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Abstract

A new method for image-defect recognition is proposed that is based on a
convolution network with repeated stacking of small convolution kernels and
a maximum pooling layer. By improving the speed and accuracy of image-
defect recognition, this new method can be applied to image recognition
such as heavy-rail images with high noise and many types of defects. The
experimental results showed that the new algorithm effectively improved the
accuracy of heavy-rail image-defect recognition. As evidenced by the simu-
lation study, the proposed method has a lower error rate in heavy-rail image
recognition than traditional algorithms, and the method may also be applied
to defect recognition of nonlinear images under strong noise conditions. Its
robustness and nonlinear processing ability are impressive, and the method is
featured with high theoretical depth and important application value.
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1 Introduction

Railway, along with road, waterway and aviation, is listed as one of the four
major transportation modes [1]. Railway is favoured by users because of its
large transportation capacity, fast running speed and low transportation cost.
To ensure the safe operation of trains and high-speed rails, in addition to the
requirements for high precision, high flatness, high heat treatment strength
and a long scale, the surface quality of the rail is also an extremely important
indicator [2]. Any surface quality defects of the rails may not only affect the
economic benefits of steel companies but also may cause huge casualties.
Therefore, for heavy rails used in the current railway transportation, in addi-
tion to the extremely demanding materials, advanced processing techniques,
geometric dimensions, and their physical and chemical properties, heavy-rail
surface quality has become a very important quality indicator that needs to be
strictly controlled [3]. At present, railway transportation is more focused on
heavy-duty, high-speed, and stable safety. To achieve this safety requirement,
high requirements are imposed on the non-defective rate of heavy rails for
railway construction. Traditionally, the surface quality inspection of heavy
rail mainly counts on machine vision technology, which has been proven to
be effective [4, 5].

With the development of computer vision, deep-learning technology has
become increasingly mature [6, 7]. It is not until recently that research on
deep learning has attracted the attention of more and more scholars and
business workers and has achieved certain results. Among them, Lu Tao
explored the face super-resolution reconstruction based on relay cyclic resid-
ual network, Liu Yongxin focused on image super-resolution reconstruction
based on deep learning, and Yu Yongwei tried to determine a method of
recognition rail image defects based on the deep-learning network. Besides
these, Other people’s achievements can also be found such as TaeGuen Kim’s
a multimodal deep-learning method for Android malware detection using
various features and Simon’s ear density estimation from high-resolution
RGB imagery using deep-learning technique [8–10]. The methods mentioned
above about deep-learning research mainly focus on image processing and
target recognition with some satisfactory results [11–13]. Nonetheless, these
methods are still relatively traditional, as most of them rely on shallow
networks to identify defects in images. In application fields of deep learning,
many large IT companies have also achieved great results. For example, in
November 2015, Google developed an artificial intelligence learning sys-
tem. In June 2016, Facebook developed its deep-learning framework named
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Torchnet. These theoretical and practical efforts contributed a large amount
to the development of deep-learning technologies.

Surface nondestructive testing with machine vision has been frequently
studied in the field of image processing. The heavy-rail images often have
the limitations of high noise level, low brightness and over-exposure, rich
and varied defects, and low contrast. Moreover, some defective images are
displayed as small and weak targets. It is difficult for traditional machine
vision technology to meet the requirements for rapid and effective recog-
nition of heavy-rail defect images [14, 15]. In this paper, a new kind of
deep-learning-network method is proposed to be able to better recognition
heavy-rail images on specific defect types. The method works with the model
of “VGGNet network+softmax classifier” so that the pixel grey signal of
the suspected defect area passes directly through the trained deep-learning-
network model. Then, through the convolution network, the essential features
of the suspected heavy-rail defect area are deeply explored. Lastly, the heavy-
rail defects are classified by softmax to obtain the specific heavy-rail defect
type. The method introduces a smaller filter than the traditional network,
which uses multiple convolution layers of smaller convolution kernels to
reduce the number of parameters. As a strong addition, the nonlinear mapping
ability and fitting expression ability of the network are both enhanced. These
advantages of the proposed method help to identify heavy-rail defects and
related fields. Through the application examples and experimental analysis,
the effectiveness of the new method was verified in image-defect recognition.
Then, the new method was compared with the traditional deep-learning algo-
rithm. The computer simulation results showed that the approach is suitable
for heavy-rail defect recognition with complex and uneven background and
various defect target types. The results are recorded with strong nonlinear
mapping ability and high recognition precision, and this method can be
further promoted and applied in other engineering fields.

2 Theoretical Background

A convolution neural network (CNN, or ConvNet) is a type of feed-forward
artificial neural network with convolution computation and deep structure
which is one of the representative algorithms of deep learning. Because
convolution neural networks are capable of translation-invariant classifi-
cation, they are also referred to as “translation-invariant artificial neural
networks [16–18]. Different types of convolution neural networks have differ-
ent structures, but the common denominator is that they all have a convolution
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Figure 1 The structure of a CNN.

layer, a pooling layer, and a full connection layer. A typical convolution
neural network is shown in Figure 1.

Figure 1 shows that the CNN generally consists of an input layer, output
layers, convolution layers and pooling layers. The neurons in each layer
of the network are arranged in three dimensions, and the network also has
length, width and height, similar to the cuboid in the geometry. In particular,
the neurons of the fully connected layer in the network are arranged in one
dimension and are shaped in a straight line [19–22].

The CNN structure shown in Figure 1 has an input layer whose length
and width correspond to the width and height of the input image, and its
height (also called depth) is 1. The first layer in the convolution layer make
convolution for the images in the input network, resulting in several feature
maps. Usually, the number of filters in each convolution layer can be set
arbitrarily. In other words, the number of filters in the convolution layer is
also a parameter. The feature map is actually the image feature obtained by
the convolution of the original input image, and the number of filters is equal
to the number of feature maps. This makes it possible that several different
features can be extracted from the original image.

By assuming an input image size is i*i and then convoluted through a j*j
filter, the convoluted feature map is still sized j*j, as shown in Figure 2:

Figure 2 How did convolution work.
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The following convolution process was derived by using the following
formulas. Because there are many pixels in the image, to simplify the anal-
ysis, the pixels of the input image are numbered individually, and the pixel
of the image at row i and column j can be indicated as xi,j . Similarly, the
weight at row mand column n in the filter can be denoted as wm,n, and the
offset term of the filter can be denoted as wb. Each element of the feature map
is numbered, and the element at row iand columnj of the feature map can be
represented by ai,j . Then, the convolution calculation formula was obtained:

ai,j = f

(
2∑

m=0

2∑
n=0

wm,nxi+m,j+n + wb

)
(1)

The value of all elements in the feature map can be calculated in turn by
Equation (1). In the presented calculation process, the stride was1. The stride
can be set to a number greater than 1. For example, when the stride was S,
the feature map is calculated as follows:

W2 = (W1 − F + 2P )/S + 1 (2)

H2 = (H1 − F + 2P )/S + 1 (3)

In these two formulas, W2 represents the width of the feature map after
convolution; W1 stands for the width of the image before convolution; F
stands for the width of the filter; P represents the number of Zero Padding,
which refers to how many laps are needed around the original image; S
represents the stride; H2 stand for the height of the feature map after con-
volution; and H1 represents the width of the image before convolution. If the
value of the image depth before convolution is D, then the depth value of the
corresponding filter must also beD. By extending Equation (1), a convolution
calculation formula with a depth greater than 1 is obtained:

ai,j = f

(
D−1∑
d=0

F−1∑
m=0

F−1∑
n=0

wd,m,nxd,i+m,j+n + wb

)
(4)

In Equation (4), D stands for the depth; F represents the size of the filter
(width or height);wd,m,n indicates the weight inlineM , rowN , and layer d of
the filter; ad,i,j indicates the image pixel at the i-th row and the j-th column in
the layer d. The number of filters at every convolution layer could be greater
than 1. For convolution networks with more than one filter, each filter and the
original image are convoluted to obtain a feature map [23–25]. The depth (or
number) of the Feature Map after convolution is equal to the number of filters
in the convolution layer.
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3 New Deep-Learning-Network Model

To realize the intelligent recognition of heavy-rail images, a new deep-
learning network model with repeated stacking small convolution kernels and
a maximum pooling layer was constructed based on the convolution neural
network. The model consists of a VGG network and softmax classifier, and
its structure is shown in Figure 3.

The deep-learning network consists of a VGG network composed of five
convolution layers and three fully connected layers, all of which are then
merged into a new network model with a softmax classifier. VGG net has
five convolutions, each of which has two or three convolutions. At the same
time, the tail of each segment is connected with a maximum pooling layer to
reduce the image size. The number of convolution kernels in each segment
is the same, and the later segments have more convolution kernels. The
number of convolution kernels in five convolution layers can be expressed
as (32,64,12,82,56,512) in vector form. In addition, most of the 3 * 3 convo-
lution kernels in the last three convolutions are the same. These convolution
kernels are stacked together in an inverted pyramid shape. In VGG network,
multiple 3 × 3 convolution kernels are used to increase the spatial receptive

Figure 3 New model of deep-learning network.
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field and reduce the number of parameters, enhance the ability of non-linear
expression, so as to improve the ability of feature learning.

The VGG network uses multiple 3 * 3 convolution kernels to increase the
spatial receptive field and reduce the number of parameters and enhance the
nonlinear expression capability. Although the parameters of the model are
greatly increased compared with the traditional artificial neural network, the
number of training iterations of the model is less than the latter. The model
itself is highly data-driven, and the structure design of many convolution
cores and their alternating connection with the pool layer in the network
makes it not strongly dependent on the probability distribution of noise. It
is helpful to the anti-noise performance of the network.

The idea of the model for heavy-rail image recognition is that it could
extract the heavy-rail image features by the assistance of the VGG network
and then use the softmax classifier to quickly classify the extracted features.
The classification of heavy-rail images is also a very critical issue, and
the accuracy of classification is closely related to the accuracy of the final
recognition of image defects.

The image-defect classification is essentially a multi-classification prob-
lem, and the expression of the softmax function could be shown as:

φi =
eηi∑k
j=1 e

ηj
(5)

ηi is a logarithmic matrix of the probability that a sample belongs to the type
i defect category; φi is the probability of the type i defect category in the
sample image. Then, according to the general linear model, assuming that
the model has k groups of parameters, then:

ηi = θTi x (for i = 1, . . . , k − 1) (6)

θi is the group i parameter in the model, and where x represents the sample.
For ease of writing, let θk = 0; thus, the equation becomes:

ηk = θTk x = 0 (7)

Given the sample x(i), the model may have the probability distribution
under category k:

p(y = i|x; θ) = φi =
eηi∑k
j=1 e

ηj
=

eθ
T
i x∑k

j=1 e
θTj x

(8)
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Equation (8) solves the probability at y = i, where y represents probabil-
ity of corresponding x. In the general linear model of the softmax regression,
the objective function is:

hθ(x) = E[T (y)|x; θ] (9)

The output of the softmax regression objective function hθ(x) is k prob-
abilities. After solving this objective function, a classification model can be
extracted. The objective function is expressed as follows:

hθ(x) = E[T (y)|x; θ] = E


1{y = 1}
1{y = 2}

...

1{y = k − 1}

x; θ] (10)

Then, the results above can be used in vector representation, to obtain the
following:

E[T (y)|x; θ] =


φ1

φ2

...

φk−1

 (11)

Lastly, the final expression of the objective function is

hθ(x) =



exp
(
θT1 x

)∑k
j=1 exp

(
θTj x

)
exp

(
θT2 x

)∑k
j=1 exp

(
θTj x

)
...

exp
(
θTk−1x

)
∑k

j=1 exp
(
θTj x

)


(12)

After obtaining the specific expression of the objective function, for m
training samples, the parameter fitting method can be used to solve the
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likelihood function.

`(θ) =
∑
i=1

log p(y(i)|x(i); θ)

=

m∑
i=1

log

k∏
l=1

(
eθ

T
l x

(i)∑k
j=1 e

θTj x
(i)

)1{y(i)=l}

(13)

Then, after θ is obtained by the gradient descent method, the image defect
can be classified using the objective function hθ(x).

4 Experiment Analysis

To evaluate the recognition ability of the new algorithm to the defect of a
heavy-rail image more realistically, the new algorithm described in this work
was implemented by using Python 3.7. Normally, there are 16 types of heavy-
rail defects that need to be identified in actual production, and the defect list
is shown in Table 1.

Table 1 shows there are many types of heavy-rail surface defects. In the
image processing, each defect is cyclically recognized for each picture of the
heavy rails. In image processing, every image of the heavy rail is recognized
in the cycle, and it is difficult to achieve the ideal result in terms of calculation
and time. To address these problems, this work is done by employing the
advanced deep-learning-network algorithm to quickly and accurately identify
the surface defects of heavy rail.

Before the experiment, the original image [26, 27] was obtained by
machine vision. Combined with the surface characteristics of heavy rails
and the distribution characteristics of surface defects, the visual system uses
colour CCD linear array cameras to collect data on the surface informa-
tion of heavy rails from various angles. The camera matching method and
distribution scheme are shown in Figure 4.

Table 1 Type of surface defects on heavy-rail

No. 1 2 3 4

Scar defects Scar Rolling scar Rolling mark Meat loss

Crack defects Line pattern Bottom crack Crushing Transverse crack

Quenching defects Folding Cold injury Over burning Correction injury

Raised defects Bulge Ear Tumour Surface inclusion
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Figure 4 Schematic diagram of camera matching and distribution scheme.

The camera takes pictures of the tread, bottom, upper and lower sides
of the heavy rail from six positions. In order to obtain the clear image of
the heavy rail surface, it is necessary to filter the light at the entrance of the
camera, so as to eliminate the influence of the strong infrared radiation from
the center of the hot heavy rail on the information collection of the heavy rail
surface. In this paper, the infrared cut-off filter with a cut-off frequency of 800
nm is selected to filter the incident light of the lens. After a period of time, the
acquired heavy-rail images were further standardized into 64*64 images for
a total of 1200 images, of which 400 were used as learning samples and the
rest as test samples. The heavy-rail images exemplified for the experimental
sample are shown in Figure 5.

The 400 original images to be learned were inputted into the new deep-
learning-network model for training. The network depth was set to 16, and
the error rate curve in the training process is shown in Figure 6. After per-
forming the network iteration 35 times, the error recognition rate of training
convergence was less than 20%.

Then, the remaining samples were identified with a new network model
that was trained with an accuracy of more than 95%. In addition, in order
to verify the rapidity of the new method. In this paper, Taeguen Algorithm,
Yuyongwei, Brachmam and other traditional algorithms are compared and
analyzed [28, 29]. The speed of identification of each method is shown in the
following Table 2.
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(Scar)         (Rolling scar)          (Rolling mark)       (Meat loss) 

   
(Line pattern)        (Tumour)            (Ear)        (Surface inclusion) 

Figure 5

Figure 6 Training process of VGG net.

Table 2 The recognition speed of each method
Different
Methods Taeguen Method Brachmam Method YuYongWe Method New Method
Time(s) 32 28 25 12
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5 Comparative Research

In image processing, the recognition accuracy under noise conditions is an
important indicator to measure the superiority of the algorithm. Heavy-rail
images are characterized by large grayscale and high-brightness under noise
conditions, and they are often required nonlinear processing [30, 31]. In the
presence of high noise, even if the signal-to-noise ratio was set too high
to make it much larger than the threshold, it was still possible to identify
the correct image as a defect feature when using conventional algorithms
for image-defect recognition. Processing, in this case, is often referred to
as incorrect limit identification (ILI). For example, OPENCV image edge
processing and Android digital image processing are both likely to have
ILI [32, 33]. In image recognition, the nonlinear pattern recognition method
using images such as fractures and cracks may have a large false recognition
rate.

To test the performance of the new algorithm in nonlinear image recogni-
tion under noise conditions, The comparative study was performed between
the new algorithm and the traditional algorithm. Before the comparative
analysis, 300 heavy-duty images with noise were selected with the signal-
to-noise ratio set to 45 dB and the step size set to 1 to perform ILI. Figure 7
shows the error rate of the new algorithm and the traditional algorithm for
heavy-rail image defects under noise conditions.

As shown in Figure 7, the estimation accuracy of the traditional three
algorithms under additive noise conditions was very high, and the image-
defect-recognition error rate increased with an increased number of iterations.
When the step size was set to 1, the TaeGuen algorithm shows the largest error
rate of all algorithms under the noise condition. It should be emphasized
that, in the above comparative analysis. When the step size is 1 and the

Figure 7 Error rate from various methods under noise conditions.
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Figure 8 Identification error rate of each method under enhanced noise conditions.

signal-to-noise ratio is kept constant, the error probability can be kept stable
and declining by adjusting the iteration times. In particular, the error curve
first increases to the highest point and then continues to fall and reach a
higher level. However, the new method proposed in this paper had almost the
same error recognition rate except for a few fluctuations when the number of
iterations was in the range [0, 50], and its error rate was the smallest among all
the algorithms. When the signal-to-noise ratio was changed to 40 db, in other
words, the noise was enhanced, the same number of heavy-rail images was
inputted into the network, and the defect recognition error rate was obtained,
as shown in Figure 8.

Figure 8 shows that the TaeGuen method presents the largest error rate in
all algorithms, and its error rate curve was normally distributed, first high and
then low. Surprisingly, Yuyongwei’s algorithm has significantly improved the
accuracy of its recognition when the noise was enhanced. The error rate of
the new method was always lower than other algorithms in the process of
increasing the number of iterations, and when the network iteration for 45
times, its error value did not exceed 5%.

In summary, the simulation results of each algorithm showed that the
traditional algorithm had low defect recognition rates under noise conditions.
The new method’s false classification rate was the lowest among all algo-
rithms, thus showing its strong anti-ILI performance. In addition,when the
noise was larger, the image-defect-recognition rate was still at a higher level
for new algorithms, showing its strong nonlinear processing capability. The
new algorithm also has other advantages. While the conventional algorithm
easily experiences over-fitting because of the noise of the image data, the
new method adopts the dropout layer in the middle of the fully connected
layer, effectively preventing over-fitting and increasing the robustness of the
network.
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6 Conclusion

By focusing on the limitations of heavy-rail images, such as noise, over-
dark exposure and many types of defects, a new deep-learning-network
method featured by a small convolution kernel and maximum pooling layer
is proposed based on a convolution neural network. By being simple, fast
and practical, the method performs very well in defect recognition for edge-
blurred heavy-rail images under noisy conditions, requiring no more iterative
calculation. Computer simulation analysis proved the effectiveness of the new
algorithm compared with the traditional algorithm for the heavy-rail defect
image under noise conditions. In the experimental analysis, the new algorithm
can be applied to the correct recognition of heavy-rail defect images and even
other fuzzy image defects with noise. Lastly, the paper also discusses the
comparison of the error rate between the new algorithm and the traditional
algorithm under strong noise conditions. Both the comparative analysis and
simulation results show that the new algorithm has a lower recognition error
rate when the noise is larger, and it has stronger robustness to ILI. In short,
the new algorithm is fully capable of anti-noise and nonlinear performances.
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