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Abstract. It is important for the surface quality of metal to process final product.
Therefore, it is necessary to strictly control the defects on the surface of metal. Aiming
at the current YOLOv4 algorithm with low detection accuracy and poor performance on
small-scale information and slow detection speed, an improved YOLOv4 automatic de-
tection method is proposed. First, in order to enhance detection target feature extraction
and reduce gradient vanishing, the feature extraction network CSPDarkNet53 in YOLOv4
is replaced with lightweight deep neural network MobileNetv3 in this paper. Secondly, in
order to improve the learning efficiency and accelerate the convergence speed, K-means
clustering is adopted to generate a prior box to suit for this experiment. Finally, the con-
fidence loss is redefined and a loss function is proposed that can adapt to the multi-scale
to solve the problem of poor detection effect due to the positive and negative sample im-
balance. The experimental results show that the mAP value and the speed are improved
about 7.94% and 4.52 f/s, compared with the original YOLOv4 model for the surface
defect detection of the metal. The accuracy of this model is improved effectively based on
ensuring the detection speed.
Keywords: Defect detection, YOLOv4, MobileNetv3, K-means

1. Introduction. Metal production technology is an important criterion for measuring
the industrial development level of a country. In the early stage of applying such tech-
nology, manual online detection method was adopted in most enterprises. However, the
detection by traditional classifier is time-consuming without that good effect and cannot
meet the current industrial demand.

In recent years, machine vision has become a popular topic, especially CNN (Convo-
lutional Neural Network) [1]. There are two types of CNN frameworks for deep learning
based target detection algorithms: two-stage target detector and single-stage target detec-
tor. In terms of the two-stage detection framework, Girshick et al. [2] put forward the first
CNN-based target detection framework RCNN (Region Convolutional Neural Network)
[3]. Soon afterwards, a series of excellent two-stage target detectors come out one after
another, such as Fast RCNN [4], Faster RCNN [5], and Mask RCNN [6]. Although with
high detection precision, two-stage target detector cannot be used in practical industrial
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production due to its slow detection speed, this shortcoming is overcome by single-stage
target detector. Regarding the single-stage target detector, Liu et al. [7] analyzed the an-
chor box setting strategy of Faster RCNN as per the regression approach and proposed an
SSD (Single Shot multi-box Detector) [8]. This way increased the detection speed while
guaranteeing the precision, but cannot realize real-time detection. In contrast, Redmon
et al. [9] proposed the YOLO (You Only Look Once) [10] using the entire image as the
network input, regressed the position and category of bounding box in the output layer
directly, and set target detection process as a regression task. This way increases the de-
tection speed greatly and can realize real-time detection basically, but it has low precision.
Later, Redmon and Farhadi proposed the YOLOv2 [11] version, which further improved
the detection speed, but it was still not suitable for detecting small targets. Therefore,
Redmon and Farhadi proposed the YOLOv3 [12] version based on the idea of SSD, intro-
duced a BN (Batch Normalization) layer [13], and designed a multi-layer convolutional
layer to improve the feature extraction ability. Recently, YOLOv4 [14] replaced the back-
bone network of YOLOv3 and added many practical techniques on the basis of YOLOv3,
so that the detection precision and speed were further improved.
In this paper, YOLOv4 is selected as the basic network to achieve a good balance

between detection precision and speed. Meanwhile, an improved real-time target detection
algorithm for metal surface defect is proposed to solve the current problems in YOLOv4.
For the low detection precision and poor performance on small-scale information, this
paper replaces the backbone network, and uses K-means clustering algorithm [15] to
adjust the a priori frame and redefine the confidence loss. Compared with the original
YOLOv4, the proposed algorithm in this paper is featured by its high detection speed
and mAP value, and its accuracy in identifying the position, shape and size of a defect,
which meets the current demand of industrial production.
The remainder of the paper is organized as follows. We firstly present improved YOLO-

v4 algorithm in Section 2. Experimental results are demonstrated by the dataset of steel
surface defects disclosed in Section 3. Finally, we conclude the paper with some future
work in Section 4.

2. Improved YOLOv4 Algorithm. YOLOv4 is an end-to-end target detection algo-
rithm, and it is mainly composed of three major parts: backbone feature extraction
network, add-on modules and feature processing layer. The network structure diagram of
YOLOv4 is as shown in Figure 1.
Based on the YOLOv4 algorithm, an improved YOLOv4 is proposed in this paper in

order to improve the performance of the model while solving the missing detection, false

Figure 1. YOLOv4 network structure diagram
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Figure 2. Improved YOLOv4 network structure diagram

detection, and other problems of YOLOv4 caused by the insufficient extraction of target
features and the vanishing of gradient. The network structure diagram of the improved
YOLOv4 is as shown in Figure 2.

2.1. Replacing the feature extraction network. In this paper, the backbone net-
work CSPDarkNet53 of YOLOv4 is replaced with MobileNetv3. Compared with CSP-
DarkNet53, MobileNetv3 is a lighter deep neural network with small volume, but still
maintains strong feature extraction ability.

MobileNetv3 inherits the depth-wise separable convolution of MobileNetv1 and the
same residual structure with linear bottleneck as MobileNetv2. In order to better adapt
to different scenarios, MobileNetv3 is also launched with two versions, large and small.
The overall structure of MobileNetv3 is illustrated in Figure 3.

Figure 3. MobileNetv3 network structure diagram

2.2. Using K-means clustering algorithm to adjust the anchor. YOLOv4 adopts
an anchor to predict the position of a target, so the anchor setting is very important. The
original anchor of YOLOv4 is designed for 80 categories of objects in the COCO dataset.
However, the defects of targets in the dataset of this research have large differences in
aspect ratio. The default anchor is not suitable for the metal surface defects studied in
this paper, and otherwise may result in a poor detection effect.

For this reason, K-means clustering algorithm is used in this research to adjust the
size of the anchor so as to improve the precision in detecting defects on metal surface.
This algorithm is commonly used in current machine learning, mainly to get each point
distributed to a class cluster represented by the nearest class cluster center point provided
that the K value and K center points of initial class clusters are given, and recalculate
the center point of a class cluster as per all points in the class cluster, then iteratively
distribute the points and renew the center point of class cluster, till the center point has
little change or is iterated to the specified frequency.
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The calculation equation of the K-means clustering algorithm is as shown in Equation
(1), where µi =

1
|Ci|

∑
a∈Ci

. a is the mean vector of cluster Ci, and the smaller the E value

is, the higher the similarity of the samples in the cluster is.

E =
k∑

i=1

∑
a∈Ci

∥a− µi∥22 (1)

Then, a clustering analysis is made on the dataset of this experiment by K-means
clustering algorithm. Deep feature images were detected by large anchor, while shallow
feature images were detected by small anchor.

2.3. Redefining the confidence loss function. In YOLOv4, three different scales of
anchors are finally generated to predict. However, the ratios of positive and negative
samples measured by different scales of anchors are different and the prediction results
obtained by different scales of anchors with the same loss coefficients and are not exactly
the same, so that the model can hardly obtain the optimal parameters. In view of this,
a multi-scale loss function is put forward in this paper to adapt to different scales of
anchors in YOLOv4. Taking the anchor scale of 38 × 38 as the reference point, the loss
coefficients of anchors with scales of 19 × 19 and 76 × 76 are added with different scale
balance coefficient β. Assuming that A1, A2 and A3 are the ratios of positive and negative
samples measured by three different scales of anchors, M represents the number of grids,
and the value of β is as shown in Equation (2).

β =


A2

3A1

, M = 76

1, M = 38

3A2

A3

, M = 19

(2)

As revealed in the equation, β balances different scales by adaptive selection of the
ratio of positive to negative samples. The problem of extreme imbalance between positive
and negative samples is solved in this paper by adding sample balance coefficient α before
confidence loss of positive sample and adding coefficient (1 − α) before confidence loss
of negative sample. Here, the higher the α value is, the higher the weight of positive
sample is and the lower the weight of negative sample is, and vice versa. Beyond that,
considering the low identification rate of complex samples caused by over many simple
samples in the training set, positive sample is added with modulation coefficient (1−Cy

x)
γ

and negative sample is added with modulation coefficient (Cy
x)

γ. The improved confidence
loss is calculated as per Equation (3). Here, M represents the number of grids, each scale
of feature image is divided into M2 grids, N is the number of anchors generated in each
grid, Iobjxy indicates whether it is a positive sample or not, Inoobjxy indicates whether it is a

negative sample or not, Ĉy
x represents the true confidence, and Cy

x represents the predicted
confidence.
Experiments have proved that when α is 0.6 and γ is 2, the experimental result reaches

the optimal.

Lossc = −
M2∑
x=0

N∑
y=0

Iobjxy

[
Ĉy

xβα(1− Cy
x)

γ log(Cy
x) +

(
1− Ĉy

x

)
log(1− Cy

x)
]
,

−
M2∑
x=0

N∑
y=0

Inoobjxy

[
Ĉy

x log(C
y
x) +

(
1− Ĉy

x

)
(1− βα)(Cy

x)
γ log(1− Cy

x)
]

(3)
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3. Experimental Results and Analysis. This paper adopts the dataset of steel surface
defects disclosed by Professor Song et al. in Northeastern University [16]. This dataset
mainly includes two parts: NEU-CLS and NEU-DET. This dataset contains five types of
defects, i.e., rolled-in scale, patches, pitted surface, inclusion, and scratches. Each type
of defect involves 300 pictures available for making target detection. The operating envi-
ronment of the experiment is as shown in Table 1.

Table 1. Experiment operating environment

Category
Environmental

Category
Environmental

conditions conditions

CPU
Intel(R)Core

CUDA version CUDA 9
i7-9750H@2.60GHz

VGA card Nvidia GeForce GTX 1660 Ti Deep learning framework PyTorch
Memory 16 GB Operating environment PyCharm

OS Windows 10 64 bits Scripting language Python3.6

3.1. Evaluation indicators. Mean Average Precision (mAP) is a commonly used eva-
luation indicator in target detection. In this experiment, mAP and FPS (Frames Per
Second) are used to measure precision and speed. P-R curve chart is plotted, with Recall
(R) as the horizontal axis and Precision (P ) as the vertical axis. The value of mAP is
calculated by averaging the area AP in each category of P-R curve chart, as shown in the
following steps. Equation (4) and Equation (5) show the calculation methods of P and
R, respectively. Equation (6) is for calculating AP, and mAP is calculated as Equation
(7).

P =
TP

TP + FP
(4)

R =
TP

TP + FN
(5)

AP =

∫ 1

0

Psmooth(s)ds (6)

mAP =
sum(AP )

n
(7)

In the equations, TP is true positive sample, FN is false negative sample, and FP is
false positive sample.

∫ 1

0
Psmooth(s)ds is the area in P-R curve chart. sum(AP ) is the

sum of all categories of APs. n is the number of all categories. P and R are generally
contradictory, namely, when P is high, R is often low, and vice versa. However, when
judging the performance of the model, it is not accurate to merely measure the precision
by IOU (Intersection over Union). Therefore, it is needed to calculate the mAP based on
the area APs in the P-R curve charts.

3.2. Result analysis. The experimental dataset is divided into training set, test set,
and verification set at a ratio of 8 : 1 : 1. In the training settings, the value of epochs
is 100, batch size and mini-batch size are 4 and 2, respectively. The initial learning rate
is 0.001, the final learning rate is 0.00001, the training time is about 300 min, and the
threshold value of confidence in the test is 0.5. The curve chart of the final training loss
function is as displayed in Figure 4, where the horizontal axis represents the number of
iterations, and the longitudinal axis represents the loss value of the training.
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Figure 4. Variation curve for training

(a) (b) (c) (d) (e)

Figure 5. Comparison of test results: (a) show the test results comparison
of the scratches class; (b) show the test results comparison of the rolled-
in scale class; (c) show the test results comparison of the inclusion class;
(d) show the test results comparison of the pitted surface class; (e) show
the test results comparison of the patches class

As can be seen from Figure 4, totally 100 iterations were conducted in the training,
where the loss of the algorithm model decreases constantly before 20 iterations. After
exceeding 20 iterations, the loss basically stabilizes and the detection model reaches con-
vergence.
In this paper, each type of defects is selected with partial test sets as the detection

effect pictures, as shown in Figure 5. In Figure 5, there are five groups of data divided as
per the number of defect types and representing different defect types, respectively. The
detection effect pictures of the original YOLOv4 are shown on the top of each group of
data, while those of the improved YOLOv4 are shown on the bottom.
As discovered in the detection effect pictures shown in Figure 5, the original YOLOv4

shows missing detection and low defect identification degree as observed in groups (a),
(b), and (e), and also fails to get the defect part fully detected as presented in groups (b)
and (d), while the improved YOLOv4 shows obvious improvement in the detection effect.
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The improved version is not only friendly to detecting small targets, but also has high
rate in identifying middle and large targets significantly. It can position the target more
accurately and shows few false detection and missing detection.

Figure 6 shows each category of P-R curve chart before and after the algorithm is
improved, where, the data in group (a) show each category of P-R curve charts measured
by the original YOLOv4, while the data in group (b) show each category of P-R curve
charts measured by the improved YOLOv4.

(a)

(b)

Figure 6. P-R curve chart comparison: (a) show the P-R curves of various
classes based on YOLOv4; (b) show the P-R curves of various classes based
on improved YOLOv4

As demonstrated in Figure 6, compared with the original YOLOv4, the AP of each
defect type measured by the improved version is improved to different extent. Especially
for the defect type of “rolled-in scale”, the AP is improved by 19.52%. The abilities of
identifying the other three types of defect, i.e., “inclusion”, “pitted surface” and “scratch-
es”, are also improved to a large extent, with AP values improved by 5.7%, 6.02%, and
6.85%, respectively. Finally, the ability of identifying patches type of defect is also im-
proved somewhat, with AP value improved from 92.53% to 94.14%, a higher identification
precision.

To further verify whether the approach proposed in this paper is effective to the im-
provement of YOLOv4 algorithm, multiple groups of experiments were made by taking
different improvement strategies. The final comparison results of the experiments are as
illustrated in Table 2.

In Table 2, Model 1 is the original YOLOv4 algorithm, Model 2 is the algorithm
obtained after getting the backbone network of YOLOv4 replaced with MobileNetv3,

Table 2. Comparison experiment of each model

Model Model 1 Model 2 Model 3 Model 4
inclusion/% 83.17 86.39 86.81 88.87
patches/% 92.53 92.87 93.16 94.14

pitted surface/% 83.62 82.19 87.31 89.64
rolled-in scale/% 67.41 69.08 77.26 86.93

scratches/% 89.24 93.65 94.18 96.09
FPS/(f/s) 21.87 26.15 26.37 26.39
mAP/% 83.19 86.28 89.66 91.13
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Model 3 is the algorithm added with K-means clustering algorithm on the basis of model
2, and Model 4 is the algorithm obtained after redefining the confidence loss function
of model 3. Compared with the original YOLOv4, mAP of the improved YOLOv4 is
significantly increased from 83.19% to 91.13%, and FPS increased from 21.87 f/s to 26.39
f/s basically meeting the current industrial demand.

4. Conclusion. In this paper, an improved algorithm based on traditional YOLOv4 is
proposed for detecting defects on metal surface. The extraction of features of the detection
target is enhanced by replacing the original basic network CSPDarkNet53 of YOLOv4
with MobileNetv3. In addition, K-means clustering algorithm is adopted to adjust the
size of anchor and the confidence loss function is redefined, which further improves the
detection precision of the model. Therefore, the improved algorithm can be used for rapid
and accurate identification of defects on metal surface and improving the automation level.
However, some defect types are susceptible to environmental light or may undergo

dramatic changes in background, and the defect features are complex and varied, resulting
in a decrease in the identification precision. Therefore, in subsequent research, the data
set can be further expanded to enhance the robustness of the model. And the network
model can be further optimized to improve the identification precision and speed of the
model.
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