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[Abstract]

Steel production requires high-quality surfaces with minimal defects. Therefore, the detection
algorithms for the surface defects of steel strip should have good generalization performance. To meet
the growing demand for high-quality products, the use of intelligent visual inspection systems is
becoming essential in production lines. In this paper, we proposed a ShuffleDefectNet defect detection
system based on deep learning. The proposed defect detection system exceeds state-of-the-art
performance for defect detection on the Northeastern University (NEU) dataset obtaining a mean
average accuracy of 99.75%. We train the best performing detection with different amounts of training
data and observe the performance of detection. We notice that accuracy and speed improve significantly

when use the overall architecture of ShuffleDefectNet.
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I. Introduction

In the steel industry, the detect of steel surface
defect plays an important role in finding the cause
It is
possible to eliminate the defects by utilizing the

of defects in the manufacturing process.

cause of defects of the product in real-time for the
manufacturing process. As a result, mass defect in
the continuous manufacturing process can be
drastically reduced. Besides, process optimization
can be performed by analyzing the pattern of
defects according to the operating conditions.

Processes such as casting and welding can
introduce defects
to the final

Common casting defects include air holes, foreign

in the product which are

detrimental product quality [1].

particle inclusions, shrinkage cavities, cracks,
wrinkles, and casting fins [2]. Early detection of
these defects can allow faulty products to be
identified early in the manufacturing process,
leading to time and cost savings [3]. Automated
quality control can be used to facilitate consistent
and cost-effective inspection. The primary drivers
for automated inspection systems include faster
inspection rates, higher quality demands, and the
need for more quantitative product evaluation that
is not hampered by the effects of human fatigue.
Many factors make real-time detection of steel
strip surface defects particularly difficult, such as
the high-speed production line, diversity and large
scale changes of defects, random distribution and
non-defective interferences (oil stains and dust on
the surface of steel strips). Using ShuffleDefectNet,
we can automatically extract multi-scale features of
steel strip surface defects with good generalization
and high accuracy by using a general-purpose
learning procedure [4]. Using a trained network,
defect regions can be detected in milliseconds.
SheffleNet v2 [5]

accurate, real-time detection method for surface

Therefore, can provide an
defects in steel strip product quality of steel strips.

For automatic metallic surface defect detection,
we are using notification ShuffleNet V2 module.

Because ShuffleNet V2 [5] is faster than the other
networks, especially on GPU. For example, at
500MFLOPs ShuffleNet V2 [5] is 58% faster than
MobileNet v2 [6], 63% faster than ShuffleNet V1 [7]
and 25% faster than Xception [8]. On ARM, the
speeds of ShuffleNet V1 [7], Xception [8] and
ShuffleNet V2 [6]
MobileNet V2 [6] is much slower, especially on
smaller FLOPs, because MobileNet v2 [6] has higher
MAC, which is significant on mobile devices. Our

are comparable: however,

method called ShuffleDefect and architecture is
modification of ShuffleNet V2. For reaching high
accuracy and speed we change 1 X 1 GConv to 1 X
1 Conv and 3 X 3 AVG Pool to 3 X 3 DWConv.
The rest of the paper is organized as follows.
Next is the Related works section, we review some
CNN
architecture description and show performed result

existing works and describe a dataset.
from the experiment part in Section 3. Our

conclusions are described in Section 4.

II. Related Works

1.1 Overview

Recent progress in the field of neural networks was
triggered by several achievements. Deep learning
architectures were enabled by increasing computing
power and provide more and higher levels of
representation [9]. Data augmentation, e.g. addition
of artificial training data derived from the existing
data through distortions, proved to be a powerful tool
to avoid overfitting [10]. Committee methods can
reduce the error rate by a combination of several
networks, especially when the individual predictions
are uncorrelated [11]. Finally, unsupervised methods
for learning features and representations became
very popular and solved problems with purely
supervised training, e.g. dependence on random
initialization, slow convergence, etc. [12]

Recently Masci et al. introduced Max-Pooling
CNN model approach for supervised steel defect
classification [13]. On a different approach, Soukup
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and Huber-M'ork trained a CNN with stereo
imaging to detect steel surface defects [14]. But the
stereo acquisition method limits the application and
cause the inference speed of this approach to be
tried using CNN-based
defect-recognition in banknote images [15]. Even

slow. Ke et al

though the CNN performs better than traditional
methods in results, study of the single type of
defect,
problems. Faghih-Roohi et al. used deep learning

(circular) limits the wusage in similar
approaches with multiple CNN models to detect and
classify rail surface defects and achieved 92%
accuracy with 5 classes of defects [16]. Park et al.
had a more holistic approach to surface inspection
systems with their CNN-based system for surface
defect inspection [16]. Park et al. show that even
though CNN-based classifiers perform better than
with  92%

inference time of 217ms is inferior to traditional

traditional methods accuracy, the
methods [16]. Stricker Weimer et al. used multiple
CNN models to automate the feature extraction in
inspection systems [17]. Even though results show
remarkable accuracy on textured images, they only
used the simple circular and linear type of defects
but not complex defect types.

Currently, the neural network architecture
design is mostly guided by the indirect metric of
computation complexity, i.e., FLOPs. However, the
direct metric, e.g., speed, also depends on the
other factors such as memory access cost and
platform characteristics. Thus, this work proposes
to evaluate the direct metric on the target
platform, beyond only considering FLOPs. Based on
a series of controlled experiments, this work
derives several practical guidelines for -efficient
network design. Accordingly, a new architecture is
presented, called ShuffleNet V2. Comprehensive
ablation experiments verify that our model is
state-of-the-art in terms of speed and accuracy

tradeoff respect to these models.

1.2 Dataset
NEU surface defect is a defect classification
dataset was opened seven years ago [18]. There are

six types of defects from hot-rolled steel plates,
including crazing, inclusion, patches, pitted surface,
The database
includes 1800 grayscale imagesEach class has 300

rolled-in scales, and scratches.
images, but it does not mean that an image consists
of a single defect. Examples of defect images are
shown in Figure 1. To perform defect detection
tasks, we provide annotations saved as XML files.
With them, the classification dataset is upgraded to
a detection dataset. The annotation marks the class
and bounding box of each defect appearing in an
image. Each bounding box is regarded as a ground
truth box, which is represented by its top left and
bottom right coordinates. There are nearly 5000
ground-truth boxes in total. For simplicity, we call
the  original NEU-CLS and the
complemented dataset NEU-DET.

dataset

(d) (e) ()

Fig. 1. Examples of the NEU defect dataset. Each column
represents a type of defect, and the defect areas are labeled
by the red bounding boxes. (a) rolled—in scale; (b) pitted
surface; (c) patches; (d) crazing; (e) scratches; (f) inclusion.

III. The Proposed Scheme

3.1 Light Weight module Designs

A lightweight network structure is designed for
ShuffleDefectNet with NEU surface defect detection.
The network structure, which enhances the ability
of speed and improve detection accuracy.
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3.1.1 Point-wise Convolution

The point-wise convolution is the standard 1X1
convolution. It is used to aggregate information on
The
convolves the input feature map both in the

different channels. standard convolution
spatial-wise and the channel-wise dimensions. The
depth-wise convolution could convolve the input
feature map in the spatial-wise dimension, but it
loses the information exchange among the different
channels. Therefore, depth-wise convolutions and
point-wise convolutions are complementary to each
other. By using convolution factorization has a
effects, we factorize each standard convolution
layer of the baseline detection network into a
depth-wise convolution layer and a point-wise
convolution layer. The convolution factorization
has two advantages over directly adopting standard
convolutions. Firstly, the parameters of the
network become much less. We suppose the input
channels is Nin and the output channels are Not,
the regular 3X3 convolution has 3X3XNinXNout
After convolution factorization, the
3X3XNin+1X1XNinXNout

parameters. Secondly, the computation complexity

parameters.
parameters become
is largely reduced. We use FLOPS as the index of
computation complexity. We suppose the above
convolution layer’s input and output feature maps’
spatial resolution are both HXW. The FLOPS of

regulation convolution would be
HXWX3X3XNinXNout, = while after convolution
factorization, the FLOPS would be

HXWX3X3XNin+1XIXNinXNout X H X W. Since the

convolution factorization could reduce much
computation costs, we adopt it in all convolutional
layers of the face detection network except convl,
including the backbone and the predicting layers.
The regular convolutions with the same number of
input and output channels can easily be factorized
into depth-wise and point-wise convolutions. For
the convolution which has a different number of
channels between its input and output feature
number transformation is

maps, the channel

accomplished at the point-wise convolutions.

AN

Fig. 2. Point—wise Convolution

3.1.2 Depth-wise convolution

In this section, we have described the depth-wise
convolution. Depth-wise separable convolution
layer has been proposed as an efficient alternative
to the standard convolution operation. By replacing
a standard 3-D convolution with a 2-D depth-wise
convolution followed by a 1-D point-wise
convolution, an efficient class of NN called as
MobileNets. ShuffleNets

convolutions on shuffled channels along with

utilize depth-wise

groupwise Ix1 convolutions to improve the
MobileNets V2

further improved the efficiency by adding shortcut

accuracy with compact models.

connections, which help in convergence in deep
networks. Overall, there have been many efficient
neural network architectures proposed, which can
be leveraged when developing a NN model specific
for our hardware budget

3.1.3. GConv group convolution

Group convolution Figure 4 is a special case of a
sparsely connected convolution. It was first used in
the AlexNet [20] architecture and has more recently
been popularized by its successful application in
ResNeXt [21].

@ - )

Fig. 3. Depth—wise convolution

Standard convolutional layers generate O output
feature maps by applying convolutional filters
overall I input feature maps, leading to a
computational cost of [ X O. In comparison, group

convolution reduces this computational cost by
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partitioning the input features into G mutually
exclusive groups and each group produces its
outputs—reducing the computational cost by a
factor G to IXO/G. ShuffleNet V2 suggests that the
group number should be carefully chosen based on
the target platform and task. It is unwise to use a
large group number simply because this may
enable using more channels because the benet of
accuracy increase can easily be outweighed by the
rapidly increasing computational cost. Channel
shuffle operation makes it possible to build more

with
In the subsection, we will

powerful structures multiple group
convolutional layers.
introduce an efficient network unit with channel

shuffle and group convolutions.

©

Fig. 4. Channel shuffle with two stacked group convolutions.
GConv stands for group convolution. (a) Two stacked
convolution layers with the same number of groups. Each
output channel only relates to the input channels within the
group. No cross—talk; (b) input and output channels are fully
related when GConv2 takes data from different groups after
GConvl; (c) an equivalent
implementation to (b) using channel shuffle.

3.2. ShuffleDefectNet
Taking advantage of the shuffle

operation, we propose a novel ShuffleDefectNet unit

channel

specially designed for small networks. We start
from the design principle of the bottleneck unit in

Fig 5 (c). It is a residual block. In its residual
branch, for the 3 X 3 layer, we apply a
computational economical 3 X 3 depthwise

convolution on the bottleneck feature map. Then,
we replace the first 1 X 1 layer with pointwise
group convolution followed by a channel shuffle

operation, to form a ShuffleDefectNet unit, as

shown in Fig 5 (d).

ShuffleDefectNet (Table 1) is not only efficient,
but also accurate. There are two main reasons.
First, the high efficiency in each building block
enables using more feature channels and larger
network capacity.

Fig. 5. Building blocks of our ShuffleDefectNet (c)(d).Old
ShuffleNet V2 blocks (a)(b)

convolutional neural
[19].

challenge for light-weight networks is that only a

An extremely efficient
network for mobile devices The main
limited number of feature channels is affordable
under a given computation budget (FLOPs). To
increase the number of channels without
significantly increasing FLOPs, two techniques are
adopted in [19] pointwise group convolutions and
shuffle”

operation is then introduced to enable information

bottleneck-like structures. A “channel

communication between different groups of

channels and improve accuracy. The building

blocks are illustrated in Figure 4(a)(b).

Table 1. Overall architecture 200200 image
Resized to 192%X192 of ShuffledefectNet with NEU
dataset four different levels of complexities.

Layer Output size Ksize Stride Repeat Output channels
0.5x | 1x 15 2x
Image 192x192 3 3 3 3
Convl 96x96 3x3 2 1 24 24 24 24
MaxPool 56x56 3x3 2
Stage2 48x48 2 1 48 116 176 244
24x24 1 3
Stage3 12x12 2 1 96 232 352 488
12x12 1 35
Staged 6x6 2 1 192 | 464 704 976
6x6 1 3
Conv5s 1x1 1x1 1 1 1024 | 1024 | 1024 | 2048
Globalpool 6x6
FC 1000 | 1000 | 1000 | 1000
FLOPs 38M | 136M | 276M | 579M
# of Weights 12M | 2.IM | 32M | 6.9M
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3.3 Experiments

For experimental we use the
standard network ShuffleDefectNet. All models of
networks were implemented using the TensorFlow

comparisons,

framework and trained on a single NVIDIA GeForce
GTX 1080 Ti GPUs, Intel(R) Core(TM) i7-8700K CPU
@ 3.20GHz. In the experiments, 300 images are
used for training and 27 images are for testing.
As with many deep learning tasks, it takes a large
amount of labeled data to train an accurate
detection. We train the best performing classifiers
with different amounts of training data and observe
the performance of detection. We notice that
accuracy and speed improve significantly when use
the overall architecture of ShuffleDefectNet(Table 1).
The proposed defect detection system exceeds the
ResNet34 model from [22] in terms of accuracy and
evaluation time. The improvement in accuracy is
thought to be largely due to benefits arising from a
joint prediction of bounding boxes and segmentation
masks. Both systems take a similar amount of time
to evaluate on the CPU, but the proposed system is
faster than the ResNet34 system when evaluated on
a GPU and we can see our network has best results
than  AECLBP[23], BYEC[24],  OVERFEATI[25],
Decaf[26], MVM-VGG[27]. As we know, stronger
performance on defect classification should be
positively correlated with stronger performance on
defect detection. A good classification result is a
defect
experiments. As we know, stronger performance on

prerequisite for subsequent detection
defect classification should be positively correlated
with stronger performance on defect detection. A
good classification result is a prerequisite for
subsequent defect detection experiments. There is an
inherent tradeoff between speed and accuracy in
most modern object detection networks systems
based on the ShuffleDefectNet framework with NEU
defect dataset. As shown in TableZ, our architecture
increases high accuracy. By the way, changing 1 X
1 GConv to 1 X 1 Conv is reaching high speed. The
proposed defect detection system exceeds the
previous state-of-the-art performance on casting
defect detection reaching an accuracy of 99.75% in

Table2. The proposed architecture is easy to use and
possible to apply to any standard metal surface defect
detection with considering time and accuracy
complexity by limiting the number of the blocks.

Table 2. Detection results on NEU dataset

Model Accuracy%
BYEC 96.30
OVERFEAT 98.70
AECLBP 98.93
ResNet34 99.33
MVM-VGG 99.50
ShuffleNet v2 99.64
Decaf 99.70
SuffleDefectNet 99.75

IV. Conclusions

In this paper, the defect detection network
(ShuffleDefectNet), a defect inspection system for
metal steel surfaces this system is the network that
can obtain the specific category and detailed
location of a defect by fusing the multilevel
features. For defect detection tasks, our system
can provide detailed for
the

complexity, and area of a defect. The proposed

quality assessment

systems, such as quantity, category,
defect detection system exceeds state-of-the-art
defect the
Northeaster University (NEU) dataset obtaining a
The defect

detection system described in this work can detect

performance  for detection on

mean average accuracy of 99.75%.

casting and welding defects with very high
accuracy. Future work could involve training the
same network to detect defects in other materials
such as wood or glass.
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