MATLAB EXPO 2019

2 A= 2 8% = fle 39 7|8
A 7| Elafd 7Y HE ALY
Detection of track defects by

region- and pixel-based deep learning approaches ‘

O]
x

FHEI| AT HHYEESER
Nz 2

MAALALR ¢ <

4



7. MATLABO]| C et &

MATLAB EXPO 2019

Zt

&\ MathWorks:



&\ MathWorks:

I https://www.Krri.re.kr

Korea Railroad Research Institute

K

7|2 B7| = 2lF

8

20 71

joll

. RrMICH C

b

A
=

EHOEEE AA

MATLAB EXPO 2019


https://www.krri.re.kr/

4\ MathWorks

olo
gl om K
= o
g1 &l <0
= H
H N =
H W o
™ Mﬁ K &
| Y or 2
r K
y B 7 P
._O._ E N~ jol’ o ()
= 2 H o g
0w g o M 5
o R Q& o =T
mo < @ Ho O =
o I T & K W

B

) Mo s y /
e " . \\\‘.\! o v\. Sy o ,\.\ g
Yol s o’ o, % e 7
AR a7 2
s " ‘ o v A
£ 2 s

MATLAB EXPO 2019



4\ MathWorks

MATLAB EXPO 2019



4\ MathWorks

-
H1
|0
19
ot
>t
o
A o
A
A
Ral
Ral
)
C
©
©
o
RNERY
];_l

fastening

sleeper

. ; ballastbed
) 7 | % ‘_[Illl E 9 | _—I_L AC;I SRR P .y
i & (rail)
K| 4 & K| (fastener)
. &= (sleeper, tie) e T—(TT: 0
N4y Eé,*(ballast) Spmﬁim \ Rail f, =800(KS)~ 900N/mm(UIC)
- BH(roadbed) Sleeper
25 - 30 cm ballast (crushed stone 30/60) f:tg(;:e;f;;gﬁjoﬁ

special cases)

10 cm gravel

MATLAB EXPO 2019 Modern Railway Track Subgrade



4\ MathWorks'

S gl R

FE OC 2

iL
=

OfA

MATLAB EXPO 2019



4\ MathWorks

i

!?w"’

[xrgsar T ET 2]

MATLAB EXPO 2019



4\ MathWorks

OFATE E2EWO| Ot

- HH

L- O

[ E] [ 2170

MATLAB EXPO 2019



4\ MathWorks

H
m
T

MATLAB EXPO 2019
10



MATLAB EXPO 2019

RailCorp Engineering Manual
- Track Surface DefectsinRails

B 2FHE]

4\ MathWorks

11



‘ MathWorks'

:
¥
:
%

NEPECENEE

MATLAB EXPO 2019

12



AE FYBe oA

R

MATLAB EXPO 2019

EE)

4\ MathWorks

13



4\ MathWorks

MATLAB EXPO 2019

14



4\ MathWorks

2.

HDEY (+21239)
I 10m

| e b ﬂ(’)\ | 1 I |
f |
(D)@ (g Ea

TQ'I 4
(a)HizhEal
A L, W L l: 10m =I]
Elﬂ(‘)\‘
(osiE
+EHERa
TQ'],O A
ot t(MGT) S =
Sm(UBBE) |
) IN(TRVS) j’
AP o o
©2008 3 £ 4113 4 ME

GES=)
15

MATLAB EXPO 2019



HE QX4 OAAH KA

(_ Model-based

TQl

\S

‘ Constant segment Dynamic segment

MATLAB EXPO 2019

Condition Based Maintenance

Class, MGT ' LCC

Preventive/
Predictive
Maintenance

4\ MathWorks

16



&\ MathWorks

119 71
-1 =8 AHE A2 B E fIe O|0[X| Z2 A4 Deep Learning 7| =® X HE
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Network : 7| & trained network(SegNet)= 0|23} transfer learning =&

L PO T|EE ASHERX] @M =30 [1]
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SegNet

- A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation
Vijay Badrubarayanan, Alex Kendall, etc

Convolutional Encoder-Decoder

Output

Pooling Indices

RGB Image I conv + Batch Normalisation + BelU Segmentatiﬂn

Il Focling [ Upsampling Softmax
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- RCNN : selective searching 7| 2151
- FCNN : Fast RCNN¥2 Q& 7|t Jp&s MBSk

- FFCNN : Faster RCNNT™3)

1) Girshick, R., et al. “Rich feature hierarchies for accurate object detection and semantic segmentation”, Proc. IEEE, CVPR, 580-587, 2014.

Z2) Girshick, R. “Fast R-CNN”, Proc. IEEE ICCV, 1440-1448, 2015.
Z3) Ren, S., et al. “Faster R-CNN: Towards real-time object detection with region proposal networks”, arXiv:1506.01497, 2016.
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[FFCNN]
Pr (leaf) 0.04 0.04 0.35
Pr (branch) 0.03 0.0 0.34
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- Semantic Segmentation(SS)™

. 7| = DCNN 20| M &%t AST+EE & &5 encoderg T8
- pooling Y & 5t= upsampling 5 = &
- decoder 2= A/d5t= SA|0| AT 2] softmax g2 SOl CH&S

. Decoder= encoder0f| Al max pooling 5= AtE5I0 7150t ELMO| off &
dSA 7= P2 ol = 2O, O] Iff p 5 A
upsampling S0 A CtA| AR EM Rt SEES 25
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) Badrinarayanan, V., et al. “SegNet: A deep convolutional encoder-decoder architecture for image segmentation”, IEEE Transactions on pattern Analysis

and Machine Intelligence, 39(12), pp. 2481-2495, 2017.

Garcia-Garcia, A, et al. “A review on deep learning techniques applied to semantic segmentation”, arXiv:1704.06857, 2017.
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Apply to Image
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BranchCrack

LeafCrack

Eclip
Sleeper

Ballast

SS DCNN 0.96 0.50 0.81 0.48
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Stone
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Crack
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[& = O] 0] X]]
Ballast 0.99 0.97 Crack 0.76 0.43
Sleeper 0.96 0.94 Branch 0.81 0.53
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[SegNet]
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Pooling
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%4 DeepRail lavers with rectangular kernels 2019, 2. 1.
% MNeeds unigue names for each laver 19. 2. 2.
%% ht : Kernel height drray3_3 = [convolutionZd_ayer([wt htl, 256, 'Padding’, 'same', ... % [paw paw pah pah],
w% wt . Kernel width ‘Name', 'mdecoder3wh_conv3')
%% nl : pooling size convo lution2dlayer([ht wtl, 256, 'Padding’, 'same’, ... % [psh pah paw paw],
%% na : padding size "Mame ", ‘mdscoderdhw_conv3')];
drray3_2 = [convolutionZd_ayer([ht wtl, 256, 'Padding’, 'same', ... % [pah pah paw paw],
ht0 = 3 '‘Name ', 'mdecoder3hw_conv2')
wt0 = 3 convolution2dlayer([wt htl, 256, 'Padding’, 'same', ... % [paw paw pah pah],
'‘Name ', 'mdecoder3wh conv2 )]
plo =2,
ht = 3; Kernel Size % E' W% 3, 5, 1, 9 laraph = replacelayver(lgraph, 'conv3 2', array3_2);
wt =3, ki 3,5, 1, 3 lgraph = replacelayer( laraph, ‘comv3.3', arrays_3);
pl =2; lgraph = replacelayer(lgraph, 'convd 2', arrayd 2);
pah = (ht-1)/2; Tk 19,24 lgraph = replacelaver{lgraph, 'convd_3', arrav4_3);
paw = (wt-1)/2; Wik 19,2 .4, lgraph = replacelayer(lgraph, 'conv5_2', array5 2);
O 8 8 O 8 8 5 O A O A A A0 0 A A A O A0 0 0 0 0 0 O A A A A 0 e lgraph = renlacelayer(lgraph, 'conv5_3', array5_3): - ;I_ AF =
% https://kr.mathworks. com/he Ip/vision/ug/semant ic—segmentat ion-examples . html?searchHighl ight=s Layer Xl = / —/ X-” / _|_j|-
ooy lgraph = replacelayer(lgraph, 'decoderS_conv3', drrayb 3);
% Model 2 Sy SR SR SN BN S U SR SRR loraph = rep lacelayer (Igraph, “decoderS_com2’, drray5.2):
lgraph = replacelayer (lgraph, 'decoderd_conw3', drravd 3);
Iarray3_2 = [convolution2dlayer([ht wt], 256, 'Padding’, 'same', ... % [pah pah paw paw], loraph = replacelaver {lgraph, ,deCOderd_Cowz,' drrayd 2);
. o . lgraph = replacelayer(lgraph, 'decoder3_comnv3', drray3_3);
Name ", “mconvhw3_2") lgraph = replacelayer{lgraph, 'decoder3_conv?', drray3_2);
convolution2dLaver([wt htl, 256, 'Padding’, 'same', ... % [paw paw pah pah],
‘Name", “mconvwh3_2")]: . Spec ify the class weights using a |pixelClassificationlayer].
forray3_8 = [convolution2dlayer(lwt htl, 256, 'Padding', 'same’, ... % [paw paw pah pahl, .. pxlaver = pixelClassificationlaver( 'Name', ' labels', 'Classhames', thl.Name, 'ClassWeights', classWeighi
‘Name', ‘mconvwh3_3') i % needs additional work!!l!l
convolution?dlayer([ht wtl, 255, 'Padding’, 'same', ... % [pah pah paw paw], .. lgraph = removelavers(laraph, 'pixellabels');
"Name"', ‘mconvhw3_3')71; lgraph = addLayerSE lgraph, pxlaver):
larravd 2 = [convolution?dlayer([ht wtl, 512, 'Padding’, 'same', ... % [pah pah paw paw], .. Igraph = connectlayers(lgraph, ‘softmax’ ,"labels’);
"Name ', ‘mconvhwd_2')
convo lut io‘n2d|_ayer( [wt htl, 512, 'Padding’, 'same', ... % [paw paw pah pahl],
"Name', ‘mconwwhd_2'371;
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MATLABS &&8%l Deep Learning 827

- AHE A} interface 5
. Deep learning, Image processing, Machine learning, Statistics & Ct&2t toolboxE &SA| 0
28T o+ UQ o= H2AH0l g

ex) 7/ 7= £/ DBE 282 &2 Label 0 Lzt FX{ 2/ E &£ 7 + 7&

. Embedded app= S0 AFEAF Held 112
282510 B =9/ image tool &0/= &2/ 7}& (automated tool &)

Wy

ex) Image labeler
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