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Abstract: Automatic detection of steel surface defects is very important for product quality control in
the steel industry. However, the traditional method cannot be well applied in the production line,
because of its low accuracy and slow running speed. The current, popular algorithm (based on deep
learning) also has the problem of low accuracy, and there is still a lot of room for improvement. This
paper proposes a method combining improved ResNet50 and enhanced faster region convolutional
neural networks (faster R-CNN) to reduce the average running time and improve the accuracy.
Firstly, the image input into the improved ResNet50 model, which add the deformable revolution
network (DCN) and improved cutout to classify the sample with defects and without defects. If the
probability of having a defect is less than 0.3, the algorithm directly outputs the sample without
defects. Otherwise, the samples are further input into the improved faster R-CNN, which adds
spatial pyramid pooling (SPP), enhanced feature pyramid networks (FPN), and matrix NMS. The
final output is the location and classification of the defect in the sample or without defect in the
sample. By analyzing the data set obtained in the real factory environment, the accuracy of this
method can reach 98.2%. At the same time, the average running time is faster than other models.

Keywords: steel surface defect detection; improved ResNet50; improved faster R-CNN; spatial
pyramid pooling (SPP); feature pyramid networks (FPN)

1. Introduction

Steel plates are indispensable materials for the automobile industry, national defense
industry, machinery manufacturing, chemical industry, light industry, etc. However, due
to the problems of raw materials and technology, various types of defects will be produced
in the production process of steel plates—especially cracks, scabs, curling edges, cavities,
abrasions, and other defects on the surface [1]. These have a fatal impact on the corrosion
resistance and strength of the steel plate, and affect the economic benefits of the factory.
At present, the surface defect detection of strip steel mostly adopts the method of manual
detection. This method is easily affected by the subjective factors of the testing personnel.
Moreover, the accuracy of the test results is low, and the reliability is poor. Therefore, it is
essential to study the algorithm of automatic real-time detection of surface defects on the
production line.

In the past decades, researchers have developed a variety of algorithms to detect
defects on steel surfaces [2–14]. One is the traditional methods is based on statistical infor-
mation and image features. This method requires researchers to manually design some
image features and conduct statistical analysis on these features to obtain the detection
results. The commonly used methods are Sobel [15], canny [16], hog [17], local binary
patterns (LBP) [18], Fourier transform [19], wavelet transform [20], etc. For instance, Shi
et al. [3] propose an improved Sobel algorithm with eight directional templates. It helps
to obtain overall edge information, makes edge detection more accurate and faster, and
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finally makes the algorithm more robust. Liu et al. [4] present different feature extraction
approaches (scale invariant feature transform (SIFT), speeded up robust features (SURF)
and LBP) and various classifiers (back propagation (BP) neural network, support vector ma-
chine (SVM), and extreme learning machine (ELM)) to find the fastest combination method
with satisfactory classification accuracy. The method based on machine learning usually
extracts some image features first, and then processes these features by a learning algorithm
to detect surface defects. Some commonly used algorithms include SVM, artificial neural
networks (ANN) [17,18], and Adaboost. Wang et al. [5] propose a novel computational
framework, based on SVM and spreading algorithm. The algorithm first uses the SVM
algorithm to get the location and shape of the defect, and then uses a spreading algorithm
to classify the detected defects. Finally, the covariance matrix is used to calculate the defect
size. Kang et al. [6] discuss an approach to detect surface defects of steel strips based on a
feed-forward neural network (FFN).

In recent years, with the popularity of computer vision methods based on deep
learning [7–14,19,20], more and more researchers have applied deep learning methods
to surface defect detection, and replaced the traditional and machine learning methods.
This automatic defect detection method is based on deep learning, and can significantly
improve product quality and production efficiency, as well as realize end-to-end surface
defect detection. This algorithm also can automatically extract the deep and robust features
of the image and obtain the results, and complete the task of defect detection efficiently and
accurately. At present, the deep learning algorithms used in defect detection mainly include
Autoencoder, generative adversarial networks (GAN), and convolutional neural networks
(CNN). He et al. [7] propose a semi-supervised learning approach named CAE-SGAN
(convolutional autoencoder (CAE) and semi-supervised generative adversarial networks
(SGAN)), based on GAN, which improves the performance with limited samples, and
Autoencoder, which is used to extract image features. Thomas et al. [8] present an anomaly
detection based on deep generative adversarial networks (AnoGAN) to learn a manifold
of normal anatomical variability, accompanying a novel anomaly scoring scheme based
on the mapping from image space to a latent space. The method based on CNN can be
divided into three sub-areas: Image classification [9], image segmentation [10,11], and
object detection [12–14]. Lee et al. [9] propose a classification method of steel defects based
on CNN and class activation maps. It can implement a real-time decision-making process.
Tabernik et al. [10] developed an architecture based on image segmentation, which can
train the network with fewer samples. This is more suitable for the industrial environment.
Surface defect detection algorithms based on object recognition can be divided into two
categories: Single-stage and two-stage. Single-stage object recognition algorithms mainly
include ‘you only look once’ (YOLO). For example, Li et al. [12] have improved the YOLO
algorithm, which contains 27 convolution layers and can provide end-to-end solutions.
It can predict the location, size, and category of defects at the same time. Two-stage object
recognition algorithms mainly include faster region convolutional neural networks (faster
R-CNN) [13]. Firstly, a region proposal is applied to an image to select the region with
possible objects, and then the candidate images, which are considered as positive samples
in the first step, are taken as sub-image to classify and locate these. Oh et al. [14] advance an
approach based on faster R-CNN. They use Inception-ResNet-V2 and data augmentation
to improve the accuracy of the model.

As mentioned above, a variety of algorithms have been proposed with the develop-
ment of machine learning and computer vision, and they all have their own strengths
and weaknesses. Traditional and machine learning based methods are usually sensitive
to defect scale and noise and are easily affected. Moreover, the accuracy of this algorithm
cannot meet the actual needs of automatic defect detection. Some features need to be
designed manually, and the scope of the application is very limited. The classification
method based on deep learning can only classify images, but cannot determine the location
and size of defects. This has a significant impact on the later data analysis. It is very difficult
to train a stable and accurate model based on GAN and reinforcement learning. To realize
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the automatic detection and location of steel plate surface defects, further improve the
accuracy and stability, and reduce the average running time of the algorithm. This paper
presents a method combining the classification model with the object recognition model.
The main contributions of this paper are summarized below.

a. Firstly, we propose an improved faster R-CNN model, which can detect multi-scale
defects better by adding spatial pyramid pooling (SPP) [21–25], and enhanced feature
pyramid networks (FPN) [26] modules. To increase the detection accuracy of crazing
defects, we modify the aspect ratio of the anchor. By using the new matrix NMS [27]
algorithm, we can get the bounding box faster and better.

b. We use the improved ResNet50-vd [28] model as the backbone of the classification
model and object recognition model. By adding the deformable revolution network
(DCN) [29], and improved cutout, we can better detect various shapes of defects,
with higher accuracy and better robustness.

c. In this paper, we use a combination of the classification model and object detection
model, which can significantly improve the accuracy and reduce the average running
time of the algorithm.

The organizational structure of this paper is as follows: Section 2 introduces the
structure of our algorithm, including the overall architecture, classification model, object
detection model, etc. Section 3 analyzes the dataset and guides the improvement of the
algorithm. Sections 4 and 5 use the experiment to prove the accuracy and efficiency of the
algorithm, and compare our results with other methods. Finally, Section 5 summarizes the
paper and draws a conclusion.

2. Methodology

The core of deep learning ([30], chapter 1) is feature learning, which can acquire multi-
level features through the multi-layer network, thus solving the previous problem that
requires manual design features. In this paper, a convolution neural network (CNN) ([30],
chapter 5) in deep learning is used, which can learn the features of steel surface images
by using convolution to detect and locate them. A typical convolution neural network
is composed of modules, which are composed of a convolution, pooling, full connection
layer, etc. For example, ResNet is made up of convolution layers, residual blocks, and
fully connected layers. Because there are very few samples with defects in the actual
production environment, it will greatly reduce the average running time of the algorithm
to first classify the samples with or without defects through a classifier. Therefore, this
paper uses the binary image classification and object detection algorithm at the same time
to improve accuracy and reduce average running time.

As shown in Figure 1, first, the image is resized to 224 × 224. Then, the samples are
divided into without defect or other through threshold = 0.3 in the classification model
improved ResNet50, which add the deformable revolution network (DCN) and improved
cutout. If the probability of having a defect is less than 0.3, the algorithm directly outputs
the sample without defects. The other samples are resized to 800 × 1344, and further
input into the object detection model improved faster R-CNN, which add spatial pyramid
pooling (SPP), enhanced feature pyramid networks (FPN), and matrix NMS to detect the
defects. The final output is the location and classification of the defect in the sample or
without defect in the sample. The following will introduce two parts of the algorithm.

2.1. Classification Model—Improved ResNet50

ResNet [31] is one of the most powerful CNN, which has incomparable performance
and has a wide range of uses, including feature extraction as the backbone network and
image classification directly. It can be seen in the field of object detection and image
segmentation. ResNet network is innovating based on the reference to the VGG19 [32]
network. The changes are mainly reflected in the addition of residual units, the use of
convolution with stride = 2 for downsampling, and the use of the global average pooling
layer to replace the full connection layer. A vital design principle of ResNet is that when
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the size of the feature map is reduced by half, the number of feature maps is doubled,
which keeps the complexity of the network layer. After adding the residual module, which
can reduce the degradation of deep CNN in ResNet, we can build a deeper network to
achieve better results.

Figure 1. Algorithm Framework.

As shown in Figure 2, residual networks become easier to optimize by joining shortcut
connections x. Several layers of the neural network containing a shortcut connection are
referred to as a residual block. A residual block consists of two paths, one for the normal
convolution layers and one for the shortcut connection. Conv3 × 3 represents the convo-
lution operation using the 3 × 3 convolution kernel. BN stands for batch normalization
operation. When the input is x, the feature we want to learn is F(x) + x. When the residual
is zero, the residual module only performs identity calculation, and the performance will
not degrade. In fact, the residual will not be zero, which will make the residual module
learn new features based on the input features, so it has better performance.

Figure 2. Residual block.
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To improve the performance of ResNet, He et al. [28] proposed an improved method
ResNet-vd. As shown in Figure 3, the residual module of ResNet is on the left, and
ResNet-vd is on the right. The main improvements are as follows: The downsampling
operation of the left half through convolution 1 × 1 with stride = 2 is transferred to the
convolution of 3 × 3, the downsampling operation of the right half through convolution
1 × 1 is canceled, and the average pooling layer is added to downsampling the feature
map. Through these improvements, the model significantly improves the accuracy and
robustness without increasing the amount of computation, and can generate a better
feature map. Conv1 × 1 represents the convolution operation using the 1 × 1 convolution
kernel. BA represents batch normalization operation and relu activation. B stands for batch
normalization operation. Avgpool represents the average pooling layer. Stride is the step
size of the convolution operation. Setting it to 2 can reduce the size of the feature. “+”
indicates that the feature maps of two paths are added by pixel.

Figure 3. Comparison of ResNet and ResNet-vd. (a) ResNet residual block, (b) ResNet-vd residual block.

Figure 4 shows the detailed architecture of ResNet50-vd network. The whole network
in Figure 4 on the left consists of the stem module, four residual modules, and a fully
connected neural network layer. The numbers 32, 64, 256 in the figure represent the number
of convolution channels. The stem module is composed of three 3 × 3 convolutions and
max pooling, and uses stride = 2 in the first convolution and Max pooling to achieve
downsampling. Therefore, the output feature map of the stem module is half the size
of the input, and its number of channels is 64. The modules from stage 1 to stage 4
contain one block1 and several block2. It can be seen from Figure 4b that block1 consists
of two paths to form a downsampling block. On the left side is a bottleneck structure
composed of three convolutions, which are used to learn new features. On the right side
is a structure composed of a convolution and AvgPooling, which are used to process the
input into the same size and scale as the output of the bottleneck structure. But for stage2
to Stage4, block1 is the same as Figure 3b with the stride = 2 parameter to scale the size of
the feature map to half. Block2, like block 1, are composed of two paths. The difference
is that the structure on the right side of block 2 is a shortcut connection that forms the
residual module with the bottom structure. The size of the output feature map from stem
to Stage4 is [7, 14, 28, 56, 112]. The number of convolution channels from stem to Stage4 is
[64, 256, 512, 1024, 2048]. Therefore, the final output feature map of Stage4 is 7 × 7 × 2048.
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The final FC layer of the model uses an average pooling layer and a fully connected layer.
The average pooling layer averages the feature map of each channel from 7 × 7 to one
value, so we get the feature map of 1× 1× 2048 by taking the output of Stage4 as the input.
Finally, through a fully connected layer with softmax activation function, which output has
two values, which are the probability of whether the image has defects or not.

Figure 4. The architecture of ResNet-50-vd. (a) Stem block; (b) Stage1-Block1; (c) Stage1-Block2; (d) FC-Block.

The traditional convolution can’t make adaptive changes when the object is magnified
or rotated, due to the defined calculation rules, while the deformable convolution can
make adaptive changes by changing the input sampling position. Therefore, dcn-v2 [29] is
added to ResNet-vd to increase the adaptability of object deformation. From Figure 5, we
can see clearly that deformable convolution uses an additional convolution layer to learn
offset. The input feature map and offset are then used together as inputs to the deformable
convolution layer. The sample points are shifted by offset first, and then convoluted by the
input feature map. In this article, deformable convolution is applied to all 3× 3 convolution
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layers from stage 2 to stage 4 of ResNet50-vd. Therefore, there are 13 layers of deformable
convolution in the network.

Figure 5. Deformable convolution network.

2.2. Object Detection Model—Improved Faster R-CNN

Faster R-CNN [33] is a two-stage object detection algorithm, which consists of three
parts: Feature extraction network, region propose network (RPN), and R-CNN. Firstly, it
uses feature extraction network to extract the feature map of the image, and then inputs
the extracted feature map into RPN to generate the bounding box. Then the generated
bounding box is regressed by R-CNN to get a more accurate bounding box, and the images
in the box are classified.

As shown in Figure 6, to increase the detection effect of multi-scale defects, we use
ResNet50-vd-dcn, which is the same as the classification network, and delete the last full
connection part and FPN as the feature extraction network. At the same time, spatial
pyramid pooling (SPP, Figure 7) is added to the Convblock before FPN P1-P5, which can
also increase the detection accuracy of defects of different sizes. To improve the effect of the
feature extraction network, we further use Coordconv [34] to replace 1 × 1 convolution in
FPN. It can improve the efficiency of model training and extract features more accurately.

In the RPN of faster R-CNN, we need non-maximum suppression (NMS) [35] to pick
out the best one from the bounding boxes with the same class. The way to achieve this is
to eliminate those with lower confidence and IOU higher than a certain threshold for the
same class. To solve the problem of overlapping objects in traditional NMS and the low
efficiency of serial computation in soft NMS [36], matrix NMS [27] is used in this paper.
The overall architecture is shown below.



Metals 2021, 11, 388 8 of 22

Figure 6. The architecture of enhanced faster R-CNN.

Figure 7. Spatial pyramid pooling (SPP).

3. Steel Defect Dataset

The dataset used in this paper comes from the Kaggle competition, “Severstal: Steel
Defect Detection” [37], with a total of 12,568 steel sheet grayscale images with the size
of 1600 × 256 in the training dataset. Because there is a big gap between the height
and width of the original dataset, we divided each image into four images with the size
of 400 × 256 in the experiment. Therefore, there are 50,272 samples in our experiment,
including 37,080 samples without defects, 12,876 samples with only one type of defect, and
316 samples with two types of defects.

As shown in Figure 8, there are four types of defects in the dataset: Pitted surface,
crazing, scrapes, and patches. First, select two images for each class of defects in the dataset.
Then, second, mark the bounding box on the picture. Finally, change all the pictures to
256 × 256 and put them on one picture. The classification model uses all the images with
defects as one class, and the images without defects as another class, as shown in Table 1.
It can be clearly seen from Table 2 that 1306 pictures have pitted surface defects, 214 pictures
have inclusion defects, 9980 pictures have scratch defects, 1376 pictures have patch defects,
and 316 pictures have two kinds of defects. Images of various defects with bounding box
and label used in object detection model are shown in Table 2.
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Figure 8. Examples of various types surface defect. (a) Pitted surface; (b) crazing; (c) scratches; (d) patches; (e) no defect.

Table 1. Classification model dataset.

Class Train Valid Total

With Defects 10,553 2639 13,192
Without Defects 29,664 7416 37,080

Total 40,217 10,055 50,272

Table 2. Object detection model dataset.

Class Train Valid Total

Pitted surface 1044 262 1306
Crazing 171 43 214

Scratches 7984 1996 9980
Patches 1100 276 1376

Multi Class Defect 252 64 316
Without Defect 29,664 7416 37,080

Total 40,215 10,057 50,272

It can be seen from Tables 1 and 2 that there is a large imbalance in the dataset.
In particular, crazing defects only account for 1.6% of the total number of defect samples.
Also, the number of no defects samples is too large, accounting for the majority of the total
loss, which makes the optimization direction of the model is not what we want. To reduce
the impact of imbalanced data sets on the algorithm, firstly, we use the data augmentation
method to expand the crazing defect samples to 800 to increase the diversity of samples.
Furthermore, the weighted cross entropy loss [38] function and focal loss [39] function are
introduced in training.

Let me first introduce the standard cross entropy loss function. The cross entropy
describes the distance between two probability distributions, and the closer its value is, the
closer the two distributions are. The cross entropy loss function is also the cross entropy
between the output of the algorithm and the label. The higher the value is, the more the
output is the same as the label, and the higher the accuracy is. Formula (1) is used to
calculate the cross entropy loss.

jCE = − l
n

n

∑
1

log(pt) (1)
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where pt =

{
p, if y == 1
1− p, if y 6= 1

, p = sigmoid(x), x is the output of the algorithm and y is

the actual label.
The idea of weighted cross entropy is to use a coefficient to describe the importance of

samples in loss. For a small number of samples, strengthen its contribution to loss, for a
large number of samples reduce its contribution to loss. The formula is as follows.

jWCE = − l
n

n

∑
1

log(pt) (2)

where pt =

{
w ∗ p, if y == 1
1− p, if y 6= 1

, there is only a little change between this and cross

entropy, that is, a coefficient is added to the discrimination of positive samples. In the
object detection task, the weight of each defect is represented by a list [1.5, 2.0, 1.0, 1.5]. In
the classification task, the list is [1.0, 2.0].

Focal loss is improved, based on cross entropy loss. This new loss function can reduce
the weight of samples that are easy to classify, and make the model pay more attention to
the learning of difficult samples.

jF = −αt(1− pt)
γ log(pt) (3)

where αt =

{
α, for y == 1
1− α, for y 6= 1

, pt is the same as in cross entropy loss, α and γ are super

parameters. Usually, γ = 2, α = 0.75. γ is called modulating factor. It can adjust the weight
of easy to classify samples, which makes the model pay more attention to learning difficult
to classify samples in training.

Because training CNN requires a large number of samples, it is difficult to obtain
them in the actual production environment. In this paper, data augmentation [40] is
used to increase the diversity of samples and improve the accuracy and robustness of
the algorithm. By using data augmentation, which is a regularization method, the model
reduces overfitting and improves the generalization ability of the network. The methods
used in this paper include an improved cutout, horizontal flip, vertical flip, random
cropping, and random contrast and brightness transformation. Figure 9 shows the results
of various data augmentation methods.

Figure 9. Data augmentation. (a) Original image; (b) improved cutout; (c) horizontal flip; (d) vertical flip; (e) random crop;
(f) random contrast and brightness transformation.
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The original cutout method [41] is very simple—that is, randomly delete an area on
the image and replace it with zero. In this paper, we study an object detection problem,
which includes the label box and class information of four defects. Therefore, we improve
the cutout method, randomly delete the label box with a probability of 0.5 and fill it with 0.
Only when all the label boxes in a sample are deleted, the label changes to no defect.
As shown in Figure 9a,b, there are two scratch defects in the original image. After random
improved cutout data augmentation, only one defect is left, and the other defect area is
filled with 0. Horizontal and vertical flipping is used in Figure 9c,d, with a probability of
0.5. Random cropping is used in Figure 9e. The top, bottom, left, and right of the image are
cropped no more than 15%. After that, the image is resized to 400 × 256. Random contrast
and brightness transformation are used in Figure 9f. The probability of 0.5 is used to decide
whether to carry out the contrast or brightness transformation. If the two parameters are
changed, the transformation range of the image is limited to 50%.

From Figure 8a, we can see that the pitted surface defect is usually small in the steel
plate surface defect detection task. We can see from Figure 10 that the defect accounts for a
large proportion of the statistical value with a small area. And the area of crazing defect is
relatively small. To improve the accuracy of small defect detection, this paper uses SPP
and FPN to increase the effect of multi-scale feature extraction.

Figure 10. Statistical results of area size of various defects.

By counting the aspect ratio of various defects, we find a large aspect ratio for cracking
and scratches defects, as shown in Figure 11a. Scratch defects also account for a large
proportion in a very small proportion, as shown in Figure 11b (b only shows the data in the
range of 0–2.4, in more detail). To improve the detection accuracy of these two parts, the
anchor setting in faster R-CNN is changed from [0.5, 1, 2.0] to [0.25, 0.5, 1, 2, 5]. By using
k-means++ [42] algorithm to cluster bounding box, it is found that this setting can also
meet the needs of most defects. The clustering results are shown in Table 3.
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Figure 11. Statistical results for the ratio of height to width of various defects. (a) aspect ratio of various defects; (b) data in
(a) in the range of 0–2.4, in more detail.

Table 3. Cluster anchor using k-means++ algorithm.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Height 34 436 134 252 38 72 510 512 320 62 172 106 510 82 246 136 510 74 190 508 252 114 504 144 312
Width 9 9 18 20 23 23 23 31 32 35 35 36 45 58 58 70 73 108 119 142 218 219 294 511 512

4. Training

Due to the small number of samples with defects, transfer learning is used to increase
the accuracy and stability of the classification and object detection models. All models
are trained with Imagenet data set first, and then the training parameters are used as
the initialization parameters of the model used in this paper. As shown in Tables 1 and 2,
we divide the data set into training set with 80% proportion and validation set with
20% proportion.

In this paper, we study the classification model and object detection model. The task
of the classification model is to classify samples into those with defects and those without.
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The task of the object detection model is to identify the location and class of defects in
a sample.

In the classification model, to find a more suitable learning rate for this dataset, we
use the search method to find the best learning rate in the range of [10−7–10]. The search
method is to set a learning rate and then train one epoch to get the loss of the model.
The search results are shown in Figure 12. Finally, we chose the learning rate of 0.01.
To optimizer the function, we choose Momentum, which has a faster convergence speed
and smaller oscillation than the original SGD and momentum = 0.9.

Figure 12. Find learning rate (Lr).

A total of 80 epochs were trained in the model. After training 40 epochs, the learning
rate of every 20 epochs is multiplied by 0.5. The loss of the training process is shown in
Figure 13. The hardware environment used in the training is AMD Ryzen 5 2600x CPU, 32G
DDR4 RAM, and NVIDIA GTX 1080 GPU with 8 GB of video memory. The deep learning
framework uses open-source Paddlepaddle, version 2.0. Figure 14 shows the change of
accuracy during training. The maximum value is about 0.974.

Figure 13. Loss of the classification model.
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Figure 14. Accuracy of the classification model.

In the object detection model, we train 50 epochs with a learning rate of 0.0025,
batch_size of 4, and warmup of 2500. After training 40 epochs, the learning rate of every
five epochs is multiplied by 0.25. To optimizer the function, we choose the same as the
classification model Momentum with momentum = 0.9. Data augmentation uses random
cropping, horizontal flip, vertical flip, contrast and brightness transformation. Finally,
the input image size is changed to 800 × 1344. The hardware environment used in the
training is AMD Ryzen 5 2600x CPU, 32G DDR4 RAM, and NVIDIA GTX 1080 GPU.
Figures 15 and 16 show the changes of loss and bbox_map during training, respectively.
The maximum value of bbox_map was 87.6.

Figure 15. Loss of object detection model.
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Figure 16. Bbox_map of object detection model.

5. Results and Discussion
5.1. Evaluation Metrics

To accurately evaluate the effect of the model, this paper selects recall, precision, F1
score, Accuracy, mean average precision (mAP), and other metrics to compare the model.

Table 4 shows the confusion matrix, in which true positive (TP) means that the positive
sample is correctly identified as a positive sample, true negative (TN) means that the
negative sample is correctly identified as a negative sample, false positive (FP) means that
the negative sample is wrongly identified as a positive sample, and false negative (FN)
means that the positive sample is wrongly identified as a negative sample.

Table 4. Confusion matrix.

True Class
Predicted Class

Positives Negatives

Positives TP FN
Negatives FP TN

Recall is defined, as in formula (4), which indicates the proportion of positive samples
in the sample that are correctly identified.

Recall =
TP

TP + FN
(4)

The definition of precision is shown in formula (5), which indicates the proportion of
real positive samples among the identified positive samples.

Precision =
TP

TP + FP
(5)

Using recall or precision alone cannot evaluate the performance of the model well.
Therefore, the F1 score is introduced to consider recall and precision together. The definition
of the F1 score is shown in formula (6).

F1 = 2
Precision · Recall

Precision + Recall
(6)



Metals 2021, 11, 388 16 of 22

Accuracy is generally used to evaluate the global accuracy of a model, which cannot
contain too much information and cannot comprehensively evaluate the performance of a
model. Its definition is shown in formula (7).

Accuracy =
TP + TN

TP + TN + FP + FN
(7)

AP is the area under the precision-recall curve. Generally speaking, the better a
classifier is, the higher the AP value is. mAP is the average of AP of multiple classes. This
means that the AP of each class is averaged again, and the value of mAP is obtained. This
metric is the most important one in the target detection algorithm.

5.2. The Result of the Classification Model

For the classification algorithm, we compare ResNet and ResNet _ vd, ResNet_ vd_
dcnv2, ResNet_ vd_ dcnv2_ ImprovedCutout, Fadli et al. [43], and konovalenko et al. [44].
We can find that the improved method has better performance, and the highest accuracy
can reach 0.9752. By comparison, it is found that the improved convolution block (ResNet_
vd), DCN, and improved cutout methods can increase the accuracy of the model. The last
column in Table 5 shows the average run time per image with batch_size = 4. We can see
that the accuracy of the model is improved without significantly increasing the running
time. For ResNet_vd_dcnV2_ImprovedCutout, it optimizes the data augmentation during
training, but only improves the time spent in training the model and improves the accuracy
of the model. Because the model’s structure has not changed, it takes the same amount of
time to predict as ResNet_vd_dcnV2.

Table 5. Comparison of the classification models.

Model
Original Image Horizontal Flip Vertical Flip TTA Running

TimeF1 Acc F1 Acc F1 Acc F1 Acc

Fadli et al. [37] – 0.94 – – – – – –
ResNet 0.968 0.969 0.9627 0.9628 0.9626 0.9627 0.9673 0.9675 2.40 ms

Konovalenko et al. [38] – 0.9691 – – – – – –
ResNet_vd 0.9707 0.9708 0.9694 0.9695 0.9689 0.9690 0.9710 0.9711 2.44 ms

ResNet_vd_dcnV2 0.9732 0.9732 0.9726 0.9726 0.9730 0.9731 0.9739 0.9739 2.9 ms
ResNet_vd_dcnV2_ImprovedCutout 0.9747 0.9747 0.9744 0.9744 0.9745 0.9745 0.9752 0.9752 2.9 ms

The algorithm uses the test time augmentation (TTA) method in the validation. It
can be seen from Table 5 that TTA can increase the accuracy by about 0.05%. Figure 17
shows the confusion matrix of the classification model after TTA. We can see that the
classification error rate of the last model is the lowest, whether they are samples that with
or without defects. Figure 18 shows the P-R curve and ROC curve of model ResNet_ vd_
dcnv2_ImprovedCutout. We can see that recall and precision of the model have high values
at the equilibrium point, which indicates that the model has high accuracy and robustness.

5.3. The Result of Improved Faster R-CNN

Figure 19 shows the result of defect detection by the improved faster R-CNN object
detection model. Three defect images of each class are selected in the validation set. First,
they are resized to 800 × 1344, and then they are input into the trained faster R-CNN to get
the defect detection results. The bounding box with a probability value greater than 0.5
is drawn into the picture, and the detection result picture with a green bounding box is
obtained, as shown in the below row of pictures in Figure 19a–e. The bounding box labeled
in the original dataset is drawn in blue to the original image, and the images in the upper
row are obtained. From (a) to (e) shows the detection results of a pitted surface defect,
cracking defect, scrapes defect, patches defect, and multiple defects, respectively. From a,
we can see that the model can detect the defect that the real label is not marked. This defect
really exists, but it is not obvious. We can clearly see from b that the cracking defect is very
slender. By modifying the anchor in faster R-CNN, the detection accuracy of this class is
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improved. From the middle sample in c, the algorithm detects more defect areas than the
labeled bounding box. This also shows a problem that some samples in the original data
set are not labeled accurately. The data set will be further processed in future research.
From d and e, we can see that the algorithm can detect defects well and determine their
categories. In particular, many kinds of defects in e can be detected.

Figure 17. Confusion matrix of the classification model after test time augmentation (TTA). (a) ResNet (b) ResNet-vd
(c) ResNet-vcd-dcnV2 (d) ResNet-vd-dcnV2-ImprovedCutout.

Figure 18. The result of ResNet_ vd_ dcnv2_ Improvedcutout. (a) P-R Curve; (b) ROC Curve.



Metals 2021, 11, 388 18 of 22

Figure 19. Detection results. (a) Pitted surface defect; (b) crazing defect; (c) scratches defect;
(d) patches defect; (e) multiple defects.
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mAP is an important metric to evaluate the object detection model. As shown in
Table 6, we used mAP to compare the various models. We can see that the model based
on faster R-CNN has higher mAP than the model based on YOLO. The added DCN
module can better adapt to various shapes of defects. The FPN and SPP can detect multi-
scale defects better, especially the pitted defects, which are smaller and more. The object
detection model is also found in the pixel block space, and the output is the bounding box
in Cartesian space, so Coordconv is very suitable. Adding Coordconv can improve the AP
value of the model as a whole. The mAP of the final model is 0.876, which can accurately
detect the surface defects of steel.

Table 6. The AP of each type of defect and the total mAP of the model.

Model
Type of Defect

mAP
Pitted Surface Crazing Scratches Patches

YOLOv3 0.700 0.643 0.749 0.724 0.704
Faster-RCNN 0.801 0.767 0.874 0.865 0.827

Faster-RCNN + DCN 0.806 0.782 0.881 0.876 0.836
Faster-RCNN + DCN + FPN&SPP 0.840 0.818 0.902 0.895 0.864

Faster-RCNN + DCN + FPN&SPP + Coordconv 0.845 0.829 0.913 0.916 0.876

5.4. The Result of Our Model

To improve the accuracy and stability of the algorithm and reduce the average running
time of processing each image. In this paper, we use a combination of the classification
model and object detection model, as shown in Figure 1. First of all, we input the image
into the classification model to obtain the defect probability of the sample. If the probability
is less than 0.3, we will directly output the sample without defect. In this way, we obtained
7224 samples that were predicted to have no defects. The accuracy of these samples is
0.991, including 7159 samples with correct prediction results and 65 samples with wrong
prediction results. Second, the remaining 2830 samples are processed with the object
detection model. The final accuracy of these samples is 0.961. This accuracy is lower than
that of all samples directly using the detection model, because, after the classification model
processing, the remaining samples without defects are more difficult to detect. Finally,
it can be seen from Table 7, the accuracy of the classification model and object detection
model is analyzed, and the accuracy of the whole model is 0.982.

Table 7. Comparison of model accuracy and average running time.

Model Accuracy Average Running Time

Improved ResNet50 0.9752 2.9 ms
Wei et al. [8] 0.97 209.4 ms

Improved Faster R-CNN 0.972 214.5 ms
Classification and object detection 0.982 63.3 ms

6. Conclusions

In previous decades, a large number of researchers have participated in the research of
steel surface defect detection. Moreover, a variety of algorithms has been proposed with the
development of machine learning and computer vision. Traditional and machine learning
based methods are usually sensitive to defect scale and noise, and are easily affected.
Moreover, the accuracy of this algorithm cannot meet the actual needs of automatic defect
detection. Some features need to be designed manually, and the scope of the application is
very limited. The classification method based on deep learning can only classify images,
but cannot determine the location and size of defects. This has a great impact on the later
data analysis. It is very difficult to train a stable and accurate model based on GAN and
reinforcement learning. In addition, the method based on object detection has a lot of room
for improvement.
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To realize the automatic detection and location of steel plate surface defects, further
improve the accuracy and stability, and reduce the average running time of the algorithm.
In this research, we studied a method that combined a binary classification model and
object detection model to reduce the average running time. Through analysis, we found
that pitted surface defect is usually small and not obvious, so the accuracy of this class is
not high. In the improved faster R-CNN model, by adding FPN and SPP to the feature
extraction part of faster R-CNN, the accuracy of this kind of defect is improved. In addition,
the accuracy of cracking defect detection is not high because it is narrow and long. The
accuracy is improved by changing the default anchor of faster R-CNN. By using the new
matrix NMS algorithm, we can get the bounding box faster and better in the final stage
of the object detection algorithm. In the improved ResNet50-vd model, which is the
backbone of the classification model and object recognition model, by adding the DCN and
improved cutout, we can better detect various shapes of defects with higher accuracy and
better robustness.

Through the square comparison, we found that this method can be applied to steel
surface defect detection with high accuracy. The best result is achieved by combining
the classification model improved ResNet, and the object detection model improved aster
R-CNN. The accuracy changed from 0.975 for the single classification model and 0.972 for
the object detection model to 0.982 for the final model. The average running time of the
model is obviously reduced.

Experiments show that there are some problems in the annotation information of
datasets. For example, some pitted surface defects are not marked, some areas marked
with defects have problems, and some images with defects are put in the samples without
defects. Although the annotation information of some samples has been modified, it will
be further improved in future research. After processing the data set, the algorithm will be
further improved to achieve higher accuracy. Finally, in future research we will study the
methods of model compression and acceleration, which can greatly reduce the running
time of the algorithm.
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Nomenclature

ANN Artificial neural networks
BP Back Propagation
CAE Convolutional Autoencoder
CNN Convolutional Neural Networks
DCN Deformable revolution network
ELM Extreme Learning Machine
Faster R-CNN Faster Region Convolutional Neural Networks

https://www.kaggle.com/c/severstal-steel-defect-detection/overview
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FFN Feed-forward neural network
FPN Feature pyramid networks
GAN Generative Adversarial Networks
LBP Local Binary Patterns
NMS Non-Maximum Suppression
RPN Region propose network
SGAN Semi-supervised Generative Adversarial Networks
SIFT Scale Invariant Feature Transform
SPP Spatial Pyramid Pooling
SURF Speeded Up Robust Features
SVM Support Vector Machine
TTA Test time augmentation
YOLO You only look once
α&γ super parameters
jCE cross entropy loss
jWCE weighted cross entropy loss
jF Focal loss
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