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Abstract. To effectively classify steel surface defects, it is crucial to im-
prove the feature representation. The features extracted by the current
steel surface defect classification model inadequately represent different
defect categories, particularly when samples from different categories ex-
hibit high similarity, resulting in degraded model performance. In this pa-
per, we propose the Steel Surface Defect Classification Network (SSDC-
Net) to optimize the steel surface defect classification task. This network
includes the Channel Information Complementary Matrix (CICM) mod-
ule and the Multi-Scale Contrastive Loss (MCL) method, which models
the channel information between similar samples to capture and distin-
guish subtle visual differences induced by distinct channel information.
Specifically, the CICM module utilizes interactive information between
channels of the feature map to enhance local feature representation. To
enhance global feature representation, we further introduce a multi-scale
contrastive loss, which not only maximizes differences between features
but also reduces the gap between different views of the same sample. Ex-
tensive experiments conducted on the BG-DET dataset, FSC-20 dataset,
and FSD dataset demonstrate the effectiveness of each proposed module.
Compared with other methods, our approach has achieved state-of-the-
art performance. Additionally, our method is plug-and-play and can be
seamlessly integrated into other backbone networks.

Keywords: steel surface defect classification - contrastive learning - fea-
ture representation.

1 Introduction

Automated steel surface defect classification plays a crucial role in optimizing
production lines and enhancing production processes [11]. In industry, effectively
categorizing steel surface defects enables early detection and identification, fa-
cilitating the development of appropriate maintenance and repair programs to
enhance product quality and durability. Traditional defect classification meth-
ods, such as vibration-acoustic modulation [25] and wireless sensing technology
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[26], rely on changes in vibration or wireless signals on the surface of objects
to identify defects. However, these methods are labor-intensive and slow down
industrial production processes. To address these issues, deep learning-based
methods offer a promising solution for steel surface defect classification by auto-
matically extracting key features from data without the need for manual feature
engineering [31, 8]. Consequently, automatic defect inspection has emerged as a
vital research direction to replace manual labor in industrial manufacturing [10,
30].

One of the main challenges in automatically classifying steel surface defects
lies in the significant structural similarity between certain defects, which con-
tributes to the difficulty of recognition and distinction. This similarity primarily
arises from the common features extracted from these defects, leading to the
confusion of semantic information and complicating the classification task.

In recent years, automated methods for steel surface defect classification have
been proven to be highly effective, yet there is still room for improvement. 1)A
GAN-based [18] approach was proposed as a method to generate data for a
limited number of categories, thereby enriching the semantic information of the
samples. 2) Methods based on attention mechanisms can help models focus more
on specific parts of the input data, allowing the network to capture important
features more effectively [21,9,24,27]. 3) Feature engineering-based approach
utilizes feature fusion to extract more robust features to classify steel images
[17]. However, while these classification methods aim to extract richer semantic
information, none of them adequately addressed the classification errors stem-
ming from the confusion of semantic information among defective features.

To tackle the aforementioned challenges, we have conducted a thorough in-
vestigation into feature learning and model design, aiming to address these simi-
larities and enhance sensitivity to subtle differences in classification. Inspired by
the technique from the Natural Language Processing (NLP) field called "shuf-
fling" [23] to focus on important words, we argue that classification of similar
defects can be accomplished by enhancing the local structural information when
different defects have similar global semantic information. So we propose a new
framework called SSDC-Net, which contains two main modules, the Channel In-
formation Complementary Matrix (CICM) module enriches the local semantic
information of defects by enhancing the different channel features of defects and
then utilizes a Multi-Scale Contrastive Loss (MCL) module to distinguish the
semantic information of similar defect features. In summary, our contributions
are as follows:

— We propose the SSDC-Net, which is capable of accomplishing automatic
classification of steel surface defects with a certain degree of real-time per-
formance.

— We propose a CICM module that can obtain better semantic information by
highlighting local structural information.

— We propose a contrastive learning positive sample construction method that
can better represent current defective features, and distinguish different de-
fective features without a new network structure.
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2 Related Work

2.1 Classification of Steel Surface Defects

In recent years, with the development of computer vision, vision-based Auto-
matic Surface Detection Systems (ASIS) have been increasingly researched and
applied [34]. Typical steel surface defect detection systems can be roughly divided
into traditional methods and deep learning-based methods [45,22,33]. Tradi-
tional learning methods typically involve feature extraction and classifier debug-
ging. Some of the popular methods include Support Vector Machine (SVM) [32],
Back Propagation (BP) neural network [37], and Decision tree [1]. SVM maps
input data into a high-dimensional space and then searches for the hyperplane
that can best separate samples into different categories. The BP neural network
consists of an input layer, a hidden layer, and an output layer. The network
learns by adjusting weights in forward and backward passes. During backpropa-
gation, the gradient of the loss function concerning the weights is calculated and
the weights are updated to minimize the error. Decision trees are designed to
recursively split data into subsets based on input features for decision-making.

In general, these methods will cause serious consumption of time and re-
sources when dealing with large-scale datasets, and slight fluctuations in the
input data will exacerbate the unstable model. As for the deep learning-based
methods for steel surface defect classification tasks, there are three common
methods: Vision Transformers (ViT) based self-attention mechanism, Genera-
tive adversarial network-based (GAN) data generation, and Feature Fusion [7].
Li et al. [28] proposed a lightweight network based on coordinate attention and
self-interaction (CASI-Net), which embeds position information into channel at-
tention. Data generation is mainly represented by methods such as AutoEncoder
(such as GAN [6] etc.), which generate data from data to make it similar to the
training data in overall or high-level semantics [20]. Fu et al. [12] proposed a
multi-scale feature fusion method, including feature splicing [17], feature sum-
mation [35], corresponding element multiplication [40] and skip connection [19],
etc., which can make defect features more comprehensive. However, none of the
above methods take into account the fact that some defect samples have different
semantic information but similar structures, which makes errors in classifying
steel surface defects.

2.2 Contrastive Learning

Contrastive learning originated from self-supervised learning. Wu et al. [38] pro-
posed an individual discriminating task: each instance is regarded as one sin-
gle category, and the goal of self-supervised learning is achieved by setting the
instance discriminating task. In recent years, deep learning-based contrastive
learning techniques have rapidly evolved, with SimCLR [4], MoCo [15], BYOL
[13], SWAV [2], and SimSiam [5] being the most popular. These algorithms typi-
cally rely on the network architecture of quasi-twin neural networks and employ
image pairs of the same image after data augmentation (positive sample pairs)
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and different images after data augmentation (negative sample pairs) during
the training process. Using these deep contrastive learning techniques, a large
number of positive and negative sample pairs are compared, with the positive
samples brought closer to each other in the feature space and the negative sam-
ples pushed further apart. This allows the neural network model to automati-
cally extract better feature representations of the data. Our network introduces
a multi-scale contrastive learning algorithm, which does not depend on twinned
neural networks for positive sample construction.

3 Method

3.1 SSDC-Net Framework

SSDC-Net is a simple pipeline based mostly on the powerful baseline Yolov8!
design. The overall architecture of SSDC-Net is shown in Fig 1. Specifically,
the network consists of nine modules, with the first layer being a convolution
module and the remaining layers being 4 x (Conv + C2f) modules. To improve
the performance of the network, (1) After the last three C2f modules, each layer
is added with the CICM module. (2) After each CICM module, an MLP layer
is added to compute the multi-scale contrastive learning loss. The two distinct
designs mentioned above enable SSDC-Net to successfully inherit the advantages
of Yolov8 in image classification and perform even better in the task of steel
surface defect classification.

3.2 Channel Information Complementation Matrix for Enhancing
Local Information of Global Features

To capture more discriminative features, the Channel Information Complemen-
tary Matrix (CICM) was introduced. It focuses on local information in each
channel feature map. The specific method is as follows. Given an image I, let
X € RbXexwxh yepresent the feature map output by one C2f layer of the back-
bone network, where b, ¢, w and h represent the batch size, number of channels,
the width and height of the feature diagram. A dimension is added to the fea-
ture map, transforming X into X’ € RP*¢ *xexwxh (¢/ ig the added dimension).
Subsequently, X’ is reshaped to X7 € Rb*exe'xwxh The computation of the
CICM output is then performed as follows:

Y = X/XT c becxcxwxh (1)

where Y represents the result of the complementary information of any two
channels of the feature map. The total value of the interaction result ¢ = w x
h € R'™! between each pair of channels is also computed. Finally, the Softmax

! https://github.com /ultralytics /ultralytics?tab=readme-ov-file
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Fig. 1. The proposed SSDC-Net network architecture consists of backbone network
Yolov8, CICM module, and multi-scale contrastive loss. The image is first passed
through the feature extractor and then enters the CICM module for local detail fea-
ture extraction and contrast loss calculation. Afterward, the enhanced features are
combined with the original features to calculate the classification loss. This process
helps in accurately identifying and classifying objects in the image.

function is then used to normalize Y according to the first dimension to obtain
the information complement matrix W:

exp (—X 'X J )
21 e (XX
according to the definition of W, taking the i-th channel as an example, W, €
RbXixext denotes the result of interacting and normalizing the information of

the i-th channel with all ¢ channels. In addition, the matrix needs to be applied
to the features:

W, = c becxcxt (2)

Z =W X 3)
where Y7 _, Wi, = 1. It is worth noting that Y; (the i-th channel of the result-
ing features Y') is the computed interaction between X; and all the channels of
X, Y = 22:1 Wik Xk. Our CICM module focuses more on local features that
can highlight defect information, potentially sacrificing some global feature in-
formation in the process. We aggregate the enhanced features with the original
features X as the final feature F for this sample:

3
F=Y (Zk+X) (4)
k=1
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Our approach places greater emphasis on exploiting complementary informa-
tion across channels, eliminating the need to determine the importance of each
channel for the task at hand and assign weights, as required by channel-focused
mechanisms. Each channel contains a wealth of feature information, and our
approach aims to capitalize on this wealth by supplementing each channel with
information from others to enhance salient features crucial for distinguishing be-
tween various defects. This strategy focuses on enhancing distinguishing features
rather than merely amplifying positive ones and suppressing negative ones.

3.3 Multi-scale Contrastive Loss for Distinguishing Feature
Information

Multi-scale feature information is widely employed in target detection due to
the large receptive field of deep networks and strong semantic characterization
ability. However, the low resolution of the feature maps and weak ability to char-
acterize geometric information lead to a deficiency in spatial geometric feature
details. Conversely, low-level networks excel in this regard. By combining both,
more comprehensive information can be extracted, encompassing global over-
all information and local detailed information. Therefore, a multi-scale feature
fusion approach is adopted to achieve a more comprehensive feature represen-
tation, enhancing the discrimination of similar defects. After augmenting the
three scales of features obtained from the backbone using the CICM module,
another module is introduced: Multi-scale Contrastive Loss. This module lever-
ages contrastive learning to distinguish between similar defect features. The crux
of contrastive learning lies in determining positive and negative samples. Once
the image is inputted to the backbone network and processed by the CICM mod-
ule, three sets of enhanced features (represented as X, X5 and X3) are obtained.
These representations are then projected into a 128-dimensional potential space
using a single-layer MLP [5] projection head.

A batch of N samples is randomly selected, and a comparison prediction task
is defined for the multi-scale samples in the batch, resulting in 3N data points.
We consider different scale views of each sample to be semantically similar, so
we define them as positive samples. In addition, we treat the other 3(N — 1)
samples in the batch as negative samples. We create a different view of each
positive case from a negative sample pair with each negative case. Then, the loss
function of a pair of positive examples (i, j, k) is defined as:

exp (i-j-7)

5
Zg:oexp ((i+j+k).w) (5)

L, =—log

where 7 [38,36] represents the temperature coefficient, which is used to con-
trol the degree of attention given to difficult samples. In equation 5, 7, j, and
k represent different views of the current sample, respectively ¢,1, ¢n2, and ¢,3
are different views of other samples. Essentially, this loss function computes the
logarithmic loss of a classifier that employs an (N + 1)-way softmax to classify
various samples. It is worth noting that the contrast loss function can also be
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based on other types of loss, such as margin-based loss and NCE loss variants
[43]. In order to train the encoder network that represents “query” and “key”
[14,15]. The contrastive loss serves the unsupervised objective function. Our
contrastive learning loss is akin to InfoNCE [15], albeit with a distinction in
the definition of positive and negative samples. Contrastive learning loss uses
positive sample pairs from different enhanced versions of the same image and
negative samples from different samples. This requires different networks to ex-
tract features from the sample pairs. However, in this paper, multi-scale features
are considered positive samples, and only a single feature extraction network is
needed. This significantly reduces the amount of parameter calculation. Addi-
tionally, the negative sample diversity can still be maintained to a certain extent
even when using a smaller batch size, due to the multiple views.

3.4 Total Loss

Additionally, we utilize cross-entropy loss for classification, which is based on
the model’s predictions. We refer to this loss as L¢.,. Our framework’s overall
loss is defined as follows:

n C
Lcro - _% Z(Z Yi,j IOg(pi,j)) (6)

i=1 j=1

the equation for calculating the probability of the i-th sample belonging to the
j-th class is p; j, where n is the batch size, C' is the number of classes, y; ; is the
true label of the i-th sample on the j-th class, and p; ; is the prediction of the
j-th class for the i-th sample.

loss=ax Lo+ (1—a) x L, (7)

Section 4.7 provides a detailed analysis of the hyperparameter « used to optimize
loss with the stochastic gradient method.

4 Experiments

We report the experimental results, and compare our method with the state-of-
the-art approaches.

4.1 Datasets and Baselines

Baselines. In the experiments, we compare our SSDC-Net with the 6 methods
described as follows. (1) SMPConv [20]: presenting self-moving point representa-
tions where weight parameters freely move, and interpolation schemes are used to
implement continuous functions. (2) EMO-1M [41]: extending CNN-based IRB
to attention-based models and abstracting a one-residual Meta Mobile Block
(MMB) for lightweight model design. (3) FasterNet [3]: Spatial features can be
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Fig. 2. Demonstration of different steel surface defects in the BG-DET dataset

extracted more efficiently by simultaneously reducing redundant computations
and memory accesses. (4) ResNet [16]: Using Residual Module and Residual
Connection to Build Networks. (5) Tip-Adapter [42]: Strong few-classification
performance by using the cache model to directly set the weights of the Adapter.
(6) Yolov8: integrating efficient feature extraction and robust classification ca-
pabilities, facilitating accurate and real-time classification tasks.

BG-DET. The BG-DET dataset comprises 23 types of defects, including pro-
tective slag, punched holes, edge scratches, indentations, roll marks, holes, flat-
tening, foreign object indentation scratches, texture, and grain, among others.
These defect samples are confirmed by 2 to 3 senior engineers, and the number
and size of samples for each type differ. The dataset includes a maximum of 1,000
samples for some classes and a minimum of only 200 samples for others. Figure
2 illustrates the similarity among defect samples in the BG-DET dataset. We
observe that the morphology of different defect types exhibits slight differences
in color, texture characteristics, and defect size, posing a challenge for defect
classification.

FSC-20 [44]. Curated by Northeastern University, is publicly accessible and
comprises 20 defect classes, with 50 images per class. Each sample is of resolu-
tion 224 x 224 and has been jointly validated by the involved engineers.

MSD [39]. Curated by Northeastern University, is publicly accessible and com-
prises 10 types of steel surface defects and 10 types of aluminum surface defects.
Each type of steel defect contains 50 images of size 224 x 224.the size of alu-
minum surface defects is 256 x 256, and the number of pictures in each type
ranges from 22 to 48. and has been jointly validated by the involved engineers.

All the experiments in this study were conducted on these 3 datasets, with
80% of the training set and the rest being the validation set.
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4.2 Implementation Details

We employed Yolov8 as the foundational network architecture for all our ex-
periments, with an input image with the size of 224 x 224, consistent with
most state-of-the-art fine-grained categorization approaches. To ensure reliable
results, we set a random seed to minimize the impact of randomness. Our ex-
periments were conducted on a server equipped with an Intel(R) Xeon(R) Gold
5222 CPU and a GeForce RTX A6000 GPU. In all experiments except those
involving different batch sizes in Yolov8, the batch size was set to 64.

The training settings utilized in this study are as follows: we employed the
cosine annealing method [29] for learning rate adjustment, initializing with a
learning rate of 0.001. For the loss function, we employed the cross-function with
label smoothing, with a label smoothing coefficient of 0.1. Adam optimizer was
utilized with a weight decay attenuation factor of 5e-5. Our method commenced
training with pre-trained weight files, and the reported experimental results on
the two datasets are based on the training dataset.

4.3 Evaluation Metrics

We evaluated the classification performance of the model across various datasets
using different metrics such as accuracy and training time. The training time
was utilized to analyze the complexity of the model. Additionally, we calculate
the precision, recall, F1 score, and accuracy of the model using Equations (8) to
(11).

TP

Precision = TP+ FP (8)
Recall = 7TP1—1§—PFN (9)

1= Ll et o
ACC= TP+§§1§£+ FN (1)

where TP, FP, TN, and FN represent true positive, false positive, true negative,
and false negative, respectively.

4.4 Comparing with state-of-the-art methods

Table 1 lists the results of the comparison between our method and state-of-the-
art classification methods. We evaluated the performance of each model using
metrics such as average accuracy. First, our proposed SSDC-Net has achieved
commendable accuracy in a relatively short training time. Specifically, it achieves
a high accuracy of 87.3%, which is 4.3% and 2.3% higher than the SMPConv
and EMO-1M methods. In addition, on the BG-DET dataset, our method out-
performs the other networks with an accuracy of 77%, while the ResNet network
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has an accuracy of less than 70%, and our method achieves an accuracy of 93%,
outperforming other comparative methods on the MSD dataset. We attribute
the superior performance of our method to the CICM module, which effectively
highlights important regions characterized by different samples, an ability that
other models lack.

Table 1. Comparison with state-of-the-art methods on 3 datasets.

Dataset Model ACC Precision Recall F1 Time(hours)

SMPConv[20] 0.830  0.800 0.770 0.780 1.5

FSC-20 EMO-1M[41] 0.850  0.830 0.820 0.820 1.2
Yolov8s 0.856  0.850 0.800 0.820 0.3

Ours 0.873 0.830 0.840 0.870 0.3

FasterNet[3] 0.550  0.500 0.600 0.550 0.3

MSD ResNet50[16] 0.475  0.482 0.440 0.460 0.3
Yolov8s 0.900 0.877 0.853 0.860 0.3

Ours 0.930 0.870 0.890 0.910 0.3

ResNet50[16] 0.670  0.602 0.542 0.570 80
ResNet101[16] 0.650  0.582 0.569 0.575 85

BG-DET SMPConv[20] 0.732  0.648 0.639 0.643 18
Tip-Adapter[42] 0.260  0.150 0.174 0.161 13.5
EMO-1M[41] 0.720  0.663 0.631 0.647 21.3

Ours 0.770 0.696 0.719 0.707 1.2

4.5 Ablation Analysis

Table 2 shows the effect of each of our components on our experiments, which
were conducted on two baselines and datasets to test the effect of each component
separately.

CICM Module. The Channel Information Complementation Matrix
(CICM) enhances the learning of localized detailed features by leveraging inter-
action information between channels. As presented in Table 2, on the BG-DET
dataset, the inclusion of the CICM module alone with Yolov8s + SCI improves
performance by 3.1% compared to using Yolov8s alone (73.0%), while Yolov8x +
SCI with the CICM module alone enhances performance by 3.6% compared to
Yolov8x alone (81.0%). On the FSC-20 public dataset, the addition of the CICM
module results in performance improvements of 3.6% and 2.7% for Yolov8s and
Yolov8x, respectively. On the MSD dataset, the addition of the CICM module
improved the performance of Yolov8s and Yolov8x by 2.4% and 0.8%, respec-
tively. Compared to the two, the improvement brought by the combination of
the CICM module with the former is significantly larger than that of the latter,
which may be because the deeper the model extracts the richer information that
the features possess. This underscores the significant role of CICM in enhancing
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Table 2. Validation of each module on the 3 datasets.

Model dataset ACC dataset ACC dataset ACC

Yolov8s 0.730 0.810 0.900
Yolov8s+CICM 0.761 0.846 0.924
Yolov8s+MCL BG-DET 0.745 FSC-20 0.832 MSD 0.915
Yolov8s+CICM+MCL 0.770 0.873 0.930
Yolov8x 0.760 0.821 0.910
Yolov8x+CICM 0.773 0.848 0.918
Yolov8x+MCL BG-DET 0.764 FSC-20 0.837 MSD 0.910
Yolov8x+CICM-+MCL 0.781 0.861 0.921

Table 3. Exploring the effect of different batch-size values on experimental results on
the 3 datasets.

Model Batch-size dataset ACC dataset ACC dataset ACC

16 0.767 0.865 0.767
32 0.765 0.872 0.921
SSDC-Net 64 BG-DET 0.77 FSC-20 0.873 MSD 0.930
128 0.777 0.875 0.833
256 0.781 0.881 0.933

system performance, effectively advancing defect classification by better explo-
ration and utilization of inter-channel information. Consequently, the system can
capture and comprehend local details more comprehensively and accurately.

MCL Module. We further investigated the effectiveness of the proposed
Multi-scale Contrastive Learning (MCL) module. As shown in Table 2, on
the BG-DET dataset, the inclusion of the MCL module (Yolov8s+MCL) im-
proves performance by 1.5% compared to the method without contrastive
loss (Yolov8s). Similarly, on Yolov8x, Yolov8x+MCL enhances performance
by 0.4% over Yolov8x. To further elucidate the properties of multi-scale con-
trastive learning, we explicitly apply the multi-scale contrastive loss method
(Yolov8s+CICM+MCL) to the features computed by the CICM module.
However, the improvement of Yolov8s+CICM+MCL is limited compared to
Yolov8s+CICM (76.1% vs 77.0%). On the publicly available dataset FSC-20 and
MSD, Yolov8+CICM+MCL also exhibits very limited improvement compared
to Yolov8+CICM. This limitation may be attributed to the use of fewer negative
samples in multi-scale contrastive learning loss, which could diminish its abil-
ity to discern significant differences between two images. In Table 4, we further
explore the effect of the number of negative samples in multi-scale contrastive
learning loss on the experiment.

4.6 CICM Analysis for Enhancing Local Structural Detail
information

Fig 3 illustrates the feature maps extracted by ResNet50, Yolov8s, and our pro-
posed method. The original image contains a defect, indicated by a red box.
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Image ResNet50 Yolov8s

Fig. 3. Visualization of extracted features from some models

However, the defect location is not clearly discernible in the feature maps ex-
tracted by ResNet50 and Yolov8s. In contrast, our method distinctly highlights
the defect’s location within the red box. This enhanced visibility is attributed
to the Channel Information Complementation Matrix (CICM) module, which
emphasizes detailed information across different channels, guiding the network
to focus on more distinguishable local features.

4.7 Hyperparameter Analysis

Table 4. Exploring the effect of different v values on experimental results on the BG-
DET and FSC-20 dataset.

dataset @ ACC o ACC dataset « ACC « ACC dataset « ACC o ACC

1.0 73.0% 0.5 75.4% 1.0 83.5% 0.5 86.5% 1.0 90.0% 0.5 89.0%
0.9 76.5% 0.4 74.2% 0.9 86.3% 0.4 81.2% 0.9 96.0% 0.4 88.0%
BG-DET 0.8 77.7% 0.3 73.5% FSC-20 0.8 87.3% 0.3 85.0% MSD 0.8 93.0% 0.3 87.6%
0.7 76.7% 0.2 72.0% 0.7 87.1% 0.2 86.9% 0.7 88.0% 0.2 87.9%
0.6 76.1% 0.1 71.6% 0.6 87.2% 0.1 83.2% 0.6 89.0% 0.1 87.4%

We manually tune the parameter « to optimize its value, restricting it be-
tween 0 and 1, thereby balancing the joint training of the two losses. Table 4
shows the effect of the parameter o on the experiment, and it can be seen that
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the model is most accurate when « is set to 0.8 and 0.9. As « decreases, the ac-
curacy of the model also declines. This is attributed to the increase in the weight
of the contrastive learning loss, which leads to a widening of the gap between
defects. If the weight is set too high, the representation capability of defective
samples may be compromised, resulting in classification errors.

Our goal with contrastive learning loss is to reduce the variability of fea-
tures at different scales within the same sample, while simultaneously increasing
the variability between features at different scales across different samples. To
enhance the classification performance of the network, it is recommended to in-
crease the number of negative samples. In our experiment, negative samples are
obtained from other images within the same batch size. Therefore, we conducted
experiments with different batch sizes, as outlined in Table 3. As depicted in the
table, accuracy improves as the batch size increases. However, there is a slight
drop in accuracy when the batch size is 32. This table confirms that as the
batch size and the number of negative samples increase, the samples become
more independent of each other, leading to a better feature representation.

5 Conclusion

This paper delves into the challenges associated with employing traditional deep-
learning methods for classifying steel surface defects. The subtle inter-class dis-
tinctions within different industrial steel surface defect datasets pose difficul-
ties in achieving accurate classification. Leveraging the intricate relationships
between channels aids in capturing these distinctions, as each channel corre-
sponds to distinct semantics. To address this, we propose an enhanced Yolov8
network modeling algorithm that relies on feature enhancement by mining chan-
nel information from similar samples. The network effectively models mutual
channel information among similar samples, emphasizing crucial local features
to discern similar defects and accentuate feature disparities. Comparative exper-
iments demonstrate that our proposed algorithm surpasses ResNet, EMO-1M,
and Yolov8-based algorithms in terms of prediction accuracy and speed. Mov-
ing forward, our future endeavors will focus on further validating the model’s
generalization performance and leveraging optimization algorithms and device
adaptation to develop a comprehensive framework for steel surface defect clas-
sification.
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