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Abstract: In this study, a tyre defect detection model is improved and optimized under the YOLOv5
framework, aiming at radial tyre defects with characteristics such as an elongated shape and var-
ious target sizes and defect types. The DySneakConv module is introduced to replace the first
BotteneckCSP in the Backbone network. The deformation offset of the DySneakConv module is
used to make the convolutional energy freely adapt to the structure to improve the recognition
rate of tyre defects with elongated features; the AIFI module is introduced to replace the fourth
BotteneckCSP, and the self-attention mechanism and the processing of large-scale features are used
to improve the recognition rate of tyre defects with elongated features using the AIFI module. This
latter module has a self-attention mechanism and the ability to handle large-scale features to solve
the problems of diverse tyre defects and different sizes. Secondly, the CARAFE up-sampling operator
is introduced to replace the up-sampling operator in the Neck network. The up-sampling kernel
prediction module in the CARAFE operator is used to increase the receptive field and allow the fea-
ture reorganization module to capture more semantic information to overcome the information loss
problem of the up-sampling operator. Finally, based on the improved YOLOvV5 detection algorithm,
the Channel-wise Knowledge Distillation algorithm lightens the model, reducing its computational
requirements and size while ensuring detection accuracy. Experimental studies were conducted on a
dataset containing four types of tyre defects. Experimental results for the training set show that the
improved algorithm improves the mAP0.5 by 4.6 pp, reduces the model size by 25.6 MB, reduces the
computational complexity of the model by 31.3 GFLOPs, and reduces the number of parameters by
12.7 x 10° compared to the original YOLOv5m algorithm. Experimental results for the test set show
that the improved algorithm improves the mAP0.5 by 2.6 pp compared to the original YOLOv5m
algorithm. This suggests that the improved algorithm is more suitable for tyre defect detection than
the original YOLOV5.

Keywords: YOLOVS5; tyre defect detection; elongated features; multiple types of defects;
knowledge distillation

1. Introduction

As the only essential component of the car in contact with the ground, tyres bear
essential responsibilities such as load, cushioning and shock absorption. They directly
affect the driving quality and safety of the car [1]. Currently, most tyre manufacturers rely
on manual supervision to inspect the quality of tyres, which encounters problems such as
low leakage rates and high cost, making it challenging to meet the demand of increasing
automobile production.

The rapid development of computers and deep learning techniques [2,3], in recent
years has provided an efficient, accurate and cost-effective solution for tyre defect detection.
Object detection using deep learning methods is characterised by feature self-extraction,
high adaptability and robustness compared to traditional detection methods, such as
R-CNN [4], Fast R-CNN [5], Faster R-CNN [6], SSD [7], YOLO [8], RetinaNet [9], Center-
Net [10], etc.
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Existing research on deep learning detection methods for tyre defects has achieved
various results. Pengfei Wang et al. [11] proposed a tyre tread defect detection model based
on YOLOVS5, which detects defects such as cracks and perforations on the tyre surface. Com-
pared with YOLOV4, it shows excellent performance in overall detection accuracy. However,
it shows low confidence in detecting individual tyre defect features. Zejv Wu et al. [12]
proposed an automatic tyre defect detection method based on an improved Faster R-CNN,
which detects defects such as sidewall foreign objects and crown root openings produced
during tyre production. They combine the convolutional features of the third layer and
the fifth layer of the convolutional neural network, outputting them as inputs to the ROI
pooling layer and introducing the online hard example mining (OHEM) algorithm, after
which the pooling layer achieved improved accuracy for tyre defect detection. Yunting
Liu et al. [13] proposed a fused attention mechanism adversarial network (FAMGAN)
with Skip-GANomaly as the basic framework to detect bubble defects whose differences
compared to background pixels are too small. Firstly, the attention feature fusion and
mechanism modules form a hopping layer, improving attention to the target features. Then,
the joint up-sampling module is added to the discriminator, which enhances the model’s
speed in detecting image defects. Finally, the goal of improving the detection accuracy is
achieved. Mingda Li et al. [14] proposed a tyre defect detection algorithm based on Faster
R-CNN that can accurately locate and classify tyre defects by introducing ROI align pooling,
thus improving detection efficiency and accuracy. Kuo-Chien Liao et al. [15] inspected
and analysed aircraft composite structures using a UAV carrying an infrared camera and
analysed the IR images by MATLAB (2020b) image analysis software. Not only can the
internal health of the external composite structure of the aircraft be clearly identified, but
the proposed procedure also reduces the inspection time significantly.

In this paper, an improved YOLOv5 model is designed for the detection of elongated
tyre defects of diverse types and with different target sizes. The following studies are
carried out: based on the YOLOv5m network framework, the convolutional nuclear energy
is adapted more freely to the structure by introducing Dynamic Snake Convolution (DyS-
neakConv) into the Backbone network; attention-based intrascale feature interaction (AIFI)
is introduced to better understand the relationship between different features at the same
scale in the image; and the underlying content information kernel is predictively restruc-
tured by introducing the Content-Aware ReAssembly of FEatures (CARAFE) up-sampling
operator in the Neck network. The relationship between different features at the same scale
is better understood by introducing AIFI, and the underlying content information kernel
is predictively restructured by introducing the CARAFE up-sampling operator. Finally,
the improved YOLOv5m model is distilled to the YOLOv5s model using Channel-wise
Knowledge Distillation to achieve a lightweight model. It was experimentally verified that
the improved algorithm can detect tyre defects well.

2. YOLOV5 Network Improvement
2.1. Introduction to YOLOv5

The network architecture of YOLOV5 is shown in Figure 1:
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Figure 1. YOLOV5 network framework.

YOLOVS5 adopts the classic YOLO architecture, which can be divided into four compo-
nents: the input (Input), the backbone feature extraction network (Backbone), the Neck and
the output layer (Prediction). The network framework includes key components such as
Bottleneck Cross Stage Partial (BottenleckCSP), Convolutional Block Layer (CBL), Spatial
Pyramid Pooling-Fast (SPPF), Concat and up-sample [16].

BottleneckCSP first processes the input through a bottleneck structure consisting of a
convolutional layer, batch normalization and an activation function. Cross-stage partial
connections are then introduced to classify the processed features. The role of the bottleneck
structure is to facilitate the transfer of information and the flow of gradients in the network.
The role of the CSP connections is to enable better sharing of features between different
stages, thus improving the performance and training of the network.

CBL consists of a convolutional layer, batch normalization and an activation function.
The convolutional layer is responsible for extracting the spatial information of the input
features, batch normalization accelerates the training and improves the stability of the
model and the activation function introduces nonlinear properties. It performs basic feature
extraction and nonlinear transformations to help the network capture the abstract features
in an input image.

As a pooling layer, SPPF can handle different sizes of input images and capture multi-
scale information through pooling on spatial grids of various sizes to ensure that the model
can detect targets of different sizes. Its main effect is improving the model’s ability to
perceive targets of different scales. Through pooling operations, the model can better
adapt to targets of various shapes and reduce the amount of computation while preserving
spatial information.

The Concat layer is used to connect multiple feature maps. The role is to combine
features from different layers or modules to obtain more information and context, thus
improving target detection performance.

Up-sample extends the spatial dimension of the input feature map using bilinear or
nearest-neighbour interpolation [17]. It allows low-resolution feature maps to be matched
with high-resolution ones, thus helping the network to better capture detailed information.
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2.2. Improving the Backbone
2.2.1. DySneakConv

This study used a total of four categories of common tyre defect features: 2_open,
cords_defects, impurity and belt_cuobian. Most tyre defects show elongated feature struc-
tures if the aspect ratio is greater than or equal to 2:1, which is the evaluation standard
of elongated defects. In this paper, we use the open-source dataset of tyre X-ray photos
produced by the Networked Control Center of Shanghai University, in which 76% of the
2_open samples, all cords_defects samples and 59.7% of the belt_cuobian samples are
classified as elongated feature defects. Moreover, such elongated feature defects account
for a relatively small proportion of the whole image, with a limited pixel composition. The
traditional convolutional kernel used in the first BotteneckCSP of YOLOv5m is of a fixed
shape, which is less effective in dealing with this type of elongated feature defect, resulting
in poor performance when facing small changes in the target. Meanwhile, YOLOv5m
tends to overfit morphological features presented by the data that it has not seen before,
making it unable to effectively identify the unseen feature morphology and reducing its
detection accuracy. To address this problem, this paper replaces the first BotteneckCSP in
the Backbone layer using DySneakConv [18].

The introduced DySneakConv is a deformed convolution. The deformed convolu-
tion gives the convolution kernel spatial adaptability to changes in the target space by
introducing learnable offsets. This adaptability allows the network to be more flexible in
capturing changes in tyre defect features, improving the model’s ability to model complex
features. The deformed convolution also allows the receptive field to perceive the target
over a broader range by reducing the receptive field blindness.

DySneakConv increases the range of deformation convolution through layer-by-layer
positional changes, which in turn enables the Backbone network to better capture slender
feature defects. To solve the problems of the convolution kernel not being flexible enough
to focus on the target and the geometric feature perception domain being prone to deviate
from the target, DySneakConv also employs an iterative strategy of deformation offsets
A [19]. Each target to be processed will sequentially select the following position to be
observed, thus ensuring the continuity and stability of attention [20]. Figure 2 shows the
calculation method of DySneakConv coordinates.
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Figure 2. Calculation of DySneakConv coordinates.
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The x-axis and y-axis change formulas are as follows:
Kis, = { (XiterYite) = (xi +oyi+ ZSHAJ/) (1)
1Tc — . 7
(xi—cryi—c) = (xi —CYi+ Zi’—cAy)
(Xj4er Yige) = (%) I Ax Y+ c
jtcr y]+c) it 1 Yj

Kjzc = ’ 2)

(¥j-er¥j-c) = (¥ +Zj_Axy;—c

Ultimately, the values at the position of the fractional coordinates are estimated using
bilinear interpolation on a discrete grid of integer coordinates since the offsets A are usually
fractional and the position coordinates of the convolution kernel are integers. The bilinear
interpolation varies as follows:

K =2B(K,K)-K, ®)

B(K,K') = b(Ky, Ky) - b(Ky K ). (4)

where K denotes the fractional positions of Equations (3) and (4), K’ denotes all inte-
gral space positions, B denotes the bilinear interpolation kernel and b denotes the one-
dimensional kernel of the decomposition.

As shown in Figure 3, DySneakConv covers a 9 x 9 range during deformation due
to the variation in the x- and y-axes. The purpose of this design structure is to allow
the convolutional energy to freely adapt to the structure for effective feature extraction
while ensuring that it does not deviate too far from the target structure within the defined
constraints. Ultimately, more accurate feature learning is achieved.

y type convolution

X type convolution

x:i-4~i+4

Figure 3. True feeling range of DySneakConv.
2.2.2. AIFI

A module with strong feature fusion capability is needed to deal with and extract
features from complex tyre defects in X-ray image datasets that are of various types and
different shapes and sizes, and are not easy to distinguish. In the Backbone network, the
fourth layer of BotteneckCSP is responsible for processing higher-level semantic features,
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but it also considers the interaction between the shallow features and the high-level deep
features. This is because shallow features are easily affected by the target traits and other
types of external interference, which negatively effects the semantic interaction of the
BotteneckCSP. To solve this problem, this paper introduces the AIFI [21] module. Its
primary purpose is to improve the efficiency and effectiveness of feature extraction by
introducing the internal-scale feature interaction based on the attention mechanism. The
core idea is to use the attention mechanism between features of the same scale to promote
more comprehensive feature fusion. The structure of AIFI is shown in Figure 4.

Figure 4. General structure of AIFI.

The essence of AIFI is the Encoder layer of the Transformer, and AIFI only deals
with the deeper semantic features of the Backbone network [22]. Its working process is
to input the query, key and value vectors into the fully connected layer so that the query
and key vectors are multiplied together to produce a scoring matrix. Then, the query and
key vectors are scaled by their respective dimensionalities to improve the stability of the
gradient. The scaled score is then subjected to softmax computation to obtain the attention
weights, and these attention weights are multiplied by the value vectors to obtain the
output vectors. Finally, the output vectors of each self-attention vector are synthesized into
a single vector. The attention output vector is synthesized into one vector. The working
principle of AIFI is shown in Figure 5.

Q K v

| Linear

| Linear ’ Linear

MatMul

Scale ‘

SoftMax ‘

MatMul
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‘ Linear

Figure 5. Working principle of AIFL
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AIFI’s self-attention mechanism allows the model to consider global contextual in-
formation when processing features at each location [23]. This helps to better understand
the relationships between different regions in an image. The process of its operation is

formulated as follows:
Q = K=V = Flatten (Ss), 5)
Fs = Reshape (Attn (Q,K,V)).

where Flatten denotes the conversion of multidimensional input data into one-dimensional
vectors, and Reshape denotes the restoration of the shape of the features to be the same as
S5, i.e., the inverse of Flatten. Attn denotes the multi-head self-attention mechanism.

In summary, AIFI is based on processing deeper semantic features. It first captures
the global contextual information of the image through the structure of the Encoder layer
and then makes use of the feature interaction mechanism of the multi-head self-attention
mechanism to make the model more effective in processing and fusing important feature
information, thus improving the overall detection performance. It is especially suitable for
the case of tyre defect detection in X-ray images, where there are various types of targets of
different shapes and sizes.

2.3. Improving the Backbone

In YOLOv5m’s Neck network, although the up-sample operator is able to convert
low-resolution feature maps into high-resolution feature maps, it fails to adequately con-
sider the distances between pixels in the up-sampling process, leading to the problems of
fixed up-sampling multiplicity and significant interpolation loss. These problems result
in YOLOvV5m having a poor up-sampling effect on different sizes of input data. At the
same time, bilinear or nearest-neighbour interpolation methods are also prone to cause
information loss in up-sampling. To solve this problem, two CARAFE up-sampling opera-
tors are introduced in this paper [24]. The CARAFE up-sampling operation possesses a
large sensory field and can guide the reorganization process based on the input features.
This approach ensures information retention and effectively improves the performance and
efficiency of deep learning networks.

The CARAFE interpolation is calculated as follows:

I(p) =}, W(p,9) - X(q)- ©)

where p is the interpolated position, g is the offset of the interpolated position with respect
to the original position, and W (p, g) is the weight at the interpolated position p, computed
by means of learnable parameters.

The working process is as follows: firstly, the original feature map is up-sampled
through the CARAFE interpolation operation to generate the interpolated feature map;
secondly, the neighbourhood information of the interpolated feature map is recombined
using a content-aware recombination kernel to obtain a more semantically informative
output feature map. The model of CARAFE is shown in Figure 6.

CARAFE consists of two parts: up-sampling kernel prediction and feature reorganiza-
tion. The formulae for these are as follows:

Wy = q)(N(Xlr kencoder))r 7)
X = (N (X, kup), Wr). )

N (X}, kencoder) denotes the k,ycoder X kencoder Neighbourhood centred at /, and ¢ is the
function used to generate the recombination kernel. N (X, k;p) denotes the ky, X kyp
neighbourhood centred at 1, and ¢ is the content-aware feature recombination module.
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Figure 6. General structure of CARAFE.

In up-sampling kernel prediction, the channels are first compressed by a1 x 1 con-
volution operation to reduce the subsequent computational burden. The prediction of the
up-sampling kernel is carried out using a convolutional layer that expands the channel
dimension in the spatial dimension to obtain up-sampling kernel prediction that meets
the shape requirements. Finally, the weights of the convolution kernel are ensured to be
1 [25] by applying the softmax function for normalization. Therefore, up-sampling kernel
prediction improves adaptability to changes in target scale by introducing deformable
convolution, which allows the multiplicity of up-sampling to be dynamically adjusted
according to the specific location. The interpolation process is handled more carefully
using deformable convolution to calculate the positional offset and then using interpolation
calculation and weight adjustment, ultimately reducing the interpolation loss.

In feature reorganization, the convolution operation is first performed on the low-
resolution feature map to redistribute the information to the high-resolution feature map.
The recombined and original high-resolution feature maps are summed element-by-element
to achieve the fusion of low-resolution feature map information. Since CARAFE uses the
generated content-aware recombination kernel to recombine each pixel position of the
input feature map, the dynamic kernel is able to weight the combination of multiple
pixels in the neighbourhood, which makes the recombination of each pixel position more
accurate, and thus the feature map is able to retain more detail information and edge
features during the up-sampling process, which avoids the problem of information loss
in the traditional up-sampling operator. This step significantly enhances the expressive
power of the feature map and makes the model more effective in capturing the semantic
information in the image. Therefore, the interpolation calculation and weight fusion are
performed in feature recombination through the introduction of new learnable parameters
to ensure that the interpolation process can better preserve the feature information and
mitigate the interpolation loss.

The network architecture of the final improved YOLOVS5 is shown in Figure 7, where
the black boxes show the locations of the improvements.
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Figure 7. Improved YOLOV5 network framework.

3. Research on a Lightweight Detection Algorithm

Models are often lightweight to cope with deployment requirements in resource-
constrained environments. Standard lightweight methods in deep learning include knowl-
edge distillation; channel, layer and neural network pruning; and model quantization.
Channel pruning reduces the number of parameters in and the computational complexity
of the model by removing redundant channels in the neural network; layer pruning focuses
on reducing the depth of the network and streamlines the model by removing unnecessary
layers; and neural network pruning methods reduce the size of the model by removing
redundant connections or parameters from the network.

Compared with other standard lightweight methods, knowledge distillation pos-
sesses a strong generalization ability and a low risk of overfitting. Therefore, knowledge
distillation is chosen as the lightweight method in this paper.

3.1. Introduction to Knowledge Distillation

Knowledge distillation achieves model compression by transferring knowledge from
one model to another [26]. That is, knowledge from a larger, parameter-heavy model
(teacher model) is transferred to a smaller, lightweight model (student model), maintaining
the model size while improving detection accuracy. The steps of the distillation process
are the preparation of the teacher model and the design of the student model, followed
by soft target generation, i.e., using the teacher model to predict the training results of the
student model. This soft target helps guide the student model in learning complex feature
representations. Finally, the generated soft goals are used for distillation training to guide
the student model in understanding the knowledge of the teacher model. The working
principle of knowledge distillation is shown in Figure 8.



Electronics 2024, 13, 2207

10 of 20

Input X

Teacher model

e WS WS st (<) |Softlabls

Student model - Softmax (T=t) | Soft predictions

layer1

—layer2 | — .. —{layer3

| Softmax (T=1) - Hard prediction |

(ground truth)-

hard label y |~ 'V

Figure 8. Working principle of knowledge distillation.

The introduction of AIFI, DySneakConv and CARAFE in the previous section improves
the accuracy of the YOLOv5m model in the tyre defect detection task. As the complexity of
the model increases, this paper distils the knowledge from YOLOv5m to YOLOv5s through
the Channel-wise Knowledge Distillation algorithm. This results are a balance between
detection accuracy and model size.

3.2. Channel-Wise Knowledge Distillation Algorithm

Channel-wise Knowledge Distillation [27] is a channel-based knowledge distillation
algorithm. In contrast to feature-based knowledge distillation algorithms that are based on
the overall structure of the feature map, Channel-wise Knowledge Distillation passes the
output information of the channels in the teacher model to the corresponding channels in
the student model through mapping. The best correspondence between the teacher and
student models is obtained by minimizing the distillation loss function after the channels
are aligned. The network structure of Channel-wise Knowledge Distillation is shown in
Figure 9.

The soft probability map is first obtained by normalizing the feature map of each
channel. That is, the activation values of each channel are converted into probability
distributions, and the probability distribution metric is used to evaluate the differences
between different channels. The activation values are converted as follows:

exp( 2
P(yc) = P<T)) )

W-H Ye,i
S exp (%

where i denotes the pixel position in the channel and T denotes the temperature hyperpa-
rameter; the larger the T, the larger the spatial region of interest for each channel.
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Figure 9. Overall structure of Channel-wise Knowledge Distillation.

The asymmetric Kullback-Leibler (KL) scatter of the probability maps of the two
network channels is then minimized [28]. KL scatter was introduced to measure the
difference in probability distributions between the two models to guide the student model
in learning from the teacher model. Such a transformation makes the activation values of
each channel more inclined to encode the salient features of each category. The KL scatter
is calculated as follows:

T.
o(v"v°) ngleZl;H 9(vl;) -log () : (10)

¢ (y fz)

Finally, the student model is allowed to learn from the teacher model. The predicted
transparent category-specific masks are obtained using the trained teacher model. The loss
function for this method is as follows:

(e(v")0(v°)) = o(o(v!) 0(45))- (1

where y and y° represent the probabilistic soft plots of the teacher and student models, respec-
tively, and ¢ represents how the activation values are converted into probability distributions.

This approach makes the activation maps for each channel focus more on salient
regions in the corresponding channel, causing the student network to produce similar
activation distributions in foreground salience. In contrast, activations corresponding to
background regions of the teacher’s network have less impact on learning.

4. Experimental Evaluation

This section first describes the dataset used in the experiment and the evaluation
metrics used to assess performance. Subsequently, the dataset is used to conduct ablation
experiments to assess the impact and effectiveness of the improvements.
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4.1. Methodology
4.1.1. Experimental Environment and Datasets

In this study, we used Windows 11 22H2 as the operating system, the computer config-
uration was a 13th Gen Intel (R) Core (TM) i9-13900HX CPU and an NVIDIA GeForce RTX
4070 Laptop GPU, the memory capacity was 16 GB, and the deep learning framework was
built using PyTorch2.0.0 The acceleration environment was CUDA11.8 and CUDNNS.9.0.
In the training process, the input image size was img_size = (384, 384); the batch size was
batch_size = 8; the number of iterations was epochs = 100; the learning rate was Ir = 0.01;
and the momentum factor was momentum = 0.9385.

This study used the open-source dataset of tyre X-ray photos produced by the Net-
worked Control Centre of Shanghai University, with a total of 1142 training set images,
382 validation set images and 381 test set images. The training, validation and test data
were kept strictly independent to ensure an unbiased evaluation. The dataset included a
total of four categories of common tyre defect features: 2_open, cords_defects, impurity
and belt_cuobian. Some examples of these defects are shown in Figure 10, where the yellow,
blue, red and green boxes show the training results for 2_open, cords_defects, impurity
and belt_cuobian, respectively. The image size in the chosen dataset is 480 x 480 pixels,
while the size of the network input image was modified to a resolution of 384 x 384 pixels.

—
——————————
————
—

=—————

(b) cords_defects

(c) impurity (d) belt_cuobian
Figure 10. Tyre defect characteristics.

4.1.2. Evaluating Indicator

Four metrics are used in this paper. Mean Average Precision (mAP) is used to assess
the accuracy of the model, and the numbers of billion floating-point operations (GFLOPs)
and parameters in the model are used to assess its size [29].

mAP is widely used to measure the detection accuracy of network models. It is
crucial in algorithm performance metrics such as target location and category prediction. It
represents the mean of the average precision (AP) of each category, which provides a more
comprehensive picture of the overall performance of the model relative to recall (R) and
precision (P). The mean value of average precision is calculated in Equation (12) as:

1
mAP = Y P. (12)

where N denotes the number of categories and P; is the average precision rate for category i.
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Model size refers to the amount of space a deep learning model occupies in storage or
memory. This metric is influenced by several factors, such as the number of parameters in
the model, the model architecture, compression and optimization techniques and data type.
Evaluating model size is important for using models in resource-constrained environments
such as deployments to embedded devices, mobile devices or edge computing platforms.
A smaller model size means lower storage requirements and a lower memory footprint,
which can help improve the efficiency and speed of model deployment.

GFLOPs are an essential metric for algorithmic complexity. They indicate how many
billions of floating-point operations a model needs to perform. GFLOPs are usually related
to the number of layers and parameters included in the model. More extensive models
typically have more parameters and complex structures, requiring more computational
resources to perform forward and backpropagation operations. This means that larger
models usually produce higher values of GFLOPs.

Parameters refer to the number of tuneable parameters in the model that need to be
trained. These tuneable parameters are the weights and biases that need to be adjusted
for the model to extract features from the data and make predictions through learning.
The number of parameters is not only related to the network’s structure but also to the
depth and width of the network and the specific configuration of each layer. Therefore, the
number of parameters is directly related to the complexity of the model and the storage
space requirement.

4.2. Results
4.2.1. Comparative Experiment before and after Algorithm Improvement

To compare the detection results of the improved algorithm on the four defect cate-
gories, comparative experiments were conducted on YOLOv5s, YOLOv5s + DySneakConv
+ AIFI + CARAFE, YOLOv5m and YOLOv5m + DySneakConv + AIFI + CARAFE. The

results are shown in Table 1.

Table 1. Comparison of the accuracy in identifying tyre defects under different methods.

Method 2_Open Cords_Defects Impurity Belt_Cuobian
YOLOvV5s 91.1 51.1 94.8 97.4
YOLOV5s + DySneakConv + CARAFE + AIFI 94.5 72.2 92.6 99.1
YOLOv5m 91.5 57.3 94.1 96.3
YOLOv5m + DySneakConv + CARAFE + AIFI 95.0 72.6 95.9 99.1

Figure 11a—d show the detection results of YOLOv5s, YOLOv5s + DySneakConv + AIFI
+ CARAFE, YOLOv5m and YOLOv5m + DySneakConv + AIFI + CARAFE, respectively.

The data in the figures show that the detection effect of the improved YOLOV5s is
greater than that of YOLOvb5s. Similarly, the detection effect of the improved YOLOv5m is
greater than that of YOLOv5m, and it is the best among the four methods.

4.2.2. Ablation Experiment

To verify the effectiveness of DySneakConv, AIFI and CARAFE, each model was com-
bined with the original YOLOv5m while using the unmodified YOLOv5m configuration as
a basis for comparison. As shown in Table 2, DySneakConv, AIFI and CARAFE improved
the mAPO0.5 by approximately 1.9 pp, 3.6 pp and 1.4 pp, respectively. Next, the three were
integrated in pairs, and the mAPO0.5 of DySneakConv + AIFI improved by 4.5 pp, and
the mAPO0.5 of both the DySneakConv + CARAFE and the AIFI + CARAFE combinations
improved by 2 pp. The final combination of YOLOv5m + DySneakConv + AIFI + CARAFE
resulted in a 5.9 pp improvement in mAPO0.5. The experiments demonstrate that all three
improvements enhance the model’s detection and recognition ability.
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~(b) YOLOVSs + DySneakConv + AIFI + CARAFE

(c) YOLOv5m

(d) YOLOv5m + DySneakConv + AIFI + CARAFE

Figure 11. Detection results for the four defect types.

Table 2. Ablation experiments to verify detection accuracy.

Method mAP0.5/% Model Size/MB GFLOPs Parameters/10°
YOLOvV5m 84.8 421 47.9 20.87
YOLOV5m + DySneakConv 86.7 476 474 24.77
YOLOv5m + AIFI 88.4 47.3 47.1 24.61
YOLOv5m + CARAFE 86.2 425 482 21.02
YOLOv5m + DySneakConv + ATFI 89.3 475 49.8 24.69
YOLOv5m + DySneakConv + CARAFE 86.8 46.8 54.7 24.32
YOLOv5m + AIFI + CARAFE 86.8 46.7 47.5 24.28
YOLOV5m + DySneakConv + AIFI + CARAFE 90.7 47.8 50.1 24.85

4.2.3. Lightweight Experiment

Based on the final results in Table 1, YOLOv5m + DySneakConv + AIFI + CARAFE
was set as the teacher model for knowledge distillation and YOLOv5s + DySneakConv +
AIFI + CARAFE was set as the student model.
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Figure 12 shows the training results of YOLOv5m (Figure 12a) and the trained student
model (Figure 12b), where the green, white, blue and purple boxes show the training results
of mAPO0.5, GFLOPs, model size and parameters, respectively.

runs\train\exp19

(a) YOLOv5m

runs\train\expl7

(b) Trained student model

Figure 12. Training results of the two algorithms.

YOLOv5m + DySneakConv + AIFI + CARAFE + Channel-wise Knowledge Distillation
were set up as trained student models, and the three were compared. By comparing the
experimental results of the trained student model with those of the teacher model in Table 3.

It can be seen that although the lightweight treatment using knowledge distillation
caused a decrease of about 1.3 pp in mAP0.5, the model size, GFLOPs and parameters
were reduced to 31.3 MB, 33.5 and 16.75 x 10°, respectively. Comparing the trained
student model with the student model, mAPO0.5 is improved by 3.6 pp while all model size
parameters are kept constant. Thus, it is demonstrated that the scheme can achieve an ideal
balance between accuracy and model size.

Table 3. Lightweight validation of knowledge distillation.

Method mAP0.5/% Model Size/MB GFLOPs Parameters/10°
YOLOv5m 84.8 42.1 47.9 20.87
Teacher Model 90.7 47.8 50.1 24.85
Student Model 85.8 16.5 16.6 8.10
Trained Student Model 89.4 16.5 16.6 8.10

4.2.4. Using the Improved before and after Algorithms on the Test Set

To confirm the performance of the improved algorithm, we finally compared the
trained student model with the original YOLOv5m on a test set. Figure 13 shows the
training results for the YOLOv5m (Figure 13a), the trained student model (Figure 13b),
where the green, white and purple boxes show the training results of mAP0.5, GFLOPs and
parameters, respectively.
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runs\val\expl3

(a) YOLOvV5m

runs\val\expl4

(b) Trained student model
Figure 13. Comparison of the two algorithms on a test set.

As can be seen in Table 4, the mAP0.5 of the student model improved by 2.6 pp after
training in the test set compared to YOLOv5m. The model size is reduced by 25.6 MB,
GFLOPs are reduced by 31.3, and parameters are reduced by 12.7 x 10°%, which in turn
proves that the trained student model has some generalisation and practicality.

Table 4. Validation results on the test set.

Method mAP0.5/% GFLOPs Parameters/10°
YOLOv5m 86.2 479 20.87
Trained Student Model 88.8 16.6 8.10

4.3. Discussion
4.3.1. Comparison with Other Methods

To further confirm the performance of the improved algorithm, the trained student mod-
els were compared with YOLOVSs [30], YOLOv8m, YOLOV9 [31] and YOLOv9e, respectively.

Figure 14 shows the training results of YOLOvSs (Figure 14a), YOLOv8m (Figure 14b),
YOLOV9 (Figure 14c) and YOLOv9e (Figure 14d), where the green, white, blue and purple
boxes show the training results for mAP0.5, GFLOPs, model size and parameters, respectively.

As shown by the experimental results in Table 5. the trained student model not only
gained a 2.7 pp increase in mAP0.5 but also obtained a lighter model size of 6 MB when
compared with YOLOvS8s, and GFLOPs were reduced by 11.8. When compared with
YOLOvS8m, although the mAP0.5 decreased by 0.7 pp, the model size became 35.5 MB
lighter and GFLOPs reduced by 62.1. Compared with YOLOvV9, the model size became
105.9 MB lighter while the mAPO0.5 stayed the same and GFLOPs reduced by 248.3. Com-
pared with YOLOv9e, mAP0.5 was increased by 8.1 pp, the model size became 343.6 MB
lighter and GFLOPs reduced by 226.7. After this study, we plan to continue related research
on YOLOvS or YOLOV9.
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100 epochs completed in 0.751 hours.
Optimizer stripped from runs\detect\train25\weights\last.pt, 22.5MB
Optimizer stripped from runs\detect\train25\weights\best.pt, |22.5MB

Validating runs\detect\train25\weights\best.pt...
Ultralytics YOLOv8.0.136 Python-3.9.16 torch-2.0.0 CUDA:0 (NVIDIA GeForce RTX U070 Laptop GPU, 8188MiB)
YOLOv8s summary (fused): 168 layers, |11127132|parameters, 0 gradients, 28.4 GFLOPs

Class  Images Instances Box(P P50 mAp5e-95): 100%| [N 12/12 [60:0u<00:00, 2.u4uit/s]
all 382 381 0.822 o 0.867
24-open 382 201 0.829
cords_defects 382 79 0.865
impurity 382 54 0.775
belt_cuobian 382 u7 0.821
Speed: 0.1ms preprocess, 2.0ms inference, 0.0ms loss, 0.8ms postprocess per image
Results saved to runs\detect\train25

(a) YOLOvS8s

100 epochs completed in 0.752 hours.
Optimizer stripped from runs\detect\train30\weights\last.pt, 52.0MB
Optimizer stripped from runs\detect\train30\weights\best.pt, |52.0MB

Validating runs\detect\train30\weights\best.pt...
Ultralytics YOLOv8.0.136 Python-3.9.16 torch-2.0.0 CUDA:0 (NVIDIA GeForge RTX 470 Laptop GPU, 8188MiB)
YOLOv8m summary (fused): 218 layers, |25842076|parameters, @ gradients,
Class  Images Instances Box(P R mAP50  mAP56-95): 100%| [N 12/12 [00:05<00:00, 2.08it/s]
all 382 381 0.889 0.825 0.901 0.537
24-open 382 0.858 0.905 0.925 0.659
cords_defects 382 0.911 0.517 0.774 0.282
impurity 382 0.846 0.919 0.927 0.562
belt_cuobian 382 0.941 0.957 0.98 0.643
Speed: 0.1ms preprocess, 3.5ms inference, 0.0ms loss, 0.9ms postprocess per image
Results saved to runs\detect\train30

(b) YOLOv8m

runs\train\exp?

(c) YOLOV9

runs\train\exp11l

(d) YOLOv9e

Figure 14. Training results of other comparison algorithms.
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Table 5. Performance validation of student model after training.

Method mAP0.5/% Model Size/MB GFLOPs Parameters/10°
Trained Student Model 89.4 16.5 16.6 8.10
YOLOvS8s 86.7 22.5 28.4 11.12
YOLOvV8m 90.1 52.0 78.7 25.84
YOLOV9 89.4 122.4 264.9 60.76
YOLOv9e 81.3 140.1 243.3 69.35

4.3.2. Limitations

In the experiments of this paper, the improved method shows significant advantages in
the task of defect detection in tyre X-ray images. However, the study has some limitations.

Firstly, the proposed improved method is mainly optimised for defect detection in tyre
X-ray images. This type of image has specific characteristics, such as defects that usually
exhibit elongated features. However, it was not verified whether these improvements are
equally applicable to other types of images, such as natural scene images or medical images.
Therefore, despite the success on tyre X-ray images, its generalisation ability has yet to be
further verified.

Secondly, the dataset of this study is mainly derived from the open-source dataset
of the Network Control Centre of Shanghai University, and the quality and variety of
images in this dataset may be different from those in real applications. For example, tyre
X-ray images in industrial production may be subject to different shooting conditions and
equipment, which may have an impact on the performance of the detection algorithm.
Therefore, our experimental results are somewhat specific, and future research needs to be
validated on more diverse and realistic image datasets to fully assess the robustness and
practicality of the algorithm.

5. Conclusions

In this paper, we present an improved YOLOv5m algorithm for tyre defect detection,
which introduces AIFI to deal with deep semantic features, thus overcoming insignificant
interference from defective regions. It also introduces DySneakConv to allow convolutional
kernels to freely adapt to the structure for more efficient feature learning, and the introduc-
tion of the CARAFE up-sampling operator allows adaptive and optimized recombination
kernels to be used at different locations to overcome the problems of fixed up-sampling
multiplicity and significant interpolation loss. Finally, the Channel-wise Knowledge Distil-
lation algorithm is introduced to lighten the model. After training and testing the model
on the tyre X-ray image dataset, it was shown that the model size was reduced by 25.6 MB,
the GFLOPs were reduced by 31.3, the parameters were reduced by 12.7 x 10°, and the
mAP0.5 was improved by 4.6 pp compared with YOLOv5m.

The improved model not only improves detection accuracy;, it also reduces the pa-
rameters and model size, and it can effectively reduce energy consumption. It is easier
to deploy on mobile devices, which helps to improve the operational efficiency of tyre
defect detection.

In future work, we plan to continue our research using YOLOv8 or YOLOV9Y algo-
rithms. Only the four most common tyre defect data types were selected for this study, and
our future work will focus on trying to build a more comprehensive tyre defect dataset
to improve the usefulness of the model, and trying to optimise the algorithm so that the
model is not limited to specific features.
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