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Abstract—Steel Surface Defect (SSD) recognition plays a
critical role in guaranteeing the quality and economic benefits
of industrial metal products. At present, deep learning-based
recognition methods have achieved excellent performance within
related fileds. However, these methods usually depend on the
availability of extensive training data and label information. For
SSD recognition, the SSD data is often insufficient and labels are
scarce, making it hard to train a supervised deep model. In this
article, we proposed a novel few-shot SSD recognition method
based on self-supervised constrastive learning (Self-SCL), which
can effectively learn data representation with unlabeled data in
the pretraining stage and learn categories from a few labeled
samples in the fine-tuning stage. In the method, we proposed a
information-guided Teacher-Student (TS) pretrained model with
Min-Max Instances Similarity (MMIS) regularization. In the
pretraining stage, we utilized the multi-crop mechanism to build
a Teacher Encoder (TE) with multi-view information, and lever-
aged the TE to guide the Student Encoder (SE) with information.
Meanwhile, the SE also provided the TE with ‘“questions” during
the update process, which the SE also shared updated information
with the TE for further refinement. Specially, we introduced
MMIS to address the problem of ambiguity between intra-class
and inter-class distances in SSD data. During the fine-tuning
phase, we fine-tuned the pretrained model obtained by TSMMIS
with a few labeled data, and tested the SSD recognition accuracy
in four SSD datasets. As the experimental results indicate, our
method significantly outperforms other state-of-the-art methods
on the four SSD datasets.

Index Terms—Deep learning, few-shot, self-supervised con-
strastive learning, steel surface defect recognition.

I. INTRODUCTION

HE assessment of surface quality in steel products is

crucial for various industries, including manufacturing,
military equipment and daily life. Anomalies during pro-
duction or operation can lead to defects like scratches and
pollution on steel surface, impacting product quality, durability
and economic viability. Thus, accurate recognition of surface
defects is vital for the manufacturing processes. Notably,
the recognition of Steel Surface Defect (SSD) is a repet-
itive, high-speed and demanding task that places excessive
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Fig. 1. Sketch of the Self-SCL framework. Firstly, the unlabeled instance was
used to pretrain the encoder with self-supervised, so that the encoder had a
“Classification Pattern”. Secondly, the “Clssification Pattern” was fine-tuned
with few-shot labeled data (only 1 to 4 labels per class), making it suit real
labels, as well as the specific recognition of category was tested.

pressure on quality inspectors. Furthermore, the subjective
consciousness and emotional state of inspectors can lead to
inevitable misjudgments. Hence, it is highly significant to
develop intelligent SSD recognition systems as an alternative
to manual recognition.

Recently, deep learning has been attracting much attention
in industrial inspection and recognition research, particularly
in the domain of SSD quality inspection [1], [2]. The availabil-
ity of large annotated datasets and advancements in computing
equipment have contributed to the progress in this field.
Previous methods have focused on supervised learning with
abundant labeled data [3], [4]. They all take advantage of
the inductive bias of Convolutional Neural Networks (CNNs)
[5], [6] for efficient representation learning. However, the
likelihood of machine failure is low, and there are diverse
types of defective products that require a substantial amount
of expert annotations. Consequently, the SSD data volume
tends to be constrained, accompanied by a scarcity of labeled
samples. It presents a challenging scenario for few-shot SSD
recognition, which relies on only a few labeled data in per
class. In this case, over-fitting caused by the scarcity of
supervision information [7] hinders the broad applications of
deep learning methods in SSD recognition. Hence, developing
a algorithm based on unlabeled data is crucial to SSD recogni-
tion task with few-shot labeled samples. Fortunately, scholars
have tried to study this method and have made progress. For
example, Semi-supervised learning (Semi-SL) [8] can perform
consistent learning based on unlabeled and partially labeled
samples. Self-supervised contrastive learning (Self-SCL) [9]
can perform a pretraining based on unlabeled data to obtain
reliable data representation ability that can be transferred
to few-shot target tasks. Unfortunately, the transferability of
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Fig. 2. Flowchart of our method. X and X represents one crop and K crops input image, respectively. Y5 and Y; represents the output of encoder. Ps and
Py were obtained by Y and Y; through several linear layers. The CosineSimilarity function was used to calculate the similarity values between Yy and P,
Ps and Y; respectively. L;g, s is obtained by computing the CrossEntropy by assigning ordered labels to the obtained similarity values. Ljsarrs enhanced
the dissimilarity between instances by minimizing the maximum product of pairwise multiplication in Y;. The fine-tuning and testing stage were carried out
simultaneously, where the pretrained model was fine-tuned with few-shot labeled data and the recognition performance of the model was verified.

model knowledge is normally weakened in other based on
labeled pretrained models due to their reliance on limited
label information [10]. However, Self-SCL is more suitable
for few-shot SSD recognition tasks compared to Semi-SL,
as it requires a smaller amount of labeled data and is label-
independent during training [11]. Moreover, Self-SCL facili-
tates the exploration of comprehensive data information from
multiple perspectives, empowering the model to autonomously
learn a data-specific “classification pattern” and transfer it
to the target task [12], as shown in Fig.l. Yet it is still a
challenging task to transfer Self-SCL to the field of SSD
recognition from natural image related domains [13]. On the
one hand, existing Self-SCL is based on representation learn-
ing with large volume and diverse datasets [14], benefiting
from more instance-level information. However, the limited
data and indistinguishability of SSD data hinder the ability
of model to acquire ample instance-level information, making
Self-SCL ineffective in establishing a reliable knowledge base
during pretraining (In Fig.1. left). Although data generation-
based methods [15], [16] have addressed the problem of scarce
instance-level information in few-shot recognition tasks and
achieved impressive results, they focus on data generation
rather than leveraging existing data structures. Additionally,
[16] relies heavily on manual intervention to ensure data qual-
ity during generation. In contrast, this paper aims to investigate
a stable Self-SCL method solely based on limited unlabeled
data. On the other hand, the ambiguity in the distances between
intra-class and inter-class defects poses a challenge due to
material characteristics [17]. However, Self-SCL relies on the
similarity in intra-class and the difference in inter-class [12],
which makes it difficult to deal with partial defect data with
indistinguishable distances. Consequently, further research is

needed to generalize Self-SCL methods for SSD recognition.
To solve the problems discussed above, inspired by the
Teacher-Student structure in [18], we proposed a Self-SCL
method Teacher-Student with Min-Max Instances Similarity
(TSMMIS) for few-shot SSD recognition without any data
generation. The Teacher Encoder (TE), a large model de-
scribed in [18], serves as a guide for the small model Student
Encoder (SE) to achieve high-performance results. Neverthe-
less, our Teacher-Student (TS) module not only maintains
the simple and consistent structure of TE and SE, but also
incorporates TE to instruct SE with multi-view information,
thereby enhancing SE data representation capability. We define
this form as information-guided TS, rather than model-guided
TS. For our approach, the framework is shown in Fig.2. Firstly,
we built the TS module using the multi-crop mechanism.
Multi-crop added the enhanced information of multiple views
to the TE, while the SE only kept the main view information of
a single view. Since different transformations can be seen as
an independent category [19], multi-crop is able to provide
diverse category information for TE, which “teaches” SE
updates based on this information. In this way, the problem
of limited instance-level information was solved. In addition,
the SE fed back its own “question” to the TE by parameter
sharing. Secondly, we proposed a regularization method, called
MMIS, to optimize the TE. MMIS encourages greater differ-
ences between sample features from different views, thereby
increasing the learning complexity of the model, reducing the
model decision boundary, and alleviating the issue of intra-
class and inter-class distance ambiguity in SSD data. The main

contributions of the article are summarized as follows.
1) We proposed a few-shot SSD recognition method with-
out any data generation via information-guided Teacher-
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Student (TS) module and a regularization (MMIS),
namely TSMMIS. According to our knowledge, our
work is the first attempt in SDD recognition tasks.

2) We utilized multi-crop mechanism to augment the
instance-level information in the limited unlabeled SSD
data, and construct the TS module to learn this in-
formation in a Self-SCL manner to obtain robust data
representation ability.

3) To better deal with the problem of distance ambigu-
ity within intra-class and inter-class in SSD data, we
proposed MMIS, which encourages enhancing the dif-
ferences between instances and narrowing the decision
boundaries of the model.

4) We tested our method on four SSD datasets for few-shot
recognition and compared it against several state-of-the-
art (SOTA) algorithms. TSMMIS achieved competitive
performance. Especially, TSMMIS has more outstanding
performance in the case of lowest few-shot.

The following sections of this article include: Section II
presents related work. Section III describes the details of the
method. We present the results of experiments in Section IV.
Section V concludes the article.

II. RELATED WORKS

In this section, we will review the SSD recognition methods
based on deep learning models in recent years, and briefly
introduce Semi-SL and Self-SCL.

A. Recognition of steel surface defect

In early studies [20], [21], researchers used CNNs with fully
supervision information for SSD recognition tasks. Soukup
et al. [22] applied deep CNN to classify SSD and explored
regularization in CNNs. Hao et al. [23] used deformable
convolution to empower the feature extraction capability of
CNN, and then improved the performance of SSD recognition.
However, these methods often do not work well when faced
with few labeled data. Furthermore, some scholars have tried
to improve the feature utilization efficiency of CNN to resist
the problem of a small number of labels. They adopted feature
fusion [24], [25] to make the limited label information fully
utilized by CNN, so as to prevent model overfitting. However,
the method of feature fusion not only increases the complexity
of the model, but also requires at least 20+ labeled data for
each type of defect during training. Apparently, the method
based on full supervision, either through the general network
[5], [6] or the fusion network, is not suitable for the few-shot
SSD recognition tasks.

Furthermore, in order to solve the few-shot problem of
SSD, researchers have proposed to recognize SSD with small
samples by generating data from the original data. Wen et
al. [26] proposed CGAN to generate new data for classifying
surface defects with small samples, and used the generated
new data to train models. While generating data, CGAN uses
the attention mechanism to alleviate the problem of intra-
class and inter-class distance ambiguity of surface defect data.
Yang et al. [27] used GAN to generate new metal defect

samples and added these samples to the training and fine-
tuning of the model. He et al. [28] used GAN to generate new
SSD data and used them as pseudo-labels needed for semi-
supervised learning. By combining the attention mechanism
with GAN, Hao et al. [29] generated steel strip surface defect
samples, and used the general network to classify all defect
samples including the original samples. Although the GAN-
based data augmentation method provides a feasible solution
to solve the problem of few-shot SSD recognition, this method
is cumbersome and unstable. In the work of [26]—-[29], the data
generation of GAN is outside the model training, preventing
the model from being trained end-to-end. In addition, it is
challenging to control the quality of data generated by GAN,
and it is prone to collapse [30], which will increase the burden
of model design. Even if [16] has achieved excellent few-shot
SSD recognition performance by using GAN and Self-SCL,
it still cannot get rid of the problems of manual intervention
and unstable quality of generated data. Therefore, this paper
focuses on few-shot SSD recognition method without adding
any additional models and additional data, which is only based
on limited data and scarce label information, and this few-shot
SSD recognition method is also more promising in engineering
application.

B. Semi-supervised learning

Semi-SL alleviates the need for labeled data by providing
a way to leverage unlabeled data. In much previous Semi-
SL work, the learning of a model usually encouraged the
model to predict confidently at the output [31]. In much recent
work, researchers use the idea of consistency regularization
to construct Semi-SL, which maintains the consistency of
different views of the same data. This method was first
introduced by Berthelot et al. [31], who constructed a Semi-
SL framework called MixMatch. In MixMatch, the pseudo-
label was composed of the unlabeled data augmented by K
different data, and the prediction results of the pseudo-label
and the real label were compared to realize the representation
learning of the model. Next, Berthelot explored the alignment
criteria of data distribution and proposed ReMixMatch et al.
[32]. In 2020, Sohn et al. [33] further simplified MixMatch and
proposed FixMatch. FixMatch once again sets the standard for
Semi-SL in the general domain. FixMatch only makes strong
enhancement and weak enhancement on the data, and uses
the weak enhanced data as the pseudo-label and calculates
the cross-entropy of the strong enhanced data and the pseudo-
label. In 2021, MPL proposed by Pham et al. [34] once again
refreshed the semi-supervised optimal performance. Based on
Semi-SL framework, it combines the idea of Teacher-Student.
MPL uses the output of the consistent TE and SE as the loss
function of the model. In 2022, Zheng et al. [35] proposed
SimMatch, which considers both semantic level and instance
level consistency, and instantiates a memory bank for storing
labeled data, making full use of the limited labeled data. For
the task of few-shot SSD recognition, Semi-SL is better than
GAN-based methods. Semi-SL can not only realize end-to-end
training, but also does not rely on additional data. However,
Semi-SL is susceptible to the interference of pseudo-labeled
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data during the training process, which makes it difficult for
the model to balance the relationship between pseudo-labels
and real labels when learning the data representation ability.

C. Self-supervised contrastive learning

Self-SCL has gradually become a research hotspot in vari-
ous fields [36], [37]. Self-SCL can pretrain the model based
on unlabeled data, and obtain great performance by fine-tuning
with few-shot labeled samples. Compared with Semi-SL, Self-
SCL has received much interest in the field of small sample
size problem because it needs fewer labeled data. The first
Self-SCL framework is MoCo proposed by He et al. [38].
MoCo stores the negative examples generated by the momen-
tum encoder through a queue, considers the output of the basic
encoder as positive examples, and calculates the loss between
positive examples and negative examples through Info-NCE
[39]. Meanwhile, Chen et al. [40] proposed SimCLR. Different
from MoCo, SimCLR uses a huge update batch to ensure the
number of negative examples, and proposes the NT-Xent loss
function as the model update target. Caron et al. [41] proposed
SWAYV, which uses the consistency information between com-
parison instance clusters for self-supervised training of the
model. In 2020, Gril et al. [42] proposed BYOL, which no
longer uses negative examples to provide comparative infor-
mation, but instead performs Self-SCL tasks by comparing
the output of two encoders with shared parameters, one of
which is stopped from propagating gradients. In 2021, Chen
et al. [43] proposed SimSiam model, which similarly no longer
uses the information of negative samples, but uses the output
generated by two shared parameter encoders to construct
a symmetric prediction loss. However, Self-SCL cannot be
transferred effectively in the face of few-shot SSD scenarios
since there is not enough instance level information available.
Furthermore, the aforementioned Self-SCL methods primarily
concentrate on capturing instance similarities, neglecting the
significance of instance differences. Consequently, they fail to
address the challenge of distinguishing between intra-class and
inter-class distances in SSD data, leading to ambiguity. Even
so, the idea of Self-SCL using unlabeled data for pretraining
and rarely labeled data for fine-tuning is specific to the few-
shot problem. Therefore, this paper will explore and use a
novel Self-SCL method to well solve the problem of few-shot
SSD recognition tasks.

III. METHOD

This study proposed a novel Self-SCL pretraining method
for few-shot SDD recognition, named TSMMIS. In TSMMIS,
ResNet18 [6] was used to construct the encoder of TS module,
and the MMIS regularization module was designed to further
improve model recognition performance. In the TS module,
the TE obtained the information of multiple views through the
multi-crop mechanism and used the multi-view information to
guide the SE. The SE then feed back the “problem” to the
TE. In the MMIS module, starting from the characteristics
of human recognition of objects, we encouraged difference
of different views of the same image, and then constrained
the strength discrimination ability of the model. We strive

TABLE I
ENCODER DETAILS OF TSMMIS

Stage Type Output

- 7x7, 64, stride 2 224x224

- 3x3 max pool, stride 2 112x112

R1 [3x3, 64; 3x3, 64] x 2 56x56

R2 [3x3, 128; 3x3,128] x 2 28x28

R3 [3x3, 256; 3x3, 256] x 2 14x14

R4 [3x3, 512; 3x3, 512] x 2 7x7

- average pool, fc, softmax 1x1

to develop a self-supervised pretraining method to obtain
sufficiently reliable “classification patterns” in unlabeled lim-
ited data. Therefore, we mainly discuss how TSMMIS is
constructed.

A. Information-based Teacher-Student

We chose ResNetl8 as our encoder, which is the most
robust among the general network models. The ResNet of
networks can maximally prevent the loss of features in deep
learning through a special residual mechanism. In particular,
our encoder f(x;6) module mainly selects ResNetl8 as the
backbone network, and the details are set in Table I, which is
introduced from [10].

Based on the selected encoder, Self-SCL utilizes various
enhanced views of unlabeled images to conduct contrastive
learning during the self-supervised pretraining stage, enabling
the model to acquire robust data representation capabilities and
obtaining a pretrained model capable of effectively differenti-
ating instances [44]. However, the existing Self-SCL methods
are developed based on large unlabeled datasets, and the
diverse data provides sufficient instance-level information for
the pretrained model of Self-SCL, which is difficult to achieve
in SSD data. To capture sufficient instance-level information
from the limited unlabeled data in SSD without imposing
additional data burden during the pretraining process, we
proposed an information-guided Teacher-Student framework.
The construction process is outlined as follows:

Firstly, we used the "Multi-Crop & Transform” module
to obtain one main view crop and multiple views crops by
cropping the unlabeled images with different cropping rates
and different transformative methods. Different crop ratios
allow for effective similarities and inevitablee differences
between different views of the same image. It is worth noting
that image transformation using multi-crop mechanism does
not add any data burden to the task, and it is based on the
existing data. While the problem of instance diversity has
been addressed, the utilization of this instance information
for self-supervised pretraining remains crucial. To tackle this,
we incorporated multi-view crops information into TE and
single crop information into SE. We leveraged the multi-view
information of TE to guide the update of SE, facilitating
the transfer of knowledge from the knowledgeable Teacher
to the Student. Additionally, parameter sharing enables TE to
identify any “problems” in SE. It is important to note that SSD
data exhibit inherent scale variability and spatial sparsity due
to variations in defect sizes and their limited spatial presence
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within the entire image. To address this challenge, we opted for
cosine similarity as the feature measurement method. Cosine
similarity is selected for its inherent scale invariance and
robustness to spatial sparsity [45], making it well-suited for the
characteristics of the SSD data. We utilize CosineSimilarity
(C'S) and CrossEntropy (CE) function to constitute the loss
function of the TS stage, so as to realize the interactive update
of TE and SE (see Fig.2). In particular, we specify that the
input to SE is X, = {2} € RP*! and the input to TE
is Xy = {aF, k € [1,K]} € RE*! with K views, where B
represents a batchsize. Inputting batchs of images from X
and X, into f(x;0) , we can obtain:

[ Yy Po]=[y) p2]="re(als6s) (1
yé pé
Yy p

(v, =" "7 |=hEko) 2)
yr oy

where f,(x,%;0,) and f;(z:*; ;) stand for TE and SE respec-
tively, as well as 5 and 6, are the updatable parameters of
the encoder, which actually share the weight with each other.
Y, = {90} € REXC and Y; = {yF,k € [1,K]} € RBXC
represent the output of TE and SE, respectively, while P, =
{p2} € REXC and P, = {pf, k € [1, K]} € RBXC represent
the Predictor output. C' is the number of target classes.
Secondly, this paper uses C'S function to calculate the
similarity information of Y; to P and Y, to P;. Then, two
similarity values, T}, and S%,,, can be obtained. Remarkably,
when performing C'S, all P are transposing, so as to eas-
ily obtain the positive similarity and the negative similarity.
Tk, € RBXB and S%,, € RBXB can be written as follows.

0 k
Ds Y
T, = — - (3)
t2‘ 1RSI 1lyr ]
k
k D Ys
st =~ T “4)
2 pEll sl

among them, k in T}, and S%,, represents the similarity value
matrix between the k*" view and the main view. The diagonal
of the matrix is the positive similarity, and the other positions
are the negative similarity.

Finally, based on the obtained T}, and S%,,, we used the
CE function to construct the loss function of TS. The purpose
of using C'E function is to make the proposed method have
better instance discrimination ability by way of prediction. In
the prediction process, the goal of C'E is to maximize the
positive similarity and minimize the negative similarity, so that
the model can group the instances with the same characteristics
into one cluster and obtain a “classification pattern”. Notably,
the labels used by the CE loss function are sequential numbers
generated based on the batch size. For instance, if the batchsize
is 64, the labels assigned to the samples would be [0, 1, 2, ...,

63]. The specific CE loss can be expressed by Equations (5)
- (6).
K B &
exp(ts
Lo =~ loa(3 plfi)
k=1

B
=1exp(ty;) + D0 Lpigg) exp(t];)
j=1

JNE)

B

S exp(sy;)
Luoe = = > log(3_ 5 )
k=1

=1exp(sf;) + 30 Lpizj exp(sh)
j=1

(6)

where T[;;; € {0, 1} is an indicator function evaluating to 1 if
i # j . The tf; and sf; reprensent the element of T}, and S%,,
respectively, the subscript ¢ and j mean the corresponding
positions in the matrix. In particular, t¥. and s¥ mean to get
the diagonal values in the matrix.

Inspired by SimSiam [43], We obtained L by adding
Lo with Loy, which is a symmetric form of loss function. It
was worth noting that we canceled all gradients with respect
to Y. By removing the gradient, L;s; allowed the TE output
to guide the SE output, since the value Y; in the Teacher was
just a constant when the model was updated. This process can
be likened to a teacher imparting fixed knowledge, while the
students need to learn and grasp this knowledge step by step.
Similarly, Lgo; will provide the results produced by the SE to
the TE so that the Teacher can understand the “problem” of
the Student and improve the model further.

Lizs + Lyoy) (N

1
Lt&s = ?(

B. Min-Max Instances Similarity

After the TS stage, the instance discrimination ability of
the model has been fully exploited. At the moment, although
the model has the basic ability of instance discrimination, the
problem of indistinct intra-class and inter-class distance of
defect data is not well treated. In order to balance the instance
discrimination ability obtained in TS stage, this paper proposed
a regularization strategy of Min-Max Instance Similarity (see
Fig.2 "MMIS” module), which can best utilize the difference
information between different crops of the same image and
limit excessive instance discrimination ability. It alleviates the
impact of the distance ambiguity of defect data within and
between classes on performance.

Firstly, the Y; generated by TE were multiplied one by
one in order (y,' was multiplied with 1,*), and the matrix
multiplication is simply batch matrix multiplication (bmm).
Taking ;! and ;2 as an examples, the details are shown in
Equation (8) :

M' =y ®@y7 = [mymg---m,] (8)

n

where m,,' denotes the n'" value in group 1, and such

a multiplication form will have K groups. Secondly, the
maximum position sequence number of M' was taken out
according to the row vector direction and labeled.

gjl = arg max ([m%m% e ml}) )

n

the function argmax(x) is to extract the position sequence
number of the maximum value, and yl represents the label
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of the first group. Based on the label ¢!, the loss function

Lisars is obtained using CE.

exp (m

max) )

L}WMIS = —log(

exp( mdx) + Z ]I[J;émax] exp( )

(10)
where M0 - represents the maximum value in M L Tn
particular, the whole Lj;psrs can be obtained according to
K crops with negative sign “-”

Latnis = =4 ZLMMIS (1)

k=1

Finally, in order to achieve the purpose of constrining the
data representation ability of the model in the TS stage, this
paper combined Ljsarrs with Lygs to form the final loss
Liotar. It is obvious from L;,:,; that the ”Min” feature of
Lrars is provided by the combined ”-”.

(12)

Liotar = Liges + A X e X Laryrs

where )\ is a tunable hyperparameter less than 1 and greater
than 0, and e represents the number of epochs of the model
update. In this paper, the influence of A and e on the model
performance will be discussed in the ablation experiment.

Especially, the Lasarrs is inspired by human intuition.
According to human intuition, there is little similarity between
different crops of the same image, Fig.3~Fig.6 show the
situation of different regions in the same image. Since different
crops are obtained by random cropping, the size of crops and
the image information contained in them are not the same,
so in the human eyes, each crop may be a different category.
Taking advantage of this, we encouraged each crop from TE
to have more different information, so as to improve the model
for further recognition of each instance. In this paper, A,
Larvrs, and e were used to construct regularization terms
with stronger constraint ability as the model was updated. The
reason why a dynamic form of regularization is established is
that the initial model urgently needs to establish the similarity
information between instances, and the use of too strong
regularization at this time will lead to the model unable to learn
effectively. In the later stage of model update, the strength
discrimination ability has been well established. Then, strong
regularization is required to constrain the model, so that it can
distinguish the intra-class and inter-class distance ambiguity
data.

Furthermore, we try to further verify the feasibility of MMIS
through some mathematical theories. It is not difficult to
obtain from Equation (10) that when updating the maximum
similarity mJ __, its derivative can be expressed as follows.

max?

8§}VIIMIS - 14— exp(Mmax) (13)
m
max Zl ]]_[j;émax] exp(m})
]:
1 1 eXp( rlnax)
vaml = Pmax — lapmax = (14)

max

Z [j#max] eXp( )

here, pmax is the probability value that m) .  occupies in
all m'. According to the law of back propagation, f(x;6)
performance of the update depends on the gradient values
imposed by each parameter. The gradient in the parameter
mp.. can be expressed by Equation (14). It can be seen that
when m}, is larger, pl _ will also be larger, thus improving
the importance of mp.,. in the gradient This makes the model
tend to make m/ . larger, so that L},,,;s converges faster
and better. However, we added the constraint of - for MMIS
in the Lpsprrs of TSMMIS, which makes mmaX as small as
possible, and then let the update of Lararrs develop in the
direction of suppressing mX

max-*

C. Summary of Method

In this section, we present the encoder used in our approach,
the construction of the TS structure based on information
guidance and the design of regularization of MMIS and its
discussion. Meanwhile, Algorithm1 provides the pseudo-code
of TSMMIS for pretraining.

Algorithm 1 Pseud-code of TSMMIS

Require: TE fi(x;6;), SE fs(x;05), CS(x,%), CE(x,x%),
Unlabeled training set D,, K=5, epochs=300, Multi-
Crop&Transform and Dataloader are imported from the
Pytorch framework.

Ensure: L.

1: for e =1,2,... epochs do

2 transform_img = Multi-Crop&Transform(D,,,K)
3 loader = Dataloader(transform_img)
4 fori=1,2,... len(loader) do

5: yo = fg(loader[‘][O] 0s)

6 p? = Predictor(y?)

7 fork—l.,Q,....,Kdo

8 yt = fi(loader[i][k]; 6)

9: pt = Predlctor(yt)

10: m =CS (ps, v ! detach())

11 Sk, = CS(pt, .detach())

12: Ligs += CE(TE,,[0,1,...,63])
13: Lgo; += CE(S%,,,10,1,...,63])
14: if £ < K — 1 then

15: @ = yf.e=y !

16: else

17: @ = Yt a2=yy

18: end if

19: MF = bmm(q1,q2)
20: g% = argmax(M*)
21: Liags += CE(M*,§)
22: end for
23: Ligs = %(Lﬂs + Ls2t)
24: Lumrs = =g Lius
25: Liotar = Liges + A X e X Lymrs

26:  end for
27:  return Liotqr
28: end for

bmm: batch matrix multiplication; detach: no gradient.
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Fig. 3. NEU-CLS defect example demonstration. (a) Cr. (b) In. (c) Pa. (d)
Ps. (e) Rs. (f) Sc.
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Fig. 4. NEU-CLS64 defect example demonstration. (a) Cr. (b) Gg. (c) In. (d)
Pa. (e) Ps. (f) Rd. (g) Rs. (h) Sc. (i) Sp.
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(©
Fig. 5. X-SDD-CLS defect example demonstration. (a) finishing roll printing.
(b) iron sheet ash. (c) oxide scale of plate system. (d) oxide scale of
temperature system. (e) red iron. (f) slag inclusion. (g) surface scratch.

Fig. 6. GC10-CLS defect example demonstration. (a) Pu. (b) WI. (c) Cg. (d)
Ws. (e) Os. (f) Ss. (g) In. (h) Rp. (i) Cr. (j) WT.

IV. EXPERIMENTS

In this section, TSMMIS will conduct comparative experi-
ments with several SOTA models to validate the effectiveness
of our method in recognizing few-shot SDD. In addition, the
contributions of each module of TSMMIS will be discussed in
the ablation study. At the same time, this paper will also com-
pare the influence of more factors changes on the recognition
performance of TSMMIS, such as hyperparameters, iteration
times, backbone network and other factors.

A. Task setup

1) Datasets: For the verification of TSMMIS performance
in SSD recognition, we collected four SSD datasets, namely
NEU-CLS [21], NEU-CLS64 [21], X-SDD-CLS [46], and
GC10-CLS [47].

NEU-CLS dataset is extensively investigated in SSD recog-
nition. It encompasses six distinct defect categories, namely

crazing (Cr), inclusion (In), patches (Pa), pitted surface (Ps),
rolled in scale (Rs), and scratches (Sc). Each category contains
300 images of size 200x200. See Fig.3 for details.

NEU-CLS64 dataset differs from NEU-CLS in terms of
image size, with a smaller size of 64x64 pixels. Additionally,
NEU-CLS64 encompasses a wider range of defect categories,
including crazing (Cr), grooves and gouges (Gg), inclusion
(In), patches (Pa), pitted surface (Ps), rolling dust (Rd), rolled-
in scale (Rs), scratches (Sc), and spots (Sp). The number of
these nine defective samples is 1589, 1210, 1148, 797, 775,
773, 438, 296 and 200, respectively. See Fig.4 for details.

X-SDD-CLS dataset specifically focuses on surface defects
found in hot rolled steel strips. It encompasses various types
of defects such as finish rolling printing, iron plate ash, plate
system oxidation scale, temperature system oxidation scale,
red iron, inclusions, and scratches. The number of these seven
defective samples is 203, 122, 63, 203, 397, 238 and 134,
respectively. See Fig.5 for details.

GC10-CLS dataset contains data sets of 10 kinds of steel
plate surface defects, including punching (Pu), welding line
(W1), crescent gap (Cg), water spot (Ws), oil spot (Os), silk
spot (Ss), inclusion (In), rolled pit (Rp), crease (Cr) and waist
folding (Wf). The number of these 10 defective samples is 329,
513, 265, 354, 569, 884, 347, 85, 74 and 143, respectively. See
Fig.6 for details.

We will delimit NEU-CLS, NEU-CLS64, X-SDD-CLS,
GC10-CLS respectively:

Unlabeled training set D, = {x;}?,, will be used
for Self-SCL training of the model to obtain transferable
knowledge. 60 percent of NEU-CLS, NEU-CLS64, and GC10-
CLS were randomly selected, and 70 percent of X-SDD-CLS
were randomly selected as D,, for each dataset, and the rest
were all used as test set. The n is the number of unlabeled
training samples.

Few-shot dataset D; = {(z;,y;)};_;, will be used to
perform fine-tuning and linear evaluation. There are only one
to four images per class, or 1-label ~ 4-label. The D; is
randomly sampled from the D,, and given the true label. The
s is the number of few-shot samples.

Test set D, = {(x;,y:)}7_;, will be used to test the
final performance of the model. This set does not have any
intersection with D,, = {z;}?_, or D; = {(x4,y:)};_;. The z
is the number of test samples.

2) Evaluation Metric: The common methods to evaluate
the performance of Self-SCL are linear evaluation and fine-
tuning [40]. By fixing the weights of the backbone network
and updating only the linear classification layer, the linear
evaluation can estimate the correlation between the learned
features of the model in the pretrained stage and the down-
stream tasks. Fine-tuning is done by updating the weights
of the backbone network and the linear classification layer
to reflect the potential of the pretrained model to perform
downstream tasks. Both linear evaluation and fine-tuning are
based on the pretrained model obtained in the self-supervised
learning phase. For evaluating our model performance, we
used a consistent metric: accuracy + standard deviations. It
can effectively show the overall recognition performance of
the model.
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3) Implementation details: We adopted a reliable data
augmentation method from a previous task [16] that utilized
Self-SCL for SSD recognition, and we kept the same data
augmentation method in this paper.

In TSMMIS, the multi-crop mechanism was employed,
generating crops through different crop ratios. Crop ratios
is made up of random values ranging from 0.1 to 1. In
TSMMIS, the hyperparameters were set as follows: K =5, A
= 0.001, BatchSize = 64, and the ResNet18 backbone network
was used. During the pretraining stage, we employed the
SGD optimizer with a learning rate of 0.003 and momentum
of 0.9 for 300 epochs. The model weights from the last
epoch were then used for fine-tuning and linear evaluation.
Because using only 1-label ~ 4-label data per class resulted
in limited authenticity and universality in the fine-tuning and
linear evaluation, we conducted multiple experiments to ensure
reliable results. Similar to [16], we conducted 100 random
fine-tuning or linear evaluation experiments for each method in
the Section IV-B and Section IV-C, ranging from 1-label ~ 4-
label. The results of these 100 experiments were then averaged.
Considering the trade-off between computational resources
and experimental effectiveness, 50 randomized fine-tuning
experiments were performed for each group in the Section
IV-D. By averaging the results of these 50 experiments, we
obtained realistic and universal experimental outcomes. The
experiments were all conducted using the PyTorch framework
with an Nvidia GeForce RTX2080Ti 11G GPU.

B. Comparison with Other State-of-the-Art Methods

We have compared TSMMIS with Self-SCL models from
recent SOTA levels, including MoCov2, SimCLR, SimSiam,
BYOL, SwAV. At the same time, we also compared two
SOTA unsupervised learning (Un-SL) models, Rotation [48]
and InstFeat [49]. In particular, we compared the performance
gap between TSMMIS and Gan-based FiCo (G-FiCo) as well
as Fico [16] on NEU-CLS dataset. In the other datasets,
we only compared TSMMIS with G-FiCo. We used these
methods for pretraining, and as with TSMMIS, we conducted
fine-tuning and linear evaluation experiments to show the
performance. In addition, the data augmentation methods used
remain consistent across all methods. Concretely, we first qual-
itatively compared the “classification pattern” of the pretrained
models obtained by TSMMIS in different datasets, and then
quantitatively analyzed the fine-tuning and linear evaluation
performance of TSMMIS and other methods in four datasets.

1) Qualitative Analysis for TSMMIS: To gain a compre-
hensive understanding of the recognition behavior of the
pretrained TSMMIS model and evaluate its clustering perfor-
mance on different datasets, we employed TSNE technology
[50] to visually analyze the instance discrimination ability
learned during labelless pretraining. It can be seen from
Fig.7 that the “classification pattern” obtained by labelless
pretraining in NEU-CLS is the best, and only a small number
of instances overlap. The worst is the “classification pattern”
in GC10-CLS, where multiple classes overlap and the classes
seem to be spatially close to each other. The underlying
reason for this situation is the significant data imbalance across
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Fig. 7. Clustering performance of TSMMIS for self-supervised pretrained
models in each dataset. Each color represents a different class, and since this
is label-free pretraining, it is not clear what the specific label is.

various defect types in both the X-SDD-CLS dataset and the
GC10-CLS dataset. Specifically, GC10-CLS shows a more
drastic imbalance, with the minimum defect (Rp) and the
maximum defect (Ss) differing by 810 instances. Fortunately,
TSMMIS is able to cluster the unlabeled data relatively
correctly even in such datasets, which shows its potential
in dealing with the label imbalance problem. Although the
“classification pattern” obtained by TSMMIS was proved to
be effective in multiple datasets, further quantitative analysis
was needed to prove the superiority of TSMMIS.

2) Quantitative Analysis for TSMMIS: To quantitatively
access the performance of our method, we conducted fine-
tuning and linear evaluation experiments comparing TSMMIS
with other methods on four datasets. The process involved
using D,, for label-free pretraining of each method, D; for
fine-tuning or linear evaluation of each pretrained model, and
D, for performance testing.

As shown in Table II to Table IX, TSMMIS achieves
the highest level of recognition performance among SOTA
methods in terms of both fine-tuning and linear evaluation.
Especially in the 1-label case, TSMMIS shows a relatively
striking performance regardless of the dataset. To be specific:

Recognition on NEU-CLS Dataset. The values in Ta-
ble II show that, our method can achieve 93.77%, 94.27%,
95.20% and 95.51% classification accuracy in 1-label ~ 4-
label, respectively, and maintain the lowest standard deviation.
This is significantly superior to other SOTA methods. The
accuracy is 18.75%, 9.05%, 6.49%, 4.22% higher than the
best SOTA method in four few-shot datasets respectively. In
particular, compared with FiCo, our performance is 4.40%,
1.27%, 1.73%, 0.86% higher. However, Our method only
surpasses G-FiCo by 2.34% in the 1-label case, while for
the remaining cases, our method falls short compared to G-
FiCo. Based on the analysis of the aforementioned results,
TSMMIS exhibits the most outstanding data representation
capability without the need for data generation. However,
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in contrast to Gan-based methods, TSMMIS faces certain
drawbacks as it does not augment the original data volume
through data generation, which is a characteristic of G-FiCo. In
Table VI, a comparable accuracy is also achieved in the linear
evaluation performance of our method. These results show that
TSMMIS is more able to obtain useful “classification patterns”
without data generation from unlabeled samples and capture
useful information more accurately, as well as shows the best
performance in few-shot datasets.

Recognition on NEU-CLS64 Dataset. As can be seen
in Table III and Table VII. Since NEU-CLS64 has smaller
size images and more defect categories, the performance in
this dataset is generally worse than that in NEU-CLS. Even
so, our method can obtain the best performance among all
compared algorithms, and achieve 84.51%, 87.65%, 89.27%,
89.43% defect recognition accuracy in 1-label ~ 4-label,
respectively. The accuracy of the proposed method is 7.39%,
6.71%, 5.88%, 4.71% higher than the best SOTA method
in four few-shot datasets. Especially, TSMMIS demonstrates
superior performance compared to G-FiCo, with performance
improvements of 2.95%, 2.04%, 1.9%, and 1.13%. This indi-
cates that TSMMIS exhibits enhanced robustness when dealing
with small-sized datasets. Conversely, G-FiCo performance is
hindered by the interference caused by the varying quality of
generated data. Moreover, there is almost no gap between the
fine-tuning performance and the linear evaluation performance.
As these experimental results indicate, our method presents
competitive performance in both normal-scale datasets and
smaller-scale datasets.

Recognition on X-SDD-CLS Dataset. As shown in Table
IV and Table VIII, the proposed method achieves the best
performance in almost all the SOTA methods, especially in 1-
label case. The X-SDD-CLS dataset has the characteristics of
small defect regions and unbalanced defect classes. Therefore,
it is more challenging to identify each defect sample in this
dataset. In the fine-tuning process, our method obtains 72.68%,
78.93%, 83.22%, 84.63% in 1-label ~ 4-label, respectively.
Importantly, TSMMIS demonstrates superior performance in
handling extremely limited labeled data compared to Rotation,
achieving a remarkable 19.83% higher accuracy than Rotation
in the I-label scenario. Unfortunately, TSMMIS performs
worse than G-FiCo except for the 1-label case. This is because
data generation in G-FiCo potentially enhances the availability
of richer feature information. Despite TSMMIS having a
smaller amount of data for pretraining, its recognition perfor-
mance is comparable to that of G-FiCo. Therefore, TSMMIS
demonstrates greater robustness.

Recognition on GC10-CLS Dataset. As shown in Table
V and Table IX, the proposed method achieves the best
performance. GC10-CLS contains more data with imbalanced
defect categories and intensity. In the case of fine-tuning, our
method obtains 58.50%, 67.03%, 72.51%, 74.24% in 1-label ~
4-label, respectively, which is the best performance among all
comparison algorithms. Compared with X-SDD-CLS, GC10-
CLS has more obvious defect characteristics and more data,
which makes TSMMIS perform better. In the linear evaluation
case, the proposed method also achieves the best performance.
It can be seen that the proposed method has better data

scalability ability in the face of more defect categories. And it
also has considerable performance in the data with imbalanced
density.

From the above experiments, it is known that our proposed
method outperforms the SOTA methods in four SSD datasets.
Despite G-FiCo having a larger pretraining data volume,
TSMMIS outperforms it in terms of recognition performance
on both datasets (NEU-CLS64 and GC10-CLS). These benefit
from two aspects. On the one hand, the TS module based
on information guidance in the proposed method can effec-
tively use the limited unlabeled data to pretrain the model
without any data generation, and propose enough reliable data
representation from the unlabeled data. On the other hand,
thanks to the proposed MMIS module, it can encourage the
difference between instances by restricting the similarity be-
tween instances, and then help TS module to establish a more
excellent representation ability. For the SOTA methods, Self-
SCL does not fully consider the problem of limited instance-
level information, and in the whole pretraining phase, their
learning style actively encourages the similarity information
between instances to be close, while the difference information
is treated negatively or even not considered. Such a practice
is undoubtedly disastrous for the recognition of SSD. Un-
SL methods lack implicit guidance information of defect
categories in the pretraining stage, so they cannot establish
a good data representation ability, resulting in that the model
obtained by Un-SL pretraining cannot adapt to the target task.
Furthermore, the extensive manual intervention required by
G-FiCo to ensure the quality of data generation makes it
impractical for industrial applications seeking efficient and
straightforward solutions.

C. Comparison with Different Recognition Networks

This section, we will compare the TSMMIS with general
Recognition networks [5], [6], [S1]-[54]. We also conducted
small sample experiments in four SSD datasets, as detailed in
Fig.8. The results indicates that our method presents over-
whelming performance. Conventional Recognition networks
lack a specific supervision mechanism and primarily rely on
fully supervised learning for data feature extraction. However,
in the context of few-shot SSD recognition with limited
supervision information, the fully supervised learning method
is ineffective in addressing the few-shot problem. To overcome
this limitation, TSMMIS leveraged the limited unlabeled sam-
ples to extract category information, established an effective
data representation ability, and notably enhanced the recog-
nition performance in the few-shot labeled sample scenario.
Meanwhile, it also shows that the structure of the backbone
network is not the key factor affecting the performance of the
model in few-shot SDD recognition.

D. Ablation Results and Discussion

We have further discussed each module’s impact of TSM-
MIS in the ablation experiments. Next, we will analyze in
detail the relationship between the ablation results and the
contribution points. It can be seen from the above experiments
that the fine-tuning performance of the pretrained model

Authorized licensed use limited to: UNIVERSITA DEGLI STUDI DI MILANO. Downloaded on September 25,2023 at 12:49:36 UTC from IEEE Xplore. Restrictions apply.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Instrumentation and Measurement. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TIM.2023.3315404

JOURNAL OF KTEX CLASS FILES, VOL. , NO. ,

TABLE 11
FINE-TUNING EXPERIMENT COMPARISON WITH SOTA ALGORITHM
BASED ON NEU-CLS DATASET

10

TABLE III
FINE-TUNING EXPERIMENT COMPARISON WITH SOTA ALGORITHM
BASED ON NEU-CLS64 DATASET

Mode Methods 1-label 2-label 3-label 4-label Mode Methods 1-label 2-label 3-label 4-label
MoCov2 [38]  74.674#8.28  83.05£5.01  86.48+3.82  88.52+3.48 MoCov2 [38]  77.12+5.68  80.94+3.47  83.39+2.77 84.72+2.50
SimCLR [40]  75.02+7.42  85.22+4.60 88.71%4.16  91.29+3.29 SimCLR [40]  55.04+9.11 64.36+£6.03  68.96+4.71  71.96+4.24
SimSiam [43]  49.00+9.00 62.76+7.38  70.38+5.60  73.91+5.66 SimSiam [43]  51.75#8.12  62.57+5.80  68.69+4.38  70.96+4.13

Self-SCL  BYOL [42] 56.37+£9.87  71.83£8.39  78.58+6.54  82.44+5.21 Self-SCL  BYOL [42] 59.44+7.73  74.58+5.84  80.68+4.27  84.34+2.74
SWAV [41] 48.61+£7.73  59.72+7.36  66.69+6.85  71.02+5.82 SwWAV [41] 36.14£7.59  46.14+5.60 53.31+£5.43  57.86+4.89
FiCo [16] 89.374591  93.00£2.96  93.47+2.64  94.65+1.66 FiCo [16] - - - -
G-FiCo [16] 91.43+6.04  95.35+#2.90  96.04+1.88  96.48+1.42 G-FiCo [16] 81.56+5.47 85.61+3.92  87.37£3.36  88.30+2.93

Un-SL Rotation [48] 57.59+6.67  68.40+5.95  73.83+4.97  77.78+4.59 Un-SL Rotation [48] 18.04+5.70  21.70+£5.90  25.47+6.41  26.76+4.94
InstFeat [49] 56.40£7.30  70.67+6.58  78.00£5.30  82.64+4.21 InstFeat [49] 68.05+£7.04  75.25#4.57  79.60+3.58  82.20+3.12

Our TSMMIS 93.77+£3.59  94.27+2.16  95.20+1.55 95.51+1.37 Our TSMMIS 84.51+3.33  87.65+2.55  89.27+2.27  89.43+5.01

TABLE IV TABLE V

FINE-TUNING EXPERIMENT COMPARISON WITH SOTA ALGORITHM
BASED ON X-SDD-CLS DATASET

FINE-TUNING EXPERIMENT COMPARISON WITH SOTA ALGORITHM
BASED ON GC10-CLS DATASET

Mode Methods 1-label 2-label 3-label 4-label Mode Methods 1-label 2-label 3-label 4-label
MoCov2 [38] 4823750 59.3046.82 64.81+5.74  68.00+5.06 MoCov2 [38]  50.73%5.52  58.72#4.75 62.8124.60 66.17£3.99
SimCLR [40]  46.9327.04 62324640 70.52+530  75.59+4.95 SimCLR [40]  43.67#6.44  53.53%5.63 59.01£3.95 61.85+3.70
SimSiam [43]  31.5627.30  40.17+6.22  44.11x6.78  47.88+8.00 SimSiam [43] 2191232  24.41+245 2526£2.76 25584272

Self-SCL BYOL [42] 43.00£7.04  57.28+6.70  66.64+6.66  71.76%5.87 Self-SCL  BYOL [42] 37.60£6.08  47.77+5.68  55.17+5.83  60.13+5.23
SWAV [41] 41.55%7.17  52.09+6.46  59.82+534  64.23%537 SWAV [41] 36.0646.70  44.13+6.07 47.88+542  51.50+3.85
FiCo [16] - - - - FiCo [16] - - - -
G-FiCo [16] 71424860  81.59£5.55  87.37+3.36  88.46+3.70 G-FiCo [16] 58.47£5.35  65.81x4.79  70.66+4.29  73.40£3.78

Un-SL Rotation [48] ~ 52.85+8.50  64.78+5.53  71.32+4.55  75.96+3.87 L Rotation [48]  32.08+4.83  42.55+4.06 48.20+4.57  52.58+4.20
InstFeat [49]  44.1026.28  57.27#5.69  65.86x4.91  71.18+4.90 Un-S InstFeat [49]  38.39+5.98  47.81£526 54.8245.02  58.78+4.58

Our TSMMIS 72.68+9.87  78.93+6.48  83.22+2.89  84.62+1.97 Our TSMMIS 58.50+5.20  67.10+5.05 72.51£5.25  74.24%5.01

TABLE VI TABLE VII

LINEAR EVALUATION EXPERIMENT COMPARISON WITH SOTA
ALGORITHM BASED ON NEU-CLS DATASET

LINEAR EVALUATION EXPERIMENT COMPARISON WITH SOTA
ALGORITHM BASED ON NEU-CLS64 DATASET

Mode Methods 1-label 2-label 3-label 4-label Mode Methods 1-label 2-label 3-label 4-label
MoCov2 [38]  74.49+7.35 84.43+4.82 88204371  90.37+2.57 MoCov2 [38]  76.10£6.55  81.14+3.35  83.83+2.52  85.25+2.54
SimCLR [40]  74.33%7.53  85.46+4.83 88.83+4.13  91.24+3.03 SimCLR [40]  55.39£9.05  64.6846.12  69.32+4.54  72.38+3.88
SimSiam [43]  50.35+8.80  63.75+7.51  71.34%555  75.30+5.03 SimSiam [43]  60.11£7.01  68.31+5.36  72.66+4.31  74.91+3.67
Self-SCL  BYOL [42] 63.52+7.68 78314649  84.44+4.38  87.353.73 Self-SCL  BYOL [42] 61.75£6.88  76.04+520 82.21+3.69  85.1242.82
SwAV [41] 48.67+7.29  58.99+631  64.47£5.01  68.60+4.34 SWAV [41] 35.16+£7.24  43.90+524  50.94+5.36  54.88+4.84
FiCo [16] 89.37+5.91  93.00+2.96  93.47+2.64  94.65+1.66 FiCo [16] , , , j
G-FiCo [16] ~ 91.43%6.04  95.35+2.90  96.05£1.87  96.47+1.42 G-FiCo [16] 81.55+5.56  85.62+3.92  87.37£3.42  88.28+2.96
Un-SL Rotation [48] ~ 33.64£3.99 3740397  40.69+4.38  43.38+4.00 Rotation [48]  12.59+2.32  12.79+2.46  13.24+248 13.61x1.97
InstFeat [49]  46.75£6.28  56.89+5.34  62.84£4.55  67.52+4.93 Un-SL InstFeat [49]  66.56+7.18  75.81+4.51 80.84+3.16  83.63+2.73
Our TSMMIS 93.77+5.68  94.56+2.39  95.33+2.69  95.78+1.71 Our TSMMIS 84.38+4.23  87.78+2.16  88.81x1.58  89.18+1.61

obtained by TSMMIS is very similar to the linear evaluation
performance. Therefore, all ablation stduies will be fine-tuning
experiments based on NEU-CLS dataset.

1) Ablation of Multi-Crop Mechanism: The multi-crop
mechanism can crop the input image in different ways, and
combine K cropping degrees into K groups respectively.
The processing of multi-crop data not only enriches the data
structure information but also introduces additional category
information [19]. We analyzed the effect of the number of
crops on the model performance by varying the value of
K. Notably, K contains a main view crop as input to SE.
Table X shows that the performance of both 1-label and
4-label models significantly improves with the increase of
the number of crops. Especially when K = 3, the obtained
performance similarly exceeds other SOTA models. However,
increasing the number of crops does not necessarily result
in better performance. We observed that when transitioning
from K =5 to K = 6, the model performance deteriorated.
This effect was particularly prominent in the 1-label case,

where the model discrimination ability was influenced by other
views, making the model difficult to judge. This problem arises
from an excessive amount of crop information, causing the
model to focus on marginalized details and blur the decision
boundary. Therefore, in the subsequent ablation experiments,
we all adopted the number of crops with K = 5, so that the
optimal performance of the model and the appropriate amount
of computation were considered simultaneously.

In addition to the number of crops, the selection of crop
ratios also influences the model’s performance. While crop
ratios are randomly chosen from the range of 0.1 to 1, the
specific range of selection is a crucial factor. We used K
= 5 and specified crop ratio limits: upper limits [1.0, 1.0,
0.86, 0.715, 0.571] and lower for four groups—A: [1.0, 0.6,
0.514, 0.443, 0.413], B: [1.0, 0.5, 0.414, 0.343, 0.313], C:
[1.0, 0.2, 0.172, 0.143, 0.114], D: [1.0, 0.1, 0.072, 0.043,
0.014]. Fig.9 illustrates the various impacts of different crop
ratios and crop ranges on the model. Notably, the 1-label
scenario is significantly affected, possibly because diverse
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TABLE VIII TABLE IX
LINEAR EVALUATION EXPERIMENT COMPARISON WITH SOTA LINEAR EVALUATION EXPERIMENT COMPARISON WITH SOTA
ALGORITHM BASED ON X-SDD-CLS DATASET ALGORITHM BASED ON GC10-CLS DATASET
Mode Methods 1-label 2-label 3-label 4-label Mode Methods 1-label 2-label 3-label 4-label
MoCov2 [38]  45.67+7.21  61.50£6.85  68.38+5.15 72.31+5.18 MoCov2 [38]  52.98+5.16  61.09+4.98  65.69+4.80  68.84+4.15
SimCLR [40]  48.20+7.62  59.074#6.85  64.94£592  67.63+5.23 SimCLR [40]  43.76£6.43 5337578  58.80+4.19  61.77+3.66
SimSiam [43]  31.13+7.39  40.24+6.67  44.39£521  54.38+4.47 SimSiam [43]  21.87#2.81  24.1542.78  25.3242.59  26.23+2.61
Self-SCL  BYOL [42] 43.5747.05  60.36£6.43  68.55£527  73.80+5.27 Self-SCL  BYOL [42] 4531£5.93  57.83+5.34  65.43+4.53  69.71x4.32
SwAV [41] 40.29+7.24  50.30+£6.25  55.88+£5.60  60.02+5.47 SwAV [41] 36.59+5.90  43.96x5.41  47.92+4.14  51.19+£3.66
FiCo [16] - - - - FiCo [16] - - - -
G-FiCo [16] ~ 71.4248.62  81.58+5.57 86.40+4.08  88.48+3.70 G-FiCo [16] 58.47+5.35  65.82+4.80  70.69+4.29  73.43+3.78
Un-SL Rotation [48]  31.66£7.94  39.73£7.31 44.67£6.99  48.36%5.64 Rotation [48]  21.85+£3.99  25.54+3.68 27.40+3.15  29.52+2.66
InstFeat [49] ~ 40.77+6.25  57.80£5.66  65.65+4.49  70.67+4.42 Un-SL InstFeat [49]  36.91£5.82  48.00+4.98  55.99+4.48  59.94+3.95
Our TSMMIS 73.89£7.77  79.17+6.89  84.00+2.27  84.37+2.32 Our TSMMIS 58.49+5.79  67.03+5.93 73.47%4.17  74.65+4.46
Comparison with Fully Supervised Classification Networks on NEU-CLS Dataset Comparison with Fully Supervised Classification Networks on NEU-CLS64 Dataset
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Fig. 8. Comparison with Different Recognition Networks on four Datasets.
The vertical bar on the histogram represents the standard deviation.

TABLE X
PERFORMANCE ACHIEVED BY DIFFERENT K

K 1-label 2-label 3-label 4-label

6 84.71£6.47  91.19+£3.57 93.66+2.24  93.29+2.48
5 92.26+4.41 93.87+2.08 94.96+1.39 95.69+1.13
4 88.52+5.64  93.45+2.41 94.08+1.87 94.47+1.24
3 84.90+£5.69  91.23+3.25  92.64+2.98  93.65+2.47

cropping generates finer distinctions, which is challenging to
fine-tune using limited supervised data. Conversely, the 4-
label performance appears less affected by cropping methods,
likely due to the increased supervisory information. Therefore,
selecting an appropriate crop method is pivotal, and group C
emerges as the optimal choice. Simultaneously, the experiment
highlighted an acceptable range for the cropping extent. An
excessively large cropping extent would encompass redundant
information, introducing model learning bias. Conversely, if
the cropping extent is too small, the defect target might not be
adequately captured, hampering the model’s ability to acquire
task-relevant information.

2) Ablation of Different Level Encoder: Various encoder
depths offer distinct levels of data feature extraction capabili-
ties to the model. The objective of conducting encoder ablation
experiments is to assess the contribution of different depths in

B c
Crop ratios

Fig. 9. Effects of different crop rates and different crop ranges on perfor-
mance.

the network to the task performance. In this study, we selected
different variations of ResNet, namely 1-1-1-1, ResNetl8,
ResNet34, ResNet50, and ResNet101, to examine their impact
on the proposed method. The 1-1-1-1 configuration represents
the number of basis blocks in ResNet set to [1, 1, 1, 1].
We investigated the performance and trends of the TSMMIS
pretrained model in scenarios characterized by limited labeled
samples, particularly focusing on the 1-label and 4-label cases.
Our objective is to analyze how the network layers affect
the performance of the TSMMIS model and observe how the
model performance changes as network layers increase.

TABLE XI
PERFORMANCE AND TREND ACHIEVED BY DIFFERENT LEVELS OF
ENCODER
Mode Backbone 1-label 4-label

1-1-1-1 88.90+4.86  94.79+1.16

ResNetl8  92.26+4.41 95.69+1.13

Residual series  ResNet34 89.58+5.04  95.89+1.98

ResNet50  89.17+4.67  94.57+1.60

ResNetl01  87.26+5.60  93.46+2.03

It can be intuitively understood from Table XI that the
recognition performance gradually improves as network layers
increase. For the 1-label case, the performance improvement
stops at ResNet18. The reason is that the network with more
levels is prone to overfitting for fewer labeled samples, and
there is mismatch between the number of parameters and the
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Fig. 10. Effect of A and e (Epochs) on model recognition performance. Four
different levels of X are set: 0.01, 0.001, 0.005, and 0.0001. The vertical bars
present in the broken lines indicate the range of standard deviation variation.

supervision information. However, at 4-label, the recognition
performance growth is cut off at ResNet50, which is because
the number of parameters just matches the supervision infor-
mation, and the performance shows a decreasing trend when
the level increases. ResNet18 can obtain the best performance
in 1-label and dominate ResNet34 in 4-label, so this paper
chose ResNetl8 as the backbone network for the rest of the
experiments.

3) Ablation of MMIS: Different hyperparameters such as
A and e (Epochs), affect the model’s recognition performance
simultaneously. Therefore, we plotted the 1-label and 4-label
curves to observe the trend of performance in both cases.

Fig.10 shows that when A = 0.001 (top right), the model
can always maintain the best performance, the upper limit of
the accuracy performance of recognition has exceeded 95%,
and the fluctuation range of the standard deviation is also
small. During epochs from 150 to 200, the 1-label performance
tends to decrease for all levels except for A = 0.001, while
the performance for A = 0.001 does not change much during
this period, and the recognition performance is always close to
90%. During epochs from 200 to 300, the 1-label performance
of TSMMIS gradually increases for A = 0.001 or 0.0001.
For the 4-label case, the four levels of A can make TSMMIS
maintain the trend of gradually enhancing performance with
the increase epochs. However, with A = 0.01 (bottom right), the
performance of TSMMIS continues to degrade as the epochs
increases in the 1-label case. The observed downward trend in
the three curves corresponding to A = 0.0001, A\ = 0.005, and
A =0.01 in the 1-label case can primarily be attributed to the
effect of excessive regularization, which has the potential to
cause model collapse. In particular, except for A = 0.01, the
model shows an increasing trend in the 1-label case, which
also indicates the potential of the proposed method in dealing
with fewer labeled data.

However, MMIS are essential. In order to understand more
intuitively that suitable MMIS can provide reliable constraints
for the model, which is more conducive to TSMMIS to obtain
better “classification patterns” in self-supervised pretraining,
we used TSNE technology [50] to visualize the clustering
performance of the pretrained model of w/ MMIS and w/o
MMIS on four SSD datasets. See Fig.11 for details.

From Fig.11, we have marked some of the deficiencies of
w/o MMIS by selecting the blue oval boxes. In the NEU-
CLS dataset, the w/o MMIS led to challenges in effectively
distinguishing instances across multiple classes. Similarly, in
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Fig. 11. Clustering performance of w/o and w/ MMIS in four datasets.

the NEU-CLS64 dataset, the lack of MMIS resulted in a
blurred representation of multi-class data. To address these
issues, the w/ MMIS significantly improved the clustering
of ambiguous instances. Notably, in the X-SDD-CLS dataset,
the absence of MMIS exacerbated the problem of data rep-
resentation with distance ambiguity, while its presence (w/
MMIS) effectively discerned instances. Unfortunately, for the
GC10-CLS dataset, the performance of w/ MMIS and w/o
MMIS was comparable, yet the clustering effect achieved
by w/ MMIS remains more distinct. It should be noted that
visualizing the clustering ability of a pretrained model via the
TSNE [50] technique is merely a qualitative analysis. Map-
ping high-dimensional spatial data to low-dimensional spatial
representation to visualize the performance of the model does
not absolutely represent the true data representation ability.
Therefore, quantitative analysis is also necessary. Furthermore,
from the fine-tuning experiments, the MMIS regularization is
effective and necessary for exploring the performance of w/o
MMIS and w/ MMIS. See TableXII for details.

As can be seen in Table XII, MMIS consistently outper-
forms w/o MMIS by a substantial margin in all datasets, partic-
ularly evident in the 1-label cases, with performance improve-
ments in other cases (2-4-label). Since w/o MMIS can not deal
with the problem of fuzzy intra-class and inter-class distances
well in the pre-training stage, this results in a model with
a large decision boundary. In the case where only 1-label is
available for fine-tuning, the scarcity of supervision data makes
it challenging for the model to accurately classify ambiguous
instances with real supervision. However, TSMMIS addresses
this issue by mitigating “intra-class and inter-class distance
ambiguity” through the introduced MMIS approach. By im-
posing similarity constraints to enforce dissimilarity between
distinct views, we effectively narrow the decision boundary,
enhancing the model performance. This improvement is par-
ticularly noticeable in cases involving fewer labeled samples,
notably in the 1-label scenario. In particular, the performance
improvement provided by MMIS is more pronounced when
handling the X-SDD-CLS dataset. As depicted in Fig.5, the
X-SDD-CLS dataset exhibits non-uniform defects of small
area. MMIS counteracts these challenges by accentuating
differences between instances, prompting the model to focus
on image characteristics rather than background elements.

4) Ablation of Distance Function of MMIS: In the previous
subsection, we discussed the effect of MMIS regularization
on the model. Next, we will discuss the impact of different
distance loss functions in MMIS on the pretraining perfor-
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TABLE XII
PERFORMANCE OF W/O0 MMIS AND W/ MMIS IN FOUR DATASETS

Datasets Mode 1-label 2-label 3-label 4-label
NEUCLs WO MMIS 86524756 93344296  94.52:182  95.13+097
W MMIS ~ 9226:4.41 93.87+2.08 9496139 95.69:+1.13
wio MMIS  81.9124.38  86.06£2.98 88.13193  88.271.76
NEU-CLS64 ) MIMIS ~ 83.42:4.66 87.29:2.80 89.25:1.76  89.90+1.79
CSDD.CLs WO MMIS  G678:7.72  74.50:4.53 78356272 79.0843.09
W MMIS  73.737.64 79.1766.89 84.00:227 84.37:2.32
GelocLs  WOMMIS  S613:737 67045642 73548603 74314455
W/ MMIS  58.06:4.79 67.37%5.65 73.9416.04 75.00:4.53

TABLE XIII

PERFORMANCE OF DIFFERENT DISTANCE FUNCTION OF MMIS

Method  Distance Function 1-label 4-label
L1-norm 89.09+5.05  95.39+1.84
MMIS L2-norm 85.64+5.00 93.61+1.46
SmoothL1-norm 90.06+£5.06  96.86+1.49
bmm 92.26+4.41 95.69+1.13
TABLE XIV

CLASSIFICATION SCORES OF DIFFERENT CLASSIFIERS USING THE
PRETRAINED TSMMIS MODEL

Method 150 epochs 200 epochs 250 epochs 300 epochs
KNN 0.97 0.97 0.97 0.98
SVM 0.95 0.96 0.97 0.97

RF 0.95 0.95 0.96 0.96
LR 0.93 0.95 0.96 0.96
TABLE XV

MODEL PERFORMANCE WITH DIFFERENT BLUR LEVELS

Blur Level 1-label 4-label
0 92.26+4.41 95.69+1.13
0.1,2.0 90.08+4.75  95.56+1.27
1.0,2.0 88.67+£6.52  95.22+1.39
1.5,2.0 89.46+4.82  94.68+1.70
2.0,3.0 88.20+4.85  92.93+1.72

mance of the model. Since the constructed MMIS aims at
further improving the recognition performance of the model
by regulating the relationship between instances, the distance
relationship between instances is the focus of MMIS. We
introduced L1-norm, L2-norm, and SmoothL1-norm, and the
simple inter-vector batch matrix multiplication (bmm) was
used in MMIS in this paper. It is worth noting that bmm
actually computes the similarity between vectors, and the norm
is a measure of the distance between vectors. We discussed
the performance difference between 1-label and 4-label.

Table XIII shows that when L1-norm is used in MMIS, the
recognition performance obtained is also competitive, and it
also has performance improvement compared to TS without
adding MMIS. However, when L2-norm is used, the model
performance becomes worse. This is because L2-norm has
a square operation, which will increase the proportion of
Larnrs in the whole Lioiq;, leading to the block of the
active update of the model. The model performance is also
improved by using SmoothL1-norm, especially in the 4-label
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case, where the recognition performance is higher than the
1.17% accuracy with the use of bbm. This is due to the
fact that Smoot-L1-norm has an optional distance measure,
which makes its decision boundary partition more friendly
when more labels are used. However, MMIS using bmm
performs best when the 1-label is used. Both SmoothL1-
norm and bmm aim to enhance the difference information
between instances. According to Equation (12), SmoothL1-
norm actually minimizes the maximum distance, and implicitly
increases the proportion of minimum distance and sub-small
distance in the backpropagation of MMIS, thus increasing the
diversity information. On the contrary, bbm directly enhances
the difference information by reducing the similarity between
instances. Based on the above discussion, we have explored
more bbm-based MMIS.

5) Ablation of Different Classifier for TSMMIS: Addition-
ally, we incorporated four different classifiers, namely KNN,
SVM, Random Forest (RF), and Logistic Regression (LR), to
evaluate the reliability of the “classification patterns” learned
by TSMMIS. The pretrained model generated by TSMMIS
was utilized to assess the classification performance on D; =
{(x;,yi)}7_, using these four classifiers. No further parameter
training was conducted at this stage. The performance of
each classifier is quantified using a score, with higher scores
indicating more reliable “classification patterns” learned by the
pretrained model of TSMMIS. Based on the results presented
in Table XIV, the pretrained model derived from TSMMIS
demonstrates favorable “classification patterns”. Notably, the
KNN classifier achieves the highest score of 0.98, indicating
its superior performance.

6) Ablation of Different Blur Lever: In the actual working
condition, the vibration of the body often leads to fuzzy
sampling of the steel image, which will bring great trouble
to the defect recognition. For evaluating the robustness of our
proposed method in the presence of sampling blur, experiments
were conducted using images with varying degrees of blur. The
fine-tuned model was employed for recognizing the blurred
images, with the important note that no blurred images were
included in the fine-tuning process. Only the blurred images
were utilized for testing purposes. The degree of blur was
classified into four levels: [0.1, 2.0], [0.5, 2.0], [1.5, 2.0],
and [2.0, 3.0]. Each level had an equal probability of 50%
occurrence.

The results presented in Tabel XV indicate that the ad-
dition of fuzzy noise relatively minimal affects the model
performance. The highest recognition performance is achieved
when the fuzzy level is randomly selected within the range of
[0.1, 2.0], which can be attributed to the inclusion of smaller
levels of blur within this range. As the blur level increases,
the performance decreases for both the 1-label and 4-label
cases. Although the 1-label performance for the fuzzy level
[1.5, 2.0] reaches 89.46%, it is characterized by considerable
randomness, and the overall trend still shows a decline in
performance. The findings demonstrate that the TSMMIS
pretrained model excels in handling both non-blurred and
blurred images, exhibiting remarkable robustness in diverse
blur conditions.
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Fig. 12. Visualization of regions of interest in TSMMIS pretrained model.
The first and third rows display the original images, while the second and
fourth rows depict the corresponding regions of interest. The redder areas
indicating higher interest.

7) Visualize Regions of Interest: The TSMMIS pretrained
model capability to identify different defect regions in un-
labeled data significantly influences the quality of the self-
supervised pretraining. To evaluate this, we employed Grad-
Cam [55] to visualize the model regions of interest after
TSMMIS self-supervised pretraining. Notably, the model lacks
label information and relies solely on the weights obtained
from TSMMIS pretraining on unlabeled data. Fig.12 illustrates
this visualization.

Fig.12 demonstrates the effective self-learning capability of
TSMMIS. The pretrained model, obtained through TSMMIS,
exhibits the ability to accurately focus on each defect area
and provide reliable recognition of individual defect types, as
observed in the correct recognition of the last two defects in
the first row. However, notably, the pretrained model faces
challenges in capturing defect regions in the presence of a
blurred background and low contrast, as evident in the third
and fourth defects in the third row. Therefore, the model after
TSMMIS label-free pretraining has more accurate attention for
most types of defects, and can recognize local defect regions
even for some difficult samples.

V. CONCLUSION

In this paper, we proposed a Self-SCL method (TSMMIS)
for few-shot SSD recognition. Our model consists of two
modules. In the information-based TS module, which involves
updating the single-view Student Encoder (SE) by incorporat-
ing information from the multi-view Teacher Encoder (TE),
while the SE also shares updated information with the TE
for further refinement. In the MMIS module, which promotes
diversity among different views of the same image, thereby
increasing the model decision complexity and narrowing the
decision boundary for samples with ambiguous intra-class
and inter-class distances. Notably, MMIS exhibits a more
pronounced constraint effect in scenarios with fewer samples
(1-label). Experimental results indicate that our TSMMIS
method performs well and exhibits competitive performance in
the SSD recognition task. Moreover, our method holds promise
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for industrial applications due to its ability to be implemented
using simple and straightforward networks. However, the pro-
posed method has limitations when dealing with unbalanced
label data. On the other hand, the performance of the proposed
method in other general industrial datasets needs to be verified.
In the future work, we will fully consider the problem of
label imbalance and the generalization of the method in the
industrial field. Furthermore, the incorporation of generative
methods and the exploration of diverse task patterns (detection
and segmentation) should be considered.
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