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Regeneration of a defective Railroad Surface for defect detection with Deep
Convolution Neural Networks
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ABSTRACT

This study was carried out to generate various images of railroad surfaces with random defects as fraining dafa fo be better at
the detection of defects. Defects on the surface of railroads are caused by various factors such as friction between tfrack binding
devices and adjacent fracks and can cause accidents such as broken rails (14), so railroad maintenance for defects is necessary.
Therefore, various researches on defect detfection and inspection using image processing or machine learning on railway surface
images have been conducted fo automate railroad inspection and fo reduce railroad maintenance costs. In general, the performance
of the image processing analysis method and machine leamning technology is affected by the quantity and quality of data. For this
reason, some researches require specific devices or vehicles o acquire images of the frack surface af regular infervals fo obtain a
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database of various railway surface images (15, 16). On the contrary, in this study, in order fo reduce and improve the operating cost
of image acquisition, we consfructed the ‘Defective Rairoad Surface Regeneration Model” by applying the methods presented in the

related studies of the Generative Adversarial Network (GAN) (1

). Thus, we aimed to detect defects on rairoad surface even without

a dedicated database. This constructed model is designed to learn to generate the rairoad surface combining the different railroad
surface fextures and the original surface, considering the ground fruth of the railroad defects. The generated images of the rairoad
surface were used os training datfa in defect detection network (2), which is based on Fully Convolutional Network (FCN) (3). To
validate its performance, we clustered and divided the railroad data into three subsets, one subset as original railroad texture images
and the remaining two subsets as another railroad surface fexture images. In the first experiment, we used only original fexture images
for fraining sets in the defect detection model. And in the second experiment, we frained the generated images that were generated
by combining the original images with a few rairoad textures of the other images. Each defect detection model was evaluated in
terms of ‘intersection of union(loU)” and F1-score measures with ground truths. As a result, the scores increased by about 10~15% when
the generated images were used, compared to the case that only the original images were used. This proves that it is possible to
detect defects by using the existing data and a few different texture images, even for the railroad surface images in which dedicated

fraining database is not constructed.

= keyword : Rairoad surface, Generative Adversarial Network, Image Representation, Conditional generation model, Detection
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(Figure 1) Image Regeneration by custom railroad
surfaces and Ground-Truths
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(Figure 2) Conceptual diagram of the entire
research. Railroad surface defect
detection comparison using regeneration
railroad surface image and versus

original railroad surface image
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(Figure 3) The result of blending the original
railroad surface image and another
railroad surface image and inputting
an existing or custom defect
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(Figure 4) Generator architecture constructed by
transformed Aggregated Residual Network

25



Deep Convolution Neural Networks O|235t0 At 2

Convolution GConvolution || Comvelution
G(Z) Convolution Convolution 2 747 1
s 3y [ 323364 H SUREOE [ 122232 H Rrer

or X nlael 2 Strides LR 2 Strides E
Pading

(O8 b ) chkxtt 275 ffet sl AdLe| "elz 7
= =

(Figure b) Discriminator architecture in the form of
Convolution Neural Network for simple
classification
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(Figure 6) Definition of conditional information
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(Table 1) The detail of generator
Generator
# Layers # of Weight Output
o H/4,
1| X*Resize(Lyaergroumnd, target)) - &,r\l; /4 /2]
) Transpose Convolution, 2x3x3x128 + [n, H/2,
Batch Normalization, Relu | H/2xW/2x128 + 2 | W/2, 128]
3 Transpose Convolution 2x3x3x64 \EI\;,/ZH /(i']
Convoluton 128 X3 X3 X 64
4 Z[Convoluton]’ [128><3X3><G4 [n, H/2
Baich Normalization, Relu | + H/2xW/2x64 + 2| W/2 ¢4
H/2,
5 1(3).(4) - ‘[fv"/z /64]
6 Transpose Convolution, 64x3x3x32 + n, H W,
Batch Normalization, Relu | H/2xW/2x32 + 2 32]
7 Transpose Convolution 64x3x3x1 [n, H W, 1]
lConvoluton [ 32x3x3x1
8 Convoluton | 32X3%x3x1 n H W, 1]
Relu HxWx1 + 2
=[(7).(8)],
9 Tanh, - n H W 1]
Min-Max Scaling
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(Table 2) The detail of discriminator
Discriminator
# Layers #  of Weight Output
Convolution, 1x3x3x32
! Leaky-Relu v x| HW3I

Convolution ~ with strides 2,

) Batch  Normalization, EZX36X431642 [, H(ﬁ, W/2,
Leaky-Relu
Convolution,

3 Batch  Normalization, E4X33X23j—322 [n, I;/z ]2, W/2,
Leaky-Relu

Convolution ~ with strides 2,

4 Batch  Normalization, 32X32><3:22 [, Hé] 4, W/4,
Leaky-Relu
Convolution ~ with
5 ot zero padding, s +1 | B H/AG
o W/46, 1]
Sigmoid

2.3. Training Method

2.3.1. Least Squared Loss and L1-Norm,

One-side Smooth Labels
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