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Abstract. Surface quality inspection of industrial products is a crucial step in 

ensuring production line efficiency and product quality. In response to the prob-

lem of insufficient fusion of local and global features in image classification al-

gorithms in complex industrial scenarios and the difficulty of a single architecture 

to balance texture details and long-range dependencies, this paper  proposes and 

optimizes the relevant algorithm CMTSiMBA-light. Experiments show that the 

model improves accuracy by 0.7% and 1.4% respectively on the NEU-CLS and 

FSC-20 datasets compared to CMT, reduces parameters by 10.8%, lowers FLOPs 

by 5%, and increases throughput by 5.2%. 
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1  Introduction 

In the industrial field, image classification methods have undergone a qualitative 

change from traditional pattern recognition to deep learning, eventually forming a tech-

nical system错误!未找到引用源。 

The core advantages of pure CNNs stem from their local perception mechanisms and 

hierarchical feature extraction capabilities. However, the local receptive field and fixed 

weight mechanism of CNNs limit their global modeling capabilities.Transformer net-

work architectures exhibit strong global modeling capabilities and efficient parallelism, 

but they also incur high computational complexity due to their global modeling para-

digm. 

However, in terms of industrial defect classification, current image classification al-

gorithms have deficiencies in the fusion of local and global features. First, in industrial 

scenarios, there are numerous interfering factors, which makes it difficult to effectively 

capture and fuse the features of small-sized defects  

Secondly, traditional Transformer错误!不能识别的开关参数。 models have ex-

posed many problems in the application of industrial defect classification. The compu-

tational complexity of its self-attention mechanism increases in squares with the se-

quence length, which greatly reduces the efficiency of model training and inference, 

making it difficult to meet the demand for fast processing of large amounts of data in 

actual industrial production. Moreover, when long sequences are input, the model 
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throughput is low, failing to meet the high concurrency and low latency real-time stand-

ards required by industrial equipment, which restricts the efficient operation of the pro-

duction line. 

The primary contributions are as follows (1)We enhance feature extraction capabili-

ties by incorporating the SENet convolution module into the CMT Stem ，and we ap-

ply low-rank decomposition to the linear layer of the lightweight MHSA to decrease 

parameters and computational costs. (2)We replace the traditional convolution with the 

PConv convolution module in the SiMBA stem to lower computational costs while 

preserving detailed information . 

2  Related Work 

2.1 CMT Model 

In the CMT block structure, as shown in Fig. 1, it can be seen that feature extraction is 

achieved by three layers of convolution. However, since the channel modeling of tra-

ditional CNNS错误!不能识别的开关参数。 is  channel feature homogenization, 

when the input channels contain high-frequency edge information and low-frequency 

texture information respectively, the model cannot perform differentiated feature fusion 

on different channels, resulting in reduced accuracy of defect classification. And alt-

hough lightweight MHSA models have improved efficiency to some extent, with the 

increasing complexity of industrial scenarios and the sharp increase in data volume, 

their linear layers face issue of large parameters and significant computational demands， 

requiring further reduction of both parameters and computational load. 
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Fig. 1.  Structure Diagram of the CMT Model and  the CMT Block2 
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2.2 SiMBA Model 

Due to the computational redundancy and high memory consumption caused by the 

three layers of convolution错误!不能识别的开关参数。 in SiMBA, and the multiple 

layers of convolution stacking resulting in the smoothing of high-frequency details 

(such as edges, textures), especially in the middle layer (the second layer), abstract fea-

tures gradually take over, and the original input information is severely lost. 

The conventional Transformer错误!不能识别的开关参数。 model  encounters two 

main challenges. The one is that the computational complexity of its self - attention 

mechanism grows quadratically with the sequence length, leading to decreased effi-

ciency during model training and inference. The other is that the model ' s throughput 

is limited with long sequence inputs， making it challenging to satisfy the high con-

currency and low-latency real-time requirements of industrial devices.  

2.3 Mamba Network Architecture 

Mamba错误!不能识别的开关参数。  achieves linear complexity through SSM 's re-

cursive structure ; Flash Attention optimizes parallel computing and memory access; 

Dynamic weighting mechanism  adjusts parameters based on input to enhance time 

series modeling. Combining the long-term dependency capabilities of recursion with 

parallel training, taking into account both efficiency and long context modeling, to 

break through the computational bottleneck of the Transformer. Among them, the SSM 

state space model is the foundation of Mamba.错误!未找到引用源。 

Combining the base block of most SSM architectures such as H3 with the gated MLP 

that is common in modern neural networks such as transformer to form a new Mamba 

block, repeating this block and combining it with normalization and residual connec-

tions, the Mamba错误!不能识别的开关参数。  architecture is formed Fig. 2 shows 

that.错误!未找到引用源。 
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Fig. 2. Mamba Network Architecture 
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Among them, the H3 architecture is mainly composed of SSM and convolutional 

layers, and has the characteristics of efficient processing of long sequences. Gated MLP 

is another core component of Mamba, used to enhance the network's nonlinear express-

ibility, mainly composed of MLP structure and gating mechanism. 

3 Methods 

3.1 Hybrid Model CMT-light based on Channel Attention Mechanism and 

Low-Rank Decomposition 

The CMT - SEmodule is largely made of two 3x3 convolutional layers and one SE-

Module attention module. Each convolutional layer has a step size of 2 and is used to 

reduce the spatial dimension of the feature map.  

As shown in Fig. 3, we use kk  deep convolution and step= k  to reduce the space 

size of K and V before MHSA. 错误!未找到引用源。The input feature map first 

passes through a kk  DWConv layer, an operation that takes a stride= k  step size and 

reduces the spatial resolution of the feature map to k/1 (i.e. kHi / × kWi / ) of the orig-

inal size. vkq ,, also passes through a layer of convolution, with the aim of lightening 

the model while maintaining the effectiveness of the attention mechanism. 
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lightweight  MHSA

Hi x Wi x Ci

Hi x Wi x Ci Hi/k x Wi/k x Ci Hi/k x Wi/k x Ci

MHSA

Hi x Wi x Ci

r r r

 

Fig. 3. Light MHSA Mechanism 

3.2 Add the SENet Convolution Enhancement Module to CMT Stem 

Because the channel modeling flaws of conventional CNNS are mainly manifested in  

channel feature homogenization processing. The mathematical expression of the con-

ventional convolution operation can be defined as (1) : 
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Where: i is the channel of the input feature map
WH

i RX  , outin CC , is the number 

of input and output channels.  

To address the channel flaws of traditional CNNS, this chapter introduces the SE-

Module convolution enhancement module in CMT Stem, mainly to strengthen the re-

sponsiveness of key channels during the initial feature extraction stage of the network, 

thereby enhancing the model's sensitivity and expressiveness to industrial defect fea-

tures. SEModule dynamically adjusts the channel weights
错误!不能识别的开关参数。

错误!未找到

引用源。 

 

Fig. 4.  SEModule Structure 

Three steps make up the core operation: 

Squeeze operation, which is a global average pooling of the input feature layer, com-

pressing the feature of each channel into a global feature value to obtain a channel de-

scriptor.  

Excitation operation: In order to take advantage of the aggregated information, the 

SEModule learns the weights of each channel through two layers of fully connected 

networks. 

Feature reweighting: Once the weight values for each channel are obtained, the SE-

Module multiplies these weights by the corresponding channels of the original input 

feature layer, effectively reweighting the features. 

3.3 Lightweight MHSA based on Low-Rank Decomposition 

The self-attention module in the original MHSA can be represented as (2)错误!不能识

别的开关参数。错误!未找到引用源。 
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attention operation, CMT uses kk  depth-separable convolution with a step size of k  
to reduce the spatial dimensions of the key ( K ) and value (V ), and the formula can be 

expressed as (3) 
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找到引用源。
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Q Rb  . The number of parameters is dim_qkdk . Because the 

low-rank decomposition decomposes the original weight matrix into two low-rank 

matrices 
rkd

RU


 and
dim_qkrRV  , satisfies UVWQ  , the number of parameters is

dim_qkrrdk + . The model performance is at its best when 80=r the experimental 

results on the basis of SEModule are demonstrated, as shown in Table 1.Table 1.  

Comparison of rank results 

 

Table 1.  Comparison of rank results 

 
At that time 80=r , the model reached its highest accuracy (100%), the parameter 

count decreased by 10.8%, and the FLOPs decreased by 5%. 

3.4 Research on Image Classification Algorithms Based on Linear Attention 

Mechanism 

As shown in Fig. 5. firstly, the model input data passes through the stem-PC module; 

Then through the Mamba module: responsible for deep modeling of global features; 

Through EinFFT module: Complementary to Mamba, for the first time, bi-directional 
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feature fusion in the spatio-spatial and frequency-domain in the model. And the regu-

larization effect was enhanced by  three Dropout layers  (embedded in Mamba and 

EinFFT modules respectively) to significantly suppress the risk of overfitting. The over-

all design takes into account the efficient interaction of local and global while reducing 

computational complexity. 

Input
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MambaDropout

Layer 

Normalization
CinFFT Dropout

N x
 

Fig. 5.  SiMBA-PC Model Structure 

Due to the computational redundancy and high memory consumption caused by the 

three-layer convolution in SiMBA, and the multiple layers of convolution stacking re-

sulting in the smoothing of high-frequency details (such as edges, textures), especially 

in the middle layer (the second layer). Therefore, replacing the second layer in stem 

with PConv reduces the computational load while alleviating feature smoothing and 

retaining detail information. 错误!未找到引用源。 

While maintaining the remaining portion of the channel, PConv is a partial convolu-

tion technique that only performs a portion of the input channel convolution. This 

method alleviates feature smoothing while reducing computational load, retains de-

tailed information, and improves model performance
错误!未找到引用源。

1 

4 Experiment 

4.1 Experiment Setup and Dataset 

The datasets include the NEU-CLS dataset (1,800 grayscale images) and the FSC-20 

dataset (small sample classification dataset specifically for classifying surface defects 

of steel strips). The dataset integrates datasets from three different sources: NEU-CLS, 

X-SDD, and GC10-DET, which contain a total of 20 categories of steel strip surface 

defects, as shown in Fig. 6.错误!未找到引用源。 
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Fig. 6. categories of FSC-20 dataset 

The training set to test set ratio was set at 8:2, and set the resolution of the input 

images uniformly to pixel 256pixel 256  , center cropping pixel 224pixel 224  , and 

normalizing the distribution. GPU uses the NVIDIA GeForce RTX 4090D. 

4.2 Hybrid Model CMT-light based on Channel Attention Mechanism and 

Low-Rank Decomposition 

In the actual deployment of deep learning models, the number of parameters (Params), 

computational power (FLOPs), and accuracy (Acc@1) are the core metrics for meas-

uring model performance. This study was tested on the industrial defect detection da-

tasets NEU-CLS and FSC-20, and benchmarked against seven mainstream classifica-

tion networks, including EfficientNet, VanillaNet错误 !不能识别的开关参数。

VMamba-T错误!不能识别的开关参数。 

The results of the NEU-CLS comparison are shown in Table 2. Cmt-light has 10.8% 

fewer parameters and 5% fewer FLOPs compared to the original CMT model, while 

Acc@1 has increased by 0.7%. 错误!未找到引用源。Compared with other models, 

Acc@1 increased by up to 2.7%. 
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Table 2. NEU-CLS Comparison Experiment 

 
 

As shown in Table 3, CMT-light improved by 1.4% compared to the original CMT 

model Acc@1. 错误!未找到引用源。Compared with other models, Acc@1 increased 

by up to 3.5%. 

Table 3. FSC-20 Comparative Experiment 

 
 

Based on the above comprehensive analysis, it can be concluded that the method 

proposed in this chapter performs well on the public datasets NEU-CLS and FSC-20. 

It outperforms all other mainstream classification networks in terms of classification 

accuracy. This indicates that the method is more effective when applied to image clas-

sification problems in real industrial scenarios. 

错误!未找到引用源。错误!未找到引用源。CMT+ low-rank decomposition 

mainly achieved significant reductions on Params. 

Table 4. NEU-CLS ablation experiment 
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Table 5. FSC-20 ablation experiment 

 
 

With the introduction of the SENet, low-rank factorization module, the model sig-

nificantly improves performance while maintaining low Params and FLOPs by enhanc-

ing the responsiveness of the key channels and reducing the parameter size  by multi-

plying the factorization matrices. This shows the importance of designing effective 

modules for improving model performance. Additionally, it shows how these modules 

may be used to improve the underlying model. 

4.3 Research on Image Classification Algorithms Based on Linear Attention 

Mechanism 

Comparative experiments were conducted on the datasets NEU-CLS and FSC-20 as 

shown in Table 6 and 7. The CMT model in Chapter 2, the CMT-Light model and the 

vit model were selected as the basic comparative models.  

Table 6. NEU-CLS Comparison Experiment 

 
错误!未找到引用源。According to the data in Table 4-1, the SiMBA-light method 

showed significant advantages in FLOPs and Sample/s (test) as well as accuracy 

(Acc/%).  

Table 6. NEU-CLS Comparison Experiment 

 
Specifically, the FLOPs was 3.0G, which was 6.2 percent lower than the original 

SiMBA-S model, and SiMBA-light processed 655.47 samples in 1 second in inference, 

which was 5.2 percent higher than the original SiMBA-S model. SiMBA-light achieved 

98.9% accuracy, which is 0.8% higher than that of SiMBA-S. 

Compared with the CMT model, params improved by 2.8%, decreased accuracy by 

0.4%, but reduced FLOPs by 25% and increased throughput by 14.8%. Compared with 
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the CMT-light model, params improved by 15.2 percent, with a 1.1 percent drop in 

accuracy but a 21 percent drop in FLOPs and a 12.3 percent increase in throughput. 

Compared with the vit model, params has been significantly optimized across all three 

metrics, with a 70% reduction in FLOPs and an 88.5% increase in throughput. 

Table 6. NEU-CLS Comparison Experiment 

 

Table 7. FSC-20 Comparison Experiment 

 
 

In the FSC-20 dataset, SiMBA-light reduced FLOPs by 6.2% compared to the orig-

inal SiMBA-S model and improved accuracy by 1.3%. In inference, SIMBA-light pro-

cessed 625.44 samples in 1 second and improved by 4% compared to the original 

SiMBA-S model. 

5 Conclusion 

This study focuses on the research of efficient and reliable surface defect classification 

and detection, and proposes the comprehensive hybrid model CMTSiMBA-light. Thus 

the precision of identifying tiny defects in complex industrial scenarios has been im-

proved.  The next step could be to extend the task to high-resolution images, taking 

advantage of SSM's ability to reduce complexity to the linear level )(nO . 

Disclosure of Interests. The authors have no competing interests to declare that are relevant to 

the content of this article.  
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