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Abstract: Defect detection on the surface of the steel strip is essential for the quality assurance of the
steel strip. Precise localization and classification, the two significant tasks of defect detection, still
need to be completed due to the diversity of defect scales. In this paper, a residual atrous spatial
pyramid pooling (RASPP) module is first designed to enrich the multi-scale information of the feature
maps and increase the receptive field of the feature maps. Secondly, a double pyramid network
(DPN) that combines RASPP and feature pyramid is proposed to fuse multi-scale features further so
that similar semantic features are shared among the features of each layer. Finally, DPN-Detector,
an automatic surface defects detection network, is proposed, which embeds the DPN module into
Faster R-CNN and replaces the original detection head with a designed double head. Experiments
are carried out on the steel strip surface defect dataset (NEU-DET), and the results show that the
mAP of DPN-Detector is as high as 80.93%, which is 3.52% higher than that of the baseline network
Faster R-CNN. The classification accuracy is 74.64%, and the detection speed reaches 18.62 FPS. The
proposed method performs better robustness, classification and regression capability than other steel
strip defect detection methods.

Keywords: defect detection; deep learning; residual atrous spatial pyramid pooling; feature fusion;
attention mechanism; steel strip

1. Introduction

Steel strips are an important industrial material in production and life. The defects
on steel strips such as patch, scratch, rolled in scale, etc., are observed in the production
process due to equipment, technology and production environment. The presence of these
defects can seriously affect the quality and value of the steel strips.

The defects on the steel strip surface are very complex. As shown in Figure 1a, the
contrast between some types of defects and the background is quite low in the grayscale
image of the steel strip, and there are defects of multiple scales and shapes. Furthermore,
there is a high degree of similarity between certain types of defects, and there is also a
phenomenon of defect overlap, as shown in Figure 1b,c. Therefore, defect detection of
steel strip surface is very challenging. In the early days, surface defects of steel strips
were usually detected through human eyes. This method is quite costly and inefficient.
Consequently, the automatic defect detection on the steel strip surface is essential to reduce
costs and improve production efficiency [1].

Appl. Sci. 2023, 13, 1054. https:/ /doi.org/10.3390/app13021054

https://www.mdpi.com/journal/applsci


https://doi.org/10.3390/app13021054
https://doi.org/10.3390/app13021054
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-8616-1811
https://doi.org/10.3390/app13021054
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app13021054?type=check_update&version=2

Appl. Sci. 2023,13, 1054

20f17

(a)

Figure 1. Complex defects on the steel strip surface, boxes of the same color represent the same defect

type. (a) multiple defects; (b) multiclass defects; (c) overlapping defects.

The automatic defect detection methods based on computer vision have shown great
advantages in the surface defect detection of steel strips [2,3]. Early automatic defect
detection methods usually use feature extractors, such as histogram of oriented gradient
(HOG) [4], local binary patterns (LBP) [5], etc. to extract image features. Classifiers such
as support vector machines (SVM) [6] and random forest [7] are then used to classify and
identify defects. However, those methods mainly rely on ingenious hand-crafted feature
design. Additionally, they require a lot of professional knowledge and only work on specific
scenes. Therefore, the generalization and robustness of those methods is poor.

Deep learning-based methods have been widely used in industrial inspection [8,9]. As
one of the most successful algorithms of deep learning, the convolutional neural network
(CNN) has achieved great progress in the computer vision area. Features with high
abstraction and high representational capabilities can be extracted by CNN through learning
the feature distribution of datasets with lots of samples. Compared with earlier feature
extractors, the high-level features extracted by CNN have richer semantic information,
which helps better classify and detect, and enhances the generalization and robustness
of the model. However, some feature information, especially for minor defects, will be
lost in the feature extraction process due to convolution and pooling operations by CNN.
Therefore, maintaining the feature information of minor defects is very important for multi-
scale defect detection during extracting high-level semantic feature information [10]. At
present, only a single high-level feature is used for defections in many networks, resulting in
poor detection for multi-scale and minor defects. The Feature Pyramid Network (FPN) [11]
provides an idea to solve this problem. It fuses high-level semantic features and low-
level coarse-grained features by adding a top—down path. The use of multi-level features
in detection is beneficial for the detection of multi-scale and minor defects. In order to
further shorten the information flow path from low-level features to high-level features, a
bottom—up path augmentation [12] is proposed. It improves the utilization of rich location
information in low-level features by reducing the number of convolutional layers that need
to be traversed between low-level and high-level features. In addition, the atrous spatial
pyramid pooling (ASPP) [13] also has a similar pyramid structure by arranging multiple
convolutional layers with different dilation rates in parallel. It can learn more contextual
information and expand the receptive field.

Even though there are a lot of excellent networks, it is still hard for the neural network
models to learn defective features of a steel strip for the following two issues. The steel
strip images are generally grayscale images captured by CCD cameras, and those grayscale
images contain less information than color images. Furthermore, the defect positive samples
are far less than the background parts. The attention mechanism in neural network models
has the potential to solve this problem. The idea is to make CNN-imitated human functions
to focus on the information of interest but ignore the irrelevant information when processing
an image. Lots of research studies have been conducted and good results were achieved in
this area. For example, SE-Net [14], CBAM [15], Non-local [16].
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Inspired by the above-mentioned excellent work, a DPN module is presented in this
paper to refine the feature maps of different scales generated by the backbone and fuse
features of different scales. The problem of missing minor defect features as the network
deepens and the detection difficulty caused by the diversity of defect scales will be resolved.
Since in the proposed DPN module, the receptive field is expanded and the multi-scale
information of the feature maps is enriched. Finally, an object detection network for surface
defect detection of steel strips is proposed. The main contributions of this paper are
as follows:

(1) A novel residual atrous spatial pyramid pooling (RASPP) module is developed by ex-
ploiting multiple scale dilated convolutions to capture feature information and introduce
residual connection. This module can enrich the multi-scale information of feature maps
and expand the receptive field, while speeding up information dissemination.

(2) A double pyramid network (DPN) is proposed to speed up the transfer of rich location
information in the low-level features by embedding the RASPP module into top—down
and bottom-up feature pyramid networks. DPN improves the robustness of the model
to defect scales by integrating feature information of different scales multiple times
and expanding the receptive field of the feature maps.

(3) A steel strip surface defect detection network, DPN-Detector, is proposed, which is
formed by embedding DPN into Faster R-CNN and replacing the original detection
head with a designed double head. The double head contains a fully connected
detection head biased towards classification and a convolution detection head focused
on bounding box regression. Its embedded non-local attention blocks can enhance the
defective features and provide high-quality localization information. DPN-Detector
significantly improves the detection capability of multi-scale defects and can achieve
the high-precision detection of steel strips.

The rest of this paper is organized as follows: Section 2 outlines related work. Section 3
details the proposed method. Section 4 presents extensive experiments and results analysis.
Finally, the conclusion and prospect of this paper are given in Section 5.

2. Related Work
2.1. Automatic Defect Detection Method

In the traditional detection methods, manual features are usually designed to extract
the texture, shape, edge, and other information of the images, and then classifiers are
trained for defect detection. Song et al. [17] proposed enhanced local binary patterns (LBP)
to resist noise, and utilized the nearest neighbor classifier (NNC) and the SVM for defect
identification. Chu et al. [18] used four kinds of statistical features to extract the feature
information of the steel strip images and used the enhanced SVM to detect defects in the
samples and achieved multi-classification. Bai et al. [19] divided the detection process into
two stages. The phase-only Fourier transform is used to generate saliency maps in the first
stage, and the defects are extracted by using the saliency maps in the next stage. Although
these methods have achieved good performance, they limit the application to specific
situations and rely mostly on expertise. Therefore, they generally lack generalization
and robustness.

CNN has created a craze in the computer vision area and achieved great success.
Through the learning of a large amount of data, the feature information with deeper levels
and stronger performance capabilities can be extracted by CNN. The good portability
and generalization of CNN shows great application prospects in industrial detection. He
et al. [20] proposed a multi-level feature fusion method to detect surface defects of steel
strips. The method captures multi-scale information by fusing multi-level features, which
improves the detection effect of multi-scale defects. However, they did not consider the
importance of different levels of features when performing feature fusion. Cheng et al. [21]
published a surface defect detection method for steel strips based on attention mechanism
and feature fusion. This method uses an attention mechanism to reduce the loss of feature
information and applies an ASFF module to fuse high-level features and low-level features.
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However, this method has certain limitations when detecting dense defects. Bao et al. [22]
proposed a few-shot segmentation method for metal surface defects segmentation. In
this method, the defect segmentation problem is transformed into semantic segmentation
of defect parts and background parts by using a triplet encoder. Multi-graph reasoning
is then used to infer the similarity between different images for few-shot surface defect
segmentation. Gao et al. [23] developed a deep learning-based detection method for
surface defects of steel strips. Feature collection and compression modules are applied to
enrich multi-scale information firstly in the method, and then a novel Gaussian weighted
pooling method is employed to extract ROI features for classification and localization. Song
et al. [24] used a saliency detection method for steel strip defects by combining a decoder
and an encoder with an attention mechanism. This method can eliminate background noise
and speed up the convergence of the model. Liu et al. [25] improved Faster R-CNN by
using deformable convolution, balanced pyramid, and cascaded detection head to improve
the defect detection of steel strips. However, most current CNN-based steel strip defect
detection methods perform unsatisfactorily in multi-scale defect detection. Therefore,
a novel method for multi-scale feature capture and fusion is proposed to address the
above-mentioned problem in this paper.

2.2. Object Detector

The current object detectors can be divided into two-stage detectors and one-stage de-
tectors according to different structures. The two-stage detectors generate region proposals
in the first stage and then the corresponding features of the region proposals are used for
classification and regression in the second stage. Generally, the two-stage detectors use
a coarse-to-fine detection process. R-CNN [26] applies a selective search algorithm [27]
to extract region proposals, and then the corresponding features of region proposals are
extracted by CNN for identification and classification. Fast R-CNN [28] firstly extracts the
features of the entire image, and then maps the region proposals obtained by the selective
search algorithm with the extracted feature maps. It can avoid repeated feature extraction
and significantly reduce processing time. However, Fast R-CNN still needs an additional
search algorithm module to generate region proposals and cannot be trained end-to-end.
Therefore, Faster R-CNN [29] employs a region proposal network (RPN) to directly gener-
ate region proposals, which can perform end-to-end training and detection. After the above
improvements, the detection speed and accuracy of Faster R-CNN are greatly enhanced.

The one-stage detectors can be considered as regression analysis models, which di-
rectly predict the category and location of the objects. As a typical one-stage detector,
YOLO [30] has good performance in detection accuracy and speed. SSD [31] improves the
multi-scale objects detection ability of the model by using feature maps of different scales.
RetinaNet [32] is proposed with a new loss function to address the imbalance of positive
and negative samples during training.

One-stage detectors can detect fast, but the accuracy is relatively unsatisfactory. Com-
paratively, two-stage detectors exhibit high detection accuracy, but the amount of compu-
tation is slightly large. In the manufacture of steel strips, the high detection accuracy of
defects can effectively prevent defective steel strips from entering the next manufacturing
process. Therefore, a two-stage defect detection method is proposed in this paper to achieve
high-precision detection of steel strip defects.

2.3. Attention Mechanism

When viewing an image, humans can quickly focus on important areas and ignore
useless information. Based on this principle, attention mechanism is introduced into com-
puter vision, which greatly improves the efficiency and accuracy of information processing.
Wang et al. [16] designed a non-local attention module to compute the interaction between
any two locations rather than adjacent locations. This module can capture long-term de-
pendencies to maintain more information and increase the receptive field of the network.
Tang et al. [33] employed a method based on attention mechanism and multi-scale pooling
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for steel strip surface defect detection. Attention module was added to the backbone
network to make the model focus on defect regions and suppress background regions. Ad-
ditionally, a multi-scale pooling module is used to expand the receptive field. Su et al. [34]
proposed a complementary attention mechanism to suppress the large amount of back-
ground noise in solar cell images and improve the network’s attention to the spatial location
of defects. Cheng et al. [21] brought up a method for surface defect detection of steel strips
by applying differential channel attention and adaptive spatial feature fusion module.

In this paper, a non-local attention block is embedded in the proposed DPN-Detector
to reassign the weights of defect and background regions. In this way, the features of the
defective parts are highlighted, and the background is suppressed.

3. Methodology

The overall framework of DPN-Detector, the RASPP and the DPN will be introduced
in detail in this section.

3.1. Defect Detection Framework

The overall framework of the DPN-Detector proposed in this paper is shown in
Figure 2. The Faster R-CNN is used as the baseline detector for defect detection on
steel strip surfaces. The DPN-Detector consists of four parts: feature extraction, feature
refinement, region proposal, and classification and regression. The steel strip images input
to DPN-Detector will go through the above four parts in turn, and finally the predicted
defect category and location are obtained.

D. Classification and regression
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Figure 2. The overall framework of the proposed steel strip defect detection network (DPN-Detector).
cls-pred: class prediction, bbox-reg: bounding-box regression. fc: fully connected layer, conv:
convolutional layer.

In the feature extraction part, the superior performance ResNet50 [35] is used as
backbone to extract the features of the steel strip images. The parameters are initialized
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with the weights pre-trained in ImageNet, which can reduce the training time and make the
overall model converge fast. In the feature refinement part, the features of different levels
extracted by the backbone firstly pass the semantic information level by level through the
top—down feature fusion path. The RASPP module is then used to enrich the multi-scale
information of features and expand the receptive field. Finally, the bottom—up path is
used to transfer the rich location information of the low-level features to the high-level
features. In the region proposal part, the refined features of the DPN are fed into RPN
to generate a large number of region proposals that may contain defects using sliding
windows. In the classification and regression part, ROIAlign firstly takes the refined feature
maps and regional proposals as input and maps the regional proposals to the corresponding
features of different levels. Then, the features are intercepted in the region candidate boxes
and resized into fixed-size ROI feature vectors. Finally, the double head [36] is used as
the detection head to perform defect category classification and bounding box regression
according to the ROI feature vectors.

3.2. Residual Atrous Spatial Pyramid Pooling (RASPP)

We modified the ASPP module and propose the RASPP module to enlarge the receptive
field and enrich the multi-scale information of feature maps. The relationship between
the input features and output features can be adaptively learned by RASPP. In addition, it
shortens the path of information propagation to reduce the risk of model overfitting.

The ROI features intercepted by ROIAlign only contain feature information in the
region proposals, and the information outside will be discarded regardless of whether it
contains the object feature or not. However, the region proposals generated by RPN are not
accurate, resulting in inaccurate ROI features, which affects subsequent classification and
regression. In the case of a large receptive field, the limited defect features intercepted by
ROIAlign can still contain discarded feature information outside the region proposals to
ensure the subsequent accurate defect detection. Moreover, the larger receptive field also
helps the RPN to capture large defects. Therefore, a RASPP module is designed to expand
the receptive field and enrich multi-scale information that lays the foundation for obtaining
more accurate ROI features.

As shown in Figure 3, the input of RASPP passes through four parallel branches. The
resulting outputs are then concatenated together along the channel dimension and finally
fused with the input to form the output of RASPP. Convolution layers are used in three
branches, and the size of the convolution kernel is (1, 3, 3). The input channel and the
output channel are consistent, and the ReLU function [37] is used to activate the output.
The dilation rates of the convolutional layers are set to (1, 3, 6), respectively, to capture
multi-scale feature information. The stride of all dilated convolutions is 1. The padding is
set to (0, 3, 6), respectively, to keep the feature map size unchanged. Global average pooling
is adopted to extract global semantic information in the pooling branch. The feature vector
generated after pooling is used to further extract useful information by a1 x 1 convolution
and ReLU, then the vector is concatenated with the feature maps of the other three branches
in the channel dimension after resizing. At this time, the channels of the concatenated
feature maps are four times that of the RASPP input feature maps. A1 x 1 convolution
is then used to reduce the channel dimension of the output feature maps to be consistent
with the input feature maps. Finally, the refined features are linked with the input feature
through a skip connect to form the final output of the RASPP module. The calculation
process of RASPP is defined as follows:

Fq = conv}(Ryy), Fo = convl(Ryy)
F3 = conv§(Ryy), Fp = conv}(avgpool (R;,))

M

Feoncat = COnU% (Concat(Fclr Feo, Fe3, Fp)) ()
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where R;;, represents the inputs features of the RASPP module, F.. represents the feature

map after convolution, and F, is the feature map after pooling. The i in con;- is the atrous

rate and the j is the convolution kernel size.

3x3 Conv rate=6
rate=3 )
1x1Conv | m m pooling

Ll

Figure 3. The structure of the proposed residual atrous spatial pyramid pooling (RASPP) module.
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1 x 1 Conv: Convolution with a kernel size of 1, 3 x 3 Conv rate = 3: Dilated convolution with a
convolution kernel size of 3 and an expansion rate of 3, other similar.

The output of the RASPP module is defined as:
Rout = a-Feoncat + Rin (3)

where R, represents the output features of the RASPP module. It is noted that we multiply
the concatenated feature map Feoncqt With a scale parameter a. Additionally, « is initialized
to 0 and gradually increases during the learning process to assign more weights. The
RASPP module can enrich the multi-scale information of the features and increase the
receptive field of the features, and also shorten the path of information flow, and enhance
the robustness of the model.

3.3. Double Pyramid Network (DPN)

DPN module is designed to obtain more informative ROI features, solve the problem
of diverse defect scales and ineffective detection by single-layer features. It is formed by the
combination of RASPP and top—down and bottom—up feature pyramid networks (PA-Net).
The module can expand the receptive field of the model and fuse feature information of
different scales. It is essential for ROI feature capture.

The novel DPN module designed in this paper is shown in Figure 4. The feature maps
of C2, C3, C4, and C5 levels extracted by the backbone is the input of DPN module. Firstly, a
1 x 1 convolutional layer is employed to reduce the channel dimension of the feature maps
extracted by the backbone to 256. This can reduce the amount of computation and facilitates
the fusion of features at different levels. Secondly, the top—down path is used to transfer
the high-level semantic information to the low-level features, and a 3 x 3 convolutional
layer also is utilized to reduce confusion caused by feature fusion. Thirdly, the RASPP
module is used to expand the receptive field and enrich the multi-scale information of the
feature maps. Finally, the bottom—up path is used to transfer rich location information of
the low-level feature to the high-level feature. The DPN algorithm is shown in Algorithm 1.
It is worth noting that the RASPP module is applied in all layers of DPN for more efficient
extraction of multi-scale feature information. However, some extra features are useless and
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counterproductive. Therefore, the weights of the RASPP module are shared to reduce the
parameters and complexity of the model. DPN enriches the multi-scale information of the
features and expands the receptive field and improves the utilization of the rich location
information in the low-level features by combining RASPP with top—down and bottom—up
feature pyramids. In addition, the features of each layer have similar semantic features in
DPN, which is beneficial for the model robustness to multi-scale defect detection.

Algorithm 1 DPN in DPN-Detector.

Input: Feature map G;,i€ (2,...,5)
Outout: Feature map Nj,i € (2,...,6)

1: C; + Convl (G) fori=2,...,5

2: last < Cs

3: fori=4 —2do

4: lateral <+ C;

5: top—down < Upsample (last)

6: last < lateral + top—down

7: P; < Conv3 (last)

8: end for

9: forj=2—4do

10: if j == 2 then

11: N; < RASPP (P))

12: else

13: N;j « Conv3 (RASPP(P))) + Downsample
(N;-1)

14: end if

15: end for

16: Ng + Maxpool (N5)

17: return N;, i€ (2,...,6)

- Cs - PS5 [miess N5
] C4 ©-24 Rasep N4
. C3 .P3 I N3
. —»‘—>C2 P2, Raspp N2

. : 1
RASPP | : Residual Atrous T Up sample

Spatial Pyramid Pooling | : Down sample

Figure 4. The structure of the proposed double pyramid network (DPN). C; /P; /N; represents features
of different scales.

3.4. Double Head Module

Previous work shows that the fully connected detection head (fc-head) and the con-
volutional detection head (conv-head) have different functional focus [36]. Therefore,
applying different detection heads for different tasks is beneficial for obtaining more accu-
rate classification and regression results. In our double head module, the fc-head is used
for the classification task while the conv-head is used for the regression task.

The structure of the detection head we adopt is shown in Figure 5. The ROI features
extracted by ROIAlign is the input of the double head module. The ROI features are fed
into two branches for classification and regression. In the classification branch, we follow
the design of Faster R-CNN, in which two fully connected layers with 1024 dimension
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are shared before the two output layers of classification and regression. In the regression
branch, a residual block is used to increase the feature map channel from 256 to 1024,
and then two bottleneck blocks are used to extract location information. Each bottleneck
block is followed by a non-local attention block for enhancing defective features and
suppressing background noise. The introduction of non-local attention block can cope the
detection challenge caused by the high similarities between the steel strip defects and the
background. Finally, average pooling is used to generate 1024-dimensional feature vectors
for class prediction and bounding box regression.

Po e meoseooeooeooooooooooooooooo . > class

Rol Features

Figure 5. The structure of the double head module. fc: fully connected layer, conv: convolution layer.

Notably, classification and regression are performed in both branches. While giving
full play to the advantages of the two detection heads, additional supervision information is
added, and they complement each other to achieve better performance. It has been reported
that stacking more non-local attention blocks can achieve better performance [36]. We stack
two non-local attention blocks, which are stacked alternately with bottleneck blocks to
balance the accuracy and speed. Other settings are referred to the previous publication [36].

After the classification and regression tasks are divided and conquered, the loss
function also includes two parts, namely fc-head loss, and conv-head loss. Additionally,
each detection head includes both classification loss and bounding box regression loss. The
mathematical expressions are:

Lfe = aferfe 4 (1 - AfC) LIS @)
LCO”U — (1 _ ACOHU)_LE([)SHU + /\«COHU'LE?SHU (5)

where L/¢ is the loss of fc-head, and L is the loss of conv-head. A/ is the weight
coefficient for balancing the classification loss and bounding box regression loss in Lf¢.
Similarly, A°°"* is the weight coefficient for balancing the classification loss and bounding
box regression loss in L¢°"*?.

The total loss function is:

[ = wa'LfC - tomv. ponv | prpn (6)
where w/¢ and w®" are the weight coefficients of L/ and L, respectively. L'P" is the
loss of RPN. In both fc-head and conv-head, the cross-entropy function [38] is used in the
classification loss, and the smooth L1 function is used in the bounding box regression loss.
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Different detection heads in the double head can capture different information, and the
function of the classifiers of the two detection heads can achieve better defect classification.
Mathematical expression is shown as:

S — Sfc + Sconv‘(l _ SfC) — geonv . Sfc-(l _ Sconv) 7)
where S/¢ and S are the classification scores of fc-head and conv-head, respectively.

4. Experiments

Extensive experiments are conducted to verify the performance of the proposed DPN-
Detector. The dataset, implementation details, evaluation metrics, experimental evaluation,
and ablation experiments are described in detail below.

4.1. Dataset

In this paper, the steel strip dataset NEU-DET [20] is used to verify the performance of
the proposed DPN-Detector. The annotation type of the NEU-DET dataset is bounding box.
Each annotation including a category label and the coordinates of the two points of the box
(top left and bottom right), is stored in XML. There are six types of defects, namely crazing
(Cr), inclusion (In), patches (Pa), pitted surface (PS), rolled in scale (RS), and scratches (Sc).
There are a total of 1800 images, 300 images for each defect. The resolution of each image is
200 x 200. We divide the dataset into training and testing sets, where the training and the
testing sets contain 1260 images and 540 images, respectively. The distribution instances
of the six defect types in the training and testing sets are visible in Table 1. Furthermore,
in order to prevent overfitting, the training dataset is expanded by six times through
different operations such as random horizontal or vertical flipping, cropping, zooming,
and translation. Figure 6 shows some typical defect annotations.

Table 1. Defect instance distribution of six defect types in train and test sets.

Type Cr In Pa PS RS Sc

Test 197 306 252 136 189 161
Train 2947 4219 3762 1776 2633 2319
Total 3144 4525 4014 1912 2822 2480

inclusiol

(b)

@ © ®

Figure 6. Examples of defective images with ground-truth annotations in the NEU-DET dataset: (a)
Cr; (b) In; (c) Pa; (d) PS; (e) RS and (f) Sc.
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4.2. Evaluation Metrics

Both classification accuracy and predicted location accuracy need to be evaluated in
defect detection. Therefore, the F1 and average precision (AP) are used to evaluate the
classification and location performance of model. In addition, mean average precision
(mAP) and FPS are used to evaluate the comprehensive detection ability and detection
speed of the model, where mAP is the average of all categories of AP. The above metrics
are calculated as follows:

.. TP

Precision = W ®)
TP
Recall = TP EN )
2 X Precision x Recall
F1 = 1

Precision + Recall (10)
AP = SP*R (11)

where TP, FP, and FN represent the number of true positives, false positives, and false
negatives, respectively. Sp_g represents the area under the P-R curve.

4.3. Implementation Details

We perform all experiments on a workstation with one INTEL XEON CPU and four
TESLA V100 GPUs (32 GB memory), CUDA 11.4, and CUDNN 8.0.5 on an ubuntu system.
A single GPU is used for both training and testing. All codes are developed based on the
deep learning framework pytorch 1.10.0. We uniformly scale the image size to 224 x 224
and use the stochastic gradient descent (SGD) optimizer to optimize the parameters during
the training process. The weight decay is fixed to 0.0001 and the momentum is 0.9. The
batch size for all experiments is eight. The initial learning rate is 0.001 and the maximum
number of iterations is 17,000. The learning rate is reduced to 10% at 11,500 and 15,000
iter. The backbone is initialized with the pre-trained weight parameters in ImageNet to
speed up the convergence of the model, and the rest is initialized with “Xavier’ [39]. In
this study, the backbone of all models is ResNet50, unless we specifically mark. For the
generation of anchors, we adopt the same settings as Faster R-CNN. The base anchor ratios
of features in each level are (0.5, 1, 2), and the base anchor sizes are (32 x 32, 64 x 64,128
x 128,256 x 256,512 x 512). The anchor boxes with different scales are used at different
levels of feature maps for prediction.

The fc-head and conv-head play complementary roles to perform category classifica-
tion and bounding box regression. We follow the setting in [36], classification tasks and
regression tasks are assigned in fc-head and conv-head, respectively, and A/ is set to 0.7
and A" ig (0.8. In the total loss, w/¢ and W™ are set to 2.0 and 2.5, respectively, which
means that it is more inclined to obtain accurate regression positions. In addition, the
number of ROIs is reduced from 1000 to 500 to further improve the inference speed of
the model.

4.4. The Result of Defect Detection

We perform extensive experiments on the NEU-DET dataset to evaluate the per-
formance of DPN-Detector and compare it with RetinaNet [32], Cascade R-CNN [40],
DETR [41] and YOLO-V5.

(1) The F1 is used to evaluate the classification performance of different detectors for
defect categories. DPN-Detector has excellent classification ability due to the complemen-
tary fusion of the two detection heads. As shown in Table 2, DPN-Detector has the highest
classification performance of 74.64%, significantly outperforming all one-stage detectors in
the classification of all defect categories. Moreover, it shows improvement compared to
the two-stage detectors. On the whole, DPN-Detector has better classification performance
for steel strip defects. Furthermore, better classification performance contributes to better
defect detection, which is demonstrated in the following experiments.
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Table 2. The F1 comparison of different detectors.

Method Cr In Pa PS RS Sc Overall
RetinaNet [32] 48.22% 73.33% 84.61% 73.46% 55.63% 71.13% 67.73%
YOLO-V5 49.70% 75.49% 84.44% 75.98% 61.20% 85.61% 72.07%
Faster R-CNN [29] 51.90% 72.55% 86.02% 74.34% 62.70% 83.97% 71.91%
Faster R-CNN+FPN [11] 50.95% 77.01% 84.79% 74.33% 63.08% 86.52% 72.78%
Cascade R-CNN [40] 51.94% 80.70% 85.04% 74.63% 60.85% 87.97% 73.52%
DPN-Detector 52.25% 80.85% 88.37% 76.51% 61.50% 88.34% 74.64%

(2) The mAP and FPS are used to evaluate the detection performance and detection
speed of the detectors, respectively. As shown in Table 3, the DPN-Detector embedded with
DPN module and double head outperforms other detectors. It achieves mAP of 80.93%,
which is 3.52 points higher than the baseline Faster R-CNN. It shows that the multi-level
feature detection method is beneficial to the detection of multi-scale defects. The mAP
is also 4.11 points and 3.99 points higher than DETR and YOLO-V5, respectively. The
gap of 4.48 points above RetinaNet is the most significant. At similar FPS, the mAP of
DPN-Detector is 2.22 points higher than Cascade R-CNN, which also uses a heavy detection
head. After embedding the DPN module in Faster R-CNN, the mAP is improved from
77 41% to 79.67%. The mAP is further improved to 80.93% after double head module is
added. These results demonstrate the effectiveness of the DPN module and double head
for improving the detection of steel strip defects. It is worth noting that the DPN module
can bring greater performance improvement compared to double head.

Table 3. Defect detection results on NEU-DET.

Method mAP Cr In Pa Ps RS Sc FPS
RetinaNet [32] 76.45% 48.98% 80.41% 91.39% 84.87% 64.91% 88.15% 30.00
DETR [41] 76.82% 44.64% 86.19% 91.67% 80.90% 66.54% 90.99% 28.42
YOLO-V5 76.94% 45.80% 82.04% 91.93% 83.93% 65.67% 92.28% 54.00

Faster R-CNN [29] 77.41% 53.68% 79.34% 91.16% 79.42% 70.94% 89.89% 16.88
Faster R-CNN + FPN [11] 78.32% 53.38% 83.98% 90.91% 80.65% 70.11% 90.88% 23.48
Cascade R-CNN [40] 78.71% 54.28% 83.02% 90.93% 81.86% 69.58% 92.61% 19.29
Faster R-CNN + DPN 79.67% 53.47% 84.06% 92.06% 85.91% 71.56% 90.98% 20.77
DPN-Detector 80.93% 55.33% 86.45% 92.09% 85.03% 73.54% 93.16% 18.62

In addition, the performance of two-stage detectors is generally better than that of
one-stage detectors. Additionally, high detection accuracy is extremely important for strip
quality assurance, that is why we chose a two-stage detector as the baseline. The detection
results of DPN-Detector for each defect type shows that DPN-Detector has better robustness
than other detection methods with the same evaluation metric.

(3) The PR curves are used to evaluate the detection performance of DPN-Detector for
each defect type. As shown in Figure 7, the area enclosed by each curve and the coordinate
axis is the AP value of each defect. It can be seen obviously that the detection performance
of Cr and RS is worse than that of other defects. The reason lies in the high similarity of the
two types of defects to the background, and their complex and varied shapes. Furthermore,
the two types of defects are very scattered. Other types of defects have a strong contrast to
the background, and appear in the form of lumps, so the detection effect is relatively good.

(4) We use a single GPU to perform inference on the model with a total of 540 test im-
ages. The FPS of each detector is shown in Table 3. The FPS of DPN-Detector reaches 18.62,
which can meet the needs of practical industrial applications. The one-stage object detector
YOLO-V5 is famous for its fast detection speed with a maximum 54.00 FPS, but it does
not perform well in the detection results of defects. Compared with Cascade R-CNN, the
addition of DPN module shows good cost performance in terms of balancing the detection
performance and speed of Faster R-CNN. Although DPN-Detector is not the fastest in de-
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tection speed, it can still meet actual production needs. In terms of detection performance,
it is superior to other detectors, which is very important for industrial applications.
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Figure 7. The PR curves for six defect types.

From the above evaluation results, the proposed DPN-Detector has better performance
in the classification and detection tasks of the defect detection on the steel strip surface.
The reason is that the proposed DPN module can enrich multi-scale information, expand
the receptive field, and give good guidance to feature fusion. At the same time, double
head takes full advantage of different inspection heads and high-lights defect features. It is
very beneficial for the detection of surface defects of steel strips with various scales and

strong background noise interference. Figure 8 shows some detection results sample of
DPN-Detector on NEU-DET.
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Figure 8. Example of DPN-Detector detection results on NEU-DET: (a) Cr; (b) In; (c) Pa; (d) PS; (e) RS
and (f) Sc.
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4.5. The Effect of Different Modules on the Detection Results

We perform ablation experiments on different components of the proposed DPN-
Detector, RASPP, DPN, and double head, to verify the effectiveness of those components.

4.5.1. The Effect of RASPP

We conduct ablation experiments with the RASPP module as a variable. The results
are shown in Table 4. Thanks to the multi-scale information captured by RASPP and the
enlarged receptive field, the detection performance can be improved after embedding the
RASPP module, whether it is a top—down feature pyramid or a top—down and bottom-—
up feature pyramid. It shows that the RASPP module is effective for multi-scale defect
detection of steel strips. The mAP showed a larger drop after replacing the RASPP module
with ASPP. The reason is that ASPP can capture a wider range of feature information
than RASPP. The extra information does not always work but interferes with the useful
feature information and causes model confusion, which leads to a decrease in detection
performance. It also shows that RASPP is sufficient to cover defective feature information
at all scales. The adaptive residual learning added in RASPP can independently judge
whether the learned features are effective, so as to avoid the confusion caused by ASPP.
It also helps to shorten the information flow path and enhance the robustness of the
model. Nevertheless, RASPP requires fewer parameters than ASPP, so it has a faster
detection speed.

Table 4. The results of DPN-Detector with different components on the NEU-DET dataset. (1/: use
this module, /: not use this module).

FPN RASPP Double Head mAP FPS
Top-down / / 78.32% 23.48
Top-down ASPP / 70.05% 20.00
Top-down RASPP / 78.84% 20.77
Top-down RASPP Vv 80.07% 18.62

Top—down + Bottom-up / / 78.77% 23.48
Top-down + Bottom-up ASPP / 71.47% 20.00
Top—down + Bottom-up RASPP / 79.67% 20.77
Top-down + Bottom-up RASPP v 80.93% 18.62

4.5.2. The Effect of DPN

We performed ablation experiments on the proposed DPN module by changing the
structure of the feature pyramid. From the penultimate row in Table 4, the top—down and
bottom—up feature pyramids with the RASPP module achieve an mAP of 79.67%, which
is better than the feature pyramids with other structures. It proves the effectiveness of
the DPN module for multi-scale defect detection and model robustness. When the ASPP
modules are consistent, the detection performance of top—down and bottom—up feature
pyramids is better than that of top-down feature pyramids, as shown in the comparison of
the first four rows and the last four rows in Table 4. It proves that the bottom-up path can
enhance the flow of information, outperforming the FPN module with only one top—down
path. In addition, it can be seen from the FPS that the top-down and bottom-up feature
pyramids do not affect the overall detection speed of the model compared to the top-down
feature pyramid, which proves its excellent cost performance.

4.5.3. The Effect of Double Head

Ablation experiments are also performed to verify the effect of double head on model
performance. From the last two rows of Table 4, the mAP of 80.93% is obtained after further
applying double head. Similarly, the mAP is also improved by 1.23% after adding double
head to the top—down FPN + RASPP. It proves the effectiveness of the double head using
different detection heads to handle different tasks, and fully utilizes the advantages of
detection heads with different functional focus. Although the detection speed is slightly re-
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duced, it can still meet the needs of practical detection after replacing the original detection
head with a double head.

4.5.4. The Impact of ROI Quantity

The number of ROIs affects the inference speed and detection performance of the
model. A large number of regional proposals generated in RPN stage will be sorted
according to their confidence levels, and only a few high-confidence region proposals will
be used to extract ROI features. More ROI features will gain better detection results, but it
will also slow down the inference speed of the model. As shown in Table 5, we performed
ablation experiments with the number of ROIs as a variable. It can be seen that as the
number of ROIs increases, the detection performance of the model shows an upward trend,
while the detection speed gradually decreases. When the number of ROIs is increased from
500 to 1000, the detection speed will be damaged to a certain extent and the performance
improvement will be limited. Additionally, when the number of ROIs is reduced to 50, the
best detection performance is still 96.7%, which proves the robustness of our proposed
model. In actual industrial production, the steel strip defect detection model needs to
achieve a balance between detection performance and inference speed. Therefore, we set
the number of ROIs to 500.

Table 5. Detection results of different ROI numbers.

ROI mAP Cr In Pa Ps RS Sc FPS
Number
50 77.67% 47.57% 83.50% 90.35% 85.93% 68.03% 90.66% 28.42
100 78.22% 54.86% 83.30% 90.98% 82.82% 65.79% 91.59% 27.00
300 79.15% 55.51% 84.73% 91.89% 83.80% 66.20% 92.79% 24.55
500 80.93% 55.33% 86.45% 92.09% 85.03% 73.54% 93.16% 18.62
1000 80.97% 57.57% 84.48% 91.27% 85.36% 73.07% 94.08% 16.88

5. Conclusions

In this paper, a RASPP module is designed to expand the receptive field of the model so
that the region proposals generated by the RPN network contain a broader region of feature
information. Moreover, we combine RASPP with top—down and bottom-up pyramid
networks to form DPN. DPN can enrich multi-scale feature information, shorten the
information flow of the features among different levels, maintain more feature information,
facilitate the detection of minor defects, and improve the robustness of the model to defect
scales. In addition, we use a double head to perform the classification and regression tasks,
respectively. We add a non-local attention mechanism in the double head to enhance defect
features and suppress background features, as some defect types are highly similar to the
background. Finally, with the proposed DPN-Detector, we obtain an mAP of 80.93% on
the steel strip dataset NEU-DET, with 3.52% improvement compared to the baseline. The
classification accuracy is 74.64%, and the detection speed reaches 18.62 FPS. The results
show that our DPN-Detector has excellent advantages in detecting the defects on the steel
strip surface. Our research will contribute to the automatic detection of surface defects in
industrial production, promoting the production efficiency.

However, the proposed method still needs to be further improved. At present, the
amount of computation of the method is relatively large and detection speed needs to be
further modified. Furthermore, the highly reflected light in the industrial environment will
affect the defect detection, which requires the features extracted by the detection method to
be more robust. In the future, we will work on developing faster and more robust detection
methods for steel strip defects.
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