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Abstract 

Today, hot rolled steel strip has been widely used in the automobile industry and 

construction. However, the manufacturing process of this steel often causes 

various defects on the surface, thereby causing great damage to enterprises. The 

detection of steel surface defects becomes an indispensable part of iron and steel 

production facilities. Recently, deep learning has been broadly applied in the 

domain of image recognition. However, training a deep learning model from 

scratch creates many problems because the state-of-the-art CNN requires 

considerable training size and computational resources. For small data scale, 

transfer learning is an option. This paper focuses on cross-comparing the 

performance of different CNN-based models on the NEU database of 1800 

images which consists of six different typical surface defects. In addition, the 

performance of optimization algorithms is also cross-compared by incorporating 

these algorithms in the model with the best performance or highest accuracy. The 

results show that the DenseNet121 network using the Adam optimizer performs 

the most effectively with an accuracy of 99.26% for testing set. 

Keywords: Convolutional neural network (CNN), Deep learning, Steel sheet, 

Surface defect classification, Transfer learning. 
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1.  Introduction 

Nowadays, hot rolled steel strip has been widely used in the automobile industry 

and construction. The quality of steel not only affects the product cost, but also 

significantly affects the accuracy of the machining process later. However, the 

manufacturing process of this product often causes various defects on the surface 

[1, 2], thereby causing great damage to enterprises. Thus, detection of steel surface 

defects becomes an indispensable part of iron and steel production facilities. 

Although the surface defect testing for hot rolled steel strip was carried out by 

traditional methods such as artificial visual inspection, magnetic flux leakage testing 

[3], Gabor filter [4], support vector machine (SVM) [5], etc., these methods cannot 

detect surface defects of steel trip in real time due to the influence of human factors 

and the low rate of defect recognition [6].  

In order to simultaneously increase the accuracy of defect recognition and reduce 

calculation costs and implementation time, deep learning has recently been broadly 

applied in the image recognition area, in which the Convolutional neural network 

(CNN) is preferred to apply.  

The CNN was early presented by LeCun et al. [7] and has then become one of 

the most dominant architectures and algorithms for visual object recognition [8, 9]. 

Thanks to the CNN-based deep learning, the efficiency of image classification has 

been significantly improved [10-13].  

Deep learning is a data-driven method, the output performance of the method 

depends on the quality and variety of the input dataset, which is a drawback of the 

deep learning method. In addition, training a deep learning model from scratch 

creates many problems because state-of-the-art CNN requires considerable training 

size and computational resources. For small data scales, transfer learning is an 

option [14]. The application of transfer learning with feature extraction parameters 

fixed can effectively reduce the training difficulty and improve the accuracy, 

particularly in the industrial field with small training set. Specially, transfer 

learning can overcome the phenomenon of overfitting, which is a challenging case 

for small data.  

Currently, there are many classification models of deep learning model built on 

ImageNet dataset for image feature extraction and connected to a convolutional 

neural network, such as Xception, NASNetMobile, VGG16, DenseNet121, 

MobileNet, InceptionV3. These models with pre-trained weights are being viewed 

as promising models because of their high predictive accuracy in image 

classification and recognition [14].  

On the other hand, the optimization algorithms in these CNN models such as 

RMSprop, SGD, Adam, AdaGrad, Adamax, Ftrl, Nadam have been incorporated 

in the model for learned network parameters updating and optimization. Although 

there are many advantages, the application of transfer learning by the above CNN 

architectures in the field of surface defect testing for hot rolled steel strip has not 

been paid too much attention. 

This paper focuses on cross-comparing the performance of different CNN-based 

models on a dataset of 1800 images of steel sheet surface defects. In addition, the 

performance of optimization algorithms is also cross-compared by incorporating 

these algorithms in the model with the best performance or highest accuracy. 
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2.  Methods 

The dataset used in this study is obtained from the Northeastern University (NEU) 

hot-rolled steel strip surface defect database which contains 1,800 images of six 

different types of typical surface defects (patches, rolled-in scale, pitted surface, 

crazing, scratches and inclusion) [15]. The representative images of six classes are 

shown in Fig. 1. Each column in the figure shows one example image from each of 

300 samples of a class.  

 

Fig. 1. Image samples (NEU surface defect database). 

In this study, to generate different datasets from the above NEU surface defect 

database, 70% of randomly selected images from the database were used for training, 

15% for validation during training, and the remaining 15% was used for testing. Table 

1 shows a selection of images used for training, validation, and testing.  

Table 1. The quantity of images in different datasets. 

Image 

class 

Rolled-

in scale 
Patches Crazing 

Pitted 

surface 
Inclusion Scratches 

Training 210 210 210 210 210 210 

Validation 45 45 45 45 45 45 

Testing 45 45 45 45 45 45 

Total 300 300 300 300 300 300 

In order to collect feature maps of images for classification, six pre-trained 

networks, including: Xception, NASNetMobile, VGG16, DenseNet121, 

MobileNet and InceptionV3, were used as image feature extractors. All these 

networks were pre-trained on ImageNet data using Python code, and the deep 

learning models were formulated based on the TensorFlow library. Here, the Adam 

optimization algorithm is used which replaces the classical stochastic gradient 

descent procedure to interactively update the network weights based on the training 

data. Data augmentation techniques artificially create different versions of the real 

data set in order to increase its size. Computer vision models use data augmentation 

strategy to deal with data scarcity and insufficient data diversity. The object 
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classification models were trained by a desktop computer with access to a Google 

Colab machine, which allowed calculations to be performed on a Tesla K80 GPU 

with 12 GB of memory. Each of the pre-trained networks was trained for 30 epochs 

using the training datasets listed in Table 1. It should be noted that only the 

classifier was trained, and the weights of the feature extractors were kept 

unchanged. Table 2 shows the number of trainable and non-trainable parameters of 

the six pre-trained networks used in this study.  

Table 2. Number of trainable and  

non-trainable parameters of pre-trained networks. 

Pre-trained  

networks 

Total  

parameters 

Trainable 

parameters 

Non-trainable 

parameters 

Xception 22,090,286 1,228,806 20,861,480 

NASNetMobile 4,580,186 310,470 4,269,716 

VGG16 14,865,222 150,534 14,714,688 

DenseNet121 7,338,566 301,062 7,037,504 

MobileNet 3,529,926 301,062 3,228,864 

InceptionV3 22,589,222 786,438 21,802,784 

After cross-comparing the performance results of the six models above, the 

model with the highest accuracy will be optimized with six other optimization 

algorithms, including: RMSprop, SGD, AdaGrad, Adamax, Ftrl, Nadam to 

compare the performance of these optimizers with that of Adam optimizer. 

3.  Results  

3.1.  Performance of the six CNN models 

Figures 2 and 3 present the loss and accuracy results of the six models on the 

training dataset and validation dataset during training, respectively. It is evident 

that most of the networks are found to converge within 10 epochs with fairly high 

accuracy. This proves the effectiveness of the applied CNN models.  

Fig. 2. Loss of the six models.  
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Fig. 3. Accuracy of the six models. 

The performance of the six models is last evaluated on the testing data sets. The 

results of the accuracy of these models are shown in Table 3. It is shown that all six 

evaluated models exhibit accuracy values above 96%, out of which the 

DenseNet121 network performs the highest one with an accuracy of up to 99.26%.  

Table 3. Accuracy of six models on testing dataset. 

Networks Accuracy (%) 

Xception 96.67 

NASNetMobile 97.41 

VGG16 98.15 

DenseNet121 99.26 

MobileNet 98.89 

InceptionV3 97.78 

3.2.  Performance of the optimizers 

After obtaining the accuracy results of the DenseNet121 optimized with Adam 

optimizer, this network is optimized with six other optimization algorithms, 

including: RMSprop, SGD, AdaGrad, Adamax, Ftrl, Nadam. The results of loss 

and accuracy on the training dataset and validation dataset are shown in Figs. 4 and 

5, respectively. It can be seen that the DenseNet121 using different optimizers 

converges very quickly, stabilizing after about 10 epochs, with not much difference 

in accuracy.  

 

Fig. 4. Loss of the DenseNet121 optimized with different optimizers. 
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Fig. 5. Accuracy of the DenseNet121 optimized with different optimizers. 

The accuracy of the DenseNet121 optimized with the seven optimization 

algorithms on testing dataset is shown in Table 4. It can be seen that the DenseNet121 

network using the Adam optimizer performs the highest accuracy of 99.26%, which 

outperformed the results of previous studies using the same dataset [15-21].  

Table 4. Accuracy of DenseNet121  

optimized with seven optimizers on testing dataset. 

Optimizers Accuracy (%) 

Adam 99.26 

RMSprop 98.15 

SGD 97.78 

AdaGrad 98.52 

Adamax 98.89 

Ftrl 98.52 

Nadam 98.89 

3.3.  Performance of DenseNet121 model 

Figure 6 presents the change of loss and accuracy values versus epoch of the 

DenseNet121 optimized with Adam optimizer on the training dataset and validation 

dataset. It is shown obviously that the value of losses during the training is rapidly 

decreasing while the network is found to converge within 10 epochs.  

 

Fig. 6. Loss and Accuracy of the  

DenseNet121 optimized with Adam optimizer. 

The confusion matrix and normalized confusion matrix of the DenseNet121 

optimized with Adam optimizer on the testing dataset are shown in Fig. 7, where 

the colour saturation contours represent the accuracy of each class test. The 

confusion matrix basically shows how many data points actually belong to a class 
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and are expected to fall into one. The results show that 2 out of 270 images were 

misclassified. Specifically, there are 2 images that belong in the category of 

"inclusion" but are predicted to belong to the category of "scratches", all the 

remaining images are correctly classified by the classification model.  

  

Fig. 7. Confusion and Normalized confusion  

matrix of the DenseNet121 optimized with Adam optimizer. 

In addition, the receiver operating characteristic (ROC) is shown in Fig. 8. On 

the ROC curve, there exists a point close to the point with coordinates (0, 1), which 

proves that the classification model is very good. In other words, the more the curve 

goes along the left boundary and then along the upper boundary of the ROC space, 

the more accurate the test result is. 

The area under the curve (AUC), which is limited to ROC space, is a measure 

of the accuracy of the test. This area is meant to be a measure of the ability to 

distinguish good or bad. The larger this value, the better the model. As shown in 

Fig. 8, the AUC values here are very large (1.00 and 0.98). This proves that the 

classification model is very good.  

 
Fig. 8. ROC curve. 
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4.  Conclusions 

In this paper, the feasibility of applying transfer learning to identify surface defects 

on hot rolled steel strip is presented. Six pre-trained networks, including: Xception, 

NASNetMobile, VGG16, DenseNet121, MobileNet and InceptionV3 were cross-

compared for accuracy. 

The results show that all six pre-trained networks used in this study can be 

applied in the recognition of surface defects, even though these networks were 

trained on completely different datasets. In addition, the results also demonstrate 

that pre-trained networks have the potential to be implemented in a CNN 

architecture when the number of training samples is small. Out of the six selected 

CNN networks, the DenseNet121 model performed the most effective accuracy of 

99.26% for the testing dataset. Moreover, seven different optimization algorithms 

were coupled on the DenseNet121 network, where the Adam optimizer performed 

the highest accuracy compared to the other optimizers. 

Abbreviations 

AUC Area Under the Curve 

CNN Convolutional Neural Network 

NEU Northeastern University (China) 

ROC Receiver Operating Characteristic 
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