such as LSTM or a neural network structure
such as ConvLSTM should be added. However, the proposed method of processing
multiple images of 3D CNNs at once includes temporal and spatial features. Thus, this
method has the advantage of considering correlations between images.

Additionally in this section, we present an approach that extends beyond these image-
processing methods, where for each dataset, several images are processed in a single group.
This group consists of continuous frames, and each image is processed considering its
interrelationship with other images in the group, rather than being processed independently.
This enables the model to extract more information and meaningful patterns than a single
image of a 2D CNN or multiple images of a 3D CNN, thereby enabling accurate prediction
and analysis. This approach aims to capture and use complex relationships between
multiple images in a group (this can include, for example, multiple groups corresponding
to a video) and finally detect abnormalities by identifying spatial and temporal patterns
via the continuity of images in and between groups. This approach addresses complex
interactions between images and groups, enabling the derivation of more accurate and
meaningful results. Furthermore, this study opens up the possibility of new methods in
the field of anomaly detection using an input method conceptually similar to Lightfield
and ViT. In this study, we propose inputs of sizes 3 x 3,4 x 3,4 x 4,and 5 x 3.

For the UBI-Fights dataset, each annotation file marked fighting or nonfighting frames
with a 1 or 0, respectively. Therefore, when preprocessing videos identified as fights, the
annotation file was loaded and frame indices with a value of 1 were saved. The frame
indices were read at intervals of 5. For example, if frames 1-20 had a value of 1, then frames
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1, 6,11, and 16 were accessed. As the video has a frame rate of 30 fps, without this interval,
significant action changes may not be captured; hence, spacing between frames is necessary.
Once sufficient frames were gathered for the intended composite image size (9 frames for
3 x 3,15 frames for 5 x 3, and so on), they were combined into a single composite image.
Owing to memory constraints, only ten composite images were generated per video. These
ten merged images served as the input data, and depending on the size of the composite
image, 90-150 frames were used from a single video. Data corresponding to the normal
class were processed in the same manner to generate the input data. This method was
adopted and used on all datasets, including UBI-Fights.

The UBI-Fights dataset showed an imbalance between the fight (216) and normal
(784) class data. Therefore, experiments were conducted not only at the existing data
ratio fight:normal = 216:784 but also by equalizing the data to fight:normal = 216:216,
resulting in two experiments. Furthermore, experiments were conducted separately us-
ing ResNet depths of 10, 18, 34, and 50, with the data split in an 80:15:5 ratio for train-
ing:validation:test datasets.

The RWF-2000 dataset was balanced, and because the training to validation split was
already at an 8:2 ratio, only one experiment was conducted. This dataset does not have
separate annotations; therefore, the Violence and NonViolence categories were arbitrarily
assigned values of 1 and 0, respectively, for experimentation. In contrast to the UBI-Fights
dataset, given that the videos were 5 s long with 30 fps, after reading the video, the frames
were extracted in the flow of the video to create merged images. This was performed under
the assumption that sufficient actions corresponding to the classes were contained within.

UCSD Ped1 originally contained normal data in the training set and anomalous data
in the test set; however, they were arbitrarily mixed for use. Similarly, Ped2 was mixed
arbitrarily. For both datasets, the ratio of the training and test sets was the same as that
in the original datasets, and the test set was used for validation. Furthermore, only a
randomly selected 30% of the test set was used for testing. For the UCSD Ped1 and Ped2
datasets, we used all the data. A sample of each input data is described in Figure 3.

3.3. Model Architecture

Recently, various studies have been conducted on abnormal detection using CBAM,
such as [62-64]. However, most research has been conducted on structures such as 2D
CNN-based generative models. This study employs a different approach to propose a
more effective anomaly detection model. Our work differs from other studies because it
effectively combines 3D CNN and CBAM for anomaly detection. Additionally, instead of
using an autoencoder structure, our approach optimizes the characteristics of 3D CNN
and the effects of CBAM and proposes a more sophisticated and robust anomaly detection
model. Thus, our study presents an original perspective as compared with previous studies.

3.3.1. Backbone Architecture

In this study, ResNet [61] was used as the backbone architecture. This is a suitable
choice for its efficacy in learning deep neural networks. Particularly, the problem of
gradient loss can be solved despite the depth of the model using the advantages of residual
blocks. Residual blocks assist in the effective transfer of gradients via residual connections
between inputs and outputs and minimize the loss of information, even in deep networks.
Furthermore, deeper and more complex models can be developed. Subsequently, the
detailed structure of the model and connections between the layers are described.

3.3.2. Proposed Architecture

The model architecture proposed in this study was constructed by adding CBAM
after each bottleneck (or basic block) of 3D ResNet. This configuration may improve
anomaly detection performance by effectively combining the feature extraction capabilities
of the existing 3D CNN with the information emphasis capabilities of CBAM. CBAM can
be placed behind each bottleneck, and the model can be extended to include additional
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residual blocks as required. This increases the expressiveness of the model and aids in
capturing complex temporal relationships.
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Figure 3. Example of each grid frame: Frames go from top left to top right, and from bottom left to
bottom right. They have the order of 3 x 3,4 x 3,4 x 4, and 5 X 3 inputs in order from the top, and
all are samples of three consecutive images. The total number of frames used in the example is 27, 36,
48, and 45 in order.

CBAM is an attention mechanism designed primarily for 2D data. However, as this
study dealt with 3D data, the code was appropriately modified. First, 2D pooling (Avg-
Pool2d and MaxPool2d) was replaced with AdaptiveAvgPool3d and AdaptiveMaxPool3d,
which perform pooling by automatically adjusting kernel and stride sizes to fit the target
output tensor sizes. They also work with inputs of various sizes and produce the same
output. As channel attention aims to calculate the mean and maximum values for the entire
spatial dimension, using adaptive pooling to obtain the outputs of (1, 1, 1) is appropriate.
Adaptive pooling also performs pooling to the desired output size without a fixed ker-
nel size or stride, which can help optimize the computing resources. Finally, the overall
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information in the input feature map was averaged to minimize information loss while
maintaining a consistent output size.

(1)  Channel Attention (designed to recognize and learn the importance of each channel)

(@)  Adaptive average and max pooling: This module aggregates the spatial
information of 3D data. Average and max pooling each return a tensor with a
size of C X 1 x 1, where C is the number of channels in the input tensor.

(b)  MLP with Conv3d: Importantly, the kernel sizes of both the first and second
Conv3d layers are 1 x 1 x 1. The first Conv3d layer serves to reduce the
number of channels from C to C/reductionratio. Conversely, the second
Conv3d layer increases the number of channels from the C/reductionratio to
C again.

(2)  Spatial attention (designed to learn the importance of each 3D location)

(@) Max and min pooling: Extracts the maximum and minimum values of the
channel at each location of the input data. This results in a tensor of size
2 x D x Hx W. Here, D, H,and W are depth, height, and area, respectively.

(b)  Three-dimnsional convolution: The tensor generated above passes through
the 3D convolution layer, which has a kernel size of 7 x 7 X 7 and a number of
output filters (channels) of 1. A larger kernel size accounts for more amount
of spatial information in convolutional operations, with a 7 x 7 x 7 size kernel
accounting for a large area of its surroundings at each 3D location, which aids
in capturing a broader context. The output channel is 1 to generate a spatial
attention map. This attention map has the same spatial dimension as the
original input tensor but only represents the importance (or attention score) of
each position. Therefore, the number of output filters is 1, which is multiplied
by the original input tensor and element-wise to apply spatial attention. In
summary, the setting with a kernel size of 7 X 7 x 7 and a number of output
channels of 1 aims to recognize a wide range of contexts, save parameters,
and create a clear spatial attention map.

When the input data are provided, 3D convolution is performed, and the CBAM layer
is passed through batch normalization, rectified linear unit (ReLU), and dropout. After
passing through all the reserved blocks, the feature map undergoes global average pooling
through avgpool. This leaves only the average value for each feature map, and the feature
after pooling is a 1D vector, which passes through the fully connected layer (fc layer) and
outputs the final predicted value to perform anomaly detection.

In detail, the input data go through 7 x 7 x 7 convolution, batch normalization, ReLU,
and MaxPooling, and they are then input to the bottleneck layer (in the case of ResNet50)
or basic block (in case of ResNet 10, 18, and 34). Here, after going through 1 x 1 x 1
convolution, batch normalization, ReLU, 3 x 3 x 3 convolution, batch normalization, ReLU,
1 x 1 x 1 convolution, and batch normalization, and lastly, reduction in computational
complexity when the output and input sizes of the bottleneck are different owing to the
difference in stride or number of input and output channels. Downsampling (stride = 2)
is then performed for high-level feature extraction. Subsequently, CBAM is applied and
channel attention and spatial attention proceed. Layers containing bottlenecks or basic
blocks are repeated four times from layers 1 to 4, and CBAM is applied to each bottleneck
block or basic block. In the case of ResNet 10, 18, and 34, there are (1,1, 1, 1), (2,2, 2,2), and
(3,4, 6, 3), respectively, basic block layers in layer 1. In the case of ResNet50, there are 3,
4, 6, and 3 bottleneck layers in layer 1 to layer 4, respectively. After the input data have
executed all the network structures, classification for anomaly detection is performed in
the fully connected layer.

In the architecture of the proposed network, when an input arrives, it passes through
Conv3d, batch normalization, ReLU, and AdaptiveMaxPool3d and then through the convo-
lutional block (there are 1 x 1,3 x 3, and 7 x 7 depending on the depth of the model) and
the basic block (or bottleneck block). Subsequently, the process of going through CBAM
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is repeated four times before proceeding with the classification. In Figure 4, it is labeled
as “BottleNeck” based on ResNet50, but for shallower depths (10, 18, 34), it changes to
“BasicBlock”.
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Figure 4. Proposed Architecture.

3.4. Dataset

In this section, we describe datasets that we used for experiments. When looking at
existing datasets for anomalous behavior detection, few datasets contain violent actions.
While there are numerous datasets like UMN [65], UCSD Ped1 and Ped2 [66,67], Subway
Entrances and Exits [68], and CUHK Avenue [69], the anomalous behaviors they designate
refer to actions like walking in a different direction from the majority in a crowd or
riding bicycles and inline skates. There are also datasets such as [70] that occur in public
transportation, especially buses. However, these datasets contain many obstacles in public
transportation and there are many cases where these obstacles obscure human actions.
Because we only tested frames where human actions were clearly visible, we also excluded
this dataset from the experiments. Hence, a dataset that clearly distinguishes between
violent and nonviolent behaviors is required. Therefore, this study used UBI-Fights [71]
and three other datasets.

3.4.1. UBI-Fights

The UBI-Fights dataset was divided into fight and normal classes, consisting of 216
and 784 videos, respectively, gathered from YouTube and LiveLeak based on extensive
text search results of violent incidents. The data were collected at the frame level with
annotations totaling 80 h in length; however, the length of each video varied and had a
frame rate of 30.00 frames per second with a fixed resolution of 640 x 360. A drawback of
the videos in the fight class is that the entire duration of the video does not show fighting;
hence, scenes that should be categorized as normal were included.

3.4.2. RWF-2000

Another dataset used was the RWF-2000 [72]. This dataset consists of 2000 video clips
filmed in the real world by surveillance cameras, each 5 s long at 30.00 frames per second.
They were also sourced from YouTube and divided into violent and nonviolent classes.
Unlike in [71], the training and test sets were divided in an 8:2 ratio. The resolution of the
videos varied, including 240p, 320p, 720p, and 1080p. An advantage of this dataset was that
the actions were aligned with their respective classes throughout the video. Therefore, this
assumption was more intuitive. The violence class included fights, robberies, explosions,
shootings, bleeding, and assaults, enabling a more detailed categorization depending on
the situation and purpose. However, because the resolutions varied, preprocessing through
resizing could alter the original size of videos, potentially leading to a loss of information.

3.4.3. UCSD Ped1 and Ped2

We included the UCSD Ped1 and Ped2 datasets in our experiment, which considered
behaviors, such as walking in the opposite direction to the majority in a crowd, riding a
bicycle, or using inline skates, as anomalous. The ground truths of UCSD Ped1 and Ped2
are provided in the form of a segmentation map in which objects exhibiting anomalous
behaviors are highlighted in white. The UCSD Ped1 dataset consists of images from
70 videos: 34 for training and 36 for testing. Each set contains 200 images of size 158 x 238.
The training set comprises normal behaviors, whereas the testing set contains 10 anomalous
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behaviors. The UCSD Ped2 dataset comprises images from 28 videos, with 16 for training
and 12 for testing. Similar to UCSD Ped]1, each image contains 200 images of size 360 x 240.
Consequently, any area in the segmentation map with a value of 1, is interpreted as
representing abnormal behavior and assigned a label of 1; otherwise, it is assigned a label
of 0.

3.5. Details of Training

In this section, we describe the optimizer and loss function used and the hardware
and software environments and so on. As this study is a binary classification, the loss
function used was BCEWithLogitsLoss. The equation for BCEWithLogitsLoss is as follows
in Equation (5):

() {—w-u—y)-log(l—a(x)) ify =0 )
—w -y -log(o(x)) ify=1

where o represents the sigmoid function, w stands for the weight for each input sample,
and y indicates the actual label value (0 or 1). The loss of y = 1 (positive class) measures
the accuracy of the model prediction using the cross-entropy term, whereas the loss of
y = 0 (negative class) measures the inaccuracy of the model prediction. In both cases, the
closer the prediction is to the actual label, the closer the loss becomes to 0. This function
takes the logits (that is, the outputs before passing through the sigmoid activation function)
and actual label values as inputs. This effectively combines a two-step operation (sigmoid
activation function and binary cross-entropy loss). This merging method was used to
achieve computational efficiency and numerical stability.

In this study, the ResNet architectures with 10, 18, 34, and 50 layers were utilized as
the foundational backbones. Following the addition of the Convolutional Block Attention
Module (CBAM) on four occasions within each architecture, the total number of layers
increased to 14, 22, 38, and 54, respectively. For optimization, AdamW was used. AdamW,
a variant of the Adam optimization algorithm, implements weight decay separately. This
is particularly beneficial in preventing overfitting and enhancing the generalization per-
formance in deep neural networks. The combination of 3D ResNet and CBAM, which
forms a profound network architecture, benefits from AdamW for efficient learning and
regularization. An initial learning rate of 5 x 103 was adopted. In complex tasks such as
anomaly detection, setting the appropriate learning rate is crucial. A starting learning rate
of 5 x1073 is high enough to facilitate rapid convergence, yet it is not so high as to risk
overfitting or training instability. And the learning rate was adjusted using the ReduceL-
ROnPlateau scheduler. This scheduler reduces the learning rate automatically when there
is no improvement in validation loss. Learning rate can be optimized through training and
adjusted. This prevents the model from becoming trapped in local minima during training
and aids in fine-tuning performance through more delicate adjustments. Adjusting the
learning rate during training is especially crucial in complex tasks like anomaly detection.
Callback functions (Early Stopping) were also employed to prevent overfitting by halting
the training if the validation loss did not decrease for a certain period. While the epoch
count was initially configured to 100, the actual number is different due to the activation of
callback functions. Owing to memory constraints, the batch size was set to one. Experi-
ments were conducted on a Windows 10 operating system with hardware specifications
of an 11th Gen Intel(R) Core(TM) i7-11700K with a 3.60 GHz CPU, 48.0 GB RAM, and an
NVIDIA GeForce RTX 4090 GPU. All the proposed architectures were implemented using
PyTorch.

3.6. Evaluation Metrics

In this section, we describe evaluation metrics for experiments. The evaluation metrics
used were accuracy (ACC), loss, AUC, and EER. ACC is one of the most intuitive metrics
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used in classification problems and represents the ratio of items correctly classified by the
model to the total number of items. Accuracy is follow as Equation (6):

Accuracy — Number of Correct Predictions TP+TN ©)
Y= "Total Number of Predictions ~ TP+ TN+ FP+FN

In the context of model evaluation, the loss function quantifies the discrepancy between
the predicted values of the model and the actual data. A lower loss value signifies that
the model’s predictions are more closely aligned with the true values. Furthermore, the
Receiver Operating Characteristic (ROC) curve, plotted with the False Positive Rate (FPR)
on the x-axis and the True Positive Rate (TPR) on the y-axis, serves as a critical tool for
assessing classification performance. The area under the ROC curve (AUC) is particularly
instrumental, providing a numerical benchmark for performance evaluation. The AUC
value, ranging from 0 to 1, reflects the model’s effectiveness; values approaching 1 indicate
superior model performance as the curve nears the upper left corner of the graph. The
formulations for TPR and FPR are delineated in Equations (7) and (8), respectively.

TP
TPR=1p 1 EN 7
FP
FPR = ————
FP+ TN ®

EER is the error rate at the point where the false acceptance rate (FAR) and false rejection
rate (FRR) intersect. In other words, in the graph, ERR denotes the error rate at the point
where the FAR and FRR cross (become equal). A value closer to 0 indicates a better
performance of the classification model. FRR defined as follows Equation (9):

FN

FRR = 75N

)

4. Results

In this section, we list all the experimental results of the proposed method for each
dataset. Additionally, we present the results of various existing experiments and perform
analyses and comparisons of these results. All figures are rounded off to the fifth decimal
place. Two experiments were conducted for UBI-Fights. Before conducting the experiment,
we addressed the class imbalance issue in the dataset by undersampling the fight class.
Subsequently, the first experiment was conducted using the adjusted dataset, and the
second experiment was performed using the original. For RWF-2000 and UCSD Ped1 and
Ped2, only one experiment was conducted without altering the data ratio.

4.1. UBI-Fights

In this section, we introduce the experimental results for the UBI-Fights dataset. The
UBI-Fights dataset consists of videos in two categories: fight and normal, with 216 and
784 videos, respectively. The size of the merged images used in the experiment was
800 x 800.

Table 1 presents the experimental results for the UBI-Fights dataset with undersam-
pling applied. For 3 x 3,4 x 3,4 x 4, and 5 x 3 inputs, the networks based on ResNet 18,
ResNet 34, ResNet 10, and ResNet 10, respectively, demonstrated the highest performance.
This suggests that if a model, such as ResNet 50, is too deep and complex, it may face
classification difficulties. We observed challenges in feature extraction when the model
became excessively deep or when a certain number of frames were used on images of
limited size.
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Table 1. Experimental results on datasets with undersampling applied.

Input Backbone ACC LOSS AUC EER
ResNet10 0.9925 0.0022 0.9970 0.0030
3%3 ResNet18 0.9933 0.0010 0.9973 0.0027
ResNet34 0.9858 0.0068 0.9943 0.0060
ResNet50 0.8025 0.2368 0.8625 0.1991
ResNet10 0.9419 0.0174 0.9747 0.0293
4x3 ResNet18 0.9680 0.0009 0.9881 0.1510
ResNet34 0.9762 0.0069 0.9905 0.0099
ResNet50 0.8625 0.1789 0.7952 0.2037
ResNet10 0.9534 0.1804 0.7932 0.2588
4x4 ResNet18 0.9595 0.2032 0.7516 0.2707
ResNet34 0.9535 0.3222 0.7254 0.3045
ResNet50 0.9535 0.3778 0.6392 0.3780
ResNet10 0.9789 0.0352 0.9363 0.0615
5%3 ResNet18 0.9980 0.0286 0.8021 0.1789
ResNet34 0.8551 0.2153 0.8006 0.1989
ResNet50 0.7851 0.3265 0.7978 0.2060

Table 2 lists the experimental results for the original UBI-Fights dataset. For 3 x 3,
4 x 3,4 x 4,and 5 x 3 inputs, the networks based on ResNet10, ResNet18, ResNet10, and
ResNet10, respectively, demonstrated the highest performance. Because undersampling
was not performed, the amount of data increased, leading to superior performance in
relatively lightweight networks. Additionally, for the 4 x 4 input, both ResNet10 and
ResNet18 excelled in the two evaluation metrics. However, because the primary evaluation
metrics for the UBI-Fights dataset are AUC and EER, the ResNet10-based network can be
considered slightly more dominant.

Table 2. Experimental results on the original dataset.

Input Backbone ACC LOSS AUC EER
ResNet10 0.9916 0.0002 0.9817 0.0224
353 ResNet18 0.9913 0.0071 0.9345 0.0737
ResNet34 0.9720 0.0211 0.8668 0.1418
ResNet50 0.8344 0.2397 0.8259 0.1834
ResNet10 0.9419 0.0174 0.9747 0.0293
4x3 ResNet18 0.9680 0.0009 0.9881 0.0151
ResNet34 0.9270 0.0004 0.9647 0.0487
ResNet50 0.8358 0.2867 0.7952 0.0950
ResNet10 0.9799 0.1732 0.8411 0.2187
A4 ResNet18 0.9799 0.1715 0.8406 0.2324
ResNet34 0.9798 0.4752 0.8194 0.2481
ResNet50 0.9799 0.4776 0.6637 0.3357
ResNet10 0.9767 0.1017 0.9363 0.0969
543 ResNet18 0.9489 0.0433 0.7772 0.2231
ResNet34 0.9500 0.0460 0.7075 0.3036
ResNet50 0.9500 0.1480 0.6066 0.3952

As shown in Table 3, compared with other methods, our approach employed two
different experimental methods based on data distribution. We chose the method with
higher AUC and EER values because the remaining models were only compared based on
AUC and EER. Notably, the method with 3 x 3 input achieved an AUC of 0.9973 and an EER
of 0.0027. Similarly, most of our methods surpassed state-of-the-art results. Particularly, by
observing the results from the 3 x 3 and 4 x 3 based on ResNet10 and ResNet18 backbone
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models, it is clear that fewer images were used in the merged image, and relatively lower
model complexity(depth) yielded better outcomes.

Table 3. Comparison of recent studies. Table 3 compares the results of recent studies using the
UBI-Fights dataset. There is only one model with an AUC exceeding 90, and in most cases, the EER is
also greater than 0.2.

Method AUC EER
SS-Model + WS-Model + Sultani et al. [73] 0.846 0.216
SS-Model [73] 0.819 0.284
GMM [15] 0.906 0.160

Sultani et al. [19] 0.787 0.267

s2 VAE [28] 0.610 0.427
LSTM-AE [29] 0.541 0.480
Adversarial generator [24] 0.533 0.484
Grid frame (ours) (3 x 3) 0.9973 0.0027
Grid frame (ours) (4 x 3) 0.9905 0.0099
Grid frame (ours) (4 x 4) 0.8411 0.2187
Grid frame (ours) (5 x 3) 0.9363 0.0615

4.2. RWF-2000

This section presents the experimental results for the RWF-2000 dataset. Because
the original RWF-2000 data ratio was split as 8:2 for the training and testing, only one
experiment was conducted. Additionally, there were 2000 videos, with 800 for training
and 200 for testing each for the Violence and Nonviolence categories. As shown in Table 4,
similar to UBI-Fights, as the complexity of the backbone network increased, the perfor-
mance tended to deteriorate. Compared with UBI-Fights, it is evident that the performance
is generally higher. Table 5 presents a comparison of recent studies using the traditional
RWEF-2000 dataset.

Table 4. Experimental results on the RWF-2000 dataset.

Input Backbone ACC LOSS AUC EER
ResNet10 0.9920 0.0211 0.9962 0.0059
33 ResNet18 0.9884 0.0343 0.9363 0.1418
ResNet34 0.8596 0.0386 0.8548 0.1436
ResNet50 0.8846 0.2449 0.6006 0.3586
ResNet10 0.9784 0.0177 0.9962 0.0487
4x3 ResNet18 0.9787 0.0026 0.9330 0.0677
ResNet34 0.8764 0.3460 0.8800 0.0976
ResNet50 0.8579 0.3524 0.8732 0.1158
ResNet10 0.9506 0.0029 0.9071 0.1572
Axd ResNet18 0.9015 0.0343 0.9001 0.1756
ResNet34 0.8687 0.4059 0.8059 0.1989
ResNet50 0.7350 0.4734 0.7000 0.2700
ResNet10 0.9506 0.0029 0.9550 0.0583
53 ResNet18 0.9382 0.0071 0.9071 0.0972
ResNet34 0.8532 0.3023 0.7734 0.1789
ResNet50 0.8004 0.3087 0.7900 0.2139

Table 4 lists the experimental results for RWF-2000. For 3 x 3,4 x 3,4 x 4,and 5 x 3
inputs, the networks based on ResNet10, ResNet18, ResNet10, and ResNet10 demonstrated
the highest performance. Because the primary evaluation metric for this dataset was
accuracy, in the case of the 4 x 3 input, ResNet18 was considered superior.
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Table 5. Comparison with other methods using the RWEF-2000 dataset.

Method ACC

Structured keypoint pooling [74] 0.934
Semi-supervised hard attention (SSHA) [75] 0.904
Human skeletons + change detection [76] 0.9025
Separable convolutional LSTM [77] 0.8975
SPIL convolution [78] 0.893
Flow-gated network [72] 0.8725

Grid frame (ours) (3 x 3) 0.9920

Grid frame (ours) (4 x 3) 0.9787

Grid frame (ours) (4 x 4) 0.9506

Grid frame (ours) (5 x 3) 0.9506

Table 5 compares the proposed method with other approaches using the RWF-2000
dataset. Because accuracy is the primary evaluation metric for this dataset, we prioritized
it when comparing performances. Compared with other methods, the network using a
3 x 3 input configuration achieved the highest performance with an accuracy of 0.9920.

4.3. UCSD Ped1

In this section, we present the experimental results for the UCSD Ped1 dataset. Only
the abnormal data have ground truth in the form of segmentation maps, in which the
anomalies are segmented in white. If there is even one pixel with a value of 1 in the ground
truth image, a label of 1 is assigned; otherwise, a label of 0 is assigned. For our experiment,
we randomly added a portion of the anomalous data from the test dataset to the training
set and proceeded with the training.

Table 6 lists the experimental results for the UCSD Ped1 dataset. For 3 x 3,4 x 3,4 x 4,
and 5 x 3 inputs, the networks based on ResNet18, ResNet34, ResNet18, and ResNet10
demonstrated the highest performance. Overall, using ResNet18 as the backbone network
with a 3 x 3 input achieved the highest performance, with an AUC of 0.9188 and an
EER of 0.1197. However, this record is ranked second highest following an adversarial
generator [24] (Table 7).

Table 6. Experimental results using the UCSD Ped1 dataset.

Input Backbone AUC EER
ResNet10 0.8828 0.1880
3%3 ResNet18 0.9188 0.1197
ResNet34 0.8988 0.1606
ResNet50 0.8787 0.1849
ResNet10 0.8846 0.1875
4x3 ResNet18 0.8846 0.1890
ResNet34 0.9047 0.1597
ResNet50 0.8717 0.1915
ResNet10 0.8721 0.1913
4 x4 ResNet18 0.8846 0.1836
ResNet34 0.8503 0.1985
ResNet50 0.8726 0.1875
ResNet10 0.8846 0.1875
53 ResNet18 0.8830 0.1884
ResNet34 0.8824 0.1881
ResNet50 0.8652 0.1936
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Table 7. Comparison with other methods on the UCSD Ped1 dataset.

Method AUC EER

S2-VAE [28] 0.876 -

sRNN [79] 0.8171 -
ConvAE [29] 0.899 0.125
GMM [15] 0.801 0.236
Adversarial generator [24] 0.974 0.008
Grid frame (ours) (3 x 3) 0.9188 0.1197
Grid frame (ours) (4 x 3) 0.9047 0.1597
Grid frame (ours) (4 x 4) 0.8846 0.1875
Grid frame (ours) (5 x 3) 0.8846 0.1875

For the UCSD Ped1 dataset, the method with a 3 x 3 input achieved an AUC of 0.9188
and an EER value of 0.1197. However, this was the second-highest record, following the
Adversarial generator [24].

4.4. UCSD Ped?

In this section, we present experimental results for the UCSD Ped2 dataset. The
training dataset contained only normal data, whereas the test dataset contained only
abnormal data. Thus, we randomly added a portion of the abnormal data from the test set
to the training set for the experiment. The ground truth was provided in the same manner
as UCSD Ped1; therefore, the labeling method and subsequent training were conducted in
the same way.

Table 8 presents the experimental results for UCSD Ped?2. For 3 x 3,4 x 3,4 x 4, and
5 x 3 inputs, the networks based on ResNet10 demonstrated the highest performance. The
best performance was achieved with a 3 x 3 input using ResNet10 as the backbone network,
resulting in an AUC of 0.9959 and an ERR of 0.0081.

Table 8. Experimental results using the UCSD Ped2 dataset.

Input Backbone AUC EER
ResNet10 0.9959 0.0081
33 ResNet18 0.9953 0.0111
ResNet34 0.9000 0.1666
ResNet50 0.7875 0.2134
ResNet10 0.8750 0.2000
4x3 ResNet18 0.8457 0.2040
ResNet34 0.8730 0.2006
ResNet50 0.7969 0.2121
ResNet10 0.8672 0.2025
Ax4 ResNet18 0.8594 0.2051
ResNet34 0.8613 0.2006
ResNet50 0.8262 0.1895
ResNet10 0.8750 0.2057
553 ResNet18 0.8574 0.2000
ResNet34 0.8691 0.2000
ResNet50 0.8449 0.2011

Table 9 compares the proposed approach with other methods. Because other methods
primarily assessed performance based solely on AUC, we assigned the highest priority
to AUC for comparison. The network using the 3 x 3 format achieved the second-best
performance, with an AUC of 0.9959, slightly below that of the state-of-the-art model.
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Table 9. Comparison with other methods using the UCSD Ped?2 dataset.

Method AUC EER
Background-agnostic
framework [80] 0.987 )
RTFM [14] 0.986 -
CL-VAD [81] 0.978 -
SSMTL [82] 0.975 -
FastAno [83] 0.963 -
GCN-Anomaly [84] 0.932 -
AI-VAD [85] 0.991 -
Adversarial generator [24] 0.935 0.14
DMAD [86] 0.997 -
Grid frame (ours) (3 x 3) 0.9959 0.0081
Grid frame (ours) (4 x 3) 0.8750 0.2000
Grid frame (ours) (4 x 4) 0.8672 0.2025
Grid frame (ours) (5 x 3) 0.8750 0.2057

5. Conclusions and Future Research

In this study, we introduce a 3D CNN-based network combined with an attention
module for real-time anomaly detection, particularly for violent behavior detection and
video surveillance, and a unique input data approach. This network has several unique
features compared with those of previous studies and uses state-of-the-art deep learning
technology and attention mechanisms to effectively extract the features of temporal and
spatial information in the context of the data. A comparison of our method with state-of-
the-art methods demonstrates the superior performance of our approach, which enables
improved focus on areas of interest. Rather than assessing a situation by observing a static
scenario, such as a 2D CNN, our method can be applied to various scenarios, such as
robbery, arson, and theft, if desired, by using the correlation between the past, present, and
future. Additionally, in this study, an input video with multiple consecutive frames in one
image, called a grid frame, was applied to the network with cbam to simultaneously view
spatiotemporal features from multiple viewpoints. This approach enabled a shift from
simple 2D image analysis to dynamic video analysis.

However, there remains the challenge of memory constraints. Because of memory
constraints, the number of frames applied to a single video was limited. To address this
issue, we are currently exploring methods such as reducing the size of images using grid
frames or diminishing the complexity of 3D convolutional models. To circumvent the
memory limitations restricting the number of frames per video, it is essential to reduce
either the image size during data preprocessing or the duration of each video in the dataset.
For instance, segmenting a 10 s video into ten 1 s clips ensures the availability of complete
data information, irrespective of memory constraints. So, addressing this issue in the data
preprocessing step significantly will improve the classification performance owing to the
increased input data. We believe that this network will lead to significant breakthroughs
in anomaly detection. This study is expected to advance research on the application
of the attention module to 2D CNN. If these models can be efficiently lightweight, it
holds promise for real-time detection applications in industrial settings. Furthermore, it is
anticipated that the application of this model will not be limited solely to crimes occurring
between individuals. This study can serve as a basis for research on potentially hazardous
areas, such as manufacturing plants, food inspection sites, and construction sites, where
dangerous situations can occur instantaneously.

To improve results, it is expected that the results of all the used datasets can be
improved by performing transfer learning on the network used in this paper or through
data augmentation and ensemble techniques. A second approach is to use multimodal
data, adding other types of data, such as audio. This is expected to improve results for this
dataset by allowing the detection of anomalies that are difficult to identify using visual
data alone.
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Finally, future studies will apply this network to broader datasets to ensure the best
classification performance, regardless of the input data method used. We will also continue
to work to better detect anomalous behavior in datasets with deeper occlusion and public
transportation and to achieve good results on larger and more complex datasets. We expect
that this study will be used in various fields and will inspire further research directions.
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Abstract: In recent years, a multitude of self-supervised anomaly detection algorithms have been
proposed. Among them, PatchCore has emerged as one of the state-of-the-art methods on the widely
used MVTec AD benchmark due to its efficient detection capabilities and cost-saving advantages in
terms of labeled data. However, we have identified that the PatchCore similarity principal approach
faces significant limitations in accurately locating anomalies when there are positional relationships
between similar samples, such as rotation, flipping, or misaligned pixels. In real-world industrial
scenarios, it is common for samples of the same class to be found in different positions. To address
this challenge comprehensively, we introduce Feature-Level Registration PatchCore (FR-PatchCore),
which serves as an extension of the PatchCore method. FR-PatchCore constructs a feature matrix
that is extracted into the memory bank and continually updated using the optimal negative cosine
similarity loss. Extensive evaluations conducted on the MVTec AD benchmark demonstrate that
FR-PatchCore achieves an impressive image-level anomaly detection AUROC score of up to 98.81%.
Additionally, we propose a novel method for computing the mask threshold that enables the model to
scientifically determine the optimal threshold and accurately partition anomalous masks. Our results
highlight not only the high generalizability but also substantial potential for industrial anomaly
detection offered by FR-PatchCore.

Keywords: image anomaly detection; self-supervised learning; feature processing

1. Introduction

The issue of data imbalance is widely observed in industrial anomaly detection, further
exacerbated by the scarcity of valuable anomalous data available for this task. Anomalies
can arise from various unknown external influences [1], and they can also originate from the
objects themselves. It is impractical to account for every possible exception. Unsupervised
approaches address this challenge by leveraging unlabeled samples to enable the model
to learn the distribution properties and features of both normal and abnormal samples.
This enables effective anomaly detection while avoiding the high cost associated with
labelled data. In the field of industrial anomaly detection, training autoencoders [2,3] and
methods based on generative adversarial networks (GANSs) [4-7] are commonly employed.
Lyu et al. [8] fused GAN with a deep convolutional neural network (DCNN) to build an
anomaly location model, which can find the mapping relationship between images and
high-dimensional features. Son et al. [9] computed anomaly scores by training encoder—
decoder-based long short-term memory (LSTM) networks to evaluate data based on the
time the anomaly existed. J. Mitra et al. [10] used generative adversarial networks to
identify a manifold of normal samples and, at the same time, identify abnormal patterns
that fall outside the model. Xiao, K., Cao, J., Zeng, Z., and Ling, W.-K. [11] explore sample
distribution by utilizing the fast-labelling characteristics of a graph structure and use
an autoencoder to blur low-level features while retaining local features to achieve better
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anomaly detection performance. However, these methods often rely on the availability of a
substantial amount of data. When the number of anomalous samples is limited, the model
may struggle to distinguish between normal and anomalous images accurately.

Consequently, self-supervised approaches are highly favored in the field. Several
state-of-the-art self-supervised methods, such as PatchCore [12], have achieved remarkable
detection results on the widely recognized MVTec AD benchmark [13]. However, it has been
observed that the PatchCore method imposes stringent requirements for image alignment.
It is worth noting that in the MVTec dataset, most categories satisfy the condition of
“similarity”, where samples within the same category share common characteristics and
can be approximately aligned at identical positions. These samples do not exhibit significant
spatial differences, such as rotation or flipping. Hence, they demonstrate excellent test
results and are referred to as “similar categories”. In contrast, categories that fail to meet
these similarity conditions are termed “spatial transformation categories”. The effectiveness
of their anomaly detection may be compromised as we have observed that these methods
are not proficient in handling the latter type of category.

To establish that this is not a random occurrence, we also conducted experiments on
the MPDD dataset [14], whose six categories also have “spatial location relationships”.
These experiments confirmed that the PatchCore method is more sensitive to “similar
pictures” and does not pay much attention to the spatial position relationship between
samples. In industrial detection, the images to be analyzed are not limited to “similar
categories”. They can be captured by sensors from various angles and locations. Moreover,
when training data are scarce, employing data augmentation techniques to expand the
dataset (e.g., rotation, mirror flipping, left, and right flipping, etc.) can introduce “spatial
transformation categories”, which may reduce the effect of anomaly detection, resulting in
increased rates of missed detection and false positives.

To enhance the generalization performance of the method and enable it to effectively
detect even in the presence of “spatial transformation categories”, we introduce registration
as a pretext task. We extract fused features from the feature extraction layer and store
them in a database through a series of dimensionality reduction operations. By utilizing a
negative cosine similarity loss, we update the features in the memory bank, eliminating
overlapping features while incorporating previously neglected ones during training. As
the tests adopt a pixel-by-pixel comparison approach, disregarding pixel relationships, we
construct a module similar to pyramid pooling to enforce connectivity between patches.
Additionally, we devise an innovative approach that enables the model to look for the
optimal threshold, resulting in accurate ground truth segmentation. Our proposed method
achieves an impressive AUROC performance of 98.81% on the MVTec dataset, significantly
enhancing generalization and reducing false positive rates.

2. Related Works

Recently, supervised methods have exerted a significant impact on the field of anomaly
detection, resulting in the assimilation of concepts from these approaches into self-supervised
methods. Self-supervised anomaly detection methods can be broadly classified into
reconstruction-based techniques and feature embedding-based techniques.

2.1. Reconstruction-Based Approaches

Reconstruction-based anomaly detection relies on the assumption that the model can
reconstruct normal samples well but struggles with anomalous regions. Early attempts
involved using generative adversarial networks (GANs) [15,16]. However, due to the
strong generalization of neural networks, abnormal samples could also achieve good recon-
struction, rendering the comparison unreliable. More recently, You et al. [17] introduced a
new paradigm for reconstruction networks, addressing the issue where popular reconstruc-
tion networks may fall into a “same shortcut” scenario, where both normal and abnormal
samples can be accurately recovered, leading to difficulties in detecting outliers. This work
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tackles the practical challenge of detecting anomalies across different object classes using a
unified framework.

2.2. Feature Embedding-Based Approaches

The feature embedding-based approach involves feeding images into the model,
extracting features, and constructing interface scoring rules in the feature space. Unlike the
reconstruction method that operates in the RGB image space, feature embedding focuses
on the high-dimensional feature space for anomaly detection. Notably, Bergman, L., Cohen,
N. and Hoshen, Y. [18] encouraged the use of pre-trained models on large-scale datasets for
anomaly detection. This recommendation gives great encouragement to such methods.

SPADE [19] initially extracts features of all normal samples (training set) in a network
pre-trained on ImageNet. During testing, the K-nearest neighbors (KNN) [20] metric is
applied to each pixel-wise feature of the test sample to calculate the anomaly score for
each pixel point. However, the more normal images used in training, the more features
are stored, resulting in higher KNN complexity during testing. Building upon SPADE,
a method named PaDiM [21] improves it by eliminating the construction of a feature
bank and performing KNN for anomaly detection. However, the pixels at each position
are not strictly aligned, so modelling each pixel position alone may lead to inaccuracies.
Y. Zheng et al. [22] performs fine-tuning based on the anomaly localization task and pro-
posed FYD. To address the feature misalignment issue in PaDiM, they introduce the spatial
transformer network (STN) [23] module for coarse alignment and use a self-supervised
learning paradigm inspired by the SimSiam network (without requiring negative samples).
However, certain images may still not be aligned. Furthermore, from a visualization per-
spective, the detection performance is not optimal, primarily due to the evaluation metric
(pixel-wise AUCROC score [24]), which tolerates anomalies in small areas.

Recently, Huang et al. [25] innovated based on PaDiM and FYD and proposed RegAD,
which employs registration as a proxy task to train an anomaly detection model with
unknown categories. PatchCore addresses the slow testing speed of SPADE. KNN and
greedy coreset subsampling are applied to select the most representative feature points for
measuring anomaly scores during testing, which reduce the size of the feature bank and
finally achieve excellent results.

The method FR-PatchCore (Feature-level Registration PatchCore) of ours preserves the
high efficiency of PatchCore. Feature-level registration is employed as a pretext task, and
the information stored in the feature database is updated using a negative cosine similarity
loss. To enforce pixel relationships, a module similar to pyramid pooling is constructed.
During testing, the Euclidean distance from each pixel to its corresponding feature in the
database is used for scoring.

3. Methodology

In our methodology, we introduce the concept of feature-level registration and utilize
it as a non-cumbersome pretext task during training. The negative cosine similarity loss
is employed as the training loss, which we optimize to update the memory bank. The
framework of our approach is depicted in Figure 1.

The upper section represents the registration module, while the lower section rep-
resents the memory bank module. Both sections operate concurrently. Two images
from samples belonging to the same category are randomly selected, and their features
are extracted using the convolutional neural network and spatial transformer network
(CNN + STN) for registration purposes. The feature registration process is supervised
by maximizing the absolute value of the negative cosine similarity loss. After the regis-
tration process, the extracted fusion features are stored in a dedicated memory bank and
continuously updated with training losses after each registration iteration.
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Figure 1. The architecture of the FR-PatchCore model proposed is presented. The entire framework
can be divided into three main steps, and the feature extraction processes in both modules are
executed simultaneously. In the registration module, randomly selected images are fed into CNN
+ STN to obtain pre-encoded features. Meanwhile, in the memory bank module, we combine the
features passing through the second STN layer and the third STN layer to retain sufficient spatial
information of features. Finally, the fusion features are stored in the memory bank.

3.1. Registration Module

Neural network training necessitates task-driven learning. Therefore, the essence of
self-supervised learning lies in the thoughtful design of tasks that facilitate effective model
learning. Inspired by the work of [25], which obtained a Gaussian distribution model of
normal data through feature-level registration training, we leverage the registration task as
a pretext task to enhance the model’s understanding of features and emphasize spatial and
positional differences. Accordingly, we construct the registration module, consisting of a
feature extractor, feature encoder, and predictor, as illustrated in Figure 2.

layerl layer2 layer3 Angoolzd Encoder Predictor
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Spatial Transformer Network block

Figure 2. Registration module: two different images of the same category are inputted, and the
CNN + STN combination is utilized to extract features. A Siamese structure network is employed for
feature encoding and prediction. The objective is to train the registration network in such a way that
the predicted features closely resemble the encoded features in the figure.

In feature registration, since spatial transformation can be represented as matrix opera-
tions, it is advantageous to allow the network to learn the generation of matrix parameters,
thereby acquiring spatial transformation capabilities. Common network frameworks in
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deep learning include the CNN and the transformer. Additionally, the spatial transformer
network, which plays a pivotal role in our research, can seamlessly integrate into any com-
ponent of the CNN architecture. To ensure a fair comparison with state-of-the-art methods,
we have selected the wide_resnet_50_2 [26] network as the backbone for our experiments
among various CNNs commonly employed in anomaly detection tasks. This network has
demonstrated exceptional performance on the ImageNet dataset, achieving an accuracy of
78.51% for Top 1 and 94.09% for Top 5. For this specific task addressed in our paper, we
conducted an ablation experiment (4.5.1) to compare the feature extraction capabilities of
both Resnet and VIT models, where wide_resnet_50_2 exhibited superior performance.
We incorporated the STN module into the wide_resnet_50_2 architecture. The overall
structure of the STN module is illustrated in Figure 2 and consists of a localization net-
work, a grid generator, and a sampler. In the first component, a feature map is given as
Formula (1):
u c RH xWxC (1)

After several convolutions or fully connected layers, a regression layer follows, leading
to the output of regression transformation parameter 6. The dimension of 8 depends on
the specific transformation type chosen by the network.

In the second component, we utilize 8 and the specified transformation mode from
the localization network output, and the grid generator performs further spatial transfor-
mations of the feature map to determine the mapping of T(0) between the output and input
features. It employs the predicted transformation parameters to create a sampling grid,
which represents a set of points where the input map should be sampled to produce the
transformed output. In the sampler, it utilizes the sampling grid to determine which points
in the input feature map will be utilized for the transformation. It samples the input feature
map against the sampling grid to obtain the final output.

In Step 1, assuming that the input RGB image has a resolution of (224,224), Formula (2)
is applied.

U ¢ R224x224x3 )

The fourth layer of the wide_resnet_50_2 network is excluded to preserve more
comprehensive spatial information, and the spatial transformer network (STN) is integrated
after the initial three layers of the network. The input feature f;(x$,y$) undergoes a
transformation function tg. The mapping relationship between the input and output
feature mappings is defined as Formula (3).

x; x; 011 612 O3 x;
Ll =19(G;) = A = 3
<yf> o(Gi) 6(y5> [921 022 923] <y1t> ®)
1 1

In this case, the form of the eigenvector is shown in Formula (4):

u € R56><56><64
u, R28><28><128 (4)
u3 c R14><14><256

When no key points are labeled, the STN allows the neural network to actively trans-
form the feature map based on input features and learn spatial transformation parameters
without requiring additional training supervision or modifications to the optimization
process. As illustrated in Figure 2, the STN can effectively align input images or learned
features during training, thereby mitigating the impact of spatial geometric transformations
such as rotation, translation, scale, and distortion on tasks like classification and localization.
The STN facilitates the spatial transformation of the input data, thereby enhancing feature
classification and enabling the network to achieve rotational invariance dynamically. More-
over, it intelligently selects the most salient region of the image and optimally transforms it
into a suitable orientation. Figure 2 illustrates the depiction of feeding an inverted screw
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image into the STN module. Through a series of transformations, the input is effectively
rectified to face forward.

The employed approach in Figure 2 involves the utilization of a Siamese network
for feature encoding, wherein a negative cosine similarity loss is applied as per

Formulas (5) and (6).
pu Zp
D(p_ ,zp) = — . )
Par2) =~ - Tl
Py Za
D(p,,zq) = — . (6)
Pyr2a) =~ Talls

The negative cosine similarity loss is an appropriate metric for quantifying the similar-
ity between two vectors. Furthermore, it possesses the capability to map similar vectors
to adjacent points and dissimilar vectors to distant points. This characteristic facilitates
feature clustering, as described in Section 3.2.3.

The objective is to maximize the similarity between p, and zj, as well as between p,
and z,. To prevent the input data from converging to a constant value after convolution ac-
tivation, resulting in identical outputs regardless of the input image, we adopt the approach
described in [27] by halting the gradient operation on one of the branches to avoid model
collapse. Finally, we define Formula (7) as the registration loss for symmetric features.

L= [(DPpaz6) + (D(py za)] )

N =

The STN is employed in this stage to perform feature rotation and inversion, facili-
tating the model’s determination of image similarity. Following each training iteration, a
negative cosine similarity loss is obtained.

3.2. Memory Bank Acquisition
3.2.1. Feature Extraction

Let @ (h, w, c) represent the feature mapping of the second layer, where h denotes
the height, w denotes the channel width, and ¢ denotes the number of channels. Like
PatchCore, the patch-level features of local features in clustered neighborhoods can be
represented as Formula (8):

Here, f,,, represents the aggregation function within the neighborhood. As mentioned
in Figure 1, we use a combination of the first three layers of wide_resnet_50_2 and STN
to extract features and build the memory library, with each layer followed by the STN.
Inspired by the PatchCore method, we likewise did not adopt the last layer of the Resnet
network since it lost a lot of the features’ spatial information. As shown in Figure 3, the
features of the second and third layers of the STN can retain global information while
containing more local feature information. However, if the features of the first three or
more layers are fused, the features in the input memory library will not contain enough
information for accurate detection.

— r H
Layer2&3

Figure 3. A visualization of features of different levels when fused. When too many levels of the

feature are fused, the naked eye can no longer distinguish the outline of the original image, and the
features become fine-grained.
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3.2.2. Similar to Pyramid Pooling Module (SPPM)

After feature extraction, a 3-dimensional tensor with the shape (C, H, W) is obtained,
where C is the sum of the dimensions of the second and third layers. We then process
this three-dimensional feature vector by flattening it in three dimensions except for the
channels. This results in a two-dimensional tensor with a shape of (H x W, C), which
is randomly projected. Thus, we flatten the original feature vector into a column-wise
phenotypic feature matrix. However, as mentioned earlier, the PatchCore method employs
a pixel-by-pixel search approach, conducting nearest neighbor searches on each pixel and
disregarding pixel relationships. We recognize that 2D average pooling can increase the
receptive field, which is crucial for anomaly detection tasks. Hence, we employ the pooling
approach illustrated in Figure 4.

Core size:5x5 Feature size Feature size
16x16 64x64

r I:‘ —Upsampling—» —

[]

Core size:4x4 Feature size
32x32
— —Upsampling—p» Add in dimensions
Feature size
Core size:3x3 64x64
’ —Upsampling—» |
O

Figure 4. The structure of SPPM.

Assuming an input feature size of 64 x 64, we perform three pooling operations with
pool core sizes of 3 x 3,4 x 4, and 5 x 5. Subsequently, tensors of sizes 64 x 64, 32 x 32,
and 16 x 16 are obtained. Next, the three pooled tensors are unsampled to the same size of
64 x 64, and their dimensions are concatenated. The earlier pooling regions are included
within subsequent pooling regions using this approach to enlarge the receptive field and
give more attention to edge information due to an overlap between pooling regions, thus
establishing closer relationships between the pixels.

After the pooling step, the eigenvector of the domain ¢(h, w), as represented by
Formula (9), is enacted.

N — {(u,b)‘ae [h—g,...h—l—g},be [w—g,...w+§}} )

The feature aggregation operation is utilized to obtain the locally aware patch feature
set p of the feature mapping tensor @; ;, enabling the successful realization of the clustering
P, (@(h,w)) of the feature tensor, as shown in Formula (10).

Py (g(h,w)) = {g(h,w) (N,"))

h wmods=0h<h,w<w, hwe N} (10)
In this case, the feature repository M; can be described as Formula (11):

My = |J Psp(e(xi) (11)

xieN

3.2.3. Anomaly Detection

The samples used in self-supervised learning are exclusively normal. The training
process aims to identify representative features of the “normal category” and utilize them
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as a reference for evaluating positivity and negativity, ultimately achieving anomaly detec-
tion. During testing, we index the memory bank that stores characteristic information of
positive samples and calculate the Euclidean distance between sample patches to obtain
an anomaly score. In n-dimensional space, if there are two points a(x11, X12, . . ., X1, ) and
b(x21,X22, - - ., X2;,), then the Euclidean distance d is defined as Formula (12).

n

d= | Y (xy —x)? (12)
k=1

After completing the feature aggregation and pooling module in Step 2, we proceed
to the feature clustering operation. The utilization of negative cosine similarity loss during
training greatly facilitates feature clustering by ensuring that similar vectors are consistently
mapped to proximate locations with each iteration, while dissimilar vectors are assigned
to distant points. This approach effectively reduces the clustering time and enhances the
operational efficiency of the model. To optimize the memory library size and improve the
testing efficiency, we implement the PatchCore method and employ greedy subsampling
for reducing and optimizing the memory bank based on Formula (13).

* argmin  max  min
M, = - 13
2= My Mymc Minem, ™" (13)

The objective of our purpose is to streamline the testing process by solely conduct-
ing nearest neighbor searches for the test sample’s feature in M», identifying its closest
neighboring feature and subsequently calculating the maximum Euclidean distance from
this feature to its clustering center. This approach allows us to obtain an anomaly score,
facilitating effective anomaly detection.

In the memory bank, for each patch-level feature m € M, of the training data, we
select the m" nearest neighbors from the patch-level features of the test data. The patch-
level anomaly score of the test image Xi.s: is estimated based on the distance between the
patch-level feature mes and m’, as shown in Formulas (14) and (15).

m = arg min,, o ||[m't —m|, (14)
-

3.2.4. Post-Processing Method

In anomaly detection, the ground truth serves as a baseline measurement obtained
from a reliable method. It is used to calibrate and improve the accuracy of new measure-
ment methods. Many current anomaly detection methods rely on the calculated AUROC
curve to determine the threshold of the entire dataset. This involves setting the threshold
based on the data distribution and other characteristics. The regions above the threshold
are considered abnormal, while those below are considered normal. However, if the overall
threshold of an abnormal image is lower than the dataset threshold, the anomaly cannot
be detected. Otherwise, false detections may occur. To address this, we propose a thresh-
old determination method based on the image itself, which identifies the critical point
between normal and anomalous regions, enabling the accurate labelling and localization
of anomalies.

For each test sample, as shown in Figure 5a, we artificially construct five rectangular
sampling frames in its upper left, lower left, upper right, lower right, and right center
regions, as shown in Figure 5b.
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(d)

Figure 5. (a) source image; (b) artificial construction; (c) heat map; (d) ground truth of the

constructed image.

The constructed image is also fed into the network for feature extraction, and then we
search for distances in the feature database, compute scores, and obtain the score matrix.
Its heat map visualization is shown in Figure 5c. Obviously, as artificially constructed
anomalies, these five areas will have significantly higher anomaly scores than the rest
of the picture. We set the pixel values of these five areas to 0 and the other parts to 1,
thus obtaining its ground truth, as depicted in Figure 5d. Then, we traverse the five
regions, find the maximum and minimum fractional values (thres;qx and thres,,;,) and
define the interval as outlined in Formula (16), setting iter_times to 10 to ensure the code
runs efficiently:

interval = (thres ,,, —thres,,;,) /iter_times (16)

For each iteration, we set the threshold as outlined in Formula (17):
th = thres,, —iter_times-thres,,;, (17)

The iteration is carried out in the range of minimum and maximum thresholds, and
each th can output an anomaly mask accordingly, where the white area is abnormal and
the black area is normal, as shown in Figure 6a—e, which are the masks corresponding to
the thresholds 9.0, 8.3, 7.6, 6.4 and 6.1, respectively. As can be seen from the five pictures
shown in Figure 6, with the continuous increase in the threshold, the area of the abnormal
region in the mask image corresponding to each threshold value increases first and then
decreases. Finally, we calculate the intersection over union (IOU) between the prediction
box and the ground truth box. The threshold is updated according to the highest IOU, and
the best threshold (best_th) is obtained after 10 iterations. The mask graphs corresponding
to different responsiveness are presented in Figure 6a—e, serving the purpose of facilitating
the description of this method’s principle. It is important to note that these graphs do not
represent the final segmentation results but rather serve as temporary variables within the
code and are subsequently deleted after calculation to optimize memory usage.

() (b) () (d) (e)

Figure 6. The corresponding anomaly mask under a certain th. (a) th =9; (b) th =8.3; (c) th=7.6;
(d)th=64; (e) th=6.1.

After determining the optimal threshold value (best_th), based on industrial detection
expertise, we establish the region of abnormal pixels (S = 25) and devise an algorithm. For
the neighboring pixel region exceeding best_th, if it is smaller than S, the pixel value in this
region will be set to 0 (normal); otherwise, it will be set to 1 (abnormal). The implementation
of this setting will effectively eliminate the occurrence of false positives in small areas,
resulting in a reduction in the overall false alarm rate observed in the test results.
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4. Experiment
4.1. Datasets and Metrics

We first evaluate the performance of our method on two public datasets, MV Tec and
MPDD, which cover both classical industrial anomaly detection and defect detection in
manufacturing processes.

- MVTec dataset: The MVTec dataset is a well-known benchmark for industrial anomaly
detection. It consists of 15 categories with a total of 3629 training and validation
images and 1725 test images. The training set contains only normal images, while the
test set includes images with various defects and normal images. The images have
resolutions ranging from 700 x 700 to 1024 x 1024 pixels, and pixel-level ground truth
labels are provided for each defect.

- MPDD dataset: The MPDD dataset is a newly proposed dataset focused on defect
detection in the manufacturing process of painted metal parts. It comprises six types
of metal parts captured under different spatial orientations, positions, distances, light
intensities, and backgrounds. We utilize this dataset to evaluate the registration effect
of our method and compare it with several other methods to highlight the superiority
of our approach.

- Industrial scenario dataset: To demonstrate the robustness and generalization of
our approach, we have selected an additional three datasets from the field of high-
speed rail (HSR) component inspection for experimentation. Each of these industrial
datasets consists of 460 normal samples and 115 abnormal samples, all of which
exhibit visual bias in terms of their positioning. Figure 7 showcases the appearance of
these normal samples.

LT LT LT

TR

(b) (c)
Figure 7. (a) HSR dataset 1; (b) HSR dataset 2; (c) HSR dataset 3.

We first adopt the traditional model evaluation method, randomly sampling normal
data and abnormal data, and divide the dataset according to the ratio of training set to test
set of 8:2. In order to avoid overfitting and other effects caused by unreasonable dataset
division, we adopt the cross-validation method to evaluate the model in Section 4.4.

For the evaluation, we employ two threshold-independent metrics. The first is the
area under the receiver operating characteristic curve (AUROC), which measures the true
positive rate (percentage of correctly classified anomalous pixels). The image-level AUROC
scores assess the model’s detection accuracy, denoted as detection (Det.), while the pixel-
level AUROC scores evaluate the model’s positioning and segmentation accuracy, indicated
as segmentation (Seg.). The second metric is the per-region-overlap score (PRO-Score) [28],
which considers the mean rate of correctly classified pixels as a function of the false positive
rate between 0 and 0.3 for each connected component, as shown in Formula (18). Higher
scores indicate better localization of both large and small anomalies [29].

1 P 1 TP
PRO = Ly N P0Gn _ "

7721\77
N&n=1" G, N&n TP, + EN,,

(18)

where P represents the prediction result, G, represents the true value, then the intersection
of the two is the true positive sample TP, and FN,, represents the false negative sample.
The above two indicators are commonly employed in anomaly detection tasks and are
widely acknowledged and utilized as benchmarks within the detection industry. However,
due to the intricacy of industrial detection scenarios, there exists variation in data quality
as well as resolution. To demonstrate the robustness of our method, we also employ three
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additional indicators, namely the recall rate, accuracy rate, and false alarm rate (FAR), for
testing and cross-validation using the high-speed railway dataset. The calculation formulas
for these indicators are presented in Formulas (19)—(21), respectively.

TP
R B — 1

ecall TP+ EN (19)

TP + TN
Accuracy = TP+~ TN + FP L EN (20)

FP

FAR = ——— 21
FP+ TN 1)

The term FP denotes the number of false positives, while TN represents the count of
true negatives.

4.2. Implementation Details

We utilize wide_resnet_50_2 and the STN as the underlying architecture to construct
a convolution-based encoder and predictor. These models are trained on images with a
resolution of 224 x 224 using an Asus NVIDIA GTX 3090 GPU sourced from Chengdu,
China. For parameter updates, we employ momentum SGD for 55 epochs with a learning
rate of 0.0001 and a batch size of 32. The duration of each training round is approximately
8 min, with an average training epoch lasting for about 8.7 s.

4.3. Anomaly Detection

To assess the efficacy of FR-PatchCore, we conduct a comparative analysis with other
cutting-edge anomaly detection techniques, such as SPADE, PaDiM, Patch-SVDD [30],
Cutpaste [31], RegAD, and PatchCore. We meticulously replicate their reported outcomes
using each method’s official source code to ensure an equitable comparison. The last
row displays the macro-averaged scores for all categories, highlighting the highest scores
in bold.

The MVTec dataset is the most widely used benchmark for anomaly detection, and FR-
PatchCore achieves a 98.81% image-level AUROC score and a 97.86% pixel-wise AUROC
score when compared with the other six methods in Table 1. In the comparison of detection
results of “similar categories” such as bottle, leather, cable, etc., our method is slightly
inferior to PatchCore, but it still has high detection scores and accuracy, and the average
detection scores of all categories are better than the other six methods. For the three “spatial
transformation classes” such as hazelnut, screw, and metal nut in the dataset, we present
partial representative results of their visualizations in Section 4.6.

To evaluate the robustness of our method against the “rotation class” data that we
defined, we conducted experiments on the MPDD dataset, which are displayed in Table 2,
from ten runs. The final row presents the macro-averaged scores across all categories, with
the best scores indicated in bold.

We present partial representative results of the MPDD dataset visualizations in
Section 4.5. Unlike the MVTec dataset, all six categories in the MPDD dataset have spatial
differences and position shifts. This is challenging for most methods because anomaly
detection models are not trained enough to deal with morphologically diverse samples.
We believe that increasing the training time is not enough to make the model learn more.
On the contrary, it may cause the model to overfit. Most models cannot detect the “spatial
transformation class” of the sample effectually. The FR-PatchCore proposed by us is in-
novative in model learning. As shown in Table 2, our method leads in comparison with
the other six methods. This proves that the idea of using feature-level registration as a
pretext task is worthwhile. Only when the model learns the spatial information that has
been ignored before can it better deal with such problems, improve the generalization and
be applied to the field of high-standard industrial anomaly detection.
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Table 1. The results on the MVTec dataset (AUROC—image%, AUROC—pixel%).

c SPADE PaDiM SVDD Cutpaste RegAD PatchCore Ours
ategor
oty Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg.
carpet 92.80 9750 9940 98.90 9290 9260 93.10 9830 9850 98.90 98.00 98.90 97.13 98.35
grid 4730 9370 9570 9490 9460 9620 99.90 9750 9150 8870 9750 97.50 98.65 95.14
leather 9540 97.60 99.80 99.10 9090 9740 100.0 99.50 100.0 98.90 100.0 99.10 99.84 98.84
tile 96.50 8740 9740 91.20 97.80 9140 9340 90.50 9740 9520 99.40 9490 9846 97.67
wood 95.80 8850 98.80 93.60 96.50 90.80 98.60 95.50 99.40 9460 9890 93.60 98.73 9545
bottle 9720 98.40 99.80 98.10 98.60 98.10 9830 9760 99.80 97.50 100.0 9830 99.76 98.39
cable 84.80 9720 9220 9580 90.30 96.80 80.60 90.00 80.60 9490 9930 9890 99.78 98.17
capsule 89.70 99.00 9150 9830 76.70 9580 9620 9740 7630 9820 97.60 98.50 98.83 98.82
hazelnut 88.10 99.10 9330 9770 9200 9750 9730 9730 96.50 98.50 100.0 98.40 99.59 97.96
metal nut 71.00 9810 9580 96.70 94.00 98.00 99.30 93.10 9830 9690 99.70 97.70 99.67 98.77
pill 80.10 96,50 9440 9470 86.10 9510 9240 9570 80.60 97.80 9590 97.70 98.82 98.21
screw 66.70 9890 8440 9740 8130 9570 8630 96.70 6340 9710 9490 98.60 96.86 98.50
toothbrush 8890 9790 9720 98.70 100.0 9810 9830 98.10 9850 98.70 100.0 9720 98.06 98.63
transistor 90.30 9410 9750 9720 9150 97.00 9550 93.00 9340 96.80 99.90 9490 9896 97.26
zipper 96.60 96.50 90.80 9820 9790 9510 9940 99.30 94.00 9740 99.20 9840 99.58 97.79
average 8541 96.03 9520 96.70 92.07 9571 9519 9597 9121 96.67 98.69 9751 98.81 97.86
Table 2. The results on the MPDD dataset (AUROC—image%, AUROC—pixel%).
SPADE PaDiM SVDD Cutpaste RegAD PatchCore Ours
Category
Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg.
bracket black 62.80 97.70 75.60 9420 60.17 8946 7750 8520 6730 7258 68.15 9055 8598 96.74
bracket brown 88.00 98.50 85.40 9520 64.56 89.69 9340 9380 69.60 9325 7496 86.46 83.50 95.40
bracket white 83.60 97.00 8220 98.10 50.89 8948 7460 8270 6140 95.68 7256 9831 88.25 99.50
connector 90.70 98.60 9170 9790 9452 9098 9760 9680 9490 92.16 80.95 96.74 99.95 99.11
metal plate 91.70 9740 56.30 9340 92.80 9270 88.00 9250 90.20 89.26 89.98 9630 98.48 98.22
tubes 51.00 97.50 5750 9210 22.15 8581 9820 9740 6790 9227 69.07 9411 8125 98.85
average 7797 9778 7478 9515 64.18 89.69 88.22 9140 7190 89.20 7595 93.75 89.57 97.97
To evaluate the applicability of our method in real-world scenarios, we conducted
experiments using data from high-speed rail (HSR) components in industrial anomaly
detection. The scores are displayed from ten runs in Table 3.
Table 3. The results on the HSR dataset (AUROC—image%, AUROC—pixel%).
SPADE PaDiM SVDD Cutpaste RegAD(k = 8) PatchCore Ours
Category
Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg. Det. Seg.
1 98.78 90.70 98.67 93.70 9546 9325 7870 8527 9225 90.75 9828 9725 99.32 96.58
2 9725 9526 9768 9725 9856 9825 99.25 98.75 9487 9576 9826 99.27 98.86 98.86
3 9545 9428 96.87 9736 9428 9628 9836 9716 9823 96.14 9752 9725 99.28 99.38
average 97.16 9341 9774 96.10 9610 9593 9210 93.73 9512 9422 98.02 9792 99.15 98.27

We present partial representative results of the HSR dataset visualizations in
Section 4.5. As can be seen from Table 3, FR-PatchCore still achieves an excellent detection

performance even when detecting real industrial datasets with a complex environment,

noisy images, and many influencing factors, which proves that our method has good
generalization and robustness.

Most anomaly detection researchers evaluate the performance of their methods using
both image-level and pixel-wise AUROC curves. AUROC is a widely used metric for

assessing the ability of models to discriminate between abnormal and normal samples.
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However, in anomaly detection, it is not only important to identify anomalies but also to
accurately localize them. The pixel-wise AUROC evaluation provides a broad assessment,
where the score is significantly improved if a large region is correctly localized but has a
minimal impact if a small region is incorrectly positioned.

To address this limitation, we also employed the PRO score [24] criteria, which con-
siders the rate of correctly classified pixels as a function of the false positive rate (fpr). We
calculated the average PRO score of the three datasets using an fpr of 30%, following the
methodology described in [25]. In Table 4, we compare our method with SPADE, PaDiM,
and PatchCore, which are all based on feature embedding. Our approach achieves the
highest PRO-Score, indicating a superior localization performance.

Table 4. Average PRO scores on three datasets.

Datasets SPADE PADIM PatchCore Ours
MVTec 91.70 90.10 90.17 92.90
MPDD 91.20 84.70 93.20 94.90

HSR 1-3 90.70 94.81 94.72 95.81

Mean score 91.20 89.87 92.69 94.54

In the comparison of the PRO score, we only compare four methods based on feature
embedding: SPADE, PaDiM, PatchCore and our proposed method. Since these four
methods have the same basic principle, they are easier to compare, and it is more convenient
to use the principle of control variables. For example, the same backbone wide_resnet_50_2
is used at the same time. As shown in Figure 8, we report the results of the PRO score
comparison on three datasets of different difficulty, which indicates that FR-PatchCore
has an excellent detection performance and still obtains good indicators under this more
stringent score limitation.

Line chart of Mean PRO-Score
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Figure 8. Average PRO score line chart.

In addition, as presented in Tables 5-7, we have documented the scores for the accuracy
rate, recall rate, and false positive rate of the three high-speed rail datasets. Among the four
comparative methods employed, our approach stands out as the most advanced, with the
lowest occurrence of false alarms. Furthermore, apart from these metrics, industrial tests
also assess efficient reasoning performance. By employing identical parameter settings
across all four methods, we conducted comprehensive evaluations. The inference time
considered here encompasses both inputting samples to be detected into the network for
forward propagation and the processing time. The original image resolution was adjusted
from 1280 x 1280 to a 224 x 224 input network size. Our method’s inference speed remains
comparable to that of well-known PatchCore networks while maintaining superior anomaly
detection and segmentation performance at the image-level.
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Table 5. Industrial inspection score on HSR dataset 1.

Metrics SPADE PaDiM PatchCore Ours
Recall% 88.00 96.00 94.00 96.00
Accuracy% 87.80 97.60 97.92 97.39
FAR% 12.00 4.00 3.52 4.00
TIMES(s) 0.37 0.35 0.20 0.22

Table 6. Industrial inspection score on HSR dataset 2.

Metrics SPADE PaDiM PatchCore Ours
Recall% 84.00 94.00 96.00 98.00
Accuracy% 82.60 93.04 92.17 93.91
FAR% 16.00 6.00 4.00 2.00
TIMES(s) 0.42 0.34 0.33 0.30

Table 7. Industrial inspection score on HSR dataset 3.

Metrics SPADE PaDiM PatchCore Ours
Recall% 86.00 92.00 96.41 98.00
Accuracy% 86.09 92.17 97.92 98.45
FAR% 14.00 0.08 4.00 2.00
TIMES(s) 0.31 0.26 0.21 0.21

4.4. Cross-Validation Experiment

To assess the performance of our model on limited data samples, we conducted
five-fold cross-validation using the high-speed rail component dataset. The training set
was divided into five folds, with four folds used for training and the remaining one for
testing. Additionally, within the four-fold training data, an additional 5% of the data was
extracted as a verification set. Each training and test iteration involved 442 training data,
18 validation data, and 115 test data. This approach ensures that all samples in the training
set are utilized for both training and testing purposes.

Since this study is based on self-supervised learning and utilizes unlabeled positive
samples for training, there is no actual labeled data available. However, it should be noted
that anomaly detection inherently involves a classification task where the “normal” label is
carried by the data itself during training. Therefore, in each of the five cross-validations
performed, classification accuracy serves as our evaluation metric. Subsequently, we
select the model with highest classification accuracy on the verification set to evaluate its
performance on separate test sets through five experiments. The resulting test errors from
each experiment can be obtained using Formula (22).

Er(w) =) p (flxlw) — f(x))

Set D consists of N samples, where each sample (x;,y; = f(x;)) represents a subset of
the total set x.

The generalization error in this case can be approximated as the average of the five
test errors, as demonstrated in Formula (23).

2 (22)

2

Eg(w) =) . p(x)(fx|w) - f(x))" ~ Er(w) (23)

where p(x) represents the probability that x occurs in the total set x.

The results of the five cross-validation iterations are presented in Tables 8-10. Taking
high-speed rail parts dataset 1 as an example, the recall rate is utilized as an evaluation
metric to compare the four methods in the classification task of positive and negative
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samples, as depicted in Table 10. The model achieving the highest score during iteration
will be selected for testing purposes.

Table 8. Five train iterations on HSR dataset 1.

Iteration SPADE PADIM PatchCore Ours

1 83.33 88.89 94.44 94.44
2 94.44 94.44 88.89 100.00

3 83.33 83.33 94.44 88.89

4 100.00 94.44 100.00 94.44

5 88.89 100.00 94.44 94.44
Mean Recall 89.99 92.22 94.44 94.44

Table 9. Five cross-validation iterations on HSR datasets 1-3.

Iteration SPADE PADIM PatchCore Ours

1 94.78 98.26 95.65 98.26

2 95.65 93.04 96.52 95.65

3 92.17 93.91 94.78 93.91

4 97.39 95.65 94.78 97.39

5 90.43 94.78 99.13 96.52

Mean Accuracy 94.08 95.13 96.17 96.35

Table 10. Mean error calculation.

Iteration SPADE PADIM PatchCore Ours
Mean error 5.92 4.87 3.83 3.65

After selecting the optimal model for each of the four comparison methods, we
assessed its performance by conducting tests on five separate datasets and calculated the
average accuracy based on the results obtained from these five tests, as presented in Table 9.

Finally, we computed the average test error after five iterations of the four mod-
els utilized in the testing process. It can be observed from Table 10 that our method
demonstrates superior generalization capability for the HSR dataset, as evidenced by its
significantly lower generalization error compared to other methods employed across the
three industrial datasets.

4.5. Ablation Experiment

Experiments were conducted to assess the contribution of different components in
our proposed approach. The MVTec dataset was used as the subject of these experiments,
where we evaluated the impact of pooling, registration, and post-processing methods
individually. The experimental results clearly demonstrated that our method outperformed
the other methods in terms of performance.

4.5.1. Backbone Selection Process

The CNN and transformer have emerged as the predominant backbone networks
for deep learning in recent years, owing to their robust feature extraction capabilities.
Initially designed for natural language processing, the transformer has also been adapted
by researchers for image processing through vision transformer (VIT) networks. In this
section, we randomly select three subgraphs to visualize the initial three layers of features
extracted from VIT and wide_resnet_50_2 networks, using the screw class as an example
(Figures 9 and 10). Notably, the features extracted by VIT exhibit enhanced recognizability,
with reduced noise compared to those obtained by wide_resnet_50_2.
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Figure 9. Feature visualization extracted by wide_resnet_50_2 network.

Figure 10. Feature visualization extracted by VIT network.

The disparity in the experimental outcomes arises from variations in the scale of the
training data. In contrast to VIT’s remarkable efficacy on extensive datasets, CNNs exhibit
commendable feature extraction capabilities even with limited data, rendering them more
amenable for deployment within data-scarce industrial domains.

4.5.2. SPPM

In the registration module depicted in Figure 1, we incorporate a 2D average pooling
module alongside the CNN + STN for extracting image features. This addition serves to
mitigate the over-sensitivity of the convolutional layers to positional information. We have
opted not to use the SPPM in this module, as our experiments have shown that 2D average
pooling yields better results. As shown in Table 11, the application of AvgPool2d in the
registration module received the highest score because this module plays a crucial role in
maximizing the absolute value of the negative cosine similarity loss, thereby significantly
enhancing the performance of anomaly detection.

Table 11. Comparison of different pooling (AUROC—image%, AUROC—pixel%).

) No Pooling SPPM AvgPool2d
Metrics
Det. Seg. Det. Seg. Det. Seg.
scores 95.50 88.50 96.80 90.60 98.20 91.70

For evaluation purposes, we employ a pixel-wise anomaly detection AUROC score
and PRO score as our chosen metrics. To illustrate the convergence of loss, we utilize the
screw category as an example, which is depicted in Figure 11.

Loss convergence curve with no pooling

loss loss Loss convergence curve with our SPPM loss  Loss convergence curve with 2D average pooling
02 -0.3
-0.4
-0.3
0.4
-0.4 -0.6
0.4977 05
e 5 -0.749
~0.566
-0.5 >
0 10 20 30 40 50 epoch 0 10 20 30 40 50 epoch

0 10 20 30 40 50 epoch

(@) (b) (0
Figure 11. (a) Loss convergence curve with no pooling; (b) our SPPM; (c) 2D average pooling.

The convergence of the negative cosine similarity loss for the screw class is analyzed
under different settings. Figure 11a demonstrates the absence of pooling results in a loss
value of approximately —0.49. When our SPPM is utilized, the loss slightly increases to
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around —0.57, as depicted in Figure 11b. However, by incorporating 2D average pooling,
the loss significantly improves and reaches approximately —0.75, as shown in Figure 11c.
This observation suggests that integrating 2D average pooling enhances the model’s capac-
ity to learn features during the registration process.

4.5.3. Registration Module

For the SPPM and the registration module, we conducted ablation experiments to
assess the impact of specific components in our model, namely the SPPM and the regis-
tration module. By removing and combining these components individually, we aim to
understand their contributions to the overall performance. The results in Table 12 show
that when neither the SPPM nor the registration module is used, the two metrics used for
evaluation have the lowest score and the lowest anomaly detection result. When both are
included in the model, we will get the best anomaly detection result.

Table 12. Module ablation (AUROC%).

MVTec MPDD
Module
Det. Seg. Det. Seg.
No SPPM 95.50 97.51 96.80 90.60
no Registration 95.50 97.64 96.80 90.60
neither 95.50 97.51 95.50 88.50
Both 95.50 97.92 95.50 88.50

4.5.4. Post-Processing Method

In Figure 12, we demonstrate the application of our proposed post-processing method
to generate a visual representation of the mask. Specifically, we present an abnormal image
from the high-speed rail dataset and show the original image, segmentation image, heat
map, ground truth value, the mask generated without the post-processing method, and
the mask generated after the post-processing method from left to right. It is evident from
Figure 12e that there is a large false positive area; however, this issue is greatly reduced in

Figure 12f due to our post-processing method.
@) (b) (d) (e) ()

Figure 12. (a) Original image; (b) segmentation result, the red part represents the initial seg-
mentation of abnormal areas; (c) predicted result; (d) ground truth; (e) the mask has been seg-
mented without the use of any post-processing methods; (f) the mask has been segmented using a

(©)

post-processing method.

The proposed post-processing method for segmentation exceptions employs intersec-
tion over union (IoU) as a metric to evaluate the test image, as depicted in Formula (24):

Tou—= — Pii (24)
Pij +Pji — Pii

The true value is represented by i, the predicted value is represented by j, and p;;
represents the number of pixels predicting i as j. Therefore, Formula (25) is equivalent to
Formula (11).

IoU = —— (25)

The letter P denotes the prediction, while G represents the ground truth.
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The intersection over union (IoU) algorithm is commonly utilized in deep learning for
object detection and semantic segmentation tasks to compute the overlap ratio between
different images. In Table 13, we present the average IoU metrics for the three datasets
used in our experiment, while Section 4.5 showcases visualizations of selected test results.
The mask graph generated after applying our proposed post-processing method exhibits
a higher degree of proximity to the ground truth value, thereby resulting in an elevated
average IOU value. This substantiates the efficacy of our proposed approach.

Table 13. The mask generated by the non-post-processing method and the mask generated by
our method.

Datasets ToU (Before) ToU
HSR dataset 1 0.42 0.68
HSR dataset 2 0.33 0.75
HSR dataset 3 0.37 0.71

As can be seen from Figure 12e,f, the mask result obtained after segmentation via post-
processing method is closer to the heat map. The responsiveness of the sample in Figure 12a
is depicted in a histogram format, as illustrated in Figure 13b, while the responsiveness of
the corresponding class’s normal sample is presented in Figure 13a.

Histogram 74 Histogram
6 4
23]
=
54
o
23
F
2 4
1]
0 0- ‘ te—. ‘
0.00 0.05 0.10 015 020 025 0.30 00 0.2 0.4 0.6 0.8
value ' ' "value ' '
(a) (b)

Figure 13. (a) Responsiveness histogram (normal); (b) responsiveness histogram (abnormal).

The test image predominantly consists of normal areas with a high frequency of
response but a low level of responsiveness, whereas abnormal areas exhibit a low frequency
of response but a high level of responsiveness. The responsivity distribution in the normal
region typically conforms to an approximate normal distribution, while the responsivity in
the abnormal region lies outside this distribution. The process of calculating responsiveness
is analogous to binary classification. Initially, the positive and negative attributes of the
image are evaluated. Subsequently, threshold-based truth rules may be employed to
exclude certain normal regions exhibiting higher responsiveness and identify regions
demonstrating elevated levels of responsiveness. The response value of the normal region
is observed to be approximately distributed within the range of (0, 0.7), while our post-
processing method calculates an optimal threshold of 0.75. The proposed approach ensures
that the highly responsive normal region, depicted in Figure 13b, with a responsivity
range of 0.4-0.6 is not erroneously classified as an exception, and the mask prediction
yields superior results. By employing this post-processing method, the occurrence of false
positives is effectively minimized.
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4.6. Visualization

A visualization of selected categories with “spatial transformation” characteristics
from various datasets used in the experiment was employed to provide a more intuitive
analysis of the detection capability of FR-PatchCore, as depicted in Figure 14.

MVTec dataset —

MPDD dataset =

HSR dataset 1-3 —

- »
ey <

(@) (b) (©) (d) (e)

Figure 14. (a) original image; (b) segmentation result, the red part represents the initial segmentation
of abnormal areas; (c) predicted result; (d) ground truth; (e) segmented mask.
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The “spatial rotation” category of MVTec and MPDD in the two public datasets
is selected for display in Figure 14, lines A-F. In Figure 14b, highly accurate anomaly
segmentation results are showcased, while Figure 15c visualizes the anomaly score. Once
the model successfully locates and evaluates anomalies, the threshold selection method
proposed by us can be utilized to obtain mask prediction results, as depicted in Figure 14e.

(@

(b)

Figure 15. (a) original image; (b) segmentation result, the red part represents the initial segmentation

(e)

of abnormal areas; (c) predicted result; (d) ground truth; (e) segmented mask.

The anomaly detection results for three different categories in HSR 1-3 datasets are
shown in line G-I of Figure 14. In contrast to the single simple scenes of the public
dataset, the data captured in industrial scenes exhibit higher levels of noise and complexity
in the background, making anomaly detection susceptible to environmental factors. To
capture more comprehensive visual information of the inspected objects and prevent data
overexposure caused by lighting or other factors during raw data collection for industrial
inspection, an unfixed shooting point is adopted instead of continuous shooting from a
fixed position. This leads to a significant presence of “spatial transformation” category data
in industrial inspections, which further validates the necessity of our research. Based on the
segmentation and prediction results from these three columns, FR-PatchCore demonstrates
accurate localization of anomalies amidst complex backgrounds while exhibiting high
sensitivity toward abnormal areas and low response toward normal areas. Moreover, it
maintains a low false positive rate when ensuring reliable anomaly detection, thereby
showcasing its potential applications and strong generalization capabilities.

4.7. Discussion

The AUROC and PRO scores were utilized in Tables 14 to perform category-by-
category anomaly detection on the three datasets employed. In comparison with other
notable methods, FR-PatchCore demonstrated a superior average performance by not only
achieving excellent anomaly detection for conventional “similar class” images but also
effectively detecting the challenging “spatial transformation class” in the dataset.

An evaluation of three challenging datasets for high-speed rail parts, which are critical
in industrial testing, was conducted using recall, accuracy, and false positive rates in
Tables 5-7. Additionally, the test speed of the comparison method was assessed, and the
results indicate that at an image resolution of 224 x 224, the test speed is comparable
to that of the PatchCore method, with a maximum speed of 0.21 s per frame. These
findings demonstrate that our approach ensures a superior recall rate and accuracy while
maintaining a minimal false positive rate without compromising efficiency.

Furthermore, to provide a more comprehensive discussion on FR-PatchCore’s capa-
bilities, we designed a five-fold cross-validation experiment utilizing the three industrial
datasets. The average error from five tests was adopted as the final evaluation index. Our
proposed method exhibited the lowest average error among all tests conducted, further
highlighting its competitiveness and strong generalization abilities.

In the ablation experiment conducted in Section 4.5, we performed comprehensive
analyses and experiments on the utilized model modules and network selection process.
Furthermore, IoU was employed as a metric to assess the effectiveness of the proposed
post-processing approach. Additionally, a subset of experimental results was visually
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presented in Section 4.6 to illustrate the recovery process of FR-PatchCore segmentation
and anomaly positioning.

The effectiveness of self-supervised learning heavily relies on a well-designed aux-
iliary task. To enhance the model’s understanding of local feature relationships during
registration, we propose a feature-level registration task that captures and stores the maxi-
mum distance between normal features and their respective clustering centers in the feature
database. In testing, precise image alignment is no longer necessary. Instead, we can simply
query the memory database to calculate the maximum distance between target features and
their most similar clustering centers. As a result, our approach achieves robust anomaly
detection in two-dimensional images. However, it is important to acknowledge that our
method also has certain limitations and disadvantages.

In the introduction, we define the “similarity category” and “spatial transformation
category” based on the spatial position relations of objects in the picture, such as rotation
and flip. However, this definition is limited to two-dimensional planes and does not
account for variations in depth between images that may exist across different planes. Our
method is therefore not suitable for capturing spatial position relationships with significant
depth differences. As illustrated in Figure 15, we present detection results of data exhibiting
substantial disparities in depth information within industrial detection scenarios, along
with the corresponding registration loss curve for this class shown in Figure 16. The high
occurrence of false positives can be attributed to our feature-grade registration method’s
inability to achieve accurate depth alignment. Figure 16 depicts the registration loss curve
specifically for this category, revealing convergence when the loss reaches approximately
0.4. This indicates that our model struggles to effectively register features associated with
this type of data, resulting in a scarcity of learned features compared to previous categories.

loss Loss convergence curve

=1

=02

0 10 20 30 40 50 epoch

Figure 16. Registration loss function curve of Figure 15a.

The integration of two-dimensional images with depth maps in the above scenarios
can potentially yield significant benefits, as it encompasses more comprehensive spatial
information. By combining these two types of images, the model can acquire an enhanced
feature representation, thereby enhancing its performance.

In addition, the proposed post-processing method is based on a single test image
and determines the threshold by calculating the responsivity of each part of the image,
thereby mitigating the occurrence of false positives to some extent. However, when
dealing with large-scale test data and high-resolution images, this approach may introduce
significant computational overhead and pose challenges for practical implementation.
Furthermore, our exploration into adaptive threshold calculations remains limited, without
incorporating a comprehensive and universally applicable algorithm. The responsivity
values for each area of the image in Section 4.5.4 were visually represented, offering a novel
perspective. If we consider the data distribution, assuming that responsiveness follows a
normal distribution, then according to the three-sigma rule, an outlier is defined as a value
in a set of result values that deviates from the mean value by more than three standard
deviations. However, if the responsiveness does not follow a normal distribution and this
distribution can be computed with minimal effort, then the outlier can be defined as k times
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the standard deviation from the mean, where k serves as a threshold. Further investigation
into this issue will be conducted in future research.

5. Conclusions

In this study, we propose FR-PatchCore, a feature-level registration method that lever-
ages PatchCore, one of the most advanced anomaly detection methods on the MVTec AD
benchmark. Feature-level registration is employed as a pre-text task, and the features
stored in memory are optimized through registration loss to approach an optimal fea-
ture representation. Additionally, we introduce an innovative ground-truth segmentation
method to address false positives resulting from artificial threshold determination. The
performance of FR-PatchCore excels in anomaly detection on MVTec datasets and achieves
state-of-the-art functionality on MPDD datasets (datasets exhibiting spatial location dif-
ferences). Furthermore, our method is validated using the high-speed rail dataset. The
experimental results demonstrate that FR-PatchCore effectively handles two types of data,
“similar category” and “spatial transformation category”, thereby enhancing the generaliza-
tion capability of PatchCore. Our approach showcases its potential for industrial anomaly
detection applications while maintaining high accuracy for effective generalization pur-
poses. However, during our discussion, we also analyze certain limitations of this approach.
When significant depth differences exist between samples within the same category, our
approach does not sufficiently structure the registration task to cope with such variations,
leaving room for future improvements.
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Abstract: In the context of defect detection in high-speed railway train wheels, particularly in
ultrasonic-testing B-scan images characterized by their small size and complexity, the need for a
robust solution is paramount. The proposed algorithm, UT-YOLO, was meticulously designed
to address the specific challenges presented by these images. UT-YOLO enhances its learning
capacity, accuracy in detecting small targets, and overall processing speed by adopting optimized
convolutional layers, a special layer design, and an attention mechanism. This algorithm exhibits
superior performance on high-speed railway wheel UT datasets, indicating its potential. Crucially,
UT-YOLO meets real-time processing requirements, positioning it as a practical solution for the
dynamic and high-speed environment of railway inspections. In experimental evaluations, UT-YOLO
exhibited good performance in best recall, mAP@0.5 and mAP@0.5:0.95 increased by 37%, 36%, and
43%, respectively; and its speed also met the needs of real-time performance. Moreover, an ultrasonic
defect detection data set based on real wheels was created, and this research has been applied in
actual scenarios and has helped to greatly improve manual detection efficiency.

Keywords: ultrasonic testing; B-scan images; defect detection; UT-YOLO

1. Introduction

Wheels play a pivotal role as integral components of trains, directly influencing the
safety and reliability of train operations [1]. With the rapid development and increasing
speed of high-speed trains, corresponding safety risks are also escalating. The quality
and structural condition of high-speed rail wheels have a direct impact on the safety and
overall performance of an entire train. Operating at high speeds exposes the wheels to
various external factors, including wear, impacts, and fatigue cracks, which will lead to
deformation, damage, or even detachment, particularly under high-load and -frequency
conditions. Wheel defects can lead to severe traffic accidents.

Non-destructive testing is a method that preserves the integrity of the object being
examined [2], primarily being used for detecting defects in materials, components, and
equipment. Traditional non-destructive testing (NDT) methods encompass ultrasonic
testing (UT) [3], magnetic particle testing (MT) [4], and penetrant testing (PT) [5]. In
the railway industry, owing to the unique environment, nearly all inspections rely on
non-destructive testing. X-ray computed tomography has been employed to address the
reconstruction of rolling contact fatigue cracks in rails [6], and various ultrasonic testing
methods have been applied in axle defect detection [7,8]. Given the complex structures of
wheels and the multitude of components, there are a variety of detection methods [9-11].

Traditional wheel defect detection methods predominantly hinge on visual inspection
and ultrasonic testing. Visual inspection, however, is inefficient and prone to inaccuracies.
Ultrasonic testing, relying on the principles of ultrasonic wave propagation in materials,
involves emitting ultrasonic waves and capturing reflected signals. This approach enables
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the detection of various defects within wheels, such as cracks, inclusions, and porosities.
Characterized by high sensitivity and resolution, this technology proves effective in identi-
fying minute defects, offering early warnings of potential issues and contributing to the
prevention of safety hazards arising from wheel failures.

The application of ultrasonic testing to train wheels goes beyond routine periodic
inspections; it is also applicable in emergencies, such as post-collision or other external
impact scenarios. Continuous monitoring of wheel health empowers operators to imple-
ment timely maintenance and repair measures, ensuring the safety and stability of trains
during high-speed operations. However, due to the huge quantity of data, relying solely
on manual detection is too inefficient. Traditional detection methods rely more on fixed
methods. Matching and efficiency are difficult to guarantee. At the same time, subject
to the limitations of expert knowledge, the detection process is relatively complicated.
Therefore, a set of novel methods that can meet the above needs continues to be applied
and promoted.

Deep learning technology represents a significant advancement in enhancing the
efficiency and accuracy of computer vision as well as NDT. Its application extends to the
automated analysis of various NDT data, including ultrasonic signals, magnetic particle
images, and penetrant images, thereby substantially improving defect detection accuracy.
Specifically, in ultrasonic wheel defect detection, deep learning technology offers several
advantages. Firstly, it facilitates the automatic analysis of ultrasonic signals, thereby
significantly enhancing detection efficiency. Secondly, it can extract intricate features from
ultrasonic signals that may be challenging for human recognition, leading to a substantial
improvement in detection accuracy. Additionally, deep learning technology contributes
to cost reduction and minimizes manual intervention in the testing process. One notable
strength of deep learning models is their ability to classify defects into different types,
accurately locate defect positions, and measure defect sizes. These affordances not only
streamline the analysis process but also provide a comprehensive understanding of the
detected defects. By annotating ultrasound B-scan images, we can annotate a defect, which
will give us a UT dataset. By learning from a large quantity of effective data, a model can
efficiently detect data.

Despite these advantages, the application of deep learning technology in ultrasonic
wheel defect detection still encounters certain challenges. One of the primary challenges is
the creation of high-quality datasets. The performance of deep learning models heavily
relies on the quality and diversity of the training data. Ensuring that the datasets used
for training are representative of real-world scenarios is essential for achieving robust and
reliable defect detection. Another challenge lies in the high complexity of deep learning
models. While these models exhibit remarkable capabilities, their complexity can lead to
challenges in interpretability and the need for significant computational resources. Striking
a balance between model complexity and interpretability is crucial for practical implemen-
tation and widespread adoption. While deep learning technology has immense potential
for revolutionizing ultrasonic wheel defect detection by significantly improving efficiency
and accuracy, addressing challenges related to dataset creation and model complexity is
essential for realizing its full benefits in real-world applications. To this end, we need to
explain the categories of defects. In this work, the defect data are divided into four different
forms according to the depth of scanning, namely, surface, near-surface, internal, and wheel
plate cracks.

Given that natural images seldom exhibit exaggerated aspect ratios, standard deep-
learning approaches may fall short when applied directly to ultrasonic images. Hence, this
article explores specialized preprocessing techniques aimed at enhancing the compatibility
between deep learning models and the intricate features inherent in ultrasonic wheel defect
B-scan images. By addressing these specific challenges through dedicated preprocessing
methods, the goal is to optimize the learning capacity of deep neural networks, fostering
improved accuracy in detecting defects. This approach is crucial in bridging the gap
between conventional image-processing methodologies and the distinctive characteristics
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of ultrasonic datasets, ultimately enhancing the efficacy of defect detection in high-speed
railway train wheels. The design and training of deep learning models need to be tailored to
accommodate these distinctive characteristics, ensuring optimal performance in detecting
ultrasound defects. The main contributions of this paper are as follows:

e An ultrasonic defect detection data set based on real wheels was created, and the
defects were subdivided according to different categories;

e An advanced UT-YOLO network was proposed to increase a network’s ability to
perceive small defects and detection;

e  This research has been applied in actual scenarios and has helped to greatly improve
manual detection efficiency.

2. Related Work
2.1. Traditional Defect Detection

Traditional defect detection methods are based on the characteristics of an object,
such as color, size, shape, etc., and use image-processing methods and traditional machine
learning methods for detection. Among them, the representative target detection methods
include Scale-Invariant Feature Transform (SIFT) [12], Histogram of Oriented Gradients
(HOG) [13], Oriented FAST and Rotated BRIEF (ORB) [14], and Harr [15]. It is necessary
to use a pre-designed template to slide the window on the target image, and the steps are
cumbersome. The extracted object features are all low-level, manually selected features, so
they are not conducive to accurate detection and offer poor real-time detection. Moreover,
these methods are mostly used for obvious features in natural images which have rich
information. For these simple tasks, generally, Prewitt, Sobel, and Canny can be used
to find solutions. However, in practice, especially in complicated wheel defect detection
situations, noise is very serious, and much depends on the accuracy of the equipment and
the skilled operators. All in all, due to the limitations of many factors, ultrasonic detection
images are often not used in this type of detection method.

While conventional methods exhibit proficiency in straightforward industrial scenarios
governed by clear rules, they encounter challenges when confronted with the intricacies
and diversities inherent in real-world defects. Preceding the era of deep learning, object
detection heavily relied on meticulously crafted features. Although this approach attained
some degree of success, it grappled with notable limitations. For instance, the manual
design of features often necessitated subjective decisions, resulting in inconsistencies
and a lack of generalizability. The manual approach struggled to accommodate the vast
diversity and complexity of real-world objects, and as the number of object categories and
image variations expanded, the manual design process became increasingly cumbersome
and impractical. Moreover, the broad spectrum of potential defects demanded multiple
sets of pre-defined templates, constraining these methods’ capacity to identify novel and
unexpected issues. Consequently, when confronted with intricate data, traditional methods
frequently falter, necessitating laborious post-processing efforts.

2.2. Deep-Learning-Based Defect Detection

The rise of deep learning has transformed object detection, offering notable advantages
over traditional methods. Convolutional neural networks (CNNs) excel at extracting high-
level features from images, overcoming the limitations of manual feature crafting. Their
seamless integration of feature extraction, selection, and classification enhances overall
efficiency and effectiveness. Scholarly work consistently demonstrates the prowess of deep
learning in defect detection, particularly in industrial settings.

The R-CNN network was proposed by Girshick et al. [16] in 2013. It is a landmark
effort in the field of object detection. He et al. proposed SPP-Net [17], which no longer
extracts features from all candidate areas and only extracts features of an entire image once,
which greatly reduces the amount of calculation. Faster-RCNN [18] was the most repre-
sentative model in the R-CNN series that was proposed by Ren et al. Because the Region
Proposal Network (RPN) realized end-to-end training and testing of a network, detection
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accuracy was highly improved. However, Faster-RCNN is generally more complex, and its
performance on small objects is not very impressive. He et al. proposed Mask RCNN [19],
which has high accuracy in detection, but at the same time, instance segmentation will
increase label price. The biggest problem for practical use is that the speed of the algorithm
still cannot meet the industrial real-time detection requirements. In the industrial field,
some researchers have adjusted the common detection frameworks to suit the detection
of industrial data. Liu et al. [20] improved Faster-RCNN by utilizing cascade heads to
detect metal defects. Cha et al. [21] changed the backbone to improve the detection time
for bridge defects based on Faster-RCNN. He et al. [22] improved detection accuracy using
multi-scale feature diffusion. The pursuit of greater detection speed has favored a large
number of one-stage algorithms.

Redmon et al. [23] proposed the first one-stage detector, YOLO v1, which uses a
multi-scale region centered on a grid to replace the RPN, greatly improving detection speed
and meeting the needs of real-time detection but not in terms of accuracy. A novel object
detection method called SSD [24] was proposed in 2016, combining the advantages of
both Faster-RCNN and YOLO v1. It ensures high-precision detection while taking into
account detection speed by using multi-scale regional features for regression, particularly
via combining high-level and low-level feature maps. YOLO v2 [25] employs Darknet-
19 as a backbone network of a model to extract features and reduce the computational
complexity of the model. In addition, it further improves detection speed and accuracy
by adding batch normalization, multi-scale training, and K-means dimension clustering
after each convolutional layer. YOLO v3 [26] introduced several key advancements over its
predecessors, leading to improved performance in both speed and accuracy. One of its most
significant contributions is the Darknet-50 residual network, a newly designed architecture
that utilizes residual connections for deeper feature extraction. This network was combined
with the feature pyramid network (FPN) [27], which enabled multi-scale fusion prediction
and detection on three different-scale feature maps. YOLO v4 [28] uses CSPDarkNet53
as a backbone network and optimizes to varying degrees using data processing, training
methods, activation functions, loss functions, etc., to achieve the best detection effect at a
given time. Li et al. [29] provided an end-to-end solution for the surface defect detection of
steel strips based on improved YOLO. Zhang et al. [30] improved YOLO v3 by introducing
a novel transfer learning method with fully pre-trained weights from a geometrically
similar dataset to detect bridge surface damage.

However, all algorithms are based on the premise of sufficient data. However, in actual
situations, especially in industrial environments, due to the particularity of application
scenarios, sufficient and balanced labeled data sets are difficult to obtain, even if ordinary
data augmentation cannot completely solve this problem. A novel automated defect
synthesis network called Defect-GAN was designed by Zhang et al. [31] to generate realistic
and diverse defect samples for training accurate and robust defect inspection networks.
Valente et al. [32] used synthetic training data by simulating two types of print effects with
image-processing and computer graphic techniques.

Building upon YOLO v5s as the baseline, this work introduces UT-YOLO, a novel
ultrasonic testing defect detection method. UT-YOLO incorporates several key advance-
ments over the baseline model, namely, enhanced backbone architectures with Swin-
Transformer [33] and ResNet [34] variants, improved neck modules like BiFPN [35] for
better feature aggregation, a dedicated multi-detection head for the accurate localization of
small defects, a novel attention module for enhanced feature representation, and a prac-
tical pre-processing pipeline specifically tailored for real-world ultrasonic B-scan images,
ensuring robust and effective defect detection in industrial applications.

3. Methodology

The basic architecture of YOLO v5 is shown in Figure 1. The whole operation process
is as follows: Firstly, the images are readied for feature extracted by the backbone network,
named CSPDarkNet53 [28]; then, the features in the neck section are separated into different
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sizes for feature fusion to obtain more feature information. After that, the different detection
heads are designed, which allows the algorithm to fulfill the specific requirements of
object detection.

Backbone Neck Head

/ y - —// N4
4 N —5 '

—>

T Downsampling

—>
|

¢ Upsampling

==

Input —»  Calculation Process

Figure 1. The architecture of YOLO v5.

3.1. Backbone

The architecture of the backbone is designed for feature extraction, but its efficiency
should be given more attention. Due to this consideration, some novel backbone structures
were applied in this task. The defects from ultrasonic testing B-scan images appear in
different regions, so a useful feature extraction backbone should be designed to solve this
problem. Regarding the wheels of railway trains, the defects are always small and noise-
like, making them hard to identify easily. Figure 2 shows a typical residual connection,
which is widely used in the design of backbone improvements. By introducing residual
connections, the neural network is allowed to skip certain levels of learning, thereby
alleviating the vanishing and exploding gradient problems and making training easier.
This network also supports deeper networks. Traditional deep neural networks suffer from
the problem wherein the training difficulty increases as the depth of the network increases.
The residual structure allows building deeper networks by adding more layers without
degradation issues.

X
Layer
x
£(x) identity
Layer
x+F(x)

Figure 2. The structure of a residual connection.

Figure 3 shows the structure of the Swin-Transformer block. It allows a model to better
capture global relationships among pixels in an image and avoids full connection to reduce
calculation costs, affordances that are of vital importance in object detection, especially in
ultrasonic defect testing. At the same time, by stacking multiple transformer blocks, the
network is able to learn more complex and abstract feature representations.
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Figure 3. The structure of Swin-Transformer.

Here, Z'~! represents the output of layer I — 1 or the input of layer I. The information
passes from one layer to the next layer sequentially.

Firstly, the input is linearly transformed and normalized; then, it is passed through
Weighted Multi-Head Self Attention (W-MSA), which focuses on a different area of the
input rather than the global average. Secondly, the output will be added by the residual
connection. The new output will repeat another Layer Normalization (LN) step and then
connect with a Multi-Layer Perceptron (MLP) to fit the complicated input data. Finally,
the residual connection will be used again to improve model stability. It is usually used
as a repeated block, which helps alleviate vanishing or exploding gradient problems
during training, making the network easier to train and optimize. In wheel defect feature
extraction, after convolution and residual connection, the feature extraction module of Swin-
Transformer can be superimposed multiple times to obtain more semantic information,
which plays an important role in distinguishing background noise and defects.

3.2. Neck

BiFPN, a bidirectional feature propagation network, facilitates the bidirectional flow of
information, allowing features to traverse from high-level layers to low-level layers, as well
as enabling the propagation of low-level features to high-level layers. This dual-directional
information exchange enhances the model’s ability to capture semantic information across
various feature levels, thereby augmenting the model’s perceptual capabilities towards
the target. In contrast, PANet adopts unidirectional propagation, limiting the flow of
information to a single direction. The corresponding structure is shown in Figure 4.

—_— repeated blocks

(a) (b)
Figure 4. (a) Schematic diagram of PANet; (b) schematic diagram of BiFPN.

Another noteworthy aspect is that BiFPN was meticulously designed to mitigate
computational complexity without compromising model efficacy. It achieves this by judi-
ciously fusing features at distinct levels, thereby sidestepping the computational overhead
associated with full connections. In contrast, PANet exhibits a more intricate design that
could entail a higher computational burden. Nevertheless, a novel enhancement of BiFPN
made by incorporating the Simple, Parameter-Free Attention Module (SimAM) [36] was
proposed. This addition enables the network to selectively concentrate on varying levels of
features, thus refining its capacity for nuanced feature extraction. A diagram of SimAM is
shown in Figure 5.
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Figure 5. The diagram of SimAM.

3.3. Head

Given that ultrasonic testing typically involves small targets, the existing detection
heads may struggle to meet the required standards. Consequently, this study enhances the
number of detection heads and simultaneously augments the depth of the detection heads
within the target detection model. The objective is to enhance the model’s discernment of
intricate scenes and nuanced features in pursuit of more effective performance. The new
structure is shown in Figure 6.
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Figure 6. The new small-object detection head.

The added detection head is shown in Figure 6. The structure in the dotted box in the
lower half is consistent with that in Figure 1 but is rendered in gray. On this basis, in the
upper block diagram of the network, a small target detection layer was added. Using color
marking, the structure is used for the detection of small targets.

3.4. Loss Function

The original YOLOVS loss function generally consists of three components, as repre-
sented by Equation (1). The first term quantifies localization loss, evaluating the accuracy
of the model’s predictions for the position of the target bounding box. The second term
corresponds to confidence loss, measuring how accurately the model predicts the presence
of a target. The final term assesses the accuracy of the classification

K s> B obi s> B obj s> B obj
Eori (tpr tgt) = Z D‘]‘év“boxz Z Hkg £C10U+D‘obj Z Z Hkl-- Eobj + D‘CISZ Z Hk,-' ﬁcls (1)
k=0 i=0j=0 i=0j=0 " i=0j=0 "’

where K, $2, and B are the number of output features, the number of grids, and the number
of anchors, respectively. a, is the weight for different sections; apoy, obj, and s are set as

0.05, 0.3, and 0.7, respectively. ]I;k?j represents whether the i — th cell, the j — th anchor box
ij

in the k — th feature map, is a positive sample. If it is positive, it is defined as 1; otherwise, it
is set as 0. t, and tgt are the prediction vector and ground truth (GT), and &} is the weight
for different sizes of the output.
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Equation (2) is the new loss function called Ly, which is designed for UT defect
detection. The localization loss is replaced by Lgjou.

£UT (tp/ tgt) = 2 [“k ‘xboxz 2 ]I ‘CEIOU""“Ob]Z Z H Eob] + D‘clsz 2 HOb Ecls (2)

k= i=0;=0 i=0;=0 i=0j=0

Intersection over Union (IoU) is used to evaluate the quality of object detection models.
A schematic diagram of IoU is shown in Figure 7.

ANB=

AUB =

Figure 7. The schematic diagram of IoU.
Here, the value of IoU should be described as in Equation (3).

ANB
IoU = AUB 3)
Simply put, the overlapping region of A and B is C, which is denoted as A N B. The
area of A + B — C is denoted as A U B. The ratio of AN B and A U B is IoU, which is an
indicator of prediction accuracy. In the original loss function, a complete IoU (CloU) was
used to solve the special cases with the same central point but different ratios of height to
width. Equations (4)—(6) define the loss of CloU

Lciou = 1—CloU (4)
b, b8t
CloU = ToU — (MC) + oa/) )
4 w8t w\?
v= po= (arct(m et arctanh> (6)

where « is weight and the v is the parameter for measuring the ratio of height to width.
A schematic diagram is shown in Figure 8: the green line (AB) is the parameter ¢, which
signifies the diagonal distance of the minimum bounding box (the gray, dotted one) capable
of encompassing both the predicted box and the GT box. Meanwhile, the parameter p is
the Euclidean distance between two center points b and b$ t which are indicated by the
red line.

At the same time, the definition of v is shown in Equation (7):

4 , w8t o > .
v—n2<arcanht arcanh> (7)

In Equation (2), the penalty term of EloU consists of separating the influence factors
of the aspect ratio based on the penalty term of CloU to calculate the length and width
of the target frame and anchor frame, respectively. So, Lgjou is changed according to
Equation (8).

o*(b, bgt) o*(w,ws')  p*(h,h8")

c2

ﬁEIoU =1—-TIoU+ 5
w Ch

®)
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Figure 8. A schematic diagram of prediction box (blue) and GT (yellow).

Therefore, Loy can provide a more accurate assessment when an object’s position is
imprecise or slightly offset. However, to use Lgj,u as the loss function, the dataset should
be more closely scrutinized, especially regarding the balance between various types of data.

To strike a balance between real-time requirements and computational complexity,
the original YOLOV5 algorithm was chosen as the baseline model. This work enhanced
the baseline model by (1) utilizing dataset-preprocessing methods that incorporate the
characteristics of ultrasonic B-scan data, enhancing the model’s compatibility with neural
networks; (2) employing a combination of ResNet, Swin-Transformer, and BiFPN structures
for feature extraction to capture richer feature information, thereby increasing the capability
of feature extraction; (3) introducing SimAM and a dedicated small-object detection head
to further optimize the detection accuracy for small objects; and (4) enhancing the accuracy
of bounding box regression through the refinement of the loss function’s design.

4. Experiments and Results

Diverging from natural images, ultrasonic detection images primarily convey intensity
information, rendering them particularly susceptible to noise interference. Moreover, as
the focus of this study is on detecting defects in wheels, the acquired data hold excep-
tional value. The experiments were conducted alongside an exploration of datasets and
various experiments.

4.1. Dataset

This work was evaluated with reference to a real dataset, which was collected with
phased array UT (PAUT) and transmit-receive (TR) probes to attain B-scan images about
four different defects according to different depths, surfaces near other surfaces, and
internal and rim cracks in different service depots using the LU system [37]. The entire
dataset of UT defects consisted of around 15,000 B-scan images, in which peeling, scratches,
and cracks in different positions and depths were recorded. It is hard to find different real
images with which to show the different types of defects, especially some inner defects, so
a diagram of typical wheel defects is shown in Figure 9.

UT is a very useful solution for detecting inner defects, but analyzing surface and
sub-surface areas is not its strength because of the large amount of initial wave interference
at the contact surface, as well as the noise; last but not the least, due to the particularity of
the wheel structure, the collection is generally completed in one cycle, so the aspect ratio of
the collected images will be very large. Examples of the original collection data are shown
in Figure 10. Image (a) below depicts a surface defect, and the periodic signal represents
the wheel plate hole; there are six holes in a wheel.
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Figure 9. Diagram of typical wheel defects.

(b)

(c)

Figure 10. Examples of (a) original UT B-scan with a defect; (b) original UT B-scan with a defect and

annotation; and (c) original UT B-scan data without defects.

The environment of the experimental data acquisition is shown in Figure 11. In the
service depots, the wheel runs in the designated area, and the robotic arm will carry a
phased array probe to collect the testing information. The collected signals will be stored
in the industrial computer for preliminary analysis like different gains to give a short

judgement.
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Figure 11. Typical scenarios: (a) wheel detection in service depots; (b) wheel; (c) PA probes.

To illustrate the practicability of the proposed method, this work briefly displays the
typical real defects, including wheel rim cracks and some surface defects like scratches,
with their B-scan images given below in Figure 12.

(b)

(d)

Figure 12. Typical defects: (a) wheel rim crack; (b) scratch; (c) ultrasonic b-scan defect image of rim
crack; (d) surface and near-surface b-scan defect images.

Another thing that should be taken into consideration is the variation in the depths
of the scan with the different ratios of width to height. It was necessary to perform
a data-preprocessing procedure. First, the images were cropped and reorganized into
rectangles with an aspect ratio of 1 to the greatest extent possible, as in the algorithm for
data preprocessing shown below (Algorithm 1).

Then, the processed images needed to be labeled with different classes. Finally, the
images were divided into three sets: a training set, a validation set, and a testing set with a
ratio of 7:2:1, containing 10,395, 2970, and 1485 images, respectively.
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Algorithm 1: Data Preprocessing

Input: Original Images.
Output: Processed Image after Data Preprocessing.

// Obtain the width (w) and height (h) of the image

w, h = getimageDimensions(originallmage)

// Check if the width is greater than 3 times the height
ifw>3%h:

// Crop the image into two halves and stack them vertically
processedIlmage = cropAndStackImage(originallmage)

else:

// If width is not greater than 3 times height, no processing is done
processedImage = originallmage

end if

// Return the processed image

return processedImage

— = =0
M=o

4.2. Evaluated Index

In this work, two sets of metrics from academia and industry, respectively, are used
to evaluate the model. Generally, the academic indexes that should be used are average
precision (AP), recall, mAP, and frames per second (FPS); the industrial indexes always
focus on the true alarm rate (TAR) and the false alarm rate (FAR) of detection.

4.2.1. Academic Indexes

A confusion matrix is often used to summarize the prediction effect of classification
models, as shown in Table 1.

Table 1. Confusion matrix.

Actual Positive Actual Negative
Predicted Positive TP FP
Predicted Negative FN TN

The calculations are shown in Equations (9)—(13):

.. TP
precision = TP+ FP 9)
TP
Recall = TP+ EN (10)
1
AP = / p(r)dr (11)
0
1 n
mAP = =Y AP (12)
[y k

frameNum N
FPS = +—x—— = — 1
S elapsedTime T (13)

4.2.2. Industrial Indicators

An example describing the true alarm rate (TAR) and false alarm rate (FAR) is provided
here. Assuming there are T samples in total, and D is the number of defect samples, the
rest of the samples, called N, are normal. Using an algorithm of detection, in the problem
section, D — 1 out of D samples were found to be defects, and in the normal section, 2 out
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of N were identified as defects; an explanatory diagram is shown in Figure 13, and the
calculation formulae should be like those in Equations (14) and (15).

TaR = 21 (14)

zln T

FAR = (15)

\

Figure 13. Example explaining the industrial indicators.

In this example, there is one more definition to provide, that is, the miss alarm rate

(MAR), which in this case is 1 out of D, as represented in Equation (16).
D-1 1

MAR=1—- —— = = 16

D D (16)

In practice, there is a big gap between academia and industry. The requirements

for statistical results are often stringent in the industrial setting, making the utilization

of industrial indexes more challenging. In this work, academic metrics were adopted

primarily to validate the feasibility of algorithmic improvements, serving as an assessment

tool for evaluating the effectiveness of the algorithm.

4.3. Implementation Details

All the experiments were carried out on a computer running Windows 10. Two Nvidia
GeForce RTX3090 GPUs were used, and the CPU version was Intel Core i9-1098XE. The
deep learning framework was Pytorch 1.7.1, and the python version was 3.7.11. The image
input was resized to 640 x 640, the batch size was 128, the optimizer was SGD, the initial
learning rate was set to 0.001, the total number of iterations was set as 500 epochs, and
the patience was set to 50, signifying that if there are 100 consecutive rounds without
improvement, the system defaults to convergence.

4.4. Experiment Results

To evaluate the performance of the algorithm in question in terms of accuracy and
speed in terms of both academic and industrial applications, UT-YOLO was compared with
different algorithms. Table 2 presents the best recall, mAP@0.5, and mAP@0.5:0.95 results
for each algorithm, derived from the experimental observations of the proposed model
with respect to the test set. Figures 14 and 15 depict the mAP@0.5 and mAP@0.5:0.95.
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Table 2. Results regarding detection for the UT-B scan dataset.

Model Best Recall mAp@0.5 mAp@0.5:0.95 FPS
YOLOvV5s 0.57 0.53 0.21 55
YOLOV5s + BiFPN 0.63 0.58 0.21 58
YOLOV5s + BiFPN + SimAM 0.67 0.63 0.25 57
YOLOV5s + Swin-Transformer 0.85 0.82 0.61 64
UT-YOLO (Ours) 0.94 0.89 0.64 69
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Figure 14. mAP@0.5 for the ablation experiment.
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Figure 15. mAP@0.5:0.95 for the ablation experiment.

The results depicted in Figures 14 and 15 show the effectiveness of UT-YOLO. Com-
pared with the original baseline, the IoU0.5 indicator and the 0.5:0.95 indicator have been
greatly improved, which is a very exciting result. In Figure 16, a comparative analysis of the
detection results across different models is presented, highlighting the performance varia-
tions for a common object. Notably, the examination distinctly underscores the superior

efficacy of the UT-YOLO model.

144



Sensors 2024, 24, 1555

o T e T g T e e T T e e T e T o T
(a) YOLOV5s
o LI 0
O
> B i iEY> T T S e 5 > S AT e AT T S sy <l
(b) YOLOV5s + BiFPN
o m'E @
] i}
S EER T T e e, P i GRS s S R G Ry T T T T~
(c) YOLOV5s + BiFPN + SimAM
o oD m om'm O mOo
| ul 0O
- ™ B R R i T T e T T g G e o T—

(d) YOLOV5s + Swin-Transformer
’ [ ] Li

O o L i}
R AT e B s i e T T e P i, G D AR Y i G, i
(e) UT-YOLO (Ours)

Figure 16. Comparison of detection results achieved using different models.

It can be observed in Figure 17 that the UT-YOLO model demonstrated precise lo-
calization of the defects, especially the small-sized defects. Furthermore, for defects near
the wheel plate hole, the model exhibited commendable feature extraction capabilities,
as evident in the outcomes presented in Figure 17. Despite the presence of some minor
defects associated with background blur, the model displays robustness and can effectively
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detect defects, even in challenging conditions like strong background noise and electrical
interference. The left side of each image is the original detection result, and the blue box on

the right corresponds to the enlarged local features.

o——

]

# -

i

(e)

Figure 17. Detection results and magnified details. (a) surface and near-surface crack; (b) inner defect;
(c) the defect near the web plate hole region; (d) Surface and near-surface hole-like defects; (e) wheel

rim crack.

For real-world industrial inspection, additional sets of 50 defective samples and
50 non-defective samples were carefully chosen to assess the detection rate and false alarm
rate. Among the 50 defective samples, consisting of a total of 6000 images, 210 were
identified as defects by the UT inspectors. Using UT-YOLO, a total of 206 defect instances
were successfully detected, resulting in a TAR of 98.10% (206 out of 210). Notably, the
four undetected defects existed in three distinct wheelsets. In practical applications, the
achieved TAR was 94% (47 out of 50), underscoring the heightened challenges faced in
real-world scenarios.
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Furthermore, a thorough examination of 6000 defect-free images from 50 wheelsets
revealed 83 instances of false alarms, originating from 6 different wheelsets. According to
statistical analysis based on the images, the calculated FAR was 1.38% (83 out of 6000). How-
ever, in actual application scenarios, the observed FAR was 12% (6 out of 50). These results
emphasize the complexity and intricacies encountered in practical industrial applications,
where achieving optimal detection indicators proves to be a more demanding task.

Last but not least, the efficiency of this method aligns with the demands of real-time
collection and detection. In typical scenarios, a wheel completes one full rotation in about
one minute. With a phased array probe utilizing 120 channels for data collection, the
algorithm achieves a detection speed of approximately 2 s per wheel. Considering factors
such as software response and data loading time, on-site application can accomplish the
detection of a wheel and provide defect location information within 10 s, significantly
diminishing the expenses associated with manual inspection.

5. Discussion

In this study, the application of the UT-YOLO method to ultrasonic inspection data
of railway wheels was inspected, with a focus on detecting various types of defects. The
evaluation of results underscores the superiority of this method, emphasizing its reliability
both in field applications and on site. Among the models employed for object detection,
the proposed UT-YOLO model exhibits significant advancements compared to several
benchmark models. The outcomes indicate that UT-YOLO achieved a best recall of 0.94, an
mAP@0.5 of 0.89, and an mAP@0.5:0.9 of 0.64, surpassing baseline YOLOv5s by 37%, 36%,
and 42%, respectively. Particularly noteworthy is UT-YOLO's substantial superiority over
other comparative algorithms in terms of mAP@0.5:0.9. Moreover, UT-YOLO demonstrated
the fastest speed among the evaluated models. This is attributed to its unique features,
such as an added small object detection layer, an attention mechanism module, data
enhancement, and data preprocessing, specially designed for ultrasonic wheel b-scan
image defect detection.

While the current study has effectively addressed challenges in ultrasonic wheel
detection, especially in regard to speed and accuracy, achieving promising outcomes in
terms of efficiency and practical applicability, it is crucial to acknowledge the diverse nature
of real-world defects. Despite this success, certain limitations may arise in addressing
specific prevalent issues. In particular, some false alarms caused by external factors such
as electrical interference are still relatively serious, so the data collection process is very
dependent on the stability of the equipment because the surface conditions of the wheels
are not the same, which will cause the data to be easily invalidated, and a large amount of
noise, especially electrical noise, is generated at the same time. However, to avoid excessive
investment, more targeted distinctions will be made on the algorithm side to eliminate
some special interferences. This will also be reflected in future work. Therefore, future
endeavors will prioritize an in-depth exploration of actual wheel inspection equipment
and the quality of inspection data. These tasks will involve a meticulous classification
of various defects, aiming to enhance this methodology’s performance across a broader
spectrum of real-life scenarios.

6. Conclusions

The study presents a noteworthy breakthrough in defect detection methods utilizing
ultrasound B-scan images obtained through the application of UT-YOLO. The UT-YOLO
model incorporates specific modifications that significantly enhance the accuracy of defect
detection, particularly in the context of B-scan images of ultrasonic defects. The notable
enhancements include the integration of small-object detection layers, residual structures
for feature fusion, attention mechanisms, and specialized processing methods. Collectively,
these adjustments culminate in a robust model poised to address the challenges inherent in
wheel defect detection in real-world ultrasonic B-scan images. When compared with the
baseline YOLOv5s model, UT-YOLO demonstrated marked performance improvements. In
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the wheel defect dataset test results, it achieves noteworthy enhancements of 37%, 36%, and
43% in best recall, mAP@0.5, and mAP@0.5:0.95, respectively. Simultaneously, the speed
of UT-YOLO reached an impressive 69FPS, indicating its capacity to operate effectively in
real-time applications and making it well suited for deployment in practical scenarios.

Despite the UT-YOLO algorithm’s notable successes in UT defect detection, there are
still some areas that may be further investigated and refined. To further lower the false
alarm rates and missed alarm rates, future work will concentrate on distinguishing the
noise and the noise-like defects as well as the whole automatic process in train wheel defect
detection to achieve truly intelligent detection.
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Abstract: Interactive devices such as touch screens have gained widespread usage in daily life;
this has directed the attention of researchers to the quality of screen glass. Consequently, defect
detection in screen glass is essential for improving the quality of smartphone screens. In recent
years, defect detection methods based on deep learning have played a crucial role in improving
detection accuracy and robustness. However, challenges have arisen in achieving high-performance
detection due to the small size, irregular shapes and low contrast of defects. To address these
challenges, this paper proposes CE-SGNet, a Context-Enhanced Network with a Spatial-aware Graph,
for smartphone screen defect detection. It consists of two novel components: the Adaptive Receptive
Field Attention Module (ARFAM) and the Spatial-aware Graph Reasoning Module (SGRM). The
ARFAM enhances defect features by adaptively extracting contextual information to capture the
most relevant contextual region of defect features. The SGRM constructs a region-to-region graph
and encodes region features with spatial relationships. The connections among defect regions are
enhanced during the propagation process through a graph attention network. By enriching the
feature representations of defect regions, the CE-SGNet can accurately identify and locate defects of
various shapes and scales. Experimental results demonstrate that the CE-SGNet achieves outstanding
performance on two public datasets.

Keywords: defect detection; smartphone screen; attention mechanism; graph reasoning

1. Introduction

The development of modern smart devices has brought immense convenience to
people’s lives. As a fundamental component of smartphones, the touchscreen has attracted
considerable attention regarding its quality. The quality of the touchscreen plays a crucial
role in determining the lifespan, user experience and display performance of the smart-
phone [1]. The smartphone screen is manufactured from glass material, exhibiting favorable
mechanical and optical properties. The glass screen for smartphones is produced through a
series of specialized processes, including precision Computer Numerical Control (CNC)
glass cutting, shaping, polishing, hardening, ultrasonic cleaning, vacuum coating, silk-
screen printing, anti-fingerprint oil application, drying, cleaning and inspection [2]. The
entire process imposes strict requirements on the production environment. However,
during the processes of production and transportation, various defects invariably arise,
including scratches, cracks, breakages, spots and so on. Such defects affect the aesthetic
appeal of smartphone screens and lead to adverse effects on their production quality. There-
fore, defect detection on smartphone screens is a pivotal step in the industrial process,
aiming to avoid process waste, reduce production costs and ensure product quality.
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Currently, smartphone screen defects are primarily detected through traditional man-
ual inspection or machine vision methods, both of which have certain limitations. Tra-
ditional manual inspection, conducted by experienced inspectors under strong lighting,
consumes significant time and energy, and may lead to vision impairment. This approach
struggles to meet the demands of large-scale industrial production, hindering automation
and intelligence in the production process. On the other hand, machine vision methods rely
on handcrafted feature-extraction techniques. Subsequently, traditional machine learning
algorithms are employed for defect detection [3,4]. The machine vision methods over-
come the drawbacks of traditional manual inspection, but their reliance on manual rules
or thresholds often results in an elevated occurrence of false negatives, particularly for
small defects. Additionally, they have limitations in stability, accuracy and adaptability to
varying environments.

With the rapid progress in computer vision technologies, the emergence of deep
learning, notably convolutional neural networks (CNNs), has opened up new avenues
for smartphone screen defect detection. CNNs extract features from original data without
handcrafted feature extractors, offering expressive feature representation. The classical
object detectors based on CNNs can be broadly categorized into two types: two-stage
detectors like Faster RCNN [5] and Cascade RCNN [6], and one-stage detectors such as
YOLO [7], RetinaNet [8] and FCOS [9]. The primary distinction lies in the methodology:
two-stage detectors generate region proposals (RPs) for further classification and regression,
while one-stage detectors predict classification and position directly from the features. In
contrast, two-stage detectors typically achieve higher detection accuracy.

General detectors are often designed for natural images and may not achieve optimal
performance when applied to the specific task of smartphone screen defect detection. Com-
pared to natural images, smartphone screen defect images exhibit unique characteristics.
Firstly, screen defects tend to be small and irregular, such as spots and scratches, which
leads to limited feature information and a high false-negative rate. Secondly, defects like
scratches and cracks exhibit minimal color contrast against the screen background. Smart-
phone screen images are typically captured by high-resolution line-scan cameras, with a
black background to minimize interference from ambient light. Despite these efforts, the
features of defects still do not stand out prominently, presenting a significant challenge
to detection. Some examples are shown in Figure 1. These unique characteristics empha-
size the necessity for tailored methods to improve the performance of defect detection on
smartphone screens.

Figure 1. Some examples of smartphone screen defect images. The categories of defects include

scratch, crack, breakage and spot.

Several detection methods for screen defects have been proposed to enhance defect
detection performance. Wang et al. [10] applied Faster RCNN to detect smartphone screen
defects. Faced with the challenge of a limited number of samples, they employed Boundary
Equilibrium Generative Adversarial Networks (BEGAN) to generate and enhance defect
data, achieving better performance compared to machine vision methods. Chen et al. [11]
proposed a defect detection network based on the fusion of Faster RCNN, and they em-
ployed U-Net [12] and ResNet50 [13] for feature extraction. U-Net is employed to capture
detailed information about defects, while ResNet50 extracts high-level semantic informa-
tion. The combination of both can obtain more distinctive feature information, effectively
detecting three common surface defects on screens. However, the fusion of two feature-
extraction networks led to higher complexity of the model. Some works have introduced
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attention mechanisms to enhance the network’s focus on defect features. Zhang et al. [14]
proposed a category-aware network for detecting edge cracks on smartphone screens. They
employed multiple parallel feature-extraction branches to capture features at different
scales and adjusted channel weights through a category-aware attention mechanism. Zhu
et al. [15] introduced a channel attention mechanism for detecting scratches on smartphone
screens. They used high-frequency information and local cross-channel interactions to
represent weighted defect features, reducing feature loss during global average pooling
and enhancing the feature of tiny defects. Additionally, they employed Region of Interest
(Rol) Align to handle scratches with extreme aspect ratios. However, these methods [14,15]
only focus on channel attention, neglecting spatial attention. Attention to spatial positions
is crucial because it determines the accuracy of localization in defect detection.

In the task of smartphone screen defect detection, previous defect detection methods
face two prevalent challenges: (1) In defect images, small defects lead to an imbalance in
the distribution of normal and defective pixels, which causes the network to excessively
focus on the background, resulting in insufficient attention to information of defect features.
(2) Most defect detection methods focus on individual regions, neglecting the relationship
among defects and the implicit prior knowledge embedded in the image.

To overcome the two challenges, this paper proposes a defect detection method in-
cluding an attention mechanism and spatial-aware graph reasoning, named CE-SGNet.
CE-SGNet introduces two pivotal modules: the Adaptive Receptive Field Attention Mod-
ule (ARFAM) and the Spatial-aware Graph Reasoning Module (SGRM). The ARFAM is
applied to perform attention-weighting on the fused multi-scale features by employing
channel attention and spatial selection attention. It dynamically captures diverse contextual
information necessary for various defects, enhancing the expressive capability of defect fea-
tures. In the SGRM, proposals are employed to construct a region-to-region relation graph
under category semantic supervision. The CE-SGNet learns adjacency relationships among
proposals autonomously, and propagates the updated features globally. Finally, the en-
hanced feature of each region is concatenated with the original Rol feature for classification
and localization.

In summary, the major contributions of this paper can be summarized as follows:

1. A novel attention module called ARFAM is proposed, which integrates channel atten-
tion and spatial selection attention. The channel attention focuses on the importance
of different channel features, while the spatial selection attention dynamically adjusts
the requirements of diverse contextual information for different defect types, thereby
enhancing the model’s ability to express features.

2. The SGRM introduces the Spatial-aware Graph Attention Network (SGAT) to model
the relationships among regions. A learnable relation graph is constructed to facilitate
adaptive reasoning for global features, effectively propagating spatial and contextual
information.

3. Experiments conducted on a real-world dataset of smartphone screen defects illustrate
the effectiveness of the proposed method in defect detection. Furthermore, our
method is evaluated on a public defect dataset to demonstrate its generalization
capability.

The remainder of this paper is organized as follows. Section 2 describes the related
works. Section 3 presents the proposed method. Section 4 shows the experimental results,
analysis of every module, visualization study, generalization study, model complexity and
time-efficiency evaluation. Section 5 discusses the limitations of the proposed method and
the future research directions. Section 6 presents the conclusion.

2. Related Works
2.1. General Object Detectors

Object detection is a crucial task in computer vision. In recent years, there has been
significant progress in object detection methods based on deep learning. Generally, these
methods can be divided into two categories: two-stage detectors and one-stage detectors.
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Two-stage detectors, represented by the RCNN series, such as Faster RCNN [5] and Cascade
RCNN [6], first propose candidate regions and then perform classification/regression. Tak-
ing Faster RCNN [5] as an example, it generates RPs through the Region Proposal Network
(RPN) firstly and subsequently employs Rol pooling to map these proposals of various sizes
to a fixed-size feature map for accurate classification and localization. Cascade RCNN [6]
improves detection performance by cascading multiple detection heads to refine proposals.
Compared to two-stage detectors, one-stage detectors directly predict classification and
location without Rol proposals. For example, YOLO [7] directly predicts classification and
location by generating dense anchor boxes on the input image. RetinaNet [8] introduces
a loss function called Focal Loss to address class imbalance in object detection. FCOS [9]
is an anchor-free detector that predicts the points of objects to form bounding boxes. In
comparison, two-stage detectors achieve higher detection accuracy through refined design,
which makes them more suitable for high-accuracy scenarios.

In recent years, there has been an increase in methods utilizing Transformer for detec-
tion. Carion et al. [16] introduced DETR, a pioneering method that applies Transformer
structure to object detection tasks. DETR formulates object detection as a set prediction
problem, achieving end-to-end detection. To solve the slow convergence and poor perfor-
mance in detecting small objects in DETR, Deformable DETR [17] introduced a deformable
attention mechanism to flexibly adapt to the deformation and changes in the object shapes.
However, these detectors often require significant computational resources and are easy to
overfit, particularly when dealing with small datasets such as defect detection datasets.

2.2. Attention Mechanisms

Attention mechanisms simulate the function of the human visual system, enabling neu-
ral networks to focus on crucial parts of an image, thus improving the model’s performance
and generalization capability. Generally, attention mechanisms include channel attention,
spatial attention and self-attention. SENet [18] is a classic attention mechanism network
that learns channel weights through global pooling layers, enhancing the importance of
different channels in feature maps. Expanding on the foundation of channel attention,
CBAM [19] introduces spatial attention, dynamically adjusting weights for both channels
and spatial positions in feature maps to enhance overall model performance. SKNet [20]
introduces a selective kernel module responsible for selectively applying convolutional
kernels of different sizes on each feature map, better capturing multi-scale information
in the image. Additionally, the self-attention mechanism in Transformer [21] allows each
input position to interact with others, generating corresponding attention weights, which
enables the model to capture long-range dependencies in sequential data. However, this
method operates on the entire feature map, demanding significant computational resources.
Our attention module draws inspiration from the CBAM structure, but we refine the spatial
attention module through extracting adaptive contextual information for various defects.
This makes it more suitable for smartphone screen defects.

2.3. Graph Neural Networks

Extensive research has been carried out in diverse visual domains to explore relation
reasoning through objects. In recent works, objects and their relationships are frequently
represented as graph structures, leveraging Graph Neural Networks (GNNs) [22] for their
flexibility in modeling dependencies between nodes, particularly in scenarios involving
irregular data structures. Graph Convolutional Networks (GCNs) [23] extend CNNs
to graph-structured data, enabling nodes to focus on semantic or spatial neighborhood
features. Several works have applied graph structures to defect detection. In work [24],
structured knowledge graphs are integrated into a learning system to enhance the accuracy
and reliability of additive manufacturing defect diagnosis. Wang et al. [25] addressed the
issues of inter-class similarity and intra-class variability in defect detection by constructing
a class-balanced graph. They applied this approach in domains such as steel and textiles.
Zhai et al. [26] focus on insulator defect detection, constructing both a multi-geometry
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reasoning network and an appearance-geometry reasoning network to extract appearance
and geometry features of defect samples, respectively. However, these works ignore the
spatial relationships between defect regions and implicit information in images. Therefore,
we construct a region-to-region graph and employ Graph Attention Networks (GATs) [27]
for the propagation and updating of region features.

3. Method
3.1. Overview

The proposed architecture is illustrated in Figure 2. The two-stage detector Faster
RCNN [5] with FPN [28] is employed as the baseline. Initially, the feature maps of defect
image are extracted through the backbone, and then passed through the FPN for feature
fusion. The fused feature maps are processed by the ARFAM for adaptive receptive field
attention weighting. After extracting RPs through the RPN and Rol Align, the SGRM
utilizes these proposals to construct a region-to-region graph guided by the previous
classification results. The graph node embeddings of different regions are evolved and
propagated by SGAT. Finally, the enhanced feature of each region is concatenated with the
original feature for classification and localization.
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Figure 2. The overall architecture of proposed CE-SG defect detection network. It consists of two
innovative modules: the Adaptive Receptive Field Attention Module and the Spatial-aware Graph
Reasoning Module.

3.2. Adaptive Receptive Field Attention Module

In the task of smartphone screen defect detection, there are numerous defects with low
contrast and poor saliency. During the detection process, these defects may be considered
background noise, leading to missed detection. Moreover, the pixel area of defects in
the image is much smaller than that of the background, leading to the network paying
excessive attention to the background instead of foreground. In computer vision, atten-
tion mechanisms are widely applied, effectively improving the performance of networks.
Therefore, we propose the ARFAM to enhance defects’ features and obtain wide contextual
information, as illustrated in Figure 3.

The ARFAM consists of a Channel Attention Module (CAM) and a Spatial Attention
Module (SAM). The CAM learns channel feature weights, enhancing the features of relevant
channels based on these weights while suppressing irrelevant channel features. Firstly,
the input feature map F;,, undergoes separate weighting through both global average
pooling (GAP) and global maximum pooling (GMP). Afterward, the features generated by
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the MLP layers are subjected to element-wise summation, followed by sigmoid activation
to produce the channel attention map M (F;,). The formula is as follows:

M. (Fiy) = o(MLP(GAP(Fiy)) + MLP(GMP(Fyy))), )

where 0 is the sigmoid activation function. MLP is a two-layer neural network with the first
layer having N./r neurons, activated by ReLU, and the second layer having N, neurons,
where r is the reduction ratio and N, is the number of neurons. The channel attention
feature map F, is combined with F;, as F. = F;, x M.(F;;,), generating the input features

for the SAM.
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Figure 3. Illustration of the Adaptive Receptive Field Attention Module.

The SAM adaptively adjusts the receptive field of the channel-weighted feature map,
effectively handling diverse contextual information for different defects. In defect detection,
extensive contextual information can help the network localize defects effectively, and
the range of contextual information varies for different types of defects. Therefore, it is
necessary for the network to dynamically adapt the range of defect contextual information.
According to [29], large kernel convolution can increase the receptive field of the image,
thereby obtaining more extensive contextual information. Therefore, a series of depth-wise
convolutions with different kernels are applied to construct larger kernel convolutions,
which can control the range of contextual information for different types of defects. The
receptive field of the i-th layer RF; can be represented as

RF; = RF;_q +d;(k; — 1), )

where d; is the dilation rate and k; is the kernel size. The feature maps from different
convolutional kernels can be represented as:

Fa = f{"(F.), Fo = f§*(Fa), 3)

where f4%(-) are depth-wise convolutions. Then they are concatenated as F' = [Fyj; Fso],
and F’ is spatially selected through channel-based maximum pooling and average pooling.
Finally, a convolution layer is applied to generate spatial selection weighting coefficients
from the pooled feature maps:

Cs = f7*7([AvePool (F'); MaxPool(F')]). (4)
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The spatial attention map is generated by weighting each receptive field feature map,
followed by sigmoid activation:

MS(F) = U(chi X Fsi)- %)

The SAM enables adaptive selection of contextual information for different defects, enabling
the network to capture spatial contextual regions most relevant to the defect features.

The ARFAM dynamically captures the long-range dependency of defect features
through adjusting the range of the receptive field, enhances the network’s attention to
defect features and enables more accurate localization. Generally, attention mechanisms are
employed in the convolution layers for extracting features. However, we extrapolate that it
may still introduce noise during feature fusion due to the inconsistency of features across
different scales, thereby affecting detection results. Therefore, the ARFAM is inserted after
FPN in this paper and adaptive weighting is conducted individually for feature maps at
different scales. The experiments in Section 4.3.3 validate its effectiveness.

3.3. Spatial-Aware Graph Reasoning Module

Smartphone screen defects, caused by mechanical reasons, often tend to occur in
specific locations with distinct types or textures. For instance, cracks often occur in edge
regions, and some defects are typically incomplete. In addition, downsampling in CNNs
may lead to the loss of features in small defects, posing challenges for detection. Previous
works usually relied on every RP for classification and regression. However, independent
RPs contain limited feature information, which poses challenges for detection. We hope
to leverage information within the images to enhance low-quality features. In order to
enhance the representation of various defects and their interrelations, a graph network is
proposed to model the spatial relationships between defect regions and enhance the Rol
features. Figure 4 shows the flowchart of the SGRM.

e = d(B(f;) X =PW,

T T
Rol Features f Soft Mapping
0
T ) cusind weisns

[————————————=

Figure 4. Flowchart of the Spatial-aware Graph Reasoning Module.

3.3.1. Spatial-Aware Graph Building

In the initial graph representation as G = < V, £ >, where V represents node features,
and each node represents each RP, each edge ¢;; € £ encodes the relationship between two
regions. Some works use handcraft linguistic knowledge to build graphs, which may ignore
the spatial relationships. Due to the gap between visual and language domains, we refrain
from introducing explicit linguistic knowledge. Instead, the relationship matrix between
regions is learned through Rol features F, i.e., e;j = ¢(fi)$( f]-)T, where ¢(-) denotes a
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non-linear function. In this paper, ¢(-) is obtained through two fully connected layers with
ReLU activation, and f; € F represents the feature of RP i.

The regions proposed by Rol Align are independent of each other and exhibit low
correlation between regions. Furthermore, these proposals may not accurately depict defect
information. When a region proposal is a negative sample, it can propagate incorrect
information. Hence, utilizing proposal features directly as graph node feature embeddings
not only affects detection results but also introduces noise. By guiding the regions with
advanced semantic information, the initial feature embeddings of graph node can be aligned
more closely with the actual region features. This facilitates a more accurate modeling
of relationships among defects and enhances the network’s learning capability. Inspired
by the work in [30], the previous classifier weights W, € R®*(P+1) are employed, which
contain advanced semantic information in the graph node embedding. The weights can be
obtained by copying the parameters with the bias from the previous classification layer,
updated throughout network training. To build a region-to-region graph, it is necessary to
map category embeddings to region feature representations of nodes. While the previous
classifier scores could achieve this mapping, incorrect classification results could lead to
erroneous node feature representations. Therefore, we propose a soft mapping denoted by

exp(sij)
— , 6
: Yj exp(sij) ©
where s;; represents the score of RP i being classified into category j, p; € P € RN*C

is the mapping weight coefficient. The node feature embedding can be computed as
X = PW,, where X € RN*(D+1) "N is the number of nodes, C is the number of categories,
and D is the dimension of the graph node features. Employing classification weights
as supervision can improve the correlation among similar defects and accentuate the
distinctions between different defect categories. This facilitates more accurate propagation
of node feature information.

3.3.2. Spatial-Aware Graph Reasoning

To construct a graph with rich spatial information, the relative positional relationship
between defects is crucial. Therefore, the spatial relationship between region i and region j
is formulated as

T
), tog (1Y tog () tog () )

l l

Rj; = <10g(

where (x;, y;) represents the central coordinates of region 7, and (w;, ;) denotes the width
and height of region i, which are normalized. The feature will be mapped to a high-
dimensional space to encode spatial information.

The SGAT is employed for updating the graph, which allows the selection of more
relevant nodes based on their importance, implicitly assigning different weights to nodes in
the neighborhood. The attention mechanism is used to autonomously learn and optimize
the connection relationships between graph nodes. The update formula for nodes is
as follows:

x!*1 = a( Y aijwl(Rij)xl>, (8)
JEN;
where X! represents the node feature embedding for the I-th layer of the SGAT, W! (Rjj) is
a learnable weight matrix encoding spatial position information of the nodes. a;; repre-
sents the normalized spatial relation coefficient, computed as the weighted sum of node
feature representations:

exp(LeakyReLU(a’ [WX;||WX]))
Yiew; exp(LeakyReLU(al [WX;[|WX(]))’

©)

061']‘ =
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where X = {Xy,Xp,---, Xy}, N is the number of regions, || denotes the concatenation
operator and a represents the attention coefficients. Multi-head attention layers are used
to propagate spatial relations among nodes, and the propagation process of the network is
defined as:
K
Fone = || o( Y. wZWZ(Ri»X’), (10)
k=1 \jen;

where K is the number of multi-head attention layers. Finally, the enhanced features Fe;,
generated by SGAT are dimensionally mapped and concatenated with the original features
F for classification and localization in the detection head.

In the SGRN, advanced semantic features and implicit information in the images guide
the construction of the graph and the propagation of node features. In this process, proposal
features with semantic similarities strengthen each other, while those with significant
differences are suppressed, reducing the positional offset between bounding boxes and
ground truth. It is beneficial to capture complex relationships between regions globally,
aiding the network in understanding more intricate scenes, such as dense distributions.

4. Experimental Results and Analysis
4.1. Experimental Setup
4.1.1. Datasets

The smartphone screen glass defect (SSGD) dataset [31] is a popular public dataset
designed for smartphone screen glass defect detection tasks. It comprises 2504 images, each
with dimensions of 1500 x 1000 pixels. It includes seven common defect categories: crack,
broken, spot, scratch, light-leakage, blot and broken membrane. All images are captured
from real-world scenarios, providing a comprehensive representation of potential screen
defects with a certain level of complexity. The dataset is challenging, and some examples
are shown in Figure 1. The dataset comprises two sub-datasets, namely LB101 and LB201,
collected from different working platforms. These sub-datasets exhibit variations in defect
sample distribution, types of screens and screen background colors. We validate the
effectiveness of the proposed method on each of the two subsets separately. The dataset is
randomly separated into a training and a testing set with a ratio of 4:1.

To prove the generalization of the proposed method, the printed circuit board (PCB)
dataset released by Peking University is introduced. It consists of 693 images with 6 types of
defects: missing hole, mouse bite, open circuit, short, spur and spurious copper. The image
resolutions range from 3056 x 2464 to 2904 x 1521. The dataset is randomly separated into
a training and a testing set with a ratio of 4:1.

4.1.2. Evaluation Metrics

In the defect detection task, precision and recall are crucial metrics. The Precision—
Recall (PR) curve illustrates the relationship between precision and recall, and the Average
Precision (AP) is calculated as the area under this curve. AP combines precision and recall
to evaluate the overall detection performance of the model across different thresholds. The
mean Average Precision (mAP) is the average of AP values across all categories. We employ
evaluation metrics following the COCO standard, including AP, APsy, AP75, APs, AP,
and AP;. Here, AP represents the average precision at IoU thresholds ranging from 0.5 to
0.95 with intervals of 0.05. APs5y and AP75 represents average precision at IoU thresholds
of 0.5 and 0.75, respectively. AP;, AP,, and AP, represent average detection precision for
small (area < 322), medium (322 < area < 96%) and large (area > 962) objects, respectively.
These metrics comprehensively evaluate the defect detection performance in general scenes,
high-precision localization scenes and multi-scale detection capability.

4.1.3. Implementation Details

The CE-SGNet is constructed of the PyTorch framework and the experiments are
performed on 8 NVIDIA GeForce RTX 3090 GPUs. Stochastic Gradient Descent (SGD)
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with a momentum of 0.9 and weight decay of 0.05 serves as the optimizer. The initial
learning rate is set to 0.02, with a batch size of 8. The training strategy follows a 1x schedule
(12 epochs), with learning rate reductions by a factor of 10 at the 8th and 11th epochs to
prevent overfitting due to excessively large learning rates in the later iteration of training.
All models are initialized with weights pre-trained on the COCO dataset, ensuring a solid
starting point for defect detection. Random flips and multi-scale training are applied to
images during training. To avoid potential experimental bias, the final evaluation metrics
are obtained by averaging the results from five experiments.

4.2. Comparative Experiments

To assess the performance of the proposed method, the CE-SGNet is compared with
nine representative detectors. These detectors include: two-stage typical detectors Faster
RCNN [5] and Cascade RCNN [6], one-stage anchor-based detector RetinaNet [8], GFL [32]
and YOLOVS5 [33], anchor-free detector FCOS [9] and ATSS [34], transformer-based detectors
DETR [16] and Deformable DETR [17]. YOLOVS stands out as one of the most widely used
one-stage detectors in the field of defect detection. It employs CSPDarkNet53 as the backbone
and is trained for 100 epochs. To avoid parameter redundancy, the lightest model YOLOv5-s
is selected for the experiment. DETR and Deformable DETR represent typical transformer-
based detectors, utilized for performance comparison with CNN-based detectors. They are
trained for 50 epochs using the Adam optimizer. All the other models use ResNet50 as the
backbone and FPN as the neck. All methods are implemented based on MMDetection with
official hyperparameter settings. The same preprocessing operations are applied, including
multi-scale data augmentation and dataset splitting, to ensure a fair comparison.

The detailed results on the SSGD dataset are presented in Table 1. It is observed
that the proposed method outperforms other methods in most metrics, demonstrating
superior performance. Compared to the baseline model, the CE-SGNet achieves better
performance in all metrics, which indicates the effectiveness of both ARFAM and SGRM.
ARFAM enables the model to focus more on defects and their contextual information,
enhancing the model’s ability to learn defect features. Subsequently, due to the improved
localization accuracy achieved by SGRM, CE-SGNet demonstrates robust performance
across various IoU thresholds, making it suitable for both general scenarios and high-
precision localization scenarios. In terms of multi-scale detection capability, it also achieves
excellent performance. The performance improvement in both small and medium defects
are higher than that in large defects, as CE-SGNet enriches the limited features in small and
medium defects, thereby enhancing performance. In summary, the CE-SGNet improves
detection performance across the board and does not sacrifice the performance of one
metric to improve another metric.

Table 1. Comparison results of different methods on the SSGD dataset. Bold data denote the best
performance. Underlined data denote the second best performance.

LB101 LB201
Model Backbone

AP APs;, AP;; AP, AP, AP, AP APs, AP, AP, AP, AP,
Faster RCNN [5] ResNet50 20.3 473 17.0 134 282 344 204 438 164 207 187 221
Cascade RCNN [6] ResNet50 21.0 442 16.8 151 253 41.0 222 471 184 223 193 238
RetinaNet [8] ResNet50 16.5 355 13.8 122 246 294 178 393 13.0 225 167 173
FCOS [9] ResNet50 182 431 13.2 134 241 264 199 441 155 193 202 169
ATSS [34] ResNet50 183 42.0 139 158 252 262 215 446 175 219 195 233
GFL [32] ResNet50 18.1 40.6 14.6 141 251 28.0 21.7 447 184 209 204 235
YOLOV5-s [33] CSPDarkNet53 164 427 9.3 8.3 233 251 152 341 12.4 8.7 17.0 147
DETR [16] ResNet50 11.5 23.0 10.1 3.5 123 274 114 25.2 9.0 3.3 7.3 13.1
Deformable DETR [17] ResNet50 185 40.0 15.7 13.7 252 293 19.7 428 16.8 145 184 203
CE-SGNet (Ours) ResNet50 24.0 51.2 20.3 17.5 303 419 22.7 48.1 18.8 229 216 234
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Furthermore, it is observed that two-stage methods generally outperform one-stage
detectors in AP. This is attributed to the effectiveness of RPN in distinguishing foreground
and background, reducing false positives. One-stage detectors, without rough filtering by
RPN, exhibit lower accuracy compared to two-stage detectors. Furthermore, there exists a
notable performance disparity between transformer-based models and CNN-based meth-
ods. This indicates that transformer-based models encounter challenges in demonstrating
their advantages, especially when handling small datasets. The comprehensive analysis of
results highlights the efficacy of the CE-SGNet in smartphone screen defect detection.

4.3. Performance Analysis of Modules

In order to validate the effectiveness of the proposed modules, we conduct compre-
hensive experiments on the SSGD-LB101 dataset, utilizing metrics such as AP and APs5 to
evaluate the detection performance of different modules.

4.3.1. Analysis of Each Module

The results of the effectiveness of each module are shown in Table 2. As observed,
each module played an effective role, improving performance independently. The ARFAM
enhances the sensitivity of the detection model, improving the model’s perception and
recognition capabilities for detecting defects. Although the SGRM partially improves
performance through constructing relationships between regions, the Rol features become
more accurate after ARFAM extracting extensive contextual information, thereby resulting
in higher performance improvement. The combined action of the two modules results in
an increase of AP to 24.0 and APs to 51.2, showing improvements of 3.7 AP and 3.9 APs,
respectively. This indicates the effectiveness of each proposed module and the combined
action of both does not have a negative impact on performance.

Table 2. Ablation study of different models. Bold data denote the best performance.

Methods ARFAM SGRM AP APs
Baseline 20.3 47.3

V1 226 50.0

CE-SGNet (ours) v 22.3 48.1
v v 24.0 51.2

1 Vsignifies the utilization of this algorithm.

4.3.2. Analysis of the Attention Mechanisms

The compared attention mechanisms include SENet [18], CBAM [19], ARFAM with
only channel attention (CAM), ARFAM with only spatial attention (SAM) and the pro-
posed ARFAM. The computational complexity (Giga Floating Point Operations per Second,
GFLOPs) and the total number of trainable parameters in the model (Params) are also em-
ployed for evaluating the efficiency of models. For a fair comparison, all other parameters
and experimental settings remain consistent, with the only difference being the type of
attention mechanism. As shown in Table 3, the results demonstrate that the combination of
channel attention and spatial attention can effectively improve the detection performance.
CAM, which adds a global maximum pooling layer compared to SENet [18], can effectively
extract the most prominent features of defects, aligning with conclusions from CBAM [19].
In comparison to CBAM [19], the ARFAM increases 0.7 AP and 1.3 APs5 respectively, with-
out a significant increase in computational resources or model parameters. This indicates
that the ARFAM can fully extract the most relevant contextual information of defects by
adaptively selecting receptive fields.
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Table 3. Analysis of different attention mechanisms. Bold data denote the best performance.

Methods GFLOPs Params AP APs5
FPN 332.01 60.68 M 22.3 48.1
SENet 332.04 60.72 M 229 48.6
CAM 332.08 60.72M 23.1 484
SAM 347.20 61.27 M 23.2 48.8
CBAM 332.09 60.72 M 23.3 499
ARFAM 347.27 61.31 M 24.0 51.2

4.3.3. Analysis of Different Positions of the ARFAM

We also conduct an analysis of the different positions of ARFAM. “ARFAM+FPN”
represents ARFAM inserted before FPN, “FPN+ARFAM” represents ARFAM inserted after
FPN without shared parameters and “FPN+ARFAM-shared” represents ARFAM inserted
after FPN with shared parameters. According to the experimental results in Table 4,
“ARFAM+FPN” reduces AP by 0.8 and AP5y by 2.4 compared to “FPN+ARFAM”. If the
ARFAM is inserted before FPN, it may introduce noise during the feature fusion process.
The defect features on different feature maps may be inconsistent, which affects the stability
of model learning. Additionally, “ARFAM+FPN" leads to an excessive increase in model
parameters, causing parameter redundancy and decreasing accuracy. Shared parameters
tend to promote consistent attention across different scales, but the focus positions often
vary across scales in practice. By inserting ARFAM after FPN, irrelevant feature interference
before fusion is reduced, resulting in more accurate candidate boxes generated by RPN.

Table 4. Analysis of different positions of the ARFAM. Bold data denote the best performance.

Methods GFLOPs Params AP AP5y

FPN 332.01 60.68 M 22.3 48.1
ARFAM+FPN 373.58 70.03 M 23.2 48.8
FPN+ARFAM-shared 347.27 60.80 M 23.1 49.0
FPN+ARFAM 347.27 61.31 M 24.0 51.2

4.3.4. Analysis of the SGRM

Finally, we analyze different mapping ways for node embedding. According to the
results shown in Table 5, the soft mapping increases 0.6 AP and 0.8 APs5y compared to the
hard mapping. Moreover, it does not require additional computational costs or an increase
in model parameters. However, hard mapping may increase the error rate if the initial
classification results are incorrect. In addition, We also conduct an analysis with different
numbers of the head in SGAT, setting k to 1, 2, 4, 6, 8, 10, as shown in Figure 5. Based
on the results, the detection performance continuously improves with an increase in the
number of heads until a sudden drop is observed when there are 10 heads in the multi-head
attention mechanism. Considering both AP and APs5, the number of heads is set to 8 in
this paper.

Table 5. Analysis of different node embedding methods. Bold data denote the best performance.

Methods GFLOPs Params AP APs5
SGRM-hard 347.27 61.31 M 234 50.4
SGRM-soft 347.27 61.31 M 24.0 51.2
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Figure 5. Comparison results of different numbers of attention heads.

4.4. Visualization of Results

To visually show the effectiveness of the CE-SGNet, Figure 6 presents qualitative com-
parison results with the baseline model. It is observed that the CE-SGNet is more effective
than the baseline model in detecting difficult defects, such as small spots. Moreover, the
defect regions detected via CE-SGNet are more accurately aligned with the ground truth.
The results indicate that the CE-SGNet has the capability to reduce both false positives and
false negatives, improving overall detection performance. The ARFAM enhances contextual
information of defects, which is beneficial for identifying defects accurately. Moreover, the
SGRM strengthens the interdependence between defects, improving localization accuracy.

We also visualize the feature maps to provide an intuitive understanding of the defect
regions attended by ARFAM. The results in Figure 7 demonstrate that the ARFAM effec-
tively suppresses background feature information and enhances contextual information.
For instance, in the first and second columns of Figure 7, it successfully suppresses spots or
blots in the background which are not defects. It is beneficial for RPN to perform more ac-
curate classification between foreground and background. Moreover, our CE-SGNet adapts
contextual information based on defect size, as shown in the third and fourth columns of
Figure 7. Compared to the baseline model, the CE-SGNet identifies regions closer to the
ground truth, demonstrating its effectiveness in improving detection accuracy.

Figure 6. Cont.
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Figure 6. Examples of visualization results on the SSGD dataset. The first column is the ground

truth, the second column is the results of the baseline model and the third column is the results of

- ‘
-

our model.

Figure 7. Examples of feature map visualization results on the SSGD dataset. The first row is original
images, the second row is feature maps of baseline and the third row is feature maps of CE-SGNet.

4.5. Generalization Study

To verify the generalization capability of the CE-SGNet, we conduct generalization
experiments on the PCB dataset. The CE-SGNet is compared with Faster RCNN [5], Cascade
RCNN [6], RetinaNet [8], FCOS [9], ATSS [34], GFL [32], YOLOv5-s [33], DETR [16] and
Deformable DETR [17]. The results are shown in Table 6. It can be observed that the
proposed method achieves 53.8 AP, achieving optimal performance. In terms of multi-scale
detection capability, the proposed method achieves the highest accuracy in APs, AP, and
AP; compared to other methods. This shows that the CE-SGNet can be applied to scenarios
with different defect sizes, especially for detecting small defects. The experimental results
demonstrate that the CE-SGNet exhibits excellent generalization performance.
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Table 6. Comparison results of different methods on the PCB dataset. Bold data denote the best
performance. Underlined data denote second best performance.

Model Backbone AP APs5g AP5 APq AP, AP,
Faster RCNN [5] ResNet50 52.8 96.3 50.3 35.5 52.7 47.1
Cascade RCNN [6] ResNet50 53.1 96.7 53.0 34.2 53.2 49.3
RetinaNet [8] ResNet50 52.8 95.8 524 20.0 53.0 47.8
FCOS [9] ResNet50 53.0 96.3 52.3 26.6 53.6 445
ATSS [34] ResNet50 534 97.2 53.3 26.7 53.6 50.2
GFL [32] ResNet50 53.1 97.2 52.6 36.7 53.2 46.3
YOLOV5-s [33] CSPDarkNet53 499 96.6 43.7 30.3 50.3 47.2
DETR [16] ResNet50 36.9 87.6 224 4.5 374 36.8
Deformable DETR [17] ResNet50 40.3 89.4 25.2 13.3 40.8 40.6
CE-SGNet (Ours) ResNet50 53.8 97.0 52.7 40.0 53.7 50.8

4.6. Model Complexity and Time-Efficiency Evaluation

To evaluate the complexity and efficiency of the CE-SGNet, GFLOPs, Params and
frames per second (FPS) are employed as the evaluation metrics. GFLOPs is used to
evaluate the computational complexity, Params is used to evaluate the model size and
memory usage, while FPS is used to evaluate the real-time efficiency. The comparative
results are shown in Table 7. It is observed that CE-SGNet exhibits higher GFLOPs at
347.37 compared to the baseline model, due to the inclusion of two novel components.
In terms of model parameters, Cascade RCNN consumes the highest memory resources.
In contrast, our CE-SGNet, while requiring additional computational resources and a
slightly larger model size, obtains a significant improvement in detection performance.
However, the introduction of SGAT slows down CE-SGNet'’s inference speed, impacting its
real-time performance.

Table 7. Comparsion results of different models on the complexity and time efficiency.

Model GFLOPs Params FPS
Faster RCNN [5] 303.84 41.15M 16.1
Cascade RCNN [6] 331.63 68.94 M 14.1
RetinaNet [8] 311.23 36.23 M 16.3
FCOS [9] 296.20 31.85M 21.3
ATSS [34] 311.23 36.23 M 16.3
GFL [32] 307.94 32.05M 18.4
YOLOv5-s [33] 43.87 7.04M 54.2
DETR [16] 137.44 41.28M 14.3
Deformable DETR [17] 292.81 39.82 M 9.6
CE-SGNet (Ours) 347.27 61.31 M 7.9

5. Discussion

In this paper, we propose the CE-SGNet based on two-stage detectors for smartphone
screen defect detection. While the CE-SGNet achieves excellent performance, there are still
some limitations. Firstly, as shown in Table 7, our CE-SGNet consumes more computa-
tional resources and has a complex model structure. In terms of inference speed, it may
face challenges in real-time detection scenarios. Future research can focus on accelerating
the structure of CE-SGNet through appropriate light-weighting methods to improve the
real-time detection capability of our model. Secondly, due to the unique optical properties
of screen glass, the color of defects is similar to that of the background. This means that not
all objects identified as defects based on visual perception are real defects. Most detection
methods improve detection performance by enhancing model sensitivity, which also leads
to an increase in false positives. In the future, exploring the fusion of multimodal knowl-
edge, such as language and image, could provide a more comprehensive understanding of
industrial scenarios.
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6. Conclusions

In our research, a context-enhanced spatially aware defect detection network that
effectively detects defects on smartphone screens is proposed. We introduce two modules:
the ARFAM and the SGRM. The ARFAM, composed of a channel attention module and a
spatial attention module, obtains wide contextual information and suppresses background
features, effectively detecting low-contrast tiny defects. The SGRM, constructs a region-
to-region graph to strengthen the spatial relationship between defects and reduce false
negatives. Experimental results both on the SSGD dataset and the PCB dataset illustrate
that the proposed method demonstrates significant improvement in detection accuracy,
highlighting its considerable potential for practical applications.
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Abstract: Train wheels are crucial components for ensuring the safety of trains. The accurate and
fast identification of wheel tread defects is necessary for the timely maintenance of wheels, which
is essential for achieving the premise of conditional repair. Image-based detection methods are
commonly used for detecting tread defects, but they still have issues with the misdetection of water
stains and the leaking of small defects. In this paper, we address the challenges posed by the detection
of wheel tread defects by proposing improvements to the YOLOv8 model. Firstly, the impact of
water stains on tread defect detection is avoided by optimising the structure of the detection layer.
Secondly, an improved SPPCSPC module is introduced to enhance the detection of small targets.
Finally, the SIoU loss function is used to accelerate the convergence speed of the network, which
ensures defect recognition accuracy with high operational efficiency. Validation was performed on
the constructed tread defect dataset. The results demonstrate that the enhanced YOLOv8 model in
this paper outperforms the original network and significantly improves the tread defect detection
indexes. The average precision, accuracy, and recall reached 96.95%, 96.30%, and 95.31%.

Keywords: defect detection; neural network; target recognition; YOLOvS8

1. Introduction

When it comes to train travel, safety is of utmost importance [1]. These defects can
even pose a threat to the safety of high-speed train operations. External factors such as
inertia, rail edge stress, and thermal damage can affect train wheels, leading to defects
like bruises, peeling, and scratches on the tread surface. Ensuring the safety of high-speed
train operations relies heavily on detecting wheel tread defects, but in the actual detection
process, defects of various shapes and water stains often present challenges.

Conventional image detection methods include image localisation and segmentation,
feature extraction, classifier classification, and so on. However, such methods are complex
and have poor real-time performance, low efficiency, and difficulty meeting the needs of
industrial production. Consequently, they have been gradually replaced by the use of
deep learning to address these issues. The deep learning-based target detection method
offers the advantages of fast detection speed and high accuracy, resulting in significant
cost savings.

Deep learning-based target detection methods are typically classified into two types:
region-based, two-stage detection algorithms, such as regions with CNNs (R-CNNs) [2],
and faster region-based convolutional neural networks (Faster R-CNNs) [3]. The two-stage
target detection network is transformed into a region proposal, followed by the utilisation
of a neural network for target classification prediction and localisation implementation.
Menggqi Chen et al. [4] utilised the Gabor filter in frequency analysis and integrated the
Gabor kernel into the Faster R-NN model to address fabric detection with background
texture interference. Xiangyang Xu et al. [5] conducted a comparative analysis of Faster
R-CNN and Mask R-CNN for road crack detection.
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The you-only-look-once (YOLO) [6] series of one-step detection algorithms represents
another category. The one-stage target detection network directly extracts features and
classifies and locates targets through the neural network, resulting in improved efficiency
compared to the two-stage target detection network. Abhiroop Bhattacharya et al. [7]
used a combination of current techniques in deep learning-based transformers, multilevel
feature fusion, data augmentation, and object detection to quickly detect PCB board defects.
Stefano Frizzo Stefenon et al. [8] used a genetic algorithm to optimise the hyperparameters
of the YOLO model for grid fault localisation, successfully improving performance metrics
and reducing computational requirements. Fenglong Ding et al. [9] employed transfer
learning to apply a single-shot multibox detector (SSD) for wooden panel defect detection,
utilising DenseNet as the backbone network instead of VGG16 and incorporating residual
learning to mitigate feature information loss, thereby achieving wood defect detection. Qiqi
Zhou et al. [10] proposed CABE-YOLO, an accurate and efficient strip surface defect detec-
tion model that incorporates a novel Bidirectional Fusion (BF) strategy to acquire detailed
information and cater to the requirements of industrial strip surface defect detection.

YOLO series algorithms are widely employed for the purpose of defect detection in
various applications [11]. However, the detection performance of YOLOv8 may not always
meet the requirements for detecting special scenes. Defect detection in tread defect images
is susceptible to variations in lighting conditions and water stains, while the intricate
background of the tread image poses interference to accurate defect detection. To address
this issue, this paper proposes an enhanced version of YOLOvS that improves upon the
original model by enhancing wheel tread defect detection.

1. In order to solve the problem of the false detection of water stains in defects, this
paper optimises the network detection structure by adding a shallow small-target
detection layer and deleting the large-target detection layer, which not only attenuates
the impact of water stains but also pays more attention to the detection of small
target defects.

2. To prevent the location information of small targets from being overlooked during
the learning process, this paper uses an improved SPPCSPC (Spatial Pyramid Pooling
Concurrent Spatial Pyramid Convolution). Firstly, the CBS (Conv BatchNormal Silu)
is trimmed to address the issue of filtering the edge information of small target defects,
such as peeling. Then, the SimAM (simple attention mechanism) is introduced to
minimise loss in the feature extraction of small target defects.

3. This paper replaces the loss function with SIOU (Soft IoU), which encompasses four
key components: angle loss, distance loss, shape loss, and IoU loss. This modified
approach offers a more comprehensive solution compared to the original CIOU
(Complete IoU), as it takes into account multiple factors, resulting in improved
convergence speed and higher accuracy.

2. YOLOvVS8 Network Structure

The YOLOVS algorithm provides a new SOTA (state of the art) model that can be
used for tasks such as target detection [12], image segmentation [13], etc., and its main
structure consists of three parts: the backbone, the neck, and the head. The complete
network structure of YOLOVS is illustrated in Figure 1.

The C2f module based on the CSP is used in the main part instead of the C3 module.
C2f utilises the concept of ELAN in YOLOv7 and combines C3 with ELAN. This enables
YOLOVS to maintain high computational efficiency and obtain more information about the
gradient flow simultaneously. The last pyramid space pooling is replaced with the SPPF
module, which can extract spatial information more effectively.

In the neck section, YOLOVS8 continues to use the PAN-FPN (Path Aggregation Net-
work with Feature Pyramid Network) feature fusion technique, which effectively combines
information from feature layers at various scales. It employs multiple up-sampling pro-
cedures and C2f modules, as well as a final decoupled head structure, to create the neck
module. The confidence and regression frames are combined to achieve greater accuracy.
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Figure 1. The structure of the YOLOv8 module.

In the head section, YOLOvV8 employs an anchorless split detection head, thereby
enhancing both detection accuracy and efficiency in comparison to the anchor frame-based
method. The head structure is replaced with the mainstream decoupled head structure to
alleviate the conflict between classification and localisation tasks. The reference is changed
from anchor-based to anchor-free for YOLOX. Furthermore, YOLOX has been updated from
an anchor-based to an anchor-free approach, which is particularly beneficial for detecting
faces with irregular dimensions.

3. Improved YOLOVS Structure

Although YOLOVS has performed well in all aspects of the detection task, it still
faces difficulties in recognising confusing objects. During feature extraction for defects on
the tread surface, the neural network may mistake water stains for defects due to their
similarity in image information. Additionally, YOLOv8 may miss small defects on the
tread surface.

To address the aforementioned issues, this paper proposes a defect detection algorithm
that can effectively identify small defects on the tread surface while avoiding the misdetec-
tion of water stains. Firstly, we optimised the large detection head in the original network
to increase the structure of the small detection head, thereby reducing misdetection caused
by water stains. Secondly, we replaced the original SPPF with the SPPCSPC module, which
was optimised and introduced into the SImAM to prevent the misdetection of small defects.
Throughout the learning process, the algorithm does not ignore the target’s position infor-
mation. Finally, the loss function is replaced with SIOU, which considers more geometric
factors and improves the accuracy of detecting tread defects.

3.1. Optimisation of Network Structure

As water stains and defects share similar visual features, it is easy to mistake water
stains for defects. In order to show the response of water stains and defects in different
network layers for subsequent reduction of false detection of water stains. In this paper,
GradCAM [14] is used to generate heat maps, based on which we can better analyse the
regions of interest of the neural network.

Figure 2 integrates a heat map of water stains and defects. Upon analysis of the
figure, it becomes apparent that the deep layer of the network employed for large-target
detection exhibits a relatively diminished response disparity between defects and water
stains. Conversely, the shallow layer of the network utilised for detecting small targets
demonstrates enhanced efficacy in filtering out water stains on the tread surface. Conse-
quently, by eliminating the large-target detection layer and incorporating a small-target
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detection layer, the final detection outcomes are capable of mitigating the impact of water
stains, thereby enabling improved focus on identifying small target defects.

Trade defect Trade defect Water stain Water stain

Original

image

-2 layer

=5 layer

-8 layer

Figure 2. Tread thermal response diagram.

To address the problem of the misidentification of water stains in the original algorithm,
the original YOLOVS generates three feature maps of different sizes. In this study, we re-
moved the 20 pixel x 20 pixel large-target detection layer and added a 160 pixel x 160 pixel
small-target detection layer to improve defect detection. The architecture of the improved
YOLOvVS8s network detection layer is shown in Figure 3. Although YOLOvS achieves a
larger perceptual domain through deep sampling, deep sampling results in the loss of some
feature information. By incorporating a shallow network, we can better extract detailed
features of the target, preserve defect-related information, reduce the interference of water
spots on defect detection, mitigate the loss of small target defect features, and improve the
small-target detection capability. The improved network exhibits reduced sensitivity to
water stains and provides more accurate defect detection results.
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Figure 3. The structure of the improved YOLOv8 module.
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3.2. Reconstructed SPPCSPC

The original network exhibits limited capability for detecting small defects in the
wheel tread. To enhance its defect detection ability and accurately locate defects, we replace
the initial SPPF module with an improved SPPCSPC module. This novel SPPCSPC module
integrates spatial pyramid pooling (SPP) [15] and a cross-stage Partial Channel (CSPC) [16],
surpassing the performance of the SPPC alone. By employing serial computation, the SP-
PCSPC module adapts to images of varying resolutions while accelerating the convergence
speed. To better suit the spatial pyramid pooling of tread features, we reconstruct the
SPPCSPC module as depicted in Figure 4a,b.

Maxpooling

Conv =— Conv -—»w—» Conv =— w—o Conv =— Conv -——thw—o Conv »—

Maxpooling Maxpooling

Conv Maxpooling

Conv Conv

(a) (b)
Figure 4. SPPCSPC structure diagrams: (a) SPPCSPC before reconstruction; (b) SPPCSPC after
reconstruction.

Firstly, the two CBS layers located before the pooling layer are cropped out to reduce
the filtering of small-target edge information by the convolutional layer. This also scales
down the computational load of the neural network. Secondly, the SimAM [17] attention
mechanism is introduced to address the issue of the inadequate extraction of small, defec-
tive target features. SimAM assigns a 3D attention weight to each neuron while dividing
the pixels between the complex background region and the small-target region to enhance
the sensitivity of the complex background and small-target regions. Adding SimAM before
the pooling layer and final channel merging can help divide the defective and non-defective
regions, enhancing the network’s attention to the small-target region, reducing feature loss,
and improving the model’s robustness by reducing the influence of the tread background
on the defects.

3.3. SloU

The purpose of this function is to continuously optimise the fitting effect by defining
the calculation method around the geometrical elements of the prediction and real frames.
Representative methods include GloU [18], CloU [19], and EloU [20]. The regression loss
function of YOLOv8s adopts the CloU loss function, which considers the overlap area, dis-
tance from the centroids, and aspect ratio. Although CloU considers more comprehensive
factors compared to the previous loss function, it does not take into account the mismatch
of directions between the real and predicted frames. To improve the model’s generalisation
ability and accelerate convergence, the network model’s border loss function is replaced by
SloU from CloU [21]. SIoU considers the vector angles between regressions and redefines
the penalty indicator. The SloU loss function converges faster and is more accurate than
the CIoU loss function. The SloU loss function comprises angular loss, distance loss, shape
loss, and IoU loss.

Figure 5 shows the angular loss map of SIOU, where o represents the distance between
the centre point of the real frame and the predicted frame, C;, represents the height
difference between the centre point of the real frame and the predicted frame, o« and
represents the horizontal angle between the predicted frame and the real frame.
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Figure 5. Calculation of angle loss.

The regression direction of the prediction frame is determined by the angular magni-
tude, where the angular loss is defined as follows:

A =1 2sin? (arcsin(x) — g) 1)

C .
x = 2 =sin(a)

o= \/ (bfﬁ —be,)? + (bfj — be,)? )
C; = max (bfyt, bcy) — min (bfyt, bcy)

where o is the distance between the centre point of the real frame and the predicted frame,
and « is the horizontal angle between the predicted frame and the real frame
The calculation diagram for distance loss is shown in Figure 6.

o]
0
=i

Figure 6. Calculation of distance loss.

The distance loss is defined as follows:

= Z (1 — e*wf) (3)

by —bey 2 @)

In the formula for distance loss, p is the degree of positional deviation between the
true and predicted frames, and 7y is the preferred distance value for time, related to angular
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loss. It can be seen that the contribution of the distance cost is greatly reduced when a — 0.
On the contrary, the closer it is to 71/4, the greater the contribution of the distance cost.
Shape loss is defined as follows:

Q=Y (1-e™)° ®)
t=w,h
S
W max(w,wst
i ©)
Wh = max(h,hg')

where 0 is the degree of concern for shape loss, wy and wy, are the degrees of stretching of
the width and height between the predicted and real frames, and w? t and K8t are the width
and height of the real frame.

IoU cost is defined as follows:

|ANB|
IoU = 7
°U=1AUB| @
where A denotes the prediction frame and B denotes the true frame.
SloU is defined as follows:
A+Q
Lsiou = 1= Liou + ®)

2

4. Experimental Section
4.1. Dataset and Metrics

The dataset comprises 6547 images of tyre treads captured by the camera, where image
quality is affected by light brightness at the time of capture, and background interference
outside the tread area hinders defect detection. For small defects, noise and light interfer-
ence pose challenges for feature extraction by the network. Additionally, water stains on
the surface can lead to misclassification as defects.

Sample images of tread defects are shown in Figure 7 with tread defects in the red
box, in which there are lighting differences and water stains distributed on the tread, and
the morphology of the defects is also different, which affects the recognition of defects on
the tread. The tread data are partitioned into training, validation, and test sets in a ratio of
7:2:1, with the classified image datasets being organised into their respective directories to
facilitate subsequent model training.

Figure 7. Sample images of tread defects.

The network’s training parameters were configured according to Table 1, utilizing the
Adma optimizer with a Momentum value of 0.8, Learning Rate set at 0.01, Batch Size of 16,
Epochs set to 100, and Weight Decay adjusted to 0.0005. The experimental platform has a
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GPU of RTX3060 (NVIDIA, Santa Clara, CA, USA) and a CPU of 12th Gen Intel® Core™
i7-12700H (Intel, Santa Clara, CA, USA).

Table 1. Experimental training parameters.

Training Parameters Value

Optimiser Adam
Momentum 0.8
Learning Rate 0.01
Batch Size 16
Epoch 100

Weight Decay 0.0005

Precision (P), recall (R), and mean average precision (mAP) values for all categories
were selected as evaluation criteria and calculated as follows:

TP
P= TP + FP ©)
TP
R= TP + FN (10)
N
N AP, 1
mAP = LAP:/ P(R)dR (11)
N 0
1 C
AP@50% = — Y AP@0.5; 12
mAP@50% C,-; @0.5; (12)

4.2. Ablation Experiment

In order to verify the effect of the improved algorithm on YOLOVS, ablation experi-
ments were conducted, and the results are shown in Table 2. And model parameters and
FPS were added as evaluation indicators.

Table 2. Results of ablation experiments.

Structural

Model . SPPCSPC  SIoU Precision Recall mAP@0.5 Parameters FPS
Optimisations

YOLOvV8 86.46 83.36 88.19 11.4 89

Optimisation models 1 Vv 93.21 90.66 94.35 12.8 86

Optimisation models 2 Vv 90.96 88.67 91.87 18.2 85

Optimisation models 3 vV 94.05 89.06 92.92 115 88

Ours Vv Vv Vv 96.30 95.31 96.95 18.9 79

The table uses a checkmark symbol (4/) to indicate the corresponding improvement
strategy. The same training parameters are applied to each group of experiments. Opti-
misation model 1 improves the detection structure by replacing the large target detection
head with a shallow small-target detection head that is more sensitive to small defects. This
reduces the misjudgement of water stains and improves detection accuracy. The accuracy
of the detection results is improved by 6.75% and the mAP by 6.16% compared to the
original model.

Optimisation model 2 replaces the original SPPC module with the SPPCSPC module,
optimises its structure, trims the original CBS, and introduces SimAM. The multiscale
structure of SPPCSPC, the sensory field of the neural network, and the small targets are
now better matched, resulting in improved detection accuracy for the model. However, the
number of parameters has slightly increased.
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Optimisation model 3 uses SloU as the loss function for border regression, resulting
in more effective optimisation and improved positioning precision for the model bound-
ing box.

Compared to the original YOLOVS, the improved version achieves a detection accuracy
of 96.30%, which is 9.84% higher than the base model; a recall rate of 95.31%, which is
11.95% higher than the previous result; and an mAP of 96.95%, an improvement of 8.76%.
The original YOLOVS profile has a Missing Alarm Rate (MAR) of 16.64%. The improved
YOLOVS8 network reduced the false alarm rate for tread defects to 4.69%, a reduction
of 11.95%.

Figure 8 shows the visualisation of the tread defect features of YOLOV8 and the
improved YOLOvS8, which can more clearly show the feature extraction by the network.
From the figure, we can see that the improved YOLOVS8 network detects defects better and
with higher confidence.

@) (b)
Figure 8. Grad-CAM visualisation: (a) improved YOLOVS; (b) YOLOVS.
The improved YOLOS algorithm is demonstrated in Figure 9, showcasing its profi-

ciency in detecting minute defects on the wheel’s tread surface. This improved neural
network exhibits remarkable capability in identifying small defects present on the tread.

Figure 9. Results of the improved Yolov8 algorithm in small tread defect detection.

4.3. Method Comparison Experiment

In order to further verify the effectiveness of the improved algorithm, we compare the
enhanced yolov8 in this paper with several mainstream target detection algorithms on the
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treadmill dataset, and the results are shown in Table 3. The evaluation metrics of the model
include accuracy, recall, MAP and model parameters.

Table 3. Comparison results of tread defect detection.

Model Precision Recall mAP@0.5 Parameters
Faster R-CNN 80.38 82.03 83.70 40.2
SSD [22] 47.02 88.76 78.12 26.3
YOLOV3 [23] 75.59 72.19 76.80 61.5
YOLOvV5s 80.12 84.19 85.15 7.1
YOLOvVS8s 86.46 83.36 88.19 11.4
Improved YOLOVS 96.30 95.31 96.95 18.9

The metrics of this paper’s model and other commonly used models for tread detection
are presented in Table 3. The mAP score achieved by our proposed model surpasses that
of existing algorithms, reaching an impressive 96.95%, thus demonstrating its superior
performance in comparison. Notably, accurately detecting defects in the tread under
challenging conditions such as varying lighting and water stains has been a persistent
challenge for existing methods. However, the improved YOLOVS algorithm proposed in
this study effectively addresses these challenges.

YOLOVS builds upon the earlier versions (YOLOv3 and YOLOVS5) by incorporating
advancements like the C2F module and decoupled head while abandoning the anchor-
based concept in favour of an anchor-free approach. On the other hand, the SSD model
suffers from a loss of target feature information due to multilayer convolution, making
it less effective at detecting small targets. Faster R-CNN solves the problem of scale
variation through its pyramid model, but still suffers from computational redundancy in
the subsequent detection phase.

Compared with Faster R-CNN and YOLOv5s, our method showcases improvements
of 10.71% and 11.5% in terms of accuracy, respectively, along with an increase in the mAP
of 13.12% and 17.65%.

A comparison of our model with other models in terms of parameters and accuracy is
visualised in Figure 10, where the horizontal axis represents the parameters of the model
and the vertical axis represents the MAP. It can be observed that our model exhibits superior
accuracy while maintaining a lower parameter count.

100 ‘ ® Faster RCNN
95 ® EffcientDet

90 YOLOv3
. O
3 85 ® YOLOvVS
(3
= O
80 ® YOLOv8
75 ® Imprved
YOLOv8
70
0 30 60 90 120

Para/M
Figure 10. Comparison results with mainstream algorithms.

5. Conclusions

This paper proposes an improved YOLOVS algorithm for detecting high-speed train
wheelset treads. To avoid interference from water stains during defect detection, the detec-
tion structure in the YOLOv8 model has been improved by adding a small-target, shallow
detection layer. Furthermore, the SPPC module has been replaced with the reconstructed
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SPPCSPC to achieve a more efficient multiscale fusion that prioritises small-target defects.
Additionally, the loss function has been substituted with SloU to enhance the accuracy of
the regression. The algorithm proposed in this study was compared to current target detec-
tion algorithms on a self-built dataset to evaluate its wheel-to-tread detection performance.
The results indicate that the proposed algorithm outperforms the original YOLOv8 model,
achieving a detection rate of 96.95% for tread defects, which is an improvement of 8.76%.
In the future, we will pay more attention to the improvement of detection speed in real
time and further improve the accuracy of detection.
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Abstract: The identification of slag inclusion defects in welds is of the utmost importance in guaran-
teeing the integrity, safety, and prolonged service life of welded structures. Most research focuses on
different kinds of weld defects, but branch research on categories of slag inclusion material is limited
and critical for safeguarding the quality of engineering and the well-being of personnel. To address
this issue, we design a simulated method using ultrasonic testing to identify the inclusion of material
categories in austenitic stainless steel. It is based on a simulated experiment in a water environment,
and six categories of cubic specimens, including four metallic and two non-metallic materials, are
selected to simulate the slag materials of the inclusion defects. Variational mode decomposition
optimized by particle swarm optimization is employed for ultrasonic signals denoising. Moreover,
the phase spectrum of the denoised signal is utilized to extract the phase characteristic of the echo
signal from the water—slag specimen interface. The experimental results show that our method has
the characteristics of appropriate decomposition and good denoising performance. Compared with
famous signal denoising algorithms, the proposed method extracted the lowest number of intrinsic
mode functions from the echo signal with the highest signal-to-noise ratio and lowest normalized
cross-correlation among all of the comparative algorithms in signal denoising of weld slag inclusion
defects. Finally, the phase spectrum can ascertain whether the slag inclusion is a thicker or thinner
medium compared with the weld base material based on the half-wave loss existing or not in the
echo signal phase.

Keywords: slag inclusion; ultrasonic testing; weld defects; variational mode decomposition; particle
swarm optimization

1. Introduction

Austenitic stainless steel is widely preferred by industries and used in media storage,
transportation, processing and production, equipment manufacturing, and other industries
due to its mechanical properties (such as high tensile strength, good yield strength, and
high-temperature strength), outstanding corrosion resistance, and good weldability [1].
Currently, welding is fusing metal parts to form a strong bond that can withstand harsh
conditions. The quality of the weld is critical to safety and performance, as defects can lead
to failures, accidents, and financial losses [2]. Weld inspection is an important task in non-
destructive testing (NDT), which is necessary to detect weld defects. During the welding
process, defects can occur on a weldment, such as porosity, gas pores, longitudinal cracks,
lack of penetration, and slag inclusion [3]. Slag inclusion in these defects means volume
defects not as visible as cracks, incomplete penetration, or incomplete fusion defects, which
are called surface defects.

Defect testing of weldments has attracted much attention in recent years. Commonly
used weld defect detection methods include eddy current [4], magnetic particle inspection [5],
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X-ray [6], spectroscopy emission [7], and ultrasonic testing (UT) [8]. Ghubade and Kumar [9], in
their review work on casting defects and methodologies for quality improvement, provided
insight into casting defects and casting quality. Singh et al. [10] proposed an active pulse infrared
thermal imaging technology detection method which uses a FlukeTi 32 thermal imaging camera
to record the metal casting heating and temperature decay processes. Using the prior knowl-
edge that defect-containing regions have higher temperatures than defect-free regions, defect
regions with high thermal concentrations and the size and depth of defects are characterized.
Lietal. [11] proposed a frequency band-selecting pulsed eddy current testing (FSPECT) method.
Compared with energy equivalent square wave PEC technology, FSPECT responds better and
faster to deep defects. The authors of [12] designed an active thermal imaging system with in-
duction heating. By recording the surface temperature with an infrared thermal imaging camera,
the entire infrared image sequence is evaluated using a Fourier transform, and the phase image
is processed to detect surface cracks. At the same time, the signal distribution around the cracks
at different depths is analyzed and calculated to determine the crack depth. Wang et al. [13]
designed a digital ray detection system based on charge-coupled devices. The system can
receive X-rays with a wider energy range and obtain higher imaging quality. Tkocz et al. [14]
designed a low-cost four-channel phased array electromagnetic ultrasonic transducer system.
The generated focused ultrasonic beam completed the defect detection experiment on a rough
cast steel plate with a thickness of 32 cm. A-scan data showed that the system could detect
artificial defects up to a depth of 16 cm.

The research mentioned above primarily focused on the size and depth of internal
defects in materials. However, the literature on the different categories of slag inclusion
defects is limited. Slag inclusion defects are typically classified as metal or non-metal
inclusions. Slag defects arise from multiple factors, including suboptimal welding practices,
inadequate preheating, and imprecise control over welding parameters. It is difficult to
determine the accuracy of the test results for slag inclusion types since the process is
irreversible and destructive to the specimen. The process of producing austenitic stainless
steel is highly intricate and demands a controlled production environment. This poses
a challenge when it comes to obtaining slag inclusion defect samples with known slag
material. Numerical simulated methods based on finite element analysis have attracted
attention from many researchers [15,16]. This simulation of the ultrasonic testing system
could easily design or optimize an ultrasonic testing system by regulating the parameters
of the system, which offers a theoretical foundation for detection and reduces detection
blindness [17]. However, the effectiveness of this simulation approach often tends to be
overly ideal. Therefore, we designed a water environment-based experiment for slag
inclusion defect detection to address these issues.

Radiographic testing (RT) can be implemented utilizing either X-ray radiation or a
gamma-emitting radioactive source [18]. Given the pronounced dependence of the X-ray
absorption coefficient on the material density, radiographic imaging is particularly well suited
for identifying volume defects characterized by an altered mass content, such as slag inclusions
or porosity [19]. RT offers a more direct and precise determination of the material type of
slag inclusions within welds. However, it is limited by the harmful radiation it generates, the
complexity of the detection process, and the extended duration of the testing, which preclude
its suitability for in situ, real-time detection in industrial environments, such as the scenario
of steel structure weld inspection for a building. Compared with the RT method, UT can
overcome these disadvantages and is more widely applied in weld inspections due to its
safety, portability, in situ and real-time feedback, and low cost. Moreover, UT can test the
depth information of a defect. UT is a commonly used method for detecting flaws in solids. It
provides precise information about the position and size of defects. Therefore, we chose UT in
this paper to detect the inclusion defects. However, ultrasonic signals can be easily scattered
by complex factors such as the environment and the object being measured. This often
leads to noise in the received echo signal, which can affect the quality and reliability of the
measurement. Therefore, denoising is an essential step for removing noise and enhancing the
signal. Classical signal denoising algorithms include wavelet transform (WT) [20], empirical
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mode decomposition (EMD) [21], and its variants such as ensemble EMD (EEMD) [22] and
complementary EEMD with adaptive noise (CEEMDAN) [23]. EMD series methods may
produce mode mixing or cause incomplete signal decomposition and denoising with residual
noise in the denoised signal. Variational mode decomposition (VMD) is a new algorithm
for decomposing signals into several intrinsic mode functions (IMFs) with different center
frequencies to pick out the effective signal [24]. It overcomes the problems of endpoint
effects and modal aliasing in EMD [25]. Compared with other methods, VMD has been
proven to yield a better frequency resolution and noise immunity [26]. However, it requires
manually setting the hyperparameters. To address this issue, researchers have investigated
methods for setting parameters automatically. For instance, Hua et al. applied the grasshopper
optimization algorithm (GOA) to further fine-tune the parameters in VMD for Lidar signal
decomposition [27]. Similarly, Qi et al. harnessed the grey wolf optimization (GWO) method
to determine the most effective VMD parameters, alongside parallel EMD for Lidar signal
noise reduction [28]. Additionally, Long et al. made use of particle swarm optimization (PSO)
to identify the ideal VMD parameters for filtering out disturbances from ultra-high-frequency
partial discharge signals [29].

In the ultrasonic detection of slag inclusion defects in austenitic steel welds, the sig-
nal will exhibit a superior signal-to-noise ratio after effective denoising. A Fast Fourier
transform (FFT) is performed on the denoised signal to obtain the phase spectrum. In
accordance with the principles of wave propagation theory, it is established that mechanical
and electromagnetic waves, when encountering an interface with a transition to a denser
medium, experience a 7t phase shift upon reflection. This is in contrast to the situation
where they interact with a less dense medium, where no such phase change occurs. This in-
trinsic relationship between the echo phase and the characteristics of the interface material
is invariant across diverse experimental settings and environmental conditions. Conse-
quently, we introduce a novel experimental methodology for the ultrasonic detection of
slag inclusion defects in welds, which is based on the simulation of aquatic environments.

In a nutshell, we designed a series of experiments utilizing selected cubic specimens
made of various materials immersed in a water-based environment to simulate different
material types in slag inclusion defects found in weldments. Specifically, the six selected
cubes were composed of different materials, including metallic materials such as iron,
copper, aluminum, and magnets, as well as non-metallic materials like wood and resin.
The primary objective was to analyze the phase characteristic information of ultrasonic
signals and investigate the relationship between phase and slag inclusion materials by
utilizing ultrasonic testing in conjunction with an improved VMD denoising method,
thereby achieving the classification and detection of slag inclusion defects.

The rest of this paper is organized as follows. The methodology employed in this
study is outlined in Section 2; the experiments are shown in Section 3; and the results
analysis is discussed in Section 4. Finally, this work is summarized in the Section 5.

2. Theory and Methods
2.1. VMD
2.1.1. VMD Theory

VMD is a non-recursive variational mode decomposition algorithm showing excellent
capacity for processing nonlinear and non-stationary signals which was proposed by
Dragomiretskiy [24]. It ensures sparsity by limiting the central frequency and bandwidth
of each IMF. VMD can avoid issues related to mode mixing and boundary effects, which
always exists in EMD, WT, etc. The constrained model is defined as follows:
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where 1 (t) represents the kth IMF, w; represents the central frequency of u(t), k =
1,2,--- K, o(t) is the unit pulse function, ® represents a convolutional computation, and
0; represents a partial derivative operation.

Initially, the Hilbert transform was applied to each IMF to obtain a one-sided spectrum:

(U(t) + ;t) @ ug(8). @

Then, we estimated the central frequency (wy) of each IMF and modulated each IMF
to the baseband:

[(a(t) + 7;‘) ® uk(t)} e jwt, (3)

Lastly, the bandwidth of each IMF was estimated through the H; Gaussian smoothness
by calculating the L? — norm of the demodulated signal gradient.

2.1.2. Solution of Variational Equations

The equation initially presented as Equation (1) was converted into a form without
constraints by employing the Lagrange multiplier, denoted by A. Furthermore, to maintain
the fidelity of signal reconstruction in the presence of additive Gaussian noise, a quadratic
penalty factor, represented by «, was utilized. The resulting unconstrained formulation is
expressed as follows:
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Next, by solving Equation (4), f(w) and @ are updated as follows:
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where 1;(w), f(w), A(w) are the Fourier transform of u(t), f(t), A(t) respectively.
The VMD algorithm'’s process has four main steps:

e  Step 1. Initialize ui, w%, )\]1(, and n such that all their values are zero, and set a suitable
number of decomposition modes K.

e  Step 2. Iteratively update uj and wy using Equations (5) and (6), and stop when the
preset value K is reached.

e  Step 3. Update A using the following equation:

A (w) « AM(w) + T ( Flw) - ;agﬂ(w)) @)

where T represents the noise tolerance for a given discrimination accuracy 0 < ¢ <
1 x 10~7. If this satisfies the following condition, then stop the iteration. Otherwise,
return to Step 2:

K ||ﬁz+l

a1 |12
k=1 a3
where 1. is the updated expression of u.

e Step 4. Arrange the obtained K IMF components from low to high frequencies,
calculate the correlation coefficient between each component and the original signal,
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eliminate the IMF components with smaller correlation coefficients, and reconstruct
the remaining components.

2.2. Improved VMD through Particle Swarm Optimization

Efficient and precise parameter selection for VMD hinges on the choice of (K, ).
This study employs particle swarm optimization to ascertain the optimal (K, «) values
for VMD, thereby eliminating subjective judgment and automating the search for the best
parameters. The fundamental concept behind employing the PSO algorithm to discover
the best solution lies in the collaborative effort and exchange of information among the
various members of the population [30]. The algorithm can be described as follows.

In an N-dimensional space, a swarm consists of m particles, where x; = (xj1, Xj2, - -+, Xiy)
represents the position of the ith particle in the N-dimensional space, v; = (vj1,vj, - -+ , Vi)
represents the motion of a particle, p; = (pi1, Pio, - - -, Pin) represents the local optimal
solution that the particle has experienced, and pg = (pg1, Pg2, "+ , Pgn) is the best position
among the entire swarm as the global optimum.

In PSO, the update of velocity and position of a particle can be calculated as follows:

Vg (t+1) = woig(t) + c1r1[pig — xiq(t)] + car2 [Pgd - Pgd(f)} )

Xig(t+1) = vy (t) +vig(t +1) (10)

where w is the inertia weight, c1, c; are the learning factors, and 71, 1 are random numbers
distributed in the range [0, 1].

Specifically, the optimal parameter (K, a) is selected in parallel by introducing a two-
dimensional particle swarm. According to Equations (9) and (10), there will be the follow-
ing equations:

oren | =l Jerran([ ][0 ) v (8- 150 )

A e R R w

The intricacy of components indicates their regularity, with reduced complexity signi-
fying a higher degree of regularity. The sample entropy serves as a statistical instrument
for assessing the complexity and unpredictability of time series data [31]. Essentially, the
sample entropy measures the probability of recurrence of comparable data patterns in a
time series. Consequently, a greater sample entropy value suggests a more intricate, less
predictable, and more irregular time series.

The equation for the sample entropy is given below:

Bm+1 (7’)
SampEn(m,r,N) = —In {Bm(r)} (13)
where r represents the signal tolerance, m is the embedding dimension, N is the signal
length, and B"(r) is the mean pattern count.

The fitness function described in this paper, represented by Equation (14), is calculated
as the average of the squared error (SE) for all intrinsic mode functions (IMFs) obtained
from a single variational mode decomposition (VMD). A fitness value of less than 0.1
indicates that the optimal solution has been achieved:

K
fitness(K, {uy}) = 11(; SampEn(u (14)
where K is the total number of IMFs decomposed via VMD and {1} = {u, ..., ug} are IMFs.

PSO can be optimized by minimizing the fitness function with K and alpha as the
optimization-seeking parameters. The following steps should be taken:
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e  Step 1. Firstly, input the original series (ultrasonic signal). Then, set the range of the
VMD parameter pairs (K, o), where K takes integer values in the range of [2, 12] and
«’s range is within [100, 30,000]. After that, initialize the positions and velocities of
the swarm’s particles. Finally, calculate the local and global optimal solutions using
Equation (14).

e  Step 2. Apply Equations (11) and (12) to update the particle positions. Refresh the
local and global solutions accordingly.

e Step 3. Output the global optimal solution of the IMF’s number K and the penalty
factor « when the fitness value is less than 0.1 or the maximum number of iterations
is reached.

e Step 4. Using the optimized results, apply the VMD method to break down the
vibration signal into different IMFs. Filter out the IMFs that fall outside the frequency
range of the ultrasonic processing equipment, and combine the remaining effective
IMFs to obtain a precise ultrasonic vibration signal.

2.3. Ultrasonic Wave Propagation Theory

Classical wave propagation theory posits that a wave transitioning from a less dense to
a denser medium will undergo reflection at the point of intersection between the two media.
The cause of this reflection is the abrupt phase shift of the reflected wave at the midpoint of
its cycle, a concept referred to as half-wave loss [32]. Half-wave loss is a phenomenon that
occurs when a mechanical wave reflects at the interface between two media with different
properties. This typically happens when the wave transitions from a less dense medium to
a denser one, such as from air to a solid. In the case of mechanical waves like ultrasound,
this occurs when the wave transitions from a medium with a lower refractive index to one
with a higher refractive index. The reflected wave undergoes a phase shift of pi, which is
equivalent to a half-wavelength change in the spatial period. This phase shift leads to a
so-called phase inversion, where the wave phase becomes negative after reflection if it is
positive before reflection at the interface between the media.

Half-wave loss in the phase of the ultrasonic echo will occur at the interface when
propagation is constituted in a wave-dense medium compared to steel, such as the tungsten
inclusion defect. However, the phase of ultrasonic echo will change continuously when
ultrasonic waves propagate through the steel matrix and encounter porosity or non-metallic
inclusions, and a reflection will occur at the interface between the steel and non-metallic
inclusion without the half-wave loss. Depending on the phase of the ultrasonic echo, we
can determine whether the inclusions of the slag are a thin medium or thick medium
relative to the steel matrix.

Welding slag inclusions are embedded within the austenitic stainless steel matrix, serv-
ing as a model for an environment with a foreign object included. Foreign objects can be
categorized as either wave-thin or wave-dense media relative to the matrix material [33].
According to wave propagation theory, ultrasonic waves propagate through the environment
and reflect off foreign objects. The presence or absence of a half-wave loss in the echo signal’s
phase can indicate whether the foreign material is a wave-thin or wave-dense medium. In
our experimental set-up, water and diverse material samples were employed to simulate the
environment and slag inclusions, respectively.

3. Experiment
3.1. Experimental Set-Up

As it is not easy to observe the material of slag inclusion in weld defects, this experi-
ment utilized a simulated experiment with a water environment to simulate defects inside
the weldment, as shown in Figure 1a. The ultrasound experimental system consisted of
an SIUT CTS-1002® digital ultrasound machine (Shantou, China), a 5Z14N transmitting
probe (SIUI longitudinal wave straight probe, 5 MHz, 14 mm, shown in Figure 1b), and
a signal acquisition computer (Tektronix MDO4024C oscilloscope, Beaverton, OR, USA).
The ultrasonic probe was responsible for transmitting and receiving the ultrasonic signals,

184



Sensors 2024, 24, 4199

producing pulsed ultrasonic signals at a nominal center frequency of 5 MHz. Theoretically,
its operating frequency would be equal to the nominal frequency. However, a downshift in
frequency could be potentially caused by the manufacturing technology of the piezoelectric
crystal probe and aging of the detector with a served time duration. Figure 2 illustrates
the loaded excitation waveform of the probe when the SIUI CTS-1002 was operating at a
voltage of 100 V. The oscilloscope operated at a sampling frequency of 2.5 GHz, which was
employed to visualize the temporal disparity of ultrasonic waves as they traversed various
positions within austenitic stainless steel. It filled the tank with water, fixed a cylindrical
pillar on the bottom, and placed the cubic sample on top of the pillar in this experiment.
We maintained a certain distance between the sample and the bottom of the water tank
to distinguish the echo signals reflected from the sample surface and the bottom of the
tank. Figure 1c shows that the vertical distances were 9.00 cm and 10.20 cm between the
upper surface of the slag specimen and the transmitting probe surface and the bottom
surface of the specimen and the bottom of the water tank, respectively. The specimen was
a cubic sample with a side length of 2.00 cm. The ultrasonic probe was placed on the top
of the water tank to transmit ultrasound vertically and directly immerse it in the water,
which eliminated the need for a coupling agent and resulted in reduced attenuation of
the ultrasound wave. The reflected ultrasonic echo signals of the 6 cubic specimens were
collected by our ultrasound system.

Transmitting Probe

|

\Specimen — &
8 Pillar Rasli

Digital
ultrasound
machine

-- Specimen

(b) ()

Figure 1. (a) Experimental system of ultrasonic testing based on water environment simulation.
(b) Top view of the water tank and ultrasonic probe. (c) Schematic diagram of vertical distances
between objects placed inside the water tank.

The original echo signals were collected by the oscilloscope shown in Figure 3,
where (a) is the reference original echo signal obtained when no slag cube block was
placed in the water environment and (b) is the original echo signal obtained when a wood
specimen was immersed in the water tank. The signal encircled by a red box on the left
in Figure 3a is the echo from the bottom surface of the water tank, and the following
weaker one encircled by the right red box is the secondary echo. It can be seen that the
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first echo’s occurrence time was approximately 2.8 x 10~* s, given an ultrasonic wave
propagation velocity of approximately 1500 m/s. This corresponded to a traveled distance
of approximately 42 cm, which was consistent with twice the distance between the ultra-
sonic probe and the bottom surface of the water tank (21.20 cm), as shown in Figure 1c.
Upon placement of a slag specimen in the water, the ultrasonic waves underwent multiple
traversals between the ultrasonic detector and specimen. As depicted in Figure 3b, the
red rectangles highlight the initial and secondary echoes reflected from the water-wood
cubic block interface, occurring at approximately 1.2 x 10~ s and 2.4 x 10~* s, respectively.
These echo arrival times corresponded to the distances traversed by the ultrasonic waves,
in accordance with the experimental distance set-up of 9.00 cm between the transmitting
probe and slag inclusion specimen.

200 T T T T T T

150

100 - “ .

|
50 | 7
|

|

Amplitude/V

-100 -

_150 1 1 1 1 |
-1 -05 0 0.5 1 155 2 25 3 35

Time/s x107®

Figure 2. The loaded excitation waveform of the probe with the SITUI CTS-1002 operating at a working
voltage of 100 V.

The original echo signal reflected from the sample surface was intercepted and used
for analysis in this experiment. We chose the experiment of the wood specimen immersed
in water as an example to illustrate the experimental procedures and subsequent analysis
of the results. The chosen white birch wood specimen had a density of approximately
0.599 g/cm? in a dry state and approximately 0.676 g/cm? after being submerged in water
for half an hour. An original ultrasound echo signal from the sample of wood is shown in
Figure 4, VMD was performed on the ultrasonic echo signal. As can be seen in the figure,
there was significant noise in the signal, especially at the beginning and end of the signal.
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Figure 3. Original echo signals measured by the oscilloscope: (a) no slag cube specimen and (b) wood
cube specimen placed in the water environment.
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Figure 4. The original echo signal reflected from the water-wood interface.

3.2. Evaluating Indicator

Signal denoising is the extraction of effective information from the original signal.
VMD is an adaptive decomposition method. After decomposition by these algorithms, a
series of IMFs with a certain center frequency can be obtained. One or more layers of the
decomposed IMF contain noise for noisy signals. Moreover, it is particularly important to
judge whether the IMF is noise or a useful signal. Usually, in the signal processing process,
some researchers will directly discard IMFs with smaller orders. At the same time, some
useful signals contained in IMFs with smaller orders will also be discarded. However, the
signal-to-noise ratio (SNR) is reduced, and the denoising effect is poor. This paper first
obtains the normalized cross-correlation (NCC) function of each modal function IMF and
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the original signal and then uses the obtained NCC to determine the useful signal mode
and noise mode.

In this case, we needed to select effective IMFs for reconstruction to obtain denoising
signals. The SNR and RMSE were used as evaluation indices of the denoising effect. The
SNR shows an energy relationship between the signal and noise. The higher the SNR, the
more useful the information, and the less noise there is in the signal. Therefore, the SNR
can be a quite intuitive method for evaluating the effect of denoised signals by analyzing
whether the SNR improves. The definition of the SNR is as follows:

N 112
Z llx@)ll
SNR =10-log;y | ——— (15)

X120 —x@)]?

i=1

where x is the original signal, £ is the denoised signal, and || * || indicates the norm.

The root mean square error shows the difference between the denoised signal and
original signal in numerical terms, and the smaller the RMSE, the better the noise reduction
effect. The RMSE is defined as follows:

N
L [1£(1) — x(i)]?
RMSE = length(x) (16)

where length(x) represents the length of the signal.

In order to effectively identify and separate the noise component in the IMFs decom-
posed by VMD, a normal correlation coefficient was introduced based on time-frequency
analysis of the IMF component to further determine the degree of correlation between the
IMF and the original signal. The larger the NCC, the better the correlation between the
corresponding IMFs and the original signal. The NCC is defined by

M=z
—
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—
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NCC = i (17)

J(£0) = (£20)

where 1 and £ are the kth IMF and denoised signal, respectively.

4. Results
4.1. PSO-VMD Denoising

This section presents the results of the echo signal decomposition received from the
water-slag specimen interface through VMD optimized by PSO. To validate the superiority
of our proposed vibration signal processing method, we compared it with other methods.
The comparative methods included WOA [34], GA [35] and ALO [36] algorithms used to
optimize the two core parameters (K, x) of VMD. The defect signal processing of ultrasonic
testing data from the water-wood interface served to illustrate the application of the IMF’s
section approach in the proposed PSO-VMD method. We applied these methods to process
the original ultrasonic echo signals individually. The fundamental concept underlying
these methods is to decompose the original defect signal and eliminate non-ultrasonic
components. By employing the PSO technique for parameter optimization adaptively, we
deployed VMD on the ultrasonic defect testing data.

To compare the accuracy and efficiency of the different signal processing methods,
Table 1 lists the main parameters K and « for the improved VMD algorithms, SNR, RMSE,
and processing time. The SNR and RMSE indicators were employed to assess the ap-
proaches’ accuracy, while the processing time refers to quantitatively analyzing the effi-
ciency of denoising. It can be seen that all of the improved VMD methods could decompose
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the original signal by setting the parameters K and a automatically. The proposed PSO-
VMD method provided the least IMFs (seven) with the highest SNR and the lowest RMSE.
The SNR reflects the ratio of the overall signal to the noise component, where the higher the
SNR, the better the noise reduction effect. The RMSE quantitatively represents the deviation
between the denoised signal and the original signal, where a lower RMSE indicates more
effective noise reduction. PSO-VMD could effectively denoise and extract features from
ultrasonic testing signals to highlight the slag inclusion defect features. Compared with
PSO-VMD, the WOA-VMD, GA-VMD and ALO-VMD methods demonstrated varying
extents of over-decomposition phenomena, which decomposed the signal into 10, 8, and
10 IMFs, respectively.

Table 1. Comparative results for parameters, evaluation index, and processing time for different
VMD optimization algorithms.

Methods WOA-VMD GA-VMD ALO-VMD PSO-VMD
K 10 8 10 7
a 5000 4589 27,595 2962
SNR/dB 22.854 22.8964 22.908 23.0279
RMSE 0.02139 0.02129 0.02126 0.02097
Processing 79.7 1155.9 78.9 536.7
time/s

Additionally, a comparison experiment on the denoising efficiency of the improved
VMD algorithms was conducted on a PC equipped with an Intel i7-3700K CPU (Santa
Clara, CA, USA), Nvidia Geforce RTX 3090 GPU, and 128 GB of memory (Santa Clara,
CA, USA). Each algorithm was configured with the maximum number of iterations set to
10, and each was executed 10 times on the echo signals of wood specimen. The average
processing times for each algorithm are presented in Table 1. The experimental results
indicate that both the WOA and ALO optimization algorithms exhibited superior efficiency,
with processing times of 79.7 s and 78.9 s, respectively, in comparison with the GA method’s
1155.9 s, demonstrating the lowest efficiency. Our proposed PSO algorithm held a middle
ground at 536.7 s in terms of efficiency. Consequently, there exists a considerable scope for
enhancement in the noise reduction efficacy of PSO-VMD when compared with the WOA-
VMD and ALO-VMD algorithms. It is anticipated that advancements in computational
power will mitigate this discrepancy, rendering it a non-obstacle in the foreseeable future.

The components were sorted by frequency from low to high in Figure 5 for IMFs in the
time domain and in Figure 6 for IMFs in the frequency domain. The low-frequency compo-
nent IMF1 demonstrated strong periodic fluctuations, and the high-frequency component
appeared to be random. IMF1 symbolized effective signals from slag inclusion defects,
while other IMF components corresponded to interference or noise. The echo signals from
the slag specimens could be effectively distinguished from the interference components.

Table 2 shows the normalized cross-correlation between the IMF components of the
denoised signal and the original signal. The NCC of IMF1 was 0.9975, which was significantly
higher than those of the other modes. It can be seen from the spectrogram presented in
Figure 6 that the center frequencies among the IMFs were distinct and separate without any
overlap, reflecting the efficacy of PSO in the context of VMD parameter tuning. Figure 7
shows the comparison between the denoised signal and the original signal, which exhibited
characteristics similar to the original data but with less noise and a higher signal-to-noise ratio.

Table 2. NCC between the IMF component of the denoised signal and the original signal.

IMFs IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7
NCC 0.9975 0.0330 0.0291 0.0288 0.0280 0.0275 0.0271
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Figure 5. PSO-VMD decomposition results in time domain.
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Figure 6. The decomposed IMF spectrum under PSO-VMD in the frequency domain. The inset in
IMF1 is a local enlargement of the IMF component.
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Figure 7. Denoised signal and original signal from the water-wood interface.

4.2. Phase of the Echo Signal

In this experiment, water was the original medium for ultrasonic wave propagation,
and the surfaces, those of cubic blocks of iron, aluminum, copper, wood, resin, and other
materials placed in the water environment to simulate slag inclusion defects, were the
interfaces for sound wave reflection. Among the six materials selected, metallic blocks
such as iron, aluminum, copper, and magnets are thick media compared with water, while
non-metallic wood and resin are thin media. By analyzing the phase spectrum of the echo
signal, we could determine whether the simulated inclusion was a thin medium or a thick
one based on the half-wave loss theory.

The phase spectrum describes the phase information of the frequency components
within a signal. In practical applications, the phase spectrum helps with understanding
the phase relationships among different frequency components of a signal, which is quite
important for signal analysis, processing, and interpretation. According to the theory of
half-wave loss, in the propagation of sound waves, the phase spectrum serves as a critical
means for analyzing reflected signals. We could determine whether the material at the
reflective interface was a denser medium by assessing whether the reflected signal had
undergone a 7t phase shift.

The phase spectrum can be either wrapped or unwrapped. The wrapped phase
spectrum limits the phase values to the range from —7r to 7r, which helps with visualizing
and analyzing phase changes, especially when there is a phase shift (such as a half-wave
loss). The unwrapped phase spectrum, on the other hand, shows continuous phase changes
from —oo to co, which may be more intuitive in some cases but may not be as clear as the
wrapped phase spectrum when analyzing phase jumps. Therefore, the wrapped phase
spectrum was employed to analyze the phase of the echo signals reflected from the slag
specimen surfaces. Figure 8a,b depicts the wrapped full-phase spectrum of the echo
signal from the wood specimen interface before and after the denoising process. Figure 8c
presents an expanded view of the denoised phase spectrum from 1 to 5 MHz, highlighting
the specific frequency range of interest.
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Figure 8. Phase spectrum (a) before denoising and (b) after denoising of echo signal from the wood
specimen’s surface. (¢) Expanded view of (b) within the 1-5 MHz frequency range.

The central frequency of the denoised signal was 4 MHz, which was obtained from the
IMF1 component shown in Figure 6. Then, the corresponding phase of —42.63° could be
picked out from the enlargement of the denoised signal’s phase spectrum in Figure 8c. This
experimental result shows that the detector’s operational frequency deviated from its nom-
inal value of 5 MHz, which is potentially attributable to variations in crystal attachment,
manufacturing tolerances, and probe aging.

The decomposition and phase analysis of PSO-VMD were performed for six different
material samples, and the results are presented in Table 3. The table shows that the
ultrasonic signal phase of the non-metallic materials was negative, while that of the metallic
materials was positive, indicating opposite signs. Therefore, it can be concluded that the
phase of the ultrasonic echo signal can reflect whether a slag inclusion is metallic or non-
metallic.

Table 3. Frequencies and phases of 6 samples’ echo signals.

Material Frequency (MHz) Phase (°)
Wood 4 —43.36
Resin 4 —24.81

Iron 4.25 97.11
Copper 425 64.87
Magnet 4.25 161.7

Aluminum Alloy 4.25 155.6

In austenitic stainless steel, if the ultrasonic testing signals of slag inclusion defects
in a weld show indications of half-wave loss, then this is typically indicative of tungsten
inclusions. This type is a denser medium relative to the austenitic stainless steel matrix. The
tungsten inclusion defect in austenitic steel mainly occurs during the process of tungsten
inert gas (TIG) welding. If there is no half-wave loss in the phase change of an echo reflected
from the slag interface, then this indicates that the slag inclusion is a thin medium, which
is always non-metallic compounds or other metallic inclusions like aluminum particles.
Identifying the category of a slag inclusion defect is critical for finding the reasons for
defects developing, improving production efficiency, and reducing the rate of defective
products, ultimately reducing production costs.
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5. Conclusions

This paper designed a water environment-based simulation method for weld inclusion
material classification using ultrasonic testing and introduced the PSO-VMD denoising
and phase processing method with an ultrasonic signal. The classification of slag inclusion
material is effectively carried out using the phase spectrum of an echo signal. To summarize
this paper, we can draw the following conclusions:

* A water environment experiment with six categories of cubic samples, including
four metallic and two non-metallic materials, was used to simulate the slag inclusion
defects with different materials in the weldments of austenitic stainless steel.

¢  The proposed method with PSO-VMD denoising the ultrasonic signals utilizes PSO to
optimize the VMD hyperparameters, including the suitable number of decomposition
modes K and penalty factor «. This was proven to effectively denoise the noisy signal
and to be superior to other comparative algorithms, namely WOA-VMD, GA-VMD
and ALO-VMD. PSO-VMD's results show that it decomposed the minimum number
of modes (only seven IMFs) but with the highest SNR and lowest RSME among all
methods, which demonstrates that PSO-VMD has superior performance in the noise
reduction of slag inclusion defect detection signals.

®  The phase spectrum was proposed as a valuable tool for analysis of the phase charac-
teristics of ultrasound echo signals. By analyzing the phase spectrum, we can ascertain
whether a slag inclusion has a thicker or thinner medium compared with the austenitic
stainless steel base material, based on the presence or absence of a half-wave loss in
the echo signal phase.

Our work provides a referential identification method for identifying material types
with slag inclusion defects for practical applications.
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Abstract: Structural damage can affect the long-term operation of equipment. Real-time damage
warning for structures can effectively avoid accidents caused by structural damage. In this paper, a
real-time warning method of structural plastic damage based on the cointegration theory is proposed.
This method calculates the cointegration relationship between the strain signals at different measuring
points, and the stability of the strain signal relationships is also evaluated. The problem of inaccurate
detection caused by the error of strain measurement and environmental influence can be eliminated by
the comprehensive judgment of strain between asymmetrical measuring points. A real-time damage
sensing system is developed in this paper. In order to improve the real-time and practicability of
the system, this paper proposes and determines the residual warning coefficient by analyzing the
proportion of the strain residuals exceeding the residual threshold. The research on this sensing
system has certain value for the engineering application of damage monitoring methods.

Keywords: cointegration theory; real-time warning; sensing system; warning coefficient; damage alarming

1. Introduction

The health of structural parts directly affects the service life of equipment [1-3]. Under
the long-term action of loads, structural parts will suffer a certain degree of damage, which
will affect their service life and even cause engineering accidents. Therefore, the accurate
monitoring and warning of structural damage can provide a timely reference for equipment
maintenance [4,5], which can effectively avoid losses caused by structural damage.

Structural damage monitoring has always been a hot topic in the field of engineering
research [6,7]. Common structural damage mainly includes cracks, holes, plastic deforma-
tion, structural fractures and other forms. Researchers have conducted relevant research
on different types of structural damage using different types of sensors and signal pro-
cessing methods [8]. Detection methods based on eddy current [9], acoustic emission [10],
piezoelectric ultrasonic guided wave [11], electrical impedance [12], visual recognition [13],
fiber bragg grating [14] and other technologies each have their respective advantages in
the field of structural health monitoring. In recent years, ultrasonic detection technol-
ogy and machine learning methods have been widely introduced into structural health
monitoring [15]. Among them, ultrasonic detection is widely used to monitor cracks in
structures [16,17]. Liu et al. studied a wireless sensor based on a nonlinear ultrasonic
modulation method to achieve the real-time online monitoring of fatigue cracks [18]. Kim
et al. proposed a reference-free ultrasonic guided-wave crack detection method using the
polarization characteristics of piezoelectric wafers [19]. With the continuous optimization
and development of machine learning methods, they have been applied to monitor crack
damages in structures [20,21]. Wang et al. predicted the growth law of fatigue cracks based
on the particle filter model [22]. Chen et al. identified cracks in bridge structures based
on a deep learning algorithm and realized the integrated application of the algorithm [23].
Zhou et al. used laser ultrasound and the YOLOvV5 framework to monitor and identify
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structural cracks in interference fits [24]. The continuous development of sensor technol-
ogy has also provided new methods for monitoring crack damage. Xu et al. studied a
new layer sensor that monitors the crack extension of steel bridges by different signals at
different fatigue stages [25]. Pang et al. studied a sensor based on microstrip antennas
that can detect cracks under layers [26]. Strain can accurately reflect changes in structural
stress, and the method of identifying damage through strain in a structure has certain
advantages. Yu et al. studied full-optical strain FBG with tunable DFB laser demodulation
for monitoring tensile and fatigue damage [27]. Pauw et al. used embedded optical fiber
sensors to monitor the fatigue damage of structures [28]. Different detection technologies
have their own advantages, and the monitoring of structural damage through the fusion of
multiple sensors is also being studied by scholars [29]. Qi et al. monitored crack growth
during fatigue by integrating strain sensors and piezoelectric guided waves [30]. Wang
et al. used a weighted adaptive Kalman filtering-based method to integrate optical fiber
and guided-wave information to identify structural fatigue cracks [31]. In summary, most
studies on structural damage monitoring focus on monitoring macroscopic damage such as
cracks. In actual engineering applications, the plastic deformation of materials often occurs
before cracks initiate, and even before obvious cracks appear, the structure has already
been destroyed. Therefore, the monitoring and warning of structural damage before crack
initiation are of great significance for early maintenance of structures.

Based on the cointegration theory, an efficient and real-time plastic damage warning
method is proposed in this paper, which can accurately identify the plastic damage of
structures. The method identifies structural plastic damage through the change in the
cointegration residual of the strain series between the measuring points. By analyzing the
proportion of residuals exceeding the residual threshold, this paper proposes a warning
coefficient. And the stability of the real-time alarming of the damage sensing system is
improved by comparing the residual and warning coefficient. This method further realizes
the application of damage monitoring theory in practical engineering.

2. Cointegration Theory

Time series can be divided into two types: unstable and stable time series. Unstable
time series refers to a series in which the mean, variance and other statistical data change
with time, while stable time series refers to a series in which the statistical data do not
change with time. Most of the strain data for structural damage monitoring are unstable
series that change with time, and their linear combination may become a series that does
not change with time.

For an unstable time series y;, after d times of difference, it becomes a stationary time
series, which is integrated of order d, denoted by y; ~ I(d). For an unstable variable
Y = [y1,12,. ..,yn]T, its components are all integrated of order 1. If there is a set of
linear combination coefficients B = [B1, B2, - - - Bn], which makes the previous Y become a
stationary series, then v, 2, . . ., y satisfies the cointegration relationship, and the equation
is shown below.

BYY = Biyi+Baya+ ..+ Buyn ~ 1 1

where B = [B1,B2,- - Bu], BTY is residual covariance, and it is a Gaussian noise series with
a mean equal to zero.

From the above formula, we can see that the main purpose of cointegration is to seek
a long-term stable equilibrium relationship between two sets of unstable time series. If two
data series become stable after the first-order difference calculation and are also stable after
linear combination, it means that there is a cointegration relationship between them.

An unstable series is more likely to cause pseudo-regression. The significance of
the cointegration test is to determine whether the relationship described by its regression
equation is pseudo-regression. Therefore, before solving the cointegration residual, it is
necessary to test the stationarity of the time series. Commonly used methods include the
ADF (Augmented Dickey—Fuller) test and E-G (Engel-Granger) test.
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2.1. Augmented Dickey—Fuller (ADF) Method

The ADF method is used to test the stability of time series. If there is a time series v,
its ADF model is as follows:

p—1
Ay, = pyi1+a+ Y bidy; | +& @)
i=1

where Ay, _, is the difference component of y; and p and b; are coefficients. The a represents
the constant term. The p is the lag order, and ¢; is the residual series. The coefficient p is
used to determine the stationarity of the time series y;. When each series or its difference
series is integrated of order 1, the requirements of the cointegration equation are met, and
the next step is to continue the E-G test to complete the subsequent solution.

2.2. Engel-Granger (E-G) Method

The theoretical basis of the E-G test is to perform a unit root test on the residuals of
the regression equation. If the dependent variable can be described by various linear com-
binations of the independent variables, it means that there is a relatively stable equilibrium
relationship between the two. The part that cannot be described forms a residual series.
There is no need for serial correlation between the residual series, so the residuals must be
stationary. Therefore, the purpose of the E-G method is to verify whether its residual series
is stable. The steps of this method are as follows.

Assuming that x; and y; are both integrated of order 1, the residual difference between
them is calculated as follows.

g =Yy —Pxr—a 3)

After the ADF test, if the residual series ¢; is stable, it means that there is a cointegration
relationship between the original series x; and y;, where « and f3 are the corresponding
cointegration coefficients.

The existence of a cointegration relationship means that the two sets of time series have
a stable relationship in the long term, that is, their long-term equilibrium states are interde-
pendent. The cointegration residual is a stable series obtained after eliminating unstable
factors. If the cointegration residual changes suddenly, it means that the cointegration
relationship has changed, which can be used as a key indicator for damage warning.

3. Process of Structural Damage Warning Method

By loading the sample, the strain signals at different measuring points are tested. The
residual threshold of damage warning is calculated by the strain signals of the measuring
points in the undamaged state. The residual threshold is calculated according to the
following method:

{RTU =u+30 @)
RTL = u —3c

where the RTU is the upper limit of the residual threshold, the RTL is the lower limit of the
residual threshold, y is the residual mean and ¢ is the residual variance. The flowchart of
the damage warning method is shown in Figure 1. First, the stability of the strain data is
tested by the ADF method. If the two sets of test strains are unstable, this method is used
to evaluate the stability of the corresponding difference series. If the first-order difference
of the strain series is stable, the series is integrated of order 1. It meets the requirements of
the cointegration equation, and then the E-G test is performed on it. If the E-G result shows
that the residual is stable, the residual equation can be constructed. After calculating the
residuals of the two series, the ADF stability test is performed on the residual series. If the
residuals are unstable, it means that the stability of the two series is destroyed, which also
means that structural damage has occurred. If the residuals are stable, the strain series will
continue to be calculated to realize the warning of structural damage.
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--------------------- Residual threshold
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exceeds the threshold range
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Figure 1. Flowchart of plastic damage warning method based on cointegration theory.

4. Test System and Experiment Analysis
4.1. Test System and Samples

As shown in Figure 2, the test system consists of a sample, testing machine, load
control terminal, strain collecting instrument and sensing system. The load control ter-
minal controls the testing machine to apply the load to the sample. The strain collecting
instrument transmits the collected strain data to the sensing system. The sensor system
analyzes the residual of the strain series of multiple channels through the co-arrangement
theory and finally realizes the alarm of sample damage.
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' Testing
}  machine

Load control
terminal

Strain collecting
instrument

Figure 2. Test system diagram.

Figure 3 shows the sample, which is made of Q345D structural steel. Sample 1 is the
stress concentration sample, and sample 2 is the standard sample. Strain gauges are pasted
in the center and on both sides of samples 1 and 2. The detailed dimensions of the structure
and strain gauge pasting are shown in Figure 3a. The thickness of the samples is 5 mm.
The actual pictures of the two samples are shown in Figure 3b.

(a) < 230

i [
Stress |

Sample 1 | concentration sample

Sample 2

(b)

Sample 1

Sample 2

Figure 3. Strain test structure and strain gauge installation position: (a) sample structure dimensions
and strain gauge installation position; (b) sample actual picture (unit: mm).

200



Sensors 2024, 24, 5961

4.2. Analysis of Experimental Results

By applying tensile force to the sample, the strain signal of the sample measuring
point is tested. Each strain channel is synchronously sampled with a sampling rate of
200 Hz. The strain test results of different measuring points of the two samples are shown
in Figures 4 and 5, respectively. The signal of the entire test process is divided into three
stages: the no-load stage, the elastic deformation stage and the plastic deformation stage.
As shown in Figure 4a, 045 s is the no-load stage, and the strain signal tested at this time
is the noise of the system. Next, 45-82 s is the elastic deformation stage. At 45 s, the test
machine starts to load the sample with a loading rate of 0.5 kN/s. The enlarged curve
of the no-load stage and the elastic deformation stage is shown in Figure 4b. It can be
seen from the figure that the strain signals of each measuring point from 45 to 82 s show a
linear growth trend. It can be judged by Hooke’s law that this stage belongs to the elastic
deformation stage. After 82 s of continuous loading, the sample slowly enters the plastic
deformation stage. It can be seen from Figure 4a that the strain of each measuring point
increases rapidly after entering the plastic zone. The enlarged view of Figure 4b shows that
the strain growth rate of measuring point 2 located at the stress concentration position is
greater than the strain growth rate of the symmetrically arranged measuring points 1 and
3.

(a) (b)
4 4
9.0x10 — #1 Sample 1 0.2)(()1108 | |—— #1 Sample 1
8.0F .
— #2 #2
7.0k — #3 0.15F— #3
£ G £ 0.12
[ L [
< 50 Elastic Plastic £ 0.00} Elastic
g 4.0 No-load  geformation deformation g No-load deformation
2 30| £ 0.06] |
2.0} 0.03 | Plastic
1.0} oeoom77 77 el 0.00 } deformation
5 5 ) s
o8 SR8y o
0‘~.,_2_5_ 50 'Z§__.100 125 150 175 200 70 10 20 30 40 S50 60 70 80 90
----- Time (s) Time (s)

Figure 4. Strain test results of measuring points 1, 2 and 3 of sample 1: (a) strain at different measuring
points during the entire loading process; (b) strain enlarged diagram of the no-loading stage and the
plastic deformation stage.
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g 40l Elastic Plastic 2 0.16f Elastic
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S 3.0 =
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Figure 5. Strain test results of measuring points 1, 2 and 3 of sample 2: (a) strain at different measuring
points during the entire loading process; (b) strain enlarged diagram of the no-loading stage and the
plastic deformation stage.
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The strain changes of sample 2 during the entire loading process are also analyzed
based on the strain test data in Figure 5, and the loading parameters are consistent with
those of sample 1. In Figure 5a, the test machine starts loading at 27 s, the strain and load of
the sample are linearly related before 60 s and the sample is in the elastic deformation area.
It can be clearly seen from Figure 5a,b that after 60 s, with the continuous loading of the
load, the strains of the three measuring points of sample 2 gradually change and increase.
After 60 s, the sample begins to slowly undergo plastic deformation, and the strain also
increases rapidly until the strain gauge fails and the structure is damaged. Similarly, the
strain growth rate of measuring point 2 at the center position is greater than the strain
growth rate of symmetrical points 1 and 3 when entering the plastic deformation stage.
For engineering structural parts, they can work normally in the elastic deformation stage
and can still return to the initial state after unloading. Once the structure undergoes plastic
deformation, it will cause irreversible damage to the structure and cannot return to the
initial state after unloading. Irreversible structural damage will occur after the structural
part enters the plastic stage, so accurate monitoring of it can provide timely warning of
structural damage.

According to the cointegration theory, the strain series needs to be integrated of order
1 in order to conduct a stability assessment. The strain and force changes of the structural
parts are linear in elastic deformation. Figure 6 is a first-order difference series of the strain
signal at each measuring point. Sample 1 is in the no-load and elastic deformation stages
from 0-82 s, and the first-order difference series of the two stages shows the same law. The
strain first-order difference series of sample 2 also maintains the same law of the first-order
difference in the no-load and elastic deformation stages from 0 to 60 s. After calculating the
difference series, the stability of the difference series needs to be checked.

@) (b)
30 70
2 — #1 Sample 1 . [— Sample 2
51— ® 500 —wm
s . [— # Z 50 H— ™
s 20 2
s 5 40}
& 15¢ Elastic Plastic P Elastic
= No-load  geformation deformation "E 30 No-load geformation  piastic
_E 10} .§ 20} deformatio
55 =
= 5t Z 10}
E " 455 82:S = 0 275 605:
0 25 50 75 100 125 150 175 200 0 20 40 60 80 100 120
Time (s) Time (s)

Figure 6. First-order difference series of strain at measuring points 1, 2 and 3: (a) strain difference
series of sample 1; (b) strain difference series of sample 2.

The strain signals of the first 25 s of sample 1 and sample 2 are selected as the stability
test data. The ADF test is performed on each strain series and the first-order difference
series of the strain, respectively, and the verification results are shown in Tables 1 and 2.
Among them, v, y» and y3 are the strain series corresponding to different measuring
points of the sample, and Ay, Ay, and Ayj are the first-order difference series of the
corresponding strains. By comparing the ADF check value with the ADF critical value
at the 1% and 5% significance levels, if the ADF check value of the series is less than the
critical value, it means that the series is stable. If the ADF check value of the series is greater
than the critical value, the series is unstable. It can be seen from the ADF test results in
Tables 1 and 2 that the ADF test values of series y1, y» and y3 are all greater than the critical
values of 1% and 5%, so the strain series are all unstable. The first-order difference series
Ay1, Ay and Ay are all stable after verification. The strain series of sample 1 and sample
2 are both unstable after verification, and their first-order series are stable. Therefore, the
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strain series of the two samples are all integrated of order 1, which meets the cointegration
requirements.

Table 1. ADF check results of strain series and first-order difference series of sample 1.

Series ADF Test Value 1% Critical Value 5% Critical Value Stability
Y1 —1.0398 —2.5690 —1.9416 Unstable
Ayq —99.1729 —2.5690 —1.9416 Stable
2 —1.0791 —2.5690 —1.9416 Unstable
Ays —101.1411 —2.5690 —1.9416 Stable
Y3 0.8419 —2.5690 —1.9416 Unstable
Ays —95.9264 —2.5690 —1.9416 Stable

Table 2. ADF check results of strain series and first-order difference series of sample 2.

Series ADF Test Value 1% Critical Value 5% Critical Value Stability
Y1 —0.1069 —2.5690 —1.9416 Unstable
Ayq —121.2684 —2.5690 —1.9416 Stable
Y2 —0.2294 —2.5690 —1.9416 Unstable
Ayy —123.6009 —2.5690 —1.9416 Stable
Y3 —1.1644 —2.5690 —1.9416 Unstable
Ays —111.5629 —2.5690 —1.9416 Stable

The threshold of the residual is calculated using the selected data. The cointegration
equation of the strain series between different measuring points is constructed by the
E-G method, and then the residual is calculated by the cointegration equation. The param-
eters of the cointegration equation of the strain series of each measuring point are shown
in Tables 3 and 4. Strain series #1—#2 represents the combination of data from measuring
points 1 and 2. The thresholds of the strain residual of sample 1 and sample 2 are calculated
by Formula (4), and its parameters are shown in Tables 5 and 6. In addition, the threshold
mean value calculated by the three groups of data is calculated in the table, and it is used
to judge whether the limit is exceeded.

Table 3. Cointegration equation parameters for different strain series of sample 1.

Strain Series B %
#1-#2 1.0217 1.7590
#1-#3 0.6183 45.1140
#2-#3 0.6055 42.4706

Table 4. Cointegration equation parameters for different strain series of sample 2.

Strain Series B %

#1-4#2 1.5264 22.3674
#1-#3 —0.1026 —126.8029
#2-#3 —0.0400 —95.5583

Table 5. Residual mean, variance and upper and lower limits of different strain series of sample 1.

Strain Series u o RTU RTL

#1-#2 —~1.3747 x 107%  0.4373 1.3118 —1.3121
#1-#3 —0.0048 0.5002 1.4958 —1.5054
#2-#3 —0.0046 0.4943 1.4785 —1.4876
Mean value N/A N/A 1.4287 —1.4350
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Table 6. Residual mean, variance and upper and lower limits of different strain series of sample 2.

Strain Series i o RTU RTL

#1-#2 —~7.7404 x 107%  0.7447 2.2332 —2.2348
#1-#3 55210 x 10~* 0.4254 1.2769 —1.2658
#2-#3 6.5017 x 10~* 0.4179 1.2543 —1.2530
Mean value N/A N/A 1.5881 —1.5845

The ADF method is used to test the stability of the first-order different residual series.
From the test results of Tables 7 and 8, by comparing with the 1% and 5% critical values,
the ADF test results of the residuals between each series are all less than the critical value,
satisfying the stable condition. And it can be seen that the cointegration residuals between
different strain series are all stable. Therefore, there is a cointegration relationship between
the strains of the three measurement points of sample 1 and sample 2.

Table 7. ADF test results of strain residual series of sample 1.

Strain Series ADF Test Value 1% Critical Value 5% Critical Value Stability

#1-#2 —71.4768 —2.5821 —1.9416 Stable
#1-4#3 —119.5111 —2.5821 —1.9416 Stable
#2-#3 —120.6987 —2.5821 —1.9416 Stable

Table 8. ADF test results of strain residual series of sample 2.

Strain Series ADF Test Value 1% Critical Value 5% Critical Value Stability

#1-#2 —106.9975 —2.5821 —1.9416 Stable
#1-#3 —119.1516 —2.5821 —1.9416 Stable
#2-#3 —116.0702 —2.5821 —1.9416 Stable

The corresponding residual series is calculated for the strains of the three stages. By
comparing the residual calculation results with the residual threshold, the warning of
plastic deformation damage is realized. Figures 7 and 8 are the residual calculation results
of the strain series between the measuring points of sample 1 and sample 2, respectively.
For sample 1, the stage of 0-82 s corresponds to the no-load and elastic deformation
stages, and its curve is enlarged, as shown in Figure 7b. It can be seen from the enlarged
residual diagram that the residual calculation results of the two groups #1+#2 and #2—#3
do not exceed the RTU and RTL before the plastic deformation stage, showing a stable
state. With the continuous loading of force, the structural parts began to slowly enter
the plastic deformation stage after 82 s. At this time, the relationship between strain
and force at each measuring point becomes a nonlinear relationship. Since measuring
points 1 and 3 are arranged on the symmetrical side of the stress concentration part of
sample 1, the cointegration residual of #1-#3 changes little after plastic deformation. The
residual verification results show that the strain cointegration relationship between the
stress concentration measuring point and the symmetrical measuring point is very sensitive
to plastic deformation. After plastic deformation occurs, the residual value will deviate
from the original stable state. As the degree of plastic deformation increases, the residual
value gradually increases. The change in the structural damage state can be clearly seen
through the change in the residual value.

The residual calculation results of sample 2 are analyzed. As shown in Figure 8, before
60 s of loading, the residual results calculated for the sample in the no-load and elastic
deformation stages do not exceed the RTU and RTL. As shown in Figure 8b, after entering
the plastic deformation stage, the residual calculation results increased significantly, and the
residual stability is destroyed at this time. After the material enters the plastic deformation,
the strain relationship changes at the center measuring point and the symmetrical measur-
ing point are very obvious. However, for the symmetrically arranged #1—#3 combination,
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the residual changes are small just after entering the plastic deformation. In the later stage
of plastic deformation, the residual changes significantly. The structural damage warning
through residual values needs to be calculated under the action of dynamic loading. After
160 s and 130 s in Figures 7 and 8, the loading stops, the strains are all stable values of the
mean and the residual cannot be judged at this time.
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Figure 7. Calculation results of residual at the measuring point of sample 1: (a) calculation results
of residual during the whole process; (b) enlarged residual during the no-load stage and the elastic
deformation stage.
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Figure 8. Calculation results of residual at the measuring point of sample 2: (a) calculation results of
residual during the whole process; (b) amplified residual during the unloaded stage and the elastic
deformation stage.

Accurate warning of structural damage through the cointegration method requires
calculation and analysis based on the relatively stable relationship between the strains of
the two measuring points. For the measuring points of the structural parts, the strains of
the asymmetric points of the structure should be selected to evaluate the stability of the
cointegration relationship. Within the elastic deformation range of the structure, the strains
of the two points are linearly related, and their residuals show a certain stability. After the
structure enters the plastic deformation, the strains of the asymmetric measuring points
will obviously destroy their original stable relationship, and then the warning of structural
damage is performed by comparison with the residual threshold.
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5. Real-Time Damage Sensing System

In order to ensure the stability of the system alarm, the warning coefficient g is
proposed in this paper. The warning coefficient is obtained by analyzing the data. In
addition, the warning coefficient should be determined according to the sampling data and
sampling frequency. The warning coefficient is the upper warning limit of the proportion of
data exceeding the residual threshold in the sampled data. A too-large warning coefficient
will lead to no warning after damage occurs in the structure. A too-small warning coefficient
may be disturbed by unstable factors such as noise in the actual load, resulting in a false
alarm. In Figures 9 and 10, the regions in which the residuals exceed the residual thresholds
are marked. In 3000 data samples, the proportion of residuals that exceed the threshold is
calculated, as shown in Table 9. According to the data analysis in the table, the smallest
proportion is 0.19. In practical applications, the residual threshold setting of the damage
sensing system needs to be less than 0.19. Since the sampling data of the real-time sensing
system is phased sampling, in order to improve the stability of the system alarm, the
warning coefficient of the two samples is set to 0.05.
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Figure 9. The regions of sample 1 in which the residual exceeds the residual thresholds: (a) the
labeled figure of region 1; (b) the labeled figure of region 2.
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Figure 10. The regions of sample 2 in which the residual exceeds the residual thresholds: (a) the
labeled figure of region 1; (b) the labeled figure of region 2.

206



Sensors 2024, 24, 5961

Table 9. The number and proportion of residuals exceeding the threshold in different regions.

Samples Regions #1-#2 Proportion #1-#3 Proportion #2-#3 Proportion
Region 1 570 0.19 0 0 652 0.22
Sample 1 977 0.33 0 0 1141 0.38
Region 2 1086 0.36 0 0 2253 0.75
2172 0.72 0 0 1113 0.37
Region 1 0 0 0 0 814 0.27
Sample 2 . 709 0.24 0 0 0 0
Region 2 2857 0.95 1304 043 3276 1.09
1518 0.51 1649 0.55 2357 0.79

The warning of structural damage is inseparable from the real-time calculation and interactive
display of a sensing system. In this paper, an intelligent damage sensing system is developed by
combining the hybrid programming of LabVIEW 2015 and MATLAB R2023b. The workflow of
the sensing system is shown in Figure 11a. The strain-collecting instrument collects the strain
data of the sample in real time and transmits the data to the sensing system. And the sensing
system packages the strain data of three measuring points into 7 sampling data and transmits
them to the MATLAB module. According to the analysis conclusion of this paper, the strain series
of measuring points 1 and 2 (#1-#2) and measuring points 2 and 3 (#2—#3) are combined. In order
to improve the stability of the alarming function of the sensing system, the system counts the
number of my (#1#2) and my (#2#3) of the calculated residuals exceeding the threshold in n
sampling data in real time. The accuracy of the residual calculated for small sampling data will
decrease, and too much sampling data will affect the real-time alarming of the sensing system.
Through testing and analysis, the 7 of the sensing system is 3000. The MATLAB module calculates
the corresponding residuals based on the two sets of data sampled from #1-#2 and #2-#3. Then,
the proportion of the two sets of residuals in 7 data is counted in LabVIEW. If the proportion of
any set exceeding the threshold is greater than g, the result will be reported to the sensor system
for damage alarming. Through the continuous sampling and analysis of the sensing system, the
warning of structural damage can be achieved in real time. Figure 11b,c are the interface displays
of the system damage warning for sample 1 and sample 2, respectively.
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Figure 11. Structural damage sensing system: (a) system workflow diagram; (b) damage warning
result of sample 1; (c) damage warning result of sample 2.
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Figure 12 shows the monitoring value of the warning coefficient of the structural dam-
age sensing system. In the no-load and elastic deformation stages, the damage warning
coefficient is 0, and the system does not issue an alarm. In Figure 12, all 3000 data samples
correspond to a sampling stage. From the beginning of the damage to structural destruc-
tion, the damage warning coefficient basically increases gradually. Once the structure is
destroyed, the stress change in the structure is a constant value, and the damage warning
coefficient becomes 0. It is worth noting that in the third warning stage of sample 1, both
damage coefficients become 0, indicating that after the damage occurs in the first stage,
the strain in the structure produces a stable fluctuation, causing the residual to return to a
stable state. After continuous loading, the warning coefficient of the structure is greater
than the warning coefficient of the second stage, and the warning of damage can still be
achieved. It can be seen from the curve of the warning coefficient that under the condition
of a sampling number of 3000, a sampling frequency of 200 Hz and a warning coefficient of
0.05, the damage warning accuracy of sample 1 is 75%, and the damage warning accuracy
of sample 2 is 100%. Therefore, different structural forms will have a certain impact on the
accuracy of the warning system. A comparison of existing damage monitoring studies is

presented in Table 10.
(2) (b)
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Figure 12. Warning coefficient of structural damage sensing system: (a) warning coefficient of
sample 1; (b) warning coefficient of sample 2.

Table 10. Comparison of studies on damage monitoring.

Monitoring Monitoring

Studies Sensor Damage Type System Real Time
Qian et al. [32] Strain sensor Crack No No
Kontsos et al. [33] Piezoelectric sensor Crack initiation No No
Xiang et al. [34] Piezoelectric sensor Fatigue crack No No
Chen et al. [35] Eddy current sensor Fatigue crack No Yes
Yuan et al. [36] Piezoelectric sensor Impact Yes Yes
This paper Strain sensor Early plastic damage Yes Yes

6. Conclusions

Based on the cointegration theory, this paper proposes a structural damage warning
method. This method realizes the warning of structural damage by calculating the cointe-
gration residual between two measuring points in the structure, avoiding the uncertainty
of the warning of the single strain threshold method. The strain cointegration residuals
of stress-concentrated samples and standard samples are analyzed. The residual analysis
results show that the residual of the strain series between two asymmetric measuring
points is more sensitive to the plastic deformation damage of the structure. The calculated
residual is compared with the threshold value in the residual steady state to realize the
identification of structural damage. In order to improve the engineering practicality of the
method, this paper combines LabVIEW and MATLAB to develop a real-time structural
damage sensing system. The system calculates the residual warning coefficients of the two
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groups of strain series #1—#2 and #2—#3 in real time and comprehensively considers the
two prediction results to warn of structural damage. The test results show that under the
conditions of a sampling number of 3000, a sampling frequency of 200 Hz and a warning
coefficient of 0.05, the system alarm accuracy for the stress concentration sample is 75%, and for
the standard sample it is 100%. Due to different structural characteristics, in actual applications,
the system prediction accuracy for different types of structures will vary. The proposed method
further realizes the engineering application of structural damage monitoring.
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Abstract: It is difficult to detect and identify natural defects in welded components. To solve this
problem, according to the Faraday magneto-optical (MO) effect, a nondestructive testing system for
MO imaging, excited by an alternating magnetic field, is established. For the acquired MO images
of crack, pit, lack of penetration, gas pore, and no defect, Gaussian filtering, bilateral filtering, and
median filtering are applied for image preprocessing. The effectiveness of these filtering methods is
evaluated using metrics such as peak signal-noise ratio (PSNR) and mean squared error. Principal
component analysis (PCA) is employed to extract column vector features from the downsampled
defect MO images, which then serve as the input layer for the error backpropagation (BP) neural
network model and the support vector machine (SVM) model. These two models can be used
for the classification of partial defect MO images, but the recognition accuracy for cracks and gas
pores is comparatively low. To further enhance the classification accuracy of natural weld defects, a
convolutional neural network (CNN) classification model and a ResNet50 classification model for
MO images of natural weld defects are established, and the model parameters are evaluated and
optimized. The experimental results show that the overall classification accuracy of the ResNet50
model is 99%. Compared with the PCA-SVM model and CNN model, the overall classification
accuracy was increased by 7.4% and 1.8%, and the classification accuracy of gas pore increased by
10% and 4%, respectively, indicating that the ResNet50 model can effectively and accurately classify
natural weld defects.

Keywords: magneto-optical imaging; natural weld defect; alternating magnetic field; convolutional
neural network; ResNet50

1. Introduction

Welding technologies play a crucial role in modern manufacturing, especially in high-
precision assembly and electronic component fabrication [1-4]. With advancements in
welding processes, the demand for high-quality welds has increased, making defect detec-
tion particularly critical. Traditional methods such as ultrasonic testing and radiographic
testing are already mature but have limitations, including an insufficient ability to identify
complex defects and radiation risks during the detection process [5,6]. Magneto-optical
(MO) imaging technology, with its advantages of no radiation and high sensitivity to minor
defects, is increasingly becoming a key technique in weld defect detection [7,8]. This tech-
nology has significant advantages in detecting subsurface defects, with a detection depth of
up to 6 mm, and its experimental costs are low [9]. The conventional MO detection method
uses a direct current (DC) magnetic field to excite the weldments; because the magnetic
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field strength and direction of the direct current magnetic field are constant, some useful
weld information may be lost, and it is easy to saturate [10]. The acquisition method of MO
images of weld defects under alternating magnetic field excitation can collect dynamic MO
images, thereby improving the problem of magnetic field information loss. Independent
component analysis is used to achieve denoising of MO images and compare the denoising
performance with dynamic filtering [11]. A dynamic MO imaging system is used to detect
weld defects, and an MO image detection model for weld defects is established through
support vector machine (SVM) models. The defect classification accuracy is only 91.5%,
with which, it is difficult to meet the detection requirements [12]. The processing and
analysis of MO imaging data remains challenging, especially in efficiently and accurately
extracting and classifying defect features from complex images [13]. To address these issues,
researchers are exploring solutions that combine advanced deep learning techniques to
improve the effectiveness of MO imaging in defect detection.

The core of deep learning lies in neural network models, which require the construction
of various neural network models to solve different problems [14,15]. Through self-learning,
it can obtain highly abstract feature information that cannot be extracted manually. All
neural network models will encounter the problem of generalization. The problem of gener-
alization mainly focuses on enriching the sample space, limiting the hypothesis space, and
changing the optimization objective. To enrich the sample space is to expand the sample
space and increase the inductive bias of the model. Limiting the hypothesis space refers to
reducing the risk of model overfitting by restricting the parameters and structure of the
model. Changing the optimization objective means changing the traditional method to min-
imize the empirical risk on the training set as the optimization objective. By enhancing data
through methods such as rotation, cropping, flipping, and brightness adjustment, the small
sample problem is solved through data augmentation, so that the generalization ability of
the weld image analysis model is improved [16,17]. An artificial neural network (ANN)
with modified performance function is studied for automatic recognition and detection of
weld defects in radiographic images [18,19]. A defect classification method based on direct
multi-class support vector machine is proposed, which aims to minimize structural risk as
the optimization objective and improve the generalization ability of the weld seam radio-
graphic image analysis model in the case of a small training set [20,21]. Transfer learning
in deep learning models can avoid overfitting, solve the problem of using small datasets,
and extract the features of the images to be classified [22]. Several pre-trained networks,
such as VGG16, ResNet50, DenseNet [23], AlexNet [24], and others, have served as feature
extractors in classification problems [25]. The introduction of VGG-Net [26] and ResNet [27]
further promotes the performance improvement of classification networks. As the depth of
the network increases, ResNet improves the problem of gradient vanishing during back-
propagation. A new CNN model based on ResNet50 is proposed to classify the defects in
the radiographic images. Techniques such as stratified cross-validation, data augmentation,
and regularization will be chosen to improve the model generalization ability and avoid
overfitting [28]. A TOFD image weld defect detection method based on multi-image fusion
and feature hybrid enhancement is proposed by combining deep learning techniques with
domain knowledge in the field of TOFD detection [29]. A defect classification model for
SMT welding images based on an improved ResNet model, namely the ResNet-34-ECA
model, was proposed, with an overall classification accuracy of 98.2% [30]. In the field
of aircraft engines, deep learning algorithms are also widely used. A hierarchical health
monitoring model called the adaptive thresholding and coordinate-attention-based tree-
inspired network (ATCATN) has been developed for the health monitoring of aero-engine
bearings under strong background noise. The experimental results show that this model
can accurately identify the fault locations and sizes of aero-engine bearings even under
strong noise interference [31]. A data-driven time—frequency analysis (TFA) technology for
CTNet was developed, which combines a fully convolutional auto-encoder network with
the convolutional block attention module (CBAM). The experimental results show that the
CTNet has good ability to detect wind turbine faults [32]. Deep learning algorithms can
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automatically learn and extract the features in images to effectively complete the tasks such
as image classification and object detection [33].

At present, there is increasing international attention on the application of MO imag-
ing technology. One study proposed using an improved remanence/magneto-optical
imaging combined with a cost-sensitive convolutional neural network (CNN) for auto-
matic defect detection and classification of low-carbon steel WAAM components [34]. The
study demonstrated that this method significantly improved detection accuracy for surface
defects in low-carbon steel products. Another study developed an MO imaging nonde-
structive testing system based on alternating magnetic field excitation, which effectively
addressed the issue of detecting hidden weld defects. By establishing a three-dimensional
finite element model and extracting texture features using gray-level co-occurrence matrix
(GLCM) and Tamura methods, the researchers successfully applied a backpropagation
(BP) neural network for defect classification, achieving an overall classification accuracy
of 91.1% [35]. Additionally, research has focused on image fusion technology, using pixel
standard-deviation-based image fusion methods to enhance the visual effect and detection
accuracy of MO imaging. This method significantly improved image quality and showed
promising results in weld defect detection [36].

There are still relatively few MO imaging weld defect detection methods based on deep
learning, and they do not take into account the fact that images need to be “dynamically”
observed during the evaluation process, resulting in low accuracy and credibility in the
defect detection results. This paper aims to explore automatic detection and classification
methods for natural weld defects by combining alternating MO imaging technology with
neural network algorithms. Classification models including BP neural networks, SVM
model, CNN, and ResNet50 are utilized for the recognition and classification of natural
weld defects. An alternating magnetic field excitation imaging system based on Faraday
MO effect is constructed to capture MO images of various weld defects. The collected MO
images were preprocessed using a Gaussian filter, a bilateral filter, and a median filter,
and the effectiveness of the different filtering techniques was evaluated. Image features
were extracted using principal component analysis (PCA), and these features were input
into the BP neural network and the SVM model for classification. These two models can
be used for the classification of partial defect MO images, but the recognition accuracy
of cracks and pores is relatively low. To improve the classification accuracy, the CNN-
based model and the ResNet50 model were established, and the model parameters were
optimized. The experimental results show that the overall classification accuracy of the
CNN and ResNet50 models is 97.2% and 99%, respectively. Compared with different
detection methods, the deep learning methods used for natural welded defects detection
and recognition demonstrates stronger noise resilience, and can maintain high detection
and recognition accuracy even under the significant deformation of welded defects.

The paper is organized as follows. Section 2 introduces the weld defect test system
based on MO imaging and analyzes the mechanism of MO imaging. Section 3 presents
the PCA method to extract the principal components of the column vector, establishes the
PCA-BP classification model and the PCA-SVM classification model, and compares the
classification performance of the models. Section 4 studies the CNN classification model
and the ResNet50 classification model, explores the parameter settings of the two models,
and compares and analyzes the classification performance of the models. Section 5 draws
conclusions.

2. Experimental Methods
2.1. Experimental Setup

The MO imaging detection device based on the leakage magnetic characteristics of
natural weld defects primarily consists of the tested weldment, an excitation mechanism,
an MO imaging sensor, a testing platform, and computer storage equipment. The schematic
diagram of the MO imaging detection system for welded defects excited by alternating
magnetic field is shown in Figure 1. The welding materials were carbon steel plate (No. 45)
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and high-strength steel (HSS). The excitation mechanism is an alternating current (AC)
excitation system that generates an alternating magnetic field by connecting AC power
to the excitation coil. The magnitude and direction of the alternating magnetic field will
change periodically with the change in time. The MO testing platform uses a three-axis
linkage motion platform, which can achieve motion and detection of the three directions
of the X, Y, and Z axes, as shown in Figure 2. The MO sensor is mainly composed of a
light-emitting diode (LED) light, an optical conduction system, a CMOS, and an MO film,
with a size of 20 x 15 mm?, and its surface is coated with a mirror layer. The primary
parameters of the MO sensor are detailed in Table 1.

Exdtation regulation
device

Magneto-optical
sensor
-
e Industrial control

MO images acquisition Three-axis moving table computer

device

Figure 1. Schematic diagram of MO imaging detection system for welded defects excited by alternat-
ing magnetic field.

Figure 2. Physical diagram of MO imaging nondestructive testing platform for weld defects excited
by alternating magnetic field.

Table 1. Main parameters of MO imaging sensor.

Light Source Sampling Maximum Pixel Equivalent Magnetic Field
Wavelength Frequency Resolution 1 Range
590 nm [8,100] fps 2592 x 1944 pixel2 102 pixel/mm [—2,2] KA/m

The weldment material was selected from the HSS plate with a length of 150 mm, a
width of 50 mm, and a thickness of 12 mm. Lack of penetration and pit were formed by
the YAG laser welding machine on the abutting steel plate. The laser power is 10 kW. The
defocus amount is —1 mm and the welding speed is 3 m/s. The shielding gas is argon, and
the gas flow rate is 30 L/min. The angle between the gas nozzle and the torch is 45°. Under
high-power laser welding conditions, there is a deviation of 2 mm and —2 mm between
the starting and ending positions of the laser beam and the weld seam during welding,
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resulting in pits and incomplete penetration of the test weldment. The size and shape of
surface pits on welded parts can be measured, but the depth and location of incomplete
penetration cannot be predicted. Natural welding defects were formed on a carbon steel
plate (No. 45) by TIG welding. The welding current of the TIG machine was adjusted
within the range of 80 A-130 A, and the welding speeds for the initial welding tests were
setto1, 1.5,2, and 2.5 mm/s. At the same time, different types of natural weld defects were
obtained by rapidly cooling the high-temperature-welded specimens that had completed
the welding operation, including crack, pit, and incomplete penetration.

2.2. Principle of MO Imaging for Weld Defects

The principle of MO imaging for natural weld defects mainly involves the concepts of
leakage magnetic fields [37], the Faraday MO effect [38], and the application of external
excitation magnetic fields, as illustrated in Figures 3 and 4. When an external magnetic
field is applied to a ferromagnetic weldment with high magnetic permeability, it becomes
magnetized. If there are defects on the surface or inside of the weldment, the local magnetic
permeability of the weldment material will decrease, and the magnetic resistance will
increase, resulting in a non-uniform magnetic flux distribution. The magnetic field lines
that pass through the weld defect are distorted, with a portion of the magnetic field
lines passing through the weldment and another portion overflowing into the air and
returning to the weldment, forming a leakage magnetic field in the local area of the weld
defect’s surface, as shown in Figure 3. As the shape and size of the weld defect change, the
magnitude of the leakage magnetic field varies accordingly. MO imaging equipment is used
to detect changes in the leakage magnetic field and convert these signals into corresponding
MO images. By applying image processing algorithms to extract defect information from
MO images, the category of defects can be determined.

Electromagnet yoke

Excitation coil

Flux leakage Weldment

Magneto-optical
(MO) medium

Figure 3. Schematic diagram of leakage magnetic field at welded defect.

CMOS device

Weldments

. Principle diagram of MO imaging
Magnetic field generator

Figure 4. Principle diagram of MO imaging detection for weld defects.

Faraday MO rotation effect means that when a beam of linearly polarized light travels
through an MO medium. If an external magnetic field is applied along the direction of light
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propagation, the vibration surface of the polarized light rotates by a Faraday rotation angle
0. Although the trajectory of linearly polarized light does not change in a strong magnetic
field, it will deflect in the presence of a leakage magnetic field generated by defects. A
polarizer detects this deflection angle, and a CMOS camera captures the light intensity.
The left side of Figure 4 is a schematic diagram of Faraday MO rotation effect, where the
Faraday rotation angle 0 is proportional to the magnitude of the external magnetic field, the
effective path of the light through the MO medium and the material properties of the MO
medium. The rotation direction of the incident polarized light is solely dependent on the
direction of the external magnetic field. The magnitude of 0 can be expressed as follows:

0 = VBLy, 1)

where B is the magnetic flux density and Ly, is the effective path length of the polarized
light through the MO medium. V is the Verdet constant of the MO medium.

The vertical component of the leakage magnetic field B, perpendicular to the weld-
ment is the primary cause of deflection. The weldment is located in the external magnetic
field generated by the magnetic field generator. In the defect-free area, the weldment will
form a complete magnetic circuit, and there will be no vertical magnetic field along the
propagation direction of polarized light. The vibration surface of polarized light will not
deflect. When there are defects, the weldment cannot form a complete magnetic circuit,
and the vertical magnetic field component at the defect below the reflective mirror surface
changes. If there is a vertical magnetic field along the propagation direction of the polarized
light, the vibration surface of the polarized light will be deflected. The linearly polarized
light containing welding quality information is received by the CMOS sensor after passing
through a polarizer, forming an MO image of the weld defect, as shown on the right side of
Figure 4. When the direction of the external magnetic field is toward the north pole, the
plane of polarization rotates clockwise by a Faraday rotation angle along the direction of
light propagation. When the direction of the magnetic field is toward the south pole, the
plane of polarization rotates counterclockwise by a Faraday rotation angle 6.

By applying AC power to the magnetic field generator can generate an alternating
magnetic field at both ends of the magnetic yoke that changes in direction and magnitude
at a certain frequency, and the Faraday rotation angle also changes accordingly. The light
intensity detected by the analyzer is represented as follows:

I = Iycos’a (2)
I = Ipcos*(a — 6) 3)
I = Iycos®(« + 6) 4)

where [j is the intensity of the incident linearly polarized light, and « is the inherent rotation
degree of the linearly polarized light without the application of an external magnetic field.
These equations show how the intensity of light detected by the polarizer varies with the
direction and intensity of the magnetic field, reflecting the corresponding variations in the
Faraday rotation angle [39].

2.3. Preprocessing of MO Images for Weld Defect Analysis

Each image filtering algorithm has its applicability. It is extremely difficult to judge
the filtering effect of MO images by observing the visual effect of the filtered image through
human visual perception, and this method is time-consuming and labor-intensive [40].
Therefore, by comparing the mean square error (MSE), the peak signal-noise ratio (PSNR),
the structural similarity (SSIM), and the filtering time between the filtered image and the
original image, the quality of the image filtering effect can be determined. This section
studied Gaussian filtering, bilateral filtering, and median filtering algorithms, and used
these three algorithms to filter MO images. The filtering effect was evaluated by MSE,
PSNR, and SSIM.
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MSE is an indicator used to evaluate the difference between the original image and
the filtered image. MSE calculates the average of the squared differences in pixel values
between the original image and the filtered image, as follows:

1

MSE = —
mn

2

== (1) — Ko ) ®)
where m and n denote the number of rows and columns of the image, respectively, I(; ;) is
the pixel value of the original image at (i, ), and K; j is the pixel value of the filtered
image at (i, j). Therefore, a smaller MSE indicates that the filtered image approximates the
original image more closely, reflecting a higher image quality.

PSNR is the ratio between the maximum possible value (peak signal) of an image and
the distortion of the image, and the formula is:

(6)

2
PSNR = 10log;, (MAX )

MSE

where MAX represents the maximum value of the image pixels, typically 255. The unit of
PSNR is decibels (dB), and the higher the value, the smaller the distortion and the higher
the image quality.

SSIM can be used to compare the structural similarity between two images, and its

formula is:

(B+w+a)(d+a3+c)

where x and y represent the two images to be compared; u, and uy represent the mean of
images x and y, respectively. y2 and y§ are the variance of images x and y and oy, is the
covariance of images x and y. C; and C; are constants. The range of SSIM values is [-1,1],
and the closer the SSIM is to 1, the more similar the two images are. Taking the example of
incomplete penetration MO image, Table 2 shows the evaluation results of three different
filtering algorithms.

SSIM(x,y) =

@)

Table 2. Filtering results and indicators of different filtering algorithms for incomplete penetration.

Type Filtering Result MSE PSNR (dB) SSIM  Filtering Time (s)

Gaussian filtering 0.39 52.18 0.9956 0.1009

Bilateral filtering 2.74 43.75 0.9656 0.8810

Median filtering 3.10 43.22 0.9684 0.0154
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It can be seen from the table that the MSE value of Gaussian filtering is the smallest,
the PSNR value is the largest, and the SSIM value is the closest to 1. Although its filtering
time is slightly longer than that of median filtering, its noise-reduction performance is
superior. Additionally, after multiple comparisons of different MO images using various
filtering algorithms, Gaussian filtering consistently produced the best results. Therefore,
for the purpose of filtering MO images, Gaussian filtering stands out as the optimal choice.

3. Detection and Classification by BP Neural Network and SVM
3.1. Feature Extraction Based on PCA

Multi-angle weld defects were formed on the weld seam using the experimental
method described in Section 2.1, including pit, crack, lack of penetration, gas pore, and
no defects. The excitation voltage of the alternating magnetic field was set to 120 V, and
the lift height of the magnetic field generator was consistently maintained at 20 mm. The
sampling frequency of the MO sensor was set to 75 Hz. MO images of natural weld defects
under alternating magnetic field excitation, including three consecutive frames of dynamic
MO images, are shown in Table 3. After image denoising, the collected MO images of
weld defects have a size of 400 pixel x 400 pixel. Its pixels are too large, which may affect
the efficiency of classification as input to the classification model. To reduce the amount
of information and still retain key features, a nearest neighbor method can be used to
downsample the Gaussian filtered MO images.

Table 3. MO images of five natural weld defects under alternating magnetic field excitation.

Defects Frame 1 Frame 2 Frame 3

: . .

o _ ——

& et i degs I
Gas pore . . .
No defects .

The downsampled images still contain the main original information, serving as input
for the subsequent principal component analysis to enhance feature extraction efficiency.
Figure 5 shows the downsampling results of the MO image; it can be seen from Figure 5d
that the image distortion is quite obvious. Therefore, a downsampling image with a size of
50 pixel x 50 pixel was ultimately selected.

Crack

Lack of penetration
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(a) (b) (©) (d)

Figure 5. Downsampling of MO image. (a) 200 x 200; (b) 100 x 100; (c) 50 x 50; (d) 25 x 25.

PCA is a commonly used data dimensionality reduction technique that aims to trans-
form original data into fewer features to extract the main information of the data [41,42].
The downsampled image is represented as a matrix X with dimensions 50 x 50. The data
need to be centralized by subtracting the mean of each feature from its value, resulting in a
standard normal distribution with a mean of 0 and a variance of 1 for each feature, which
can be expressed as:

Xij — U

Zij = 0’]‘

®)
where Z denotes the standardized matrix, j; represents the mean of the j column pixels,
and 0; indicates the standard deviation of the j column pixels. The standardized MO image
is represented as Z = (z1,22,23, - - - z50), With E(zj) =0, D(zj) = 1,j = {1,2,3,-- - 50}.

The principal components X; and the variance contribution rates P; of the column
vector pixels in the MO image are given by:

50
Xi =), wixZg )
Ai
= =5 (10)
g UPY

Let P represent the sum of the variance contribution rates of the first m principal
components, which can be expressed as:

I
Y Ax

where ;. Z; denotes the product of the principal component’s feature vector and the
standardized matrix, and A refers to the eigenvalue of the correlation coefficient matrix of
the downsampled MO images. P is set to 95%.

After processing a downsampled MO image through image processing methods to
extract the variance contribution of PCA column vectors as shown in Figure 6, it can be
observed that the sum of the variance contribution rates of the preceding three principal
components in the MO image of weld defects accounts for more than 95% of the information
in the original image. Considering the varying contributions of principal components across
different downsampled MO images, to adequately extract the original information of the
image, m is set to 4.

After applying PCA, the image feature matrix is transformed to 50 x 4, converting
the original feature matrix with a size of 200 x 1. The first 50 rows correspond to the
first principal component of the MO image, followed by the subsequent 50 rows that
correspond to the second principal component; then, another 50 rows correspond to the
third principal component; finally, the last 50 rows correspond to the fourth principal
component. The information of the image can be compressed into the four principal
components, thus realizing the dimension reduction processing. A total of 1250 MO images
of five types of natural weld defects were collected under the excitation of an alternating
magnetic field. After Gaussian filtering and downsampling, the principal components

(11)
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of the column vectors of each defect MO image were reduced. The four-dimensional
principal components of the column vectors were selected to be retained, forming an image
input matrix of 200 x 1250, which was used as the input set for the BP neural network
classification model and SVM classification model.

100 100%

90 490%

80 180%
70 470%
60 460%
50 1 50%
40 4140%

30

Variance proportion(%)

130%

120%

4 10%

0%

Principle component
Figure 6. Principal components proportion of a downsampling MO image of weld defects.

To expand the sample, the MO image is improved as follows:

(1) Resize: Resize the original image either horizontally or vertically.

(2) Rotation: Make the original image rotate clockwise or counterclockwise according to
a certain angle.

(3) Flip: Flip the original images along the horizontal or vertical axes at their center
coordinates.

(4) Brightness change: Change the brightness of the original image.

(5) Contrast adjustment: Change the intensity of the brightness difference in the origi-
nal image.

The original number of defect’s MO images was expanded using the above method,
and the expanded dataset is shown in Figure 7.
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Figure 7. Part of weld defect’s MO images dataset.
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3.2. Classification by the PCA + BP Model

The principle of the BP neural network is to train the network through the back-
propagation algorithm, enabling it to learn the mapping relationship between inputs and
outputs [43,44]. PCA is a commonly used dimensionality reduction technique that helps
improve the training efficiency and classification performance of subsequent BP by remov-
ing redundant features from the data. The use of PCA effectively reduces the number of
input features, thereby reducing the complexity of the model, preventing overfitting, and
improving the performance of the model on small sample datasets. As shown in Figure 8,
the training set D is defined as a dataset containing m samples, which can be expressed as:

Dr = {(x1,y1), (x2,92), - (Xm, Ym) } (12)

where x; € RY,y; € R!, meaning there are d input attributes and an output /- dimen-
sional vector.

Input Layer

Hidden Layer

Wi\

Output Layer

¥ I Y,

Figure 8. Topological structure of the BP neural network.

A multilayer forward feedback neural network defining an input neuron as d, hidden
layer neurons as g, and output neurons as I. v and w are the weights of input layer
and hidden layer and implied layer and output layer, respectively. For the hidden layer,
the input and output of the h-th neuron can be represented by Equations (13) and (14),
respectively:

zy = Z‘j:l vinxi + by (13)
ap = f1(zn) (14)

where x; is the output value of the i neuron in the input layer, by, represents the deviation,
and fj(z) is the activation function for the hidden layer. The hyperbolic tangent function is
used as the activation function, which can be expressed as:

e¥ —e ¥

fo) = S pe (15)

For the output layer, the input and output of the j neuron can be represented by
Equation (16) and Equation (17), respectively.

zj = ZZ:] Wyjay + ¢j (16)

aj = f>(z)) (17)

where c; represents the deviation, and f,(z) denotes the activation function of the output
layer, with the SoftMax function being utilized as the activation function in this study.
During the training process, the weights and biases are updated through the BP algorithm
to minimize the error. This includes the weights wy,; and deviations ¢; from the hidden
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layer to the output layer, as well as the weights v;;, and deviations by, from the input layer
to the hidden layer.

The experiment used 1250 MO images of natural weld defects as classification sam-
ples, of which 1000 were used as the training set. In the training set, there were 200
samples each of crack, pit, lack of penetration, gas pore, and no defects. PCA is em-
ployed to extract the preceding four principal components, P;, P,, P53, and Py, from the
vector pixel representations of the images. These components represent the primary fea-
tures of the weld defects and form the input set for the classification model, denoted
as = {le, Xj, -+ X200j}, where (j =1,2,3,---1250). The number of neurons in the hid-
den layer is set to g = 20, and the output set is defined as Ylj =1, Yzj =2, Y3j =3,
Yy =4, Ys; =5, with (j=1,2,3,---250) representing the output labels of the BP network
model corresponding to crack, pit, lack of penetration, gas pore, and no defects, respec-
tively. The learning rate is configured to 0.001, and the training employs the optimized
Levenberg-Marquardt backpropagation algorithm.

To prevent issues with the neural network during training, such as falling into local
optima, the random initialization of weights and deviations are set. Figure 9 shows the
classification model of the BP neural network for MO imaging of weld defects.

Input Layer Hidden Layer Output Layer
a=200 q=20 =5
Xy=Crack
Xy= Pit
X;= lack of

penetration

Xy~ Gas pore

Xs= No defects
Figure 9. Classification model of the BP neural network for MO imaging of weld defects.

Table 4 shows the classification results of the BP neural network model for natural
weld defects based on MO imaging. According to the table, the overall classification
accuracy of the BP neural network model is 90.8%. Among the 250 images in the test set, 23
images were misclassified. Specifically, out of 50 MO images of cracks, 2 were classified
as pit. Out of 50 MO images of pits, 2 were classified as cracks and 2 were classified as
incomplete fusion. Out of 50 MO images of incomplete fusion, 5 were classified as gas pore.
Out of 50 MO images of gas pore, 2 were classified as pit, 5 were classified as incomplete
fusion, and 4 were classified as no defects. Out of 50 MO images of no defects, 1 was
misclassified as gas pore. Thus, it is evident that the BP neural network classification model
has poor performance in classifying pits and gas pores.

Table 4. Classification results of the PCA-BP model for natural weld defects under alternating
magnetic field excitation.

Defect Types Number Train Test Recognition  Classification
of Images Samples Samples Result Accuracy/%

Crack 250 200 50 48 96
Pit 250 200 50 46 92
Lack of penetration 250 200 50 45 90
Gas pore 250 200 50 39 78
No defects 250 200 50 49 98

Total 1250 1000 250 227 90.8
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3.3. Classification by the PCA + SVM Model

SVM is a commonly used machine learning algorithm, mainly to find an optimal
hyperplane given a dataset, so as to classify or regress the data, especially suitable for
high-dimensional feature spaces [45,46]. The use of PCA provides SVM with a more
effective feature set, thereby improving classification accuracy and helping SVM find
the best decision boundary in high-dimensional space. The hyperplane in SVM can be
represented using the linear Equation (18):

wl' +b=0 (18)

where w denotes the normal vector of the hyperplane, w! is the transpose of the vector w,
and b represents the bias term.

Let the sample setbe {(x;, y;),i =1, ..., n, where n represents the sample size, which
in this study is n = 1250, and y; is the label for the i sample x;.

To solve the optimal hyperplane of the SVM, an optimization function is constructed
to find the maximum value of the Lagrangian multiplier, which can be expressed as:

1
max(a) = X' jo; — 5 Z;l _ 1 YiyjeinK(x; - x)) (19)
=1

where a; corresponds to the Lagrange multiplier for the i sample, and K(x;, x;) is the kernel
function. The term % Z?:% yiyjin ]-K(xi . x]-) represents the similarity between samples, as

computed by the kernel function.

The commonly used types of kernel functions currently include linear kernel function,
polynomial kernel function, and radial basis function (RBF). The linear kernel function
is applicable only to linearly separable datasets and is incapable of addressing nonlinear
issues. The polynomial kernel function has multiple undetermined coefficients and requires
parameter tuning through methods such as cross-validation, which is quite complex.
Conversely, The RBF does not require parameter adjustment and is suitable for processing
nonlinear data. Therefore, the RBF is used, which can be expressed as:

K(xi,xj) = e Pl (20)

where x; and x; are the feature vectors of the data points, and 7 is a parameter of the kernel
function that governs the distribution of sample points after mapping to the feature space.

The discriminant function of the SVM classifier is obtained by solving it, which can be
expressed as:

f(x) = sign( Yy aiyik (xi - xj) +b°) 1)

where «af and b* are the optimal solutions for the Lagrange multipliers and bias terms
obtained through grid search, respectively. The sign function is a squashing function
that maps a real number to a binary output value of either 1 or —1, used for the final
classification decision.

The experiment utilized 1250 MO images of weld defects as classification samples, of
which 1000 were used as the training set. There were 200 samples each of crack, pit, lack of
penetration, gas pore, and no defects in the training set. These images were subjected to
noise reduction and downsampling to pixels. PCA was conducted to extract the preceding
four principal components, P;, P», Ps, and P4, which represent the main characteristics of
weld defects. This resulted in a total of 200 x 1250 inputs being classified using an SVM
multi-classification model. The classification results of the model are shown in Table 5,
with an overall classification accuracy of 91.6%.
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Table 5. Classification results of the PCA-SVM model for natural weld defects.

Defect types Number Train Test Samples Recognition  Classification
of Images Samples Result Accuracy/%
Crack 250 200 50 43 86
Pit 250 200 50 46 92
Lack of
. 250 200 50 47 94
penetration
Gas pore 250 200 50 44 88
No defects 250 200 50 49 98
Total 1250 1000 250 229 91.6

For the crack images, five were misclassified as pores and two were misclassified
as having no defects. For the pit image, one image was misclassified as a crack and
three images were misclassified as lack of penetration. For the lack of penetration image,
one image was misclassified as a crack, one image was misclassified as a pit, and one
image was misclassified as having no defects. For gas pores, six were misclassified as
cracks. For no defects, one image was identified as having a lack of penetration. This
section will utilize the reduced dimensional feature vectors obtained through PCA as
classification samples, establishing a classification model for weld defects based on the BP
neural network and SVM. The experimental results showed that the overall recognition
rate of the BP classification model was 90.8%, and the overall recognition rate of the SVM
classification model was 91.6%. During the experiment, MO images were continuously
acquired along the weld seam, sometimes only local characteristics of the weld defects were
captured, which also led to some pores to be misclassified as cracks, there is an obvious
misclassification between these two types of samples. Therefore, the classification accuracy
of pores is relatively low in the BP and SVM models. Due to the significant differences
between no defects and pit and other samples, the recognition rate in both BP and SVM
models can reach over 92%.

4. Detection and Classification by CNN and ResNet50
4.1. The Architecture of CNN

CNN is a type of deep learning neural network that applies convolution operations
on different parts of the input image to extract features and generate output, and then
downsamples through pooling operations to reduce computational complexity and overfit-
ting [47-51]. Then, the extracted features are transported to a fully connected layer, which
classifies or regresses these features. The structural flowchart of a CNN model is shown in
Figure 10. The primary components of a CNN consist of the input layers, convolutional
layers, pooling layers, fully connected layers, and the output layers. CNN is a mainstream
method in modern image processing and computer vision fields. Compared with tradi-
tional machine learning methods, CNN can automatically extract hierarchical features to
improve efficiency.

Downsampling Feature Extraction
MO image | 1
| |
j |
| |
s E——— " £ Fully Activation — :
Input } Convelutional Pooling ves —>| Connected Function Classification
Layer | Layer Layer | Laver Laver Layex,
: Max-pooling I SoftMax
|
Convilatica Batch Activation .
2 Normalization Function |
Operation
Layer Layer |
ReLU I

Figure 10. The structure flowchart of a CNN model.
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Let an image of size [W; x H; x C1] be input, where Hy, Wi, and C; represent the
height, width, and number of channels of the image, respectively, defining the image matrix
as [Wy x Hy x Cq]. Consider a pixel located at (i, j), that feeds into the convolutional layer;
this layer consists of multiple convolutional kernels. Each kernel performs convolution
operations on the input image to extract various features. Let the size of each convolu-
tional kernel be K x K x C1, where C; = 3 means that the input has three channels. The
convolution kernel has Cp, and the size of the output feature map is Wp x Hp x Cp. The
convolution operation is expressed by Equation (22):

G K K
Zijk = Zc:l Ep:l Zq:l W(p,q,ck)X(i+p,j+q.c) + bk (22)

where z; ; ; denotes the value at position (i, j) in the k-th channel of the output feature map,
and k corresponds to the number of kernels and k < C. The term w(, , 1) represents
the weight for the k-th channel of the convolutional kernel at row p and column q of the
c-th input channel, and x(;,, i, ,.) indicates the pixel value at position (i + p,j+¢) in
the c-th channel of the input image. Consequently, for an input image with ¢ channels
and k convolutional kernels, there will be a total of ¢ x k weight tensors utilized in the
convolution operation. The term by signifies the bias for the k channel.

The image after convolution operation enters a batch normalization (BN) layer, which
standardizes the output of the convolution layer to improve training efficiency and model
stability. The function of the activation layer is to introduce nonlinear factors and increase
the expressive power of the neural network, which can be expressed as follows:

aijx = f (yi,j,k) (23)

where f(+) is the activation function, and the commonly used activation functions include
sigmoid, tanh, ReLU, etc. The ReLU is used as the activation function of the convolution
layer, which is expressed as follows:

o= {750 29

After the convolution layer operation, it is followed directly by a pooling layer, which
performs downsampling on the feature map, thereby reducing both the number of parame-
ters and computational complexity while enhancing the model’s robustness. The pooling
layer is typically categorized into max pooling and average pooling. This article adopts
max pooling, and the pooling layer is represented as follows:

Pi,j,k = le)[qu (ai><5+p,j><s+q,k> (25)

where P, ;  represents the feature value at the i-th row and j-th column of the k-th channel
output after pooling, with k as the size of the pooling window. The max function extracts
the maximum value from a specified region. Variables p and g represent the row and
column offsets of the pooling kernel in the input tensor, respectively. s is the step size,
usually taken as 2.

After being processed by multiple convolutional and pooling layers, the output feature
map will be flattened into a one-dimensional vector and entered into the fully connected
layer for classification or regression tasks. The output formula of the fully connected layer
is expressed as:

F=WP+b (26)

where W represents the weight matrix with dimensions (N, M), and N is the number
of neurons in the previous layer, and M denotes the number of neurons in the cur-
rent layer. P corresponds to the vector obtained from the pooling layer after flattening
into (N, 1), and b signifies the bias vector with a size of (M, 1), while F is the output vector.
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Following the fully connected layer, an activation function layer is applied, and this article
uses the SoftMax activation function. Finally, the process culminates in the output layer for
classification tasks. In convolutional neural networks, the cross-entropy loss function is
used to measure the difference between the model’s predicted values and the true values.
By minimizing the cross-entropy loss function, the prediction results of the model can be
made closer to the true labels, thereby improving the accuracy of the model.

During training, a batch of data is used to calculate the loss function, and the gradient
of the loss function for each trainable parameter is calculated for each image in this batch.
This article uses the stochastic gradient descent (SGD) algorithm, which updates parameters
using only one batch of data at a time [52]. For each trainable parameter, w;, update its
current value, w;;, as follows:

1 JoL;
Wil = Wip — 1 Yo 5 wl. (27)
1

where 7 represents the learning rate, m is the number of images in the batch, and L; is the
loss function for the i-th image, while g—zi’l is the gradient of the loss function of the i-th
image with respect to w;.

This paper adopts a learning rate scheduling method, that is, the learning rate is
dynamically adjusted during the training to improve the performance of the model, which

is expressed as follows:

floor( g—i )
0= tody
where 179 represents the initial learning rate, d, denotes the decay rate, which is constrained
between 0 and 1. gs signifies the number of steps in the current iteration, and d refers to
the count of decay steps. The floor( ) function represents the process of rounding down. By
managing the decay rate and the number of decay steps, it is feasible to reduce the learning
rate, allowing for a higher initial learning rate to be established.

(28)

4.2. Parameter Evaluation of CNN Models

To achieve optimal image classification performance, it is necessary to conduct experi-
ments on the various structural parameters of the CNN prediction model in the classifi-
cation of weld defect’'s MO image, as well as to evaluate its accuracy and adaptability in
classification tasks. The size of the convolution kernel directly influences the receptive field
and the quality of the output features in deep convolutional neural networks. A larger
convolution kernel size can obtain a smaller receptive field, and the output single feature
can contain more information. However, a large size of the convolution kernel may lead
to a surge in model computation, and the network is more difficult to train and optimize.
Therefore, a network model with five convolutional layers, five pooling layers, and one
fully connected layer was used in the experiment, as shown in Figure 11.

Fully Connected
Output

Convolutions L

Input Pooling /,/" Pit

Lack of
penetration

Gas pore

No defects

Figure 11. The CNN model for defect MO images.
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The effect of different structural parameters on the model is analyzed by comparing
the effect of the convolution kernel size K x K in the first layer on the classification results.
The odd-size convolution kernel has the advantages of facilitating the aggregation of
image features, improving the robustness of the model, and easily expanding the network,
so K = [3,5,7,9, 11] is selected. In deep learning, accuracy and loss value are two
commonly used evaluation indicators, which are used to measure the quality of training
and model performance. The higher the accuracy and the smaller the loss value, the better
the fit of the model. Figures 12 and 13 show the training accuracy and loss values obtained
under different convolution kernel sizes, respectively.
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Figure 12. Training accuracy for different convolution kernel sizes.
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Figure 13. The training loss values associated with different convolution kernel sizes.
When the number of iterations, S, reaches 30, the accuracy of training reaches more
than 70%, and the loss value also drops to around 1. Therefore, the intercept interval 30-62

is taken, and the standard deviation of the accuracy and loss value of training with different
convolution kernel sizes is calculated, respectively, as shown in Table 6.

Table 6. Training results of different convolution kernels.

Convolution Kernel Accuracy Standard Loss Value Standard Training Set

Size Deviation Deviation Accuracy %
3x3 0.073 0.207 93.2
5x5 0.073 0.160 96.4
7 x7 0.067 0.175 97.2
9x9 0.082 0.216 92.8
11 x 11 0.084 0.170 97.6
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The standard deviation of accuracy for the 7 x 7 kernel size is the lowest, while the
5 x 5 kernel size shows the lowest standard deviation for loss values. A smaller standard
deviation in accuracy and loss indicates a more stable optimization process, reflecting the
stability and reliability of the model. Although the 11 x 11 convolution kernel has the
highest accuracy;, its standard deviation of accuracy is high, and the fitting effect between
the recognition model and the training set is poor. Therefore, considering all factors, the
optimal size for the convolution kernel in the first layer should be 7 x 7.

In a neural network architecture, the excitation layer plays a key role in performing
nonlinear transformation on the output of the convolutional layer. Without the excitation
layer, no matter how complex the network architecture is, its final output will only be a
linear superposition of the input, and it is difficult to capture the inherent law contained in
the complex dataset. The essence of the excitation layer lies in the application of activation
functions, such as Sigmoid function, Tanh function, and ReLU function, which are widely
used activation functions. The slope of the activation function directly affects the speed of
parameter iteration update, and the higher the slope, the faster the parameter update. The
Sigmoid function and Tanh function have saturation zones, which can prevent parameter
explosion during the training process. The Relu function has no saturation zone, and
its advantage is that it can ensure the update iteration speed within the positive inter-
val. Different activation functions have their own characteristics in various classification
models, and the differences are significant. Therefore, based on the above three typical
activation functions, the performance of them in the MO image classification model of
weld defects is analyzed, and the corresponding training accuracy and loss values are
shown in Figures 14 and 15. As can be seen from the figures, the loss value and accuracy
of Sigmoid are poor. Although Tanh can achieve faster convergence, it is less stable and
will produce large fluctuations. Therefore, ReLU activation function is more suitable for
this classification model.

Accuracy per Batch
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Figure 14. Training accuracies for three activation functions.
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Figure 15. The loss values for the three activation functions.
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4.3. Classification by the CNN Model

According to the analysis in Section 4.2, the size of the first convolution kernelis 7 x 7,
and the weights and biases of the convolution and fully connected layers are initialized
using a normal distribution with a mean of 0 and a variance of 1. The scaling factor
of the batch normalization layer is initialized to 1, and the bias is initialized to 0. The
retention probability of the dropout layer is initialized to 0.5. Due to the significant impact
of training parameters on model prediction performance, the optimal training parameters
for the model were determined through experiments. This article uses the Adam optimizer
for model training. The Adam optimizer combines momentum and adaptive learning
rates, allowing for rapid convergence and effectively reducing the oscillation of parameter
updates. Its adaptive mechanism provides each parameter with a unique learning rate,
which is especially advantageous when handling high-dimensional data and complex
models. Additionally, the bias correction function of the Adam optimizer enhances the
stability during the initial training phase. Therefore, the choice of the Adam optimizer
ensures efficient and stable optimization of the model throughout the entire training process.
The primary initial parameters of the model are shown in Table 7.

Table 7. Initial parameters of the convolution neural network model.

Batch Size Initial Learning Rate Number of Learning Number of
Learning Rate Decay Factor Rate Decay Steps Iterations
32 0.0002 0.1 1 62

Table 8 shows the operational configuration parameters of the computer. The structure
of the CNN model for classifying these MO images of weld defects is illustrated in Table 9.

Table 8. Parameters of computer operation configuration.

Deep Learning CPU RAM GPU Op.aerating Programming
Framework Environment Language
Pytorch2.1.1 Intel(R)Core (TM)i7-10875H 16 GB  NVIDIA GeForceRTX 2060 Anaconda 3 Python3.11.5

Table 9. Structural parameters of CNN model.
. . . Number of . . .
Layers Types Input Size Filter Size Filters Stride Weights Biases
10 Input 50
x 50 x 3 — — — — —
Layer
C1 Convolution 50 x 50 x 3 7x7%3 32 1 7x7x%3x32 1x1x32
Layer 1
P2 Pooling Layer 1 50 x 50 x 32 2x2 — 2 — —
c3 Convolution Layer 2 25 x 25 x 32 3x3x32 64 1 3 x3x32x 64 1x1x64
P4 Pooling Layer 2 25 x 25 x 64 2x2 — 2 — —
c5 Convolution Layer 3 12 x 12 x 64 3 x 3 x 64 128 1 3 x 3 x 64 x128 1x1x128
P6 Pooling Layer 3 12 x 12 x 128 2x2 — 2 — —
c7 Convolution Layer 4 6 x 6 x 128 3 x3x128 256 1 3 x 3 x 128 x 256 1x1x 256
P8 Pooling Layer 4 6 x 6 x 256 2x2 — 2 — —
9 Convolution Layer 5 3 x 3 x 256 3 x 3 x 256 512 1 3 x 3 x 256 x 512 1x1x512
P10 Pooling Layer 5 3 x 3 x 512 2x2 — 2 — —
F11 Fully Connected Layer 1x1x512 — — — 5 x 512 5x1
S12 Classification Layer 1x1x5 — — — — —

The experiment used 5000 MO images of weld defects as classification samples, of
which 4000 were used as training set. In the training set, there were 800 samples each
of crack, pit, lack of penetration, gas pore, and no defects. After undergoing noise re-
duction and downsampling to 50 x 50 pixels, these images were used as the input for
training a CNN model. The training accuracy and loss value of the CNN model are shown
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in Figure 16. In order to improve the generalization ability of the model, K-fold cross-
validation method was adopted to divide the dataset. In this cross-validation method,
the dataset was first divided into K mutually exclusive subsets of similar sizes, and K — 1
subsets were trained each time, and the remaining subsets were used for testing. The
classification performance of the CNN on the training set is shown in Table 10. The CNN
model has the best classification performance for lack of penetration, reaching 100%, with
an overall classification accuracy of 97.2%. The classification results demonstrate that the
model can effectively identify cracks, pits, incomplete fusion, gas pores, and no defects in
the weldments. Therefore, it is feasible to use a multilayer CNN for the classification of
weld defect MO images. Figure 17 shows the confusion matrix of the classification results.
The classification effect of pores was the worst, and five pores were identified as cracks,
indicating that the similarity between MO images of defects may cause confusion.

Training Loss per Batch Training Accuracy per Batch
—— Train Loss 104
0.04
0.8 1
0.03
> 0.6 4
a 3
2 8
3 3
0.02 2
0.4
0.01
0.2
0.00 —— Train Accuracy
0 2000 4000 6000 8000 10,000 12,000 [ 2000 4000 6000 8000 10,000 12,000
Batch Batch

Figure 16. Training accuracy and loss value of CNN model.

Table 10. Classification results of the CNN model for MO images of weld defects.

Number . Valid Recognition Classification
Defect Types of Images Train Samples Samples Test Samples Result Accuracy/%
Crack 1000 800 100 100 97 97
Pit 1000 800 100 100 97 97
Lack of penetration 1000 800 100 100 100 100
Gas pore 1000 800 100 100 94 94
No defects 1000 800 100 100 98 98
Total 5000 4000 500 500 486 97.2
Confusion Matrix
100
80
-5 60
Fad
Ss.
$s
F3

-20

Gas pore Lack of penetration No defects pit

Predicted Label

Crack

Figure 17. Confusion Matrix for CNN Classification.
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4.4. Classification by ResNet50 Model

ResNet is an important improvement in comparison with traditional convolutional
neural networks. Introducing the residual unit makes it easier for deep networks to learn
the identity mapping, thus solving the degradation problem in the training process of
deep neural networks. Compared with ordinary stacked deep neural networks, it is easier
to optimize and obtain higher accuracy, thus showing superior performance in image
classification. The residual module is the key of the ResNet network. Its structure is shown
in Figure 18. After input x is obtained by convolution operation of the main line, the
module performs addition operation with the eigenmatrix in the identity mapping. If the
original base mapping that the network needs to fit is F(x), then there is Y = F(x) + x;
that is, the residual module makes it so that the network does not need to fit the real
base mapping, but only needs to fit the offset F(x) based on the original input identity
mapping. So, there is no need to introduce additional parameters, reduce the computing
burden of the network, or make the network performance at least not worse than the
original. The ResNet network model has evolved into five structures, such as ResNet18,
ResNet34, ResNet50, ResNet101, and ResNet152. With the increase in the number of
network layers, the calculation accuracy of ResNet network is gradually improved. The
number of computation loads and parameters also increases with the depth of the network.
Considering accuracy, parameter counting, and calculation load, the ResNet50 network
was used in this study [53]. During the training process, RTX2060 is used to classify and
predict MO images of weld defects.

x|

|
Weight layer
relu identity x
Weight layer
F(o) | /M
N
y=F(x)+x
relu

Figure 18. Simplified diagram of the residual module structure.

The experimental dataset is consistent with that in Section 4.3. A total of 4000 images
were used as the training set, 500 as the validation set, and 500 as the test set. After noise
reduction and downsampling to 50 x 50 pixels, these images were used as the input for
training ResNet50. Model weights were updated using optimization techniques, and the
model was gradually adapted to a specific classification task through repeated iterative
training, and the performance of the model was evaluated on the test set. Figure 19
shows the loss value and accuracy of the ResNet50 training process. According to the
data in Figure 19, the accuracy remains at a high level, which indicates that the ResNet50
network model has strong classification ability. The optimal recognition rate is obtained
by constantly debugging the training times. The higher the training times, the better. The
confusion matrix of the ResNet50 model is shown in Figure 20. The classification results
of the ResNet50 model for MO images of weld defects are shown in Table 11. The overall
classification performance is excellent, and the classification effect of incomplete fusion and
gas pore is the best, both reaching 100%, and the overall classification accuracy is 99%.
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Figure 19. Training accuracy and loss value of ResNet50 model.
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Figure 20. Confusion matrix for ResNet50 classification.

Table 11. Classification results of the ResNet50 model for MO images of weld defects.

Defect Types Number Train Valid Test Samples Recognition Classification
of Images Samples Samples Result Accuracy/%

Crack 1000 800 100 100 99 99
Pit 1000 800 100 100 98 98
Lack of penetration 1000 800 100 100 100 100
Gas pore 1000 800 100 100 98 98
No defects 1000 800 100 100 100 100
Total 5000 4000 500 500 495 99

4.5. Experimental Analysis

The classification methods proposed in this article include image downsampling,
feature extraction, and PCA-BP, PCA-SVM, CNN, and ResNet50 classification models. The
classification results for MO images of weld defects are shown in Tables 4, 5, 10 and 11. The
classification accuracy of the PCA-BP model is 90.8%. Since there are significant differences
between cracks and no defects compared to other defects, the recognition rates can reach
96% and 98%, respectively. PCA-SVM shows a recognition rate of 94% for incomplete
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fusion and 98% for no defects. The recognition rates of cracks and gas pores are relatively
low, at 86% and 88%, respectively. The classification accuracy of the PCA-SVM model can
reach 91.6%, which is 0.8% higher than the PCA-BP model. However, the classification
accuracy of gas pores in BP and SVM models is relatively low, which affects the overall
classification accuracy. In Table 10, CNN achieves a recognition rate of 100% for MO
images of incomplete fusion, demonstrating the model’s advantage in processing specific
categories. However, the recognition rate for gas pores in MO images is the lowest at just
94%. Compared with the PCA-BP and PCA-SVM models, the classification accuracy of gas
pores in the CNN model increased by 16% and 6%, respectively. The overall classification
accuracy of the CNN model reaches 97.2%. Compared with PCA-BP and PCA-SVM models,
the classification accuracy has been improved by 6.4% and 5.6%, respectively. Experimental
results show that compared with the BP neural network model, the overall classification
accuracy of the SVM classification model under alternating magnetic field reaches 91.6%,
indicating that the SVM model has higher classification accuracy in small samples and high-
dimensional pattern recognition. In large samples, the CNN and ResNet50 classification
models are less prone to overfitting, and their classification accuracy has been greatly
improved. These results highlight the effectiveness of different neural network models in
classifying MO images of weld defects and emphasize the importance of deep learning
methods in classification accuracy.

As shown in Figure 11, the ResNet50 model achieved classification accuracies of 99%
for cracks and 98.0% for pores, surpassing the CNN model by 2% and 4%, respectively.
The overall classification accuracy is 1.8% higher than the CNN model. This performance
improvement may stem from the advantages of the ResNet50 model in feature extraction,
particularly its effectiveness in capturing high-level features when processing complex
images. In a deeper analysis of the experimental results, we observed that the classification
accuracy for the four types of MO images (cracks, pits, lack of penetration, and no defects)
exceeded 95% in both CNN and ResNet50 models, demonstrating good classification
performance. The experimental results demonstrate the effectiveness of different neural
network models in the classification of weld defect MO images, indicating that ResNet50
has certain advantages in this respect. The comparison of the four proposed algorithms is
shown in Table 12. The parameters and floating-point operations per second (FLOPS) of the
PCA-BP and PCA-SVM classification models are much lower than those of the CNN and
ResNet50 models, which is due to their relatively simple network architectures. Despite
the high computational complexity of CNN and ResNet50 deep learning models, they
have performance advantages. Especially, the significant increase in accuracy is sufficient
to compensate for the burden of computational complexity, which makes the ResNet50
model the best choice. These findings provide an important basis for further research on
the identification and processing of MO images of weld defects. The forthcoming study
will focus on improving the accuracy of target classification, especially in defect MO images
with complex backgrounds, to further enhance the overall robustness of the system.

Table 12. Comparison of the four proposed algorithms.

Methods Params FLOPS C;iiilgcé;t/l%n Complexity
PCA-BP 6.12 x 103 6.17 x 103 90.8 Low
PCA-SVM 3.01 x 10° 1.5 x 107 91.6 Intermediate
CNN 1.94 x 106 3.76 x 10° 97.2 High
ResNet50 2.35 x 107 1.34 x 1010 99 Highest

5. Conclusions and Outlook

The MO images of natural weld defects are obtained by the nondestructive testing
system excited by an alternating magnetic field. The defect MO images featuring crack, pit,
incomplete fusion, gas pore, and no defects have been acquired for weld defect diagnosis.
After image enhancement and feature extraction of the collected defect MO images, PCA-
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BP model, PCA-SVM model, CNN model, and ResNet50 model are used to classify the MO
images of natural weld defects.

Different image filtering techniques of weld defect images are compared, and the
filtering effect of Gaussian filter, bilateral filter, and median filter is evaluated by mean
square error. At the same time, the dimensionality-reduced feature vectors obtained by
PCA are used as the input layers of BP neural network classification model and SVM
classification model. The experimental results show that the overall recognition rate of the
PCA-BP neural network classification model is 90.8%. The classification accuracy of the
PCA-SVM model can reach 91.6%, which is 0.8% higher than the PCA-BP model. However,
these two models have poor recognition performance for cracks and gas pores.

The CNN and ResNet50 classification models for MO imaging of natural weld defects
are designed, and the forward propagation and iterative optimization process of the CNN
model are studied. The experimental results show that the classification accuracy of the
ResNet50 model is higher than that of the PCA-SVM model and CNN model, with an
overall classification accuracy of 99%. Its total classification accuracy has increased by 7.4%
and 1.8%, respectively. In particular, the classification accuracy of the gas pores is 10%
and 4% higher than the PCA-SVM model and the CNN model, respectively, indicating
that ResNet50 model can effectively improve the classification accuracy of MO images
for natural welded defect. Therefore, the proposed method in this paper can provide
high-precision diagnostic results for natural welded defects.

At present, the MO imaging detection technology of natural weld defects depends
on the magnetic field excitation device, and different excitation modes have different
imaging effects. Especially in the actual process of weld defect detection, there are many
external factors that affect the effect of defect MO imaging, which require more theoretical
research, simulation analysis, and practical experimental verification. Next, it is necessary
to further develop a magnetic field excitation device and introduce frequency conversion
function into the self-made excitation device to realize the MO imaging technology to
detect weld defects at different frequencies, so as to meet the needs of automatic online
detection. In future work, the author of this paper aims to investigate effective algorithms
for automatically optimizing the parameters of the deep learning method and improved
methods for reducing background noise to enhance accuracy. In addition, the method
proposed in this article lays the foundation for extending the detection of welded defects
using MO imaging technology under alternating magnetic field excitation to weld defect
detection under rotating magnetic field excitation.
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