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Effect of Learning Data on the Semantic Segmentation
of Railroad Tunnel Using Deep Learning
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1SS Park, Jeongjun

Abstract

Scan-to-BIM can be precisely modeled by measuring structures with Light Detection And Ranging (LIDAR) and building
a 3D BIM (Building Information Modeling) model based on it, but has a limitation in that it consumes a lot of manpower,
time, and cost. To overcome these limitations, studies are being conducted to perform semantic segmentation of 3D
point cloud data applying deep learning algorithms, but studies on how segmentation result changes depending on learning
data are insufficient. In this study, a parametric study was conducted to determine how the size and track type of railroad
tunnels constituting learning data affect the semantic segmentation of railroad tunnels through deep learning. As a result
of the parametric study, the similar size of the tunnels used for learning and testing, the higher segmentation accuracy,
and the better results when learning through a double-track tunnel than a single-line tunnel. In addition, when the training
data is composed of two or more tunnels, overall accuracy (OA) and mean intersection over union (MIoU) increased
by 10% to 50%, it has been confirmed that various configurations of learning data can contribute to efficient learning.

2 X

Scan-to-BIM2 2}o|t{Light Detection And Ranging, LIDAR) 2 T-2&-2 A|&3}al ©o|& vHlE 22 3D BIM(Building
Information Modeling) 2@l J1&35t= o 2 AHst mdlgo| 718l qt F% olgiz} A7} H|Ro] ARE =
HAIE 7tk o2gt RHAIE S5517] S8l 2IE STk HlolHE e 31 d(Deep learning) A3l 5=
%8 oo} F250] 747 eKSemantic segmentation) & 431 ATE0] % 6351 o1} 51 lolelof wet 247
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A A& = (Overall Accuracy, OA)2} MloU(Mean Intersection over Union)7} A= 10%0l 4 BAl= 50%715F <7}
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sl go] whAshof wal AICBM(Artificial intelligent,
[oT, Cloud, Big data and Moblie) 7]&2 ARESh= Zlo]
A o A"siAAL HesiRHEA AR § A dH
AARRE dolel2 Sala, tAE B o]
sl AlgeolHg 4 oA Hlek oleig 7]
Aol HAd E(Digital twin)o|2} gt HAE E9)
201795E 2019Q97H4] 3 5¢F 7FEY7E 4783 10t
Aol ZtEo] AAH R R glov]
oM FRo T wE Ao 10t A F st
U2 A4 =itk Ministry of Economy and Finance, 2020).

A4 Holo] Aol A BIM(Building Information
Modeling)&- t]x 8 E¢1& 283t 7|49| 42l o
ehi 2 4 9lok BIME p80] 294, 7154 54
& UxER FET o, 14 Zeds d A
B AA HE, AlEdlolde 8 3], fAEE
5 thoFst JFol 88 4~ QJthKreider et al., 2010;
Hergunsel, 2011). o|&{3t AH o2 28, A AAXLo =
BIM =¢jo] F7Iet= A Sofl IfollAe ©7] I
35 =2ARC BIM A7 o731 Fdl BIM ==
7}4535ks1al Qlti(Ministry of Land, Infrastructure and
Transport, 2018). BIM =% 7}<&:3l= BIM A7 Azto
& olojA)u] Uo7} B A4Ze] SAUL)E BIM 7]
w AR wekE AL ofulakel et BIM =9 o]
Aof| AlgE 252 Ao BIME 28517 915
A= WA F2ES 9475 3D BIM 23S 535}
o] Aasiet. eyt AHAE 3 BIM 2EY
AS 9 = YA Ipof] W wlgat AJRto] A
=AY} 7leg e R o= A Qo] olE
AotAl Al A 58 a6 glote =1
o] 7153t Scan-to-BIMo] &8 = th(Park, 2021).

Scan-to-BIM 42 g}o]t}(Light Detection And
Ranging, LIDAR)Z X ES A&ste Ao 2 AZHE
o}, eloleh AUt Ao shsele] TrBe] WAy
G kst BEHIE s TEBS ol W
ol A2t o) sht Falehs HHL Bef vl
2 9o wgle) 349 AR TUwe) Kl Feh
= g|o]E(Point Cloud Data, PCD)2] He|2 &5 4
o] AT 3D K-S 55kt Wol E-8Har Qlrk
(Hong et al., 2012; Park and Lee, 2015; Lee and Sim,
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Fig. 1. PointNet architecture (Qi et al., 2017)
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(a) Double track
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T2 ARGSIGen 3D A mElo] ThHolA A

Poisson-disk sampling W& M52 @Y stA iz st
HAA = HE50] 54 AglHe 7P7te] A g=s ARt
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4= )t Robert, 1986).
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(b) Single track

Fig. 2. Tunnel cross—section modeled by 3D CAD

Table 1. The cross—sectional dimensions of the tunnel

Tunnel type Double—=S Double—M Double—L Single

Height (H, m) 7.1 8.18 9.95 76

Width (W, m) 10.4 12.0 16.0 6.55

Bottom (B, m) 8.2 9.9 13.8 43

Distance between the center of the track (D, m) 41 5.1 7.3 -
Approximate area (HXW, m?) 738 982 159.2 49.8
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(a) PCD measured by LIDAR

(b) PCD converted from 3D CAD

Fig. 3. Difference of PCD between the measured tunnel and 3D CAD model
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Table 2. Learning and test data for each case

Case Learning data Test data
1 Double—S Double—=S
2 Single Single
3 Double—M

Double—-S
4 Double—L
5 Double—=S

Double—M
6 Double—L
7 Double—-S

Double—L
8 Double—M
9 Double—=S
10 Single Double—M
11 Double—L
12 Double—-S
13 Double—M Single
14 Double—L
15 Double—M, L Double—-S
16 Double=S, L Double—M
17 Double=S, M Double—L
18 Double—M, L, Single Double—S
19 Double=S, L, Single Double—M
20 Double=S, M, Single Double—L
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Fig. 5. Changes in results according to the number of learning data
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Table 3. Test results from Case 1 to Case 8 according to the ratio of approximate area (except for Case 2)
Ratio of approximate area Case Learning data Test data Overall accuracy (%) MioU (%)
1 1 Double—-S Double—-S 99.8 97.7
3 Double—M Double—-S 87.0 62.5
0.752
5 Double—S Double—M 939 73.3
0617 6 Double—L Double—M 935 771
’ 8 Double—M Double-L 80.6 515
4 Double—L Double—-S 84.7 52.9
0.464
7 Double—S Double—L 65.0 317
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Fig. 6. Overall accuracy and MloU when using different double—track tunnel data for learning and test
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Fig. 7. Overall accuracy and MloU when using different track type of tunnel for learning and test

Table 4. Total number of point data on rail and sleeper for each tunnel normalized based on a single—track tunnel

Single Double—S

Double—M

Double—L

1 1.75

1.84

1.81
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Fig. 9. Result of the semantic segmentation
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Table 5. Test results of the double—track tunnel by each learning data

Learing data Test S Test M Test L
OA (%) MioU (%) OA (%) MioU (%) OA (%) MioU (%)
S - - 93.9 73.3 65.0 31.7
M 87.0 62.5 - - 80.6 515
L 84.7 529 935 771 - -
Single 64.2 48.8 787 473 59.4 376
S, M - - - - 99.5 84.0
S L - - 99.1 91.3 - -
M, L 94.5 76.5 - - - -
S, M, Single - - - - 994 85.9
S, L, Single - - 98.7 91.6 — -
M, L, Single 97.4 857 — — — -

% S: Double=S, M: Double-M, L: Double—L
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Fig. 10. Overall accuracy and MioU according to the number of
tunnel types used for learning
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