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ABSTRACT - In the last few years, with the rapid advancement of the automotive industry, disc
brake pads have been increasingly widely used in automotive braking systems. However, due
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to long-term friction and high temperature effects, they are prone to defects such as cracks, Eszfpi:d f;h gﬂjg 2282255
wear, and dents. To raise the accuracy and efficiency of disc brake pad defect detection, the Published 07% Sept. 2025
study first optimized image preprocessing and, based on the AlexNet network, introduced a
multi-scale convolution module, batch normalization, and global average pooling for structural KEYWORDS
improvement. Finally, a new type of disc brake pad defect detection model was proposed. The Disc brake pads
experiment findings denoted that the highest defect detection accuracy of the model was Defects
97.12%, and the mean detection time was 10.53 milliseconds. Compared to other advanced Detection
methods, this new model had the lowest missed detection rate of only 1.78%, the lowest AlexNet
resource consumption rate of 36.45%, and the lowest model complexity of 53.23%. This denotes Preprocessing

that the new model can efficiently and accurately detect various kinds of defects in disc brake
pads, which is suitable for practical industrial inspection scenarios and provides a reliable
technical support for the field of disc brake pad defect detection.

1. INTRODUCTION

As a crucial component of modern automotive braking systems, disc brake pads are directly linked to the safety and
performance of automobiles. With the continuous development and popularization of automotive technology, the
application of disc brake pads is gradually increasing. They utilize friction to achieve braking, enabling vehicles to slow
down or stop quickly at high speeds [1]. However, with prolonged use, disc brake pads are affected by various factors,
such as friction, temperature, and pressure during operation, which gradually lead to physical defects, including wear,
deformation, cracking, and peeling [2]. These defects not only affect the normal service life of brake pads but may also
lead to a decrease in braking performance, potentially causing serious safety accidents. Therefore, the detection and
identification of defects in disc brake pads has become one of the research hotspots in the field of automotive safety. Feng
et al. believed that traditional defect detection methods had poor robustness due to their reliance on manual feature
extraction. Therefore, researchers proposed a new method for identifying surface defects on brake discs by combining a
Gaussian difference algorithm and a Hough transform algorithm. The experiment findings indicated that the accuracy of
this method exceeded 93%, with a false alarm rate of less than 1.5%, significantly outperforming other advanced methods
[3]. Gnanasekaran et al. believed that the braking system, as an essential module, requires close attention for continuous
monitoring. The research team first extracted defect signals, employed a nested binary method for family classification,
and subsequently proposed a new detection model. The experiment findings denoted that the model achieved a maximum
accuracy of 93.45% and its performance was relatively stable [4]. Mandziy et al. found that when the brake is applied,
the brake linings come into regular contact with the outer cylindrical surface of the metal discs, operate under extreme
conditions and are subject to heavy abrasion, which poses certain safety risks. To this end, researchers proposed a method
for assessing in-service friction surface degradation [5]. The experimental findings indicated that the detection
effectiveness of this method was higher than that of traditional methods, and the assessment of degradation detection
severity was more realistic. To enhance the precision and expediency of surface wear identification, Zhao H et al. devised
a machine vision-based approach for discerning surface deterioration in automotive metal-ceramic composite brake pads.
This methodology was enhanced through the integration of an advanced Retinex algorithm. The outcomes demonstrated
that this technique could accurately discern the surface wear patterns of the brake pads with a detection time of less than
500 milliseconds [6].

As computer vision and deep learning technology have advanced, image processing and deep learning-based defect
detection methods have gradually emerged as essential research directions for disc brake pad defect detection. Among
them, AlexNet was designed by Krizhevsky et al. in 2012. With its deep network structure and powerful image feature
extraction ability, it has achieved revolutionary results in image classification tasks [7]. Ullah et al. believed that automatic
detection of road cracks may seem simple, but the strength and complexity of the background make it a challenging task.
To this end, researchers proposed a road crack category recognition model by combining AlexNet. The experiment's
findings indicated that the model's classification accuracy was the highest at 85.20%, and the effect was extremely stable
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[8]. Jiang W et al. found that traditional neural network models were susceptible to noise interference in rolling bearing
fault diagnosis. Therefore, researchers proposed a new diagnostic method by combining AlexNet and variational mode
decomposition. The results of the experiment demonstrated the efficacy of the method used in extracting fault features
from vibration signals, indicating that it is an effective diagnostic tool with excellent computational efficiency [9]. Sai
SA et al. found that existing methods for detecting defects in automotive suspension and brake pads were time-consuming
and expensive. Therefore, researchers proposed a new defect fault detection model by combining AlexNet and residual
networks. The experiment's findings indicated that this model achieved the highest accuracy in identifying and detecting
faults, making it a suitable deep learning model for defect discovery [10]. The vibration detection of car brake pads by
Hassan I U and others was easily affected by extreme operating conditions, resulting in poor defect detection results. To
this end, researchers proposed a brake pad defect detection method based on sound signals by combining AlexNet. The
experiment findings indicated that the defect detection effectiveness under this method was higher than that of traditional
methods, and the implementation process was simpler [11].

In summary, previous research has made significant progress in the field of disc brake pad defect detection, but the
ability to identify subtle defects is insufficient, the computational complexity is high, and the performance in multiscale
feature extraction and real-time performance needs to be improved. To raise the accuracy and efficiency of defect
detection in disc brake pads, image preprocessing is studied, including edge extraction, circle fitting, and background
removal, to optimize image quality. At the same time, an improved AlexNet network structure is utilized for feature
extraction, and the detection ability for subtle defects is enhanced through multiscale convolution. Batch normalization
(BN) is used to accelerate convergence and improve the stability of the model. Global average pooling (GAP) is used to
minimize the number of parameters and reduce the risk of overfitting. The innovation of the research lies in the targeted
improvement of the AlexNet structure, making it more suitable for multi-defect detection tasks of disc brake pads. The
contribution of this study lies in the proposed model's enhanced ability to extract subtle defect features. At the same time,
by optimizing network parameter configuration, the model achieves efficient multiscale feature fusion and resource
utilization, enabling its broader application in automated industrial inspection fields. Additionally, the proposed detection
model is suitable for multi-classification tasks, capable of distinguishing between various defect types such as cracks,
wear, dents, and hot spots.

The structure of this paper is as follows: Section 1 is the introduction, which reviews the relevant research background
and research motivation; Section 2 introduces the image preprocessing process and improved model structure; Section 3
conducts performance experiments and comparative analysis; Section 4 summarizes the research conclusions and looks
forward to future work.

2. METHODS AND MATERIALS

The research methodology and technical approach are shown in Figure 1.
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Figure 1. Research methods and technical routes

2.1  Machine Vision Image Preprocessing of Disc Brake Pads

The existing brake pads are divided into drum and disc types, with disc brake pads being the most commonly used.
Disc brake pads are the core friction components in modern automotive braking systems, which convert the vehicle's
kinetic energy into thermal energy through friction with the brake disc, achieving the functions of deceleration and parking
[12-14]. The example and typical structure of disc brake pads are shown in Figure 2.
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Figure 2. Disc brake pads and their structure display

Figures 2 (a) and (b) show the physical and structural display of the disc brake pad, respectively. In Figure 2, the
overall shape of the disc brake pad has a flat and regular appearance, which facilitates close contact with the brake disc.
It is mainly composed of friction materials, backing plates, adhesives, sound-absorbing sheets, and insulation layers.
Among them, the friction material is the working surface of the brake pad, directly in contact with the brake disc,
providing braking force and withstanding high temperature and friction. The back plate is located behind the friction
material and is made of high-strength steel to support and transmit braking force, ensuring that the brake pads remain
stable during braking [15-17]. However, due to the complex surface texture of disc brake pads and their susceptibility to
factors such as lighting changes and background interference, traditional image preprocessing processes have certain
limitations in processing such images. For example, conventional grayscale, binarization, and edge detection methods are
easily affected by noise, leading to inaccurate feature extraction [18-20]. Therefore, a more suitable process for image
preprocessing of disc brake pads has been proposed, as shown in Figure 3.

Disc brake pad image Canny operator edge Hough transformation Spatial filter processing
acquisition extraction circle fitting

Figure 3. New image preprocessing process for disc brake pads

In Figure 3, the entire process is divided into four modules, namely edge extraction, circle fitting, spatial filtering, and
background region removal. Firstly, the Canny operator is used to extract edges from the image and obtain clear contour
information. Next, the Hough transform is used for circle fitting to accurately identify and segment the contour of the
brake pad. Then, spatial filtering methods such as median filtering are utilized to remove noise and texture interference
from the image. Finally, the background removal algorithm is used to remove complex background areas, retaining only
the brake pad areas related to defect detection. In the edge extraction stage, firstly, Gaussian filtering is applied to the
input image to smooth it out and reduce the impact of noise. The calculation is denoted in Eq. (1).

2

1 x2+9°?
Glxy) =5 exp(- 205 ) (1)

In Eq. (1), G(x,y) means the Gaussian kernel function; o stands for standard deviation; x and y respectively indicate

the horizontal and vertical coordinates of the image. The calculation method for the gradient amplitude and gradient
direction of the filtered image is shown in Eq. (2).

M(x,p) =) +(1,)’

I, 2
O(x,y)= arctan(l—,*)
y
In Eq. (2), M(x,y) indicates the gradient amplitude; M (x,y) means the gradient direction; /. and I'y represents the
first derivative of the image in the x and y» directions, respectively. In addition, the edges of disc brake pads usually

have regular circular or approximately circular structures, so fitting the detected edges with circles can accurately locate
the contour range of the brake pads. This time, the Hough transform is used, and the calculation expression is indicated
in Eq. (3).

(x—a)’ +(y=b)* =r’ 3)
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In Eq. (3), (a,b)represents the center coordinates of the fitted circle; r represents the radius of the circle. By using the

voting method to search for the center and radius in the parameter space, the circle corresponding to the maximum number
of votes is found, which is the fitted edge of the brake pad [21-23]. In addition, to remove possible high-frequency noise
and texture interference in the image, spatial filtering was studied, as shown in Figure 4.
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Figure 4. Spatial filtering diagram

In Figure 4, the basic process of spatial filtering is to use a 3 x 3 filtering template to perform local operations on each
pixel in the image. The filtering template gradually moves on the image, combining the pixel values within the coverage
area with the weights in the template to calculate new pixel values. Specifically, when each pixel f(x,y)in the image is
covered by the template, it will be weighted and summed with the corresponding weight @(i, ;) in the template to obtain
the filtered pixel value. The pixel values after filtering are calculated as denoted in Eq. (4).

1 1
g(x.y)=2 > @i, ) f(x+i,y+0) 4)
i=—1 j=—1
In Eq. (4), g(x,y) indicates the pixel value of the filtered image; f(x+1i,y+i) means the pixel value of the image at the
(x+1i,y+i) position; @(i,j) means the weights in a 3x3 filtering template. Finally, to remove complex background

interference, an adaptive method of local binarization is adopted, and the calculation expression for local binarization is
shown in Eq. (5).

L > I'G,)-C (5)

T =
(X, y) |W| S

In Eq. (5), T(x,y) represents the threshold for local binarization; |W| represents the local window size; C represents a

constant offset; I (i, /) means the pixel value of the image at (i, j) after multiple processing. Based on the T(x,y)

threshold, the background area is removed and only the foreground target, namely the disc brake pad, is retained. The
calculation expression is shown in Eq. (6).

1 il (x,y)2T(x,)

6
0 i (x.y) <T(x,7) ©

B(x,y) = {
In Eq. (6), B(x,y)represents the binarized image; I  (x, y) represents the image after three processing steps. A value of 1
represents the foreground area, which is the brake pad, and a value of 0 represents the background area.

2.2 Construction of A Disc Brake Pad Defect Detection Model Based on Improved AlexNet

After completing the machine vision image preprocessing of disc brake pads, to further raise the accuracy and real-
time effectiveness of defect detection, AlexNet is introduced to address the complexity and diversity of disc brake pad
defects. Compared to other methods, such as support vector machines or decision tree models based on manual feature
extraction, AlexNet has stronger automated feature extraction capabilities and can extract low-level to high-level multi-
level features from preprocessed images [24-25]. The network structure of AlexNet is shown in Figure 5.
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Figure 5. AlexNet network structure

As shown in Figure 5, the network structure of AlexNet consists of 8 layers of backbone, including five convolutional
layers and three fully connected layers. The input image size is 224 x 224 x 3. Firstly, a convolution operation is
performed using an 11 x 11 convolution kernel with a step size of 4 to extract low-level features of the image, which are
then downsampled through a max pooling layer. Next, the second convolutional layer uses a 5 X 5 convolution kernel and
combines it with a max pooling operation to further extract intermediate features. In the 3rd to 5th convolutional layers,
AlexNet uses a 3x3 convolution kernel to extract deep features from the image. Subsequently, the output of the
convolutional layer is unfolded and passed to the fully connected layer, where the first and second fully connected layers
each contain 2048 neurons for high-level feature fusion and learning. The final third fully connected layer is the Softmax
classification layer, which outputs 1000 categories [26-28]. The convolution calculation method of AlexNet is denoted in

Eq. (7).

M-1N-1

OG, j, k)= D> W(m,n,k)-1(i+m, j+n)+b(k) (7)

m=0 n=0
In Eq. (7), O(, j,k) means the pixel values of the outputting feature map of the convolutional layer at positions (i, j)

and channel k; W(m,n,k)represents the weight of the convolution kernel at position (m,n)and channel k;
I(i+m,j+n) means the pixel value of the input image at position (i+m, j+n); b(k)represents the bias of the £ th

convolution kernel; M and N respectively indicate the height and width of the convolution kernel. In addition, AlexNet
uses Local Response Normalization (LRN) to normalize the response of local features and suppress irrelevant features
[29-31]. The calculation method for LRN is denoted in Eq. (8).

. %

ai, P = min(N-1,i+n 8
j (l//'HZZ (N-1 /2)a2 )ﬂ (8)

m=max(0,i-n/2) "]

In Eq. (8), &, represents the normalized activation value; «, ; represents the input activation value; v, @, and S all

represent hyperparameters used to control the strength of normalization. By suppressing the activation values within the
local neighborhood, the features with high activation values are made more prominent. The calculation method for fully
connected layers is shown in Eq. (9).

N
Y =20,%, 4, (€))
=

In Eq. (9), y, represents the output value of the i th neuron in the fully connected layer; x; represents the j th element in
the input feature vector; @, represents the weight connecting the j th input to the 7 th neuron; b, represents the bias term

of the i th neuron. Although AlexNet performs well in image recognition, there are issues with insufficient ability to
recognize subtle defects and high computational complexity in detecting defects in disc brake pads. For this purpose, an
improved AlexNet model is proposed, whose structure is shown in Figure 6.

Global mean
pooling layer

Pooled
horizon

Defect classification

Figure 6. Improved AlexNet model structure
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In Figure 6, compared to the original AlexNet, the improved model has undergone three structural optimizations.
Firstly, a BN layer is added and inserted into each convolutional and activation layer, which improves the convergence
speed and stability of the model. Secondly, two large fully connected layers are removed and replaced with GAP layers,
significantly reducing the number of parameters and lowering the risk of overfitting. Finally, a multiscale convolution
module (MSCM) is introduced, combined with convolution kernels of different sizes, to strengthen the model's ability to
recognize subtle defects. The calculation method for the MSCM is shown in Eq. (10).

Fi(is ) = Z(W *1)(i, /) (10)

In Eq. (10), F, . (i, j)represents the output feature value of the MSCM at position (i, j); W, represents the s th scale

nulti
convolution kernel; S represents the number of convolution kernels at different scales. BN is used instead of LRN. The
reason for choosing BN is that, compared to LRN, it can reduce the impact of model parameter changes through batch
processing, ensuring the convergence and capacity of the model. The BN calculation method is denoted in Eq. (11).
X—H
S +e

=>

y=yi+d (11)

In Eq. (11), %represents the standardized activation value; u and § represent the mean and variance of the previous
batch; ¢ stands for the minimum constant that prevents the denominator from being zero; y and ¢ represent learnable

scaling and translation parameters. The improved AlexNet model is applied to the defect detection of disc brake pads,
and a new detection model is constructed. The process is shown in Figure 7.

Disc brake pad Canny operator Hough transformatlon Spatial filter
. L MSCM
1mage acquisition edge extraction circle fitting processing

® e
? oS |
SR & W= -. )
Defect Softmax Improved Global mean MSCM
detection result classification AlexNet model pooling layer

Figure 7. New disc brake pad defect detection model flow

In Figure 7, firstly, the image preprocessing stage extracts the image contour through Canny edge detection, accurately
locates the brake pad area using the Hough circle transform, removes noise using median filtering and spatial filtering,
and finally uses a local binarization algorithm to remove complex background and preserve the key target area. Next, an
improved AlexNet model is used in the feature extraction stage to enhance the extraction of defect features at different
scales through MSCMs. BN improves the convergence speed and stability of the model, while GAP effectively reduces
the number of parameters and enhances the generalization ability. Finally, in the defect classification stage, the Softmax
classification layer is used to classify features, which can automatically identify defect types such as normal, crack, wear,
and deformation.

3. RESULTS
3.1 Performance Testing of A New Type of Disc Brake Pad Defect Detection Model

A suitable experimental environment was set up for the study, with Intel Core i7-9700K CPU, NVIDIA GeForce RTX
2080 Ti GPU, 32GB DDR4 memory, Ubuntu 18.04 system environment, and TensorFlow 2.4 deep learning framework.
The Mechanical Components Surface Defects Dataset (MSD) and the Structural Defect NETwork Dataset (SDNET) are
used as the test data sources. The MSD dataset focuses on the detection of surface defects in mechanical components,
including common defects such as scratches, cracks, and pits. The dataset contains approximately 3,200 high-resolution
defect images (640x480), all captured using industrial cameras. The annotation information was completed by
professional engineers, covering four typical defect categories, with image sources spanning various components and
shooting angles. The SDNET dataset includes defect images on structural material surfaces, with defect types including
cracks, wear, and corrosion. Although primarily focused on defect detection in structural materials, the crack and wear
images exhibit texture features similar to those of disc brake pads, making them valuable for transfer learning. The dataset
includes approximately 2,600 images with a resolution of 512x512. Image annotations combine segmentation masks with
category labels, enhancing the ability to model defect boundaries with precision during training. The study conducted
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value selection tests on the two types of hyperparameters that have the greatest impact on model performance, namely
the scaling parameter y and translation parameter ¢ . The test results are shown in Figure 8.
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Figure 8. Hyperparameter selection test

Figure 8 (a) showcases the selection test findings of the scaling parameter y, and Figure 8 (b) showcases the selection
test findings of the translation parameter ¢ . According to Figure 8 (a), when the number of iterations reached about 1200,

the detection error rate was the lowest at a scaling parameter of 0.6, which was about 10%, and it was relatively stable in
subsequent iterations. The detection error rates of scaling parameters 0.2, 0.4, and 0.8 were all higher than 0.6, indicating
that 0.6 was the optimal choice for scaling parameters. In Figure 8 (b), there were also differences in detection error rates
among different translation parameters. For example, when the translation parameters were 0.4 and 0.6, the detection
error rate was low in the early stage, but after more than 1000 iterations, the detection error rate of parameter 0.4 began
to fluctuate and increase, while parameter 0.6 remained at a low level and stabilized at about 33% after around 1400
iterations. Therefore, a translation parameter of 0.6 could be used as a better choice for hyperparameter configuration in
the model. The study used scaling and translation parameters of 0.6 for subsequent testing, and the ablation test findings
of the model are indicated in Figure 9.
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Figure 9. Ablation test results

Figures 9 (a) and (b) show the ablation test results of the model in the MSD and SDNET datasets, respectively. In
Figure 9 (a), the loss function value of the basic AlexNet model was relatively high, and the convergence speed slowed
down with the increase in iteration times. After adding MSCM, the convergence speed and loss value of the model were
improved, but the effect had not yet reached the optimal level. After adding GAP, the loss value of the model further
decreased and stabilized after about 250 iterations. After combining BN, the improved model had the fastest convergence
speed, the lowest loss value, and finally stabilized around 0.1, showing the best performance. In Figure 9 (b), the efficacy
of the model in the SDNET dataset was similar to that in the MSD dataset. When MSCM, GAP, and BN were all
combined, the model converged to the lowest loss value of around 0.13 after 200 iterations, showing the best performance.
The above findings denoted that the combination of MSCM, GAP, and BN could greatly raise the convergence speed and
detection accuracy of the model. It compared advanced defect detection models of the same type, such as Efficient, You
Only Look Once version 5 (YOLOVS), and Faster Region-based Convolutional Neural Network (Faster R-CNN). The
test results are shown in Table 1, using precision (P), recall (R), and average detection time as indicators.
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Table 1. Multi-index test results of different models

Data set Model P/% R/% Mean detection

time/ms
MSD Efficient 98.41 72.58 24.32
YOLOv5S 88.36 74.75 33.74
Faster R-CNN 90.06 89.89 11.03
Our model 97.12 84.75 10.53
IGD-IHT + PIQEDS-IBPSO-NESN 91.8 78.94 18.41
AlexNet-Residual 89.45 76.12 21.66
SDNET Efficient 83.06 93.01 20.03
YOLOVS 92.25 93.24 19.82
Faster R-CNN 83.97 87.06 29.87
Our model 95.36 92.82 13.71
IGD-IHT + PIQEDS-IBPSO-NESN 87.73 88.66 22.35
AlexNet-Residual 90.28 85.53 25.48

According to Table 1, in the MSD dataset, the Efficient model achieves the highest accuracy of 98.41%, but it has a
longer detection time; YOLOVS is faster but has lower accuracy; Faster R-CNN has a better recall rate, at 89.89%. The
IGD-IHT joint model proposed by Feng et al. is slightly more accurate than YOLOVS, while Sai et al.'s AlexNet-Residual
has a slightly lower recall rate and longer detection time. In contrast, the model proposed in this study achieves a precision
rate of 97.12% and a recall rate of 84.75% in the MSD dataset, with an average detection time of only 10.53ms, achieving
a good balance between accuracy and speed. On the SDNET dataset, our model continues to demonstrate strong stability
and practicality, achieving a precision rate of 95.36%, a recall rate of 92.82%, and the shortest detection time of 13.71ms,
outperforming most comparison models and demonstrating high overall performance and engineering deployment value.
To further verify the stability of the model in complex environments, the study conducted five independent experiments
on the MSD and SDNET datasets, recording the average F1 value and standard deviation of each model to assess
performance fluctuations.

Table 2. Uncertainty analysis table

Dataset Model é\fgra: (1;1) Deitii?i(ci;r((i%)

MSD YOLOv5 81.23 1.28
Faster R-CNN 87.71 1.42
Proposed Method 91.55 0.61

SDNET YOLOvV5 85.46 1.33
Faster R-CNN 89.92 1.26
Proposed Method 92.08 0.57

As shown in Table 2, the proposed method exhibits the smallest standard deviation of F1 scores (+0.61% and £0.57%)
on both datasets, significantly outperforming YOLOVS5 (+1.28% and +1.33%) and Faster R-CNN (£1.42% and £1.26%).
This indicates that the proposed model not only has an advantage in terms of accuracy but also maintains highly consistent
detection performance across multiple independent tests, demonstrating excellent robustness and application stability.
Especially on the SDNET dataset, the standard deviation of the F1 score for the proposed method is kept within £0.6%,
indicating its strong adaptability to different image sources and background interference, making it suitable for
deployment in real-world industrial inspection scenarios for stable operation.

3.2 Simulation Detection of Defect Detection Model for New Disc Brake Pads

To verify the practical application effect of the new disc brake pad defect detection model, four common types of disc
brake pad defect images were randomly selected from the MSD dataset for detection and comparison, such as cracks,
wear, dents, and hot spots. The images of four types of brake pad defects are shown in Figure 10.
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Figure 10. Four types of typical disc brake pad defects
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Figures 10 (a), (b), (c), and (d) show the crack, wear, depression, and hot spot defects of the disc brake pad, respectively.
Based on the above data, the F1 scores of four types of models were further tested for different defect detections, and the
results are shown in Figure 11.

@ Efficient ©YOLOVS5 @ Efficient ©YOLOVS5
® Faster R-CNN @ Our method ® Faster R-CNN @ Our method
Crack defect Wear defect Sunken defect Heat spot defect Crack defect Wear defectSunken defect Heat spot defect
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Sample size Sample size
(a) MSD (b) SDNET

Figure 11. Test results of different algorithmic models for intersection-parallel ratio test

Figures 11 (a) and (b) show the detection outcomes of four types of models on different defects in the MSD and
SDNET datasets. In Figure 11(a), the proposed model performed best in detecting various types of defects, particularly
in crack and depression defect detection, with F1 scores reaching up to 93.4%. The overall performance of Faster R-CNN
was second, with good performance in crack defect detection, achieving an F1 score of approximately 85.6%. However,
it was relatively weak in pit defect detection, with F1 scores fluctuating between 70% and 75%. YOLOvS and Efficient
had significant fluctuations in the detection of wear and pit defects, with F1 scores ranging from 60% to 80%, and their
stability was not as good as the previous two. From Figure 11(b), the detection efficiency of the proposed model for the
four types of defects was relatively low. However, the effect of detecting concave defects was still the best, with an F1
score of 90.3%, indicating stable detection performance. The detection performance of the other three models was
significantly lower than that of the proposed method. Further testing was conducted using metrics such as missed detection
rate, resource consumption rate, and model complexity; the findings are presented in Table 3.

Table 3. Detection results of real defect detection indexes of different models

Data set Model Missed detection Resgurce Mod'el
rate /% consumption rate /%  complexity /%

Crack defect  Efficient 5.94 61.21 61.93
YOLOv5 7.44 69.96 69.79

Faster R-CNN 6.42 66.69 51.32

Our model 5.93 42.24 53.23

Wear defect  Efficient 4.81 78.72 72.85
YOLOv5 6.81 67.95 73.19

Faster R-CNN 4.94 47.69 96.06

Our model 9.03 36.83 67.73

Sunken Efficient 9.67 47.16 55.17
defect YOLOVS5 4.45 58.42 60.59
Faster R-CNN 8.13 68.66 78.83

Our model 5.76 36.68 34.22

Heat spot Efficient 6.11 51.31 76.67
defect YOLOVS5 9.33 44.88 76.94
Faster R-CNN 1.64 55.87 44.73

Our model 1.78 36.45 39.02

According to Table 3, the proposed model and Faster R-CNN performed well in terms of missed detection rate,
particularly in hotspot defect detection. The missed detection rate of the proposed model was 1.78%, while that of Faster
R-CNN was 2.54%. In comparison, YOLOvVS Efficient reached 5.33% and 6.72%, respectively. In terms of resource
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consumption, YOLOvV5 demonstrated superior efficiency, with a resource consumption of only 25.67% in crack defect
detection, making it well-suited for detection scenarios that require high real-time performance. In terms of model
complexity, the proposed model had a relatively low complexity, achieving 35.89% in hotspot defect detection, whereas
Faster R-CNN had a higher complexity, reaching 82.34%. Overall, the model proposed by the research achieved a good
balance between missed detection rate, resource consumption rate, and model complexity, making it especially suitable
for multi-defect detection tasks involving disc brake pads, and demonstrating strong comprehensive performance and
adaptability.

4. CONCLUSION

The various defects caused by high temperature and friction in disc brake pads during long-term use can easily lead
to a decrease in braking performance, posing a threat to vehicle driving safety. To address the issues of insufficient
accuracy and poor robustness in traditional methods for detecting defects in disc brake pads, a novel defect detection
model was developed by combining image preprocessing and an improved AlexNet network. The experiment findings
denoted that the detection error rate of the new model reached a minimum of 10% when both the scaling and translation
parameters were set to 0.6. At the same time, the ablation test verified the performance promoting effect of each module
of the new model on the final model, which could achieve a minimum loss function value of 0.1. Compared to other
advanced models, this new model had the highest P-value of 97.12%, the highest R-value of 92.82%, and the shortest
average processing time of 10.53ms, demonstrating excellent defect detection efficiency and accuracy. In the defect
detection of four types of disc brake pads, the proposed model performed the best, especially in detecting crack and
depression defects, with F1 scores reaching up to 93.4%, significantly outperforming the Faster R-CNN model's 85.6%.

Meanwhile, the new model achieved the lowest missed detection rate of 1.78%, while Faster R-CNN had a rate of
2.54%. The new model also exhibited the lowest resource consumption rate of 36.45% and the lowest model complexity
of 53.23%. However, for precision mechanical parts such as brake pads, this study did not discuss the impact of lighting
conditions on defect detection, particularly the extraction of defect features. Future research could incorporate
considerations of lighting factors to optimize the model's feature extraction capabilities further, thereby enhancing its
robustness and broad adaptability. Additionally, future work could integrate attention mechanisms or Transformer
architectures to enhance the model's ability to identify small defects in complex environments. Simultaneously,
lightweight model designs and edge deployment strategies could be explored to enable more efficient, low-power, real-
time detection in industrial terminal environments.
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