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Abstract

Database of Cut-slope management system (CSMS) has been constructed based on investigations of
all slopes on the roads of the whole country. The investigation data is documented by human, so it is
inevitable to avoid human-error such as missing-data and incorrect entering data into computer. The
goal of this paper is constructing a prediction model based on several machine-learning algorithms to
solve those imperfection problems of the CSMS data. First of all, the character-type data in CSMS data
must be transformed to numeric data. After then, two algorithms, i.g., multinomial logistic regression
and deep-neural-network (DNN), are performed, and those prediction models from two algorithms are
compared. Finally, it is identified that the accuracy of DNN-model is better than logistic model, and
the DNN-model will be utilized to improve data-quality.

Keywords: cut-slope management system (CSMS), missing-data, incorrect input, machine-learning,
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Z}(Human Erron) & 918]] 2t 2 ©7]¢jo] g4 0‘11 Eﬂoﬂ 4011 )= xguw} e ano a7
2} A 7H=Ao] 3t

2L, CSMS H[oJEl ] A4 H2hS 2ol 2AAE 2] =4 (Logistic Regression)< A-82F A7 3=t Woo
etal., 2020). o] Aollx= H[EH] 7|2 Kot 1 ZAF Ap = 2 5E AAR] tlo]Ej(JHY tlolE)ES SHHSR

AZgstal, FEAR1 < 22], ASFH oF 42 Y Ho[HES T54E 7Hste] 224 SRS 55191
ot F5H SR E2 95% o1 g vl H2 Y= FEHS 041%01 7Fsea BTl Woo et al.(2020)014 4
Yt oSS0l B2 A E B 5 UMH o= AR SHHPS(712TA R T FEHN (71 2 FAE v
E*_iﬁﬂlﬂhl LI} 2 Zhof] TRt QIFRHAZ} 910w, Shgof| AR ARE-E0] deHA o g 7257 whe
ook, 7], YRl 2] A BEl2 o|gk(Binomial) 0 &2 o] Fo|X] FLHpo] tisi ARt 87 sobH, SRt
TERSG k]l J# Al(Causal Relation)7} F&6}2] ¢ 79 vhe Asi =2 Hol= 3HA7} gk 1314 cSMS Hlo]
Bl O] A Fa Aol 71224 Abae T S BigolH o 2Rt M52 HERE QIMHAIE Zh=tal HY] ofH
F. whebA] Al 24 o0 2 o] Fof7l FEHpe) HERt QIMPHADE Gli= S5 WS AR Al HisiAl= TR 714

3 QR AR /| ZEAS H o7 AEle] o]

=
T
2]

Ase T sl tisiMT A5 ES /NS
g AR ek e, AR HlolE ¥=E F5HR 7Pshe ol tiei = 7Alsk g2 s-astal e RS
NS5L & e e =0kt ottt ofulf, AR Ehe A H Y HiolHE2 HiAl o] o7 whzell, 71E LRk ¢l =
A2 BlFhEAo] ofd Het 2R A Sl S dAFH o2 Agolo] AT e S mefslal, T S0l S

A A U A8,

17 8

CSMS HIOJE] 7HE

H Ao A AR Hlo]E= 200615 E] 2019187H] A=t ARk HigHE] thete] 7|2 2Ake AU 2ALS Edf
= =5 glofeelw, A wlolE et A HlolHE =] et Z1ZARRY - 7|22 A Alm et g flolE e
] g H S dlo[e 5] vie], - JH-E viefo g ZAbaiatel] ofsf) 2 wle UEA 2w tiAl T}
‘A Hlolel =, ko] ol /ol 2 FFS Wreth HEA HlolE o] |2 AN/ B/, AR
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AR M =272, Fote, E2AEH W, A, SHIY, AR, Sold, &5 94, 4F, ESAE,
EAEH 5ol JloH, WAy HolH=e ASFH, 1, 5]
QICHKICT, 2019).
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7|1ASRs& 5357 SlsiA Hlold A E= Ba-2lo|th A7llE CSMS HIoE = 30,75171] A 88 o] gt
7370 = AEE 7121 Ik 2 AFelA = CSMS AE7H] o) A-S vhedste], 2201 AR Y Hole| 2= A g
2F29719] g, T HolH 2 24, 9195, e w, sl 47 dES IV o= AASkGich
AE = F, AR ol FolR] AHEL2 B A2 2|gE|ojof it ol S0, FHAY 52 15, At 4tel,
2]} o] 470] EafAr) Qlom, o= ZF2t0, 1, 2, 302 X]$HE 4= It Woo et al., 2020). B-= BA1S ZHAE
ool 05 Altete] 2 SEiA g eAt= 2R 7, QPRI Z|Aleks Bl n]g(Fitting)= oA, 2AY
(Scaling)o] 420 & f=afE|ojof git}. thaol] A7R=|= 7] AlSls Saol| = of 2] 2A |1 ' SollA] Bt
HALE o]-goto] A= X|Rlet= AA Y7 AR E T

71AISE o) Al B2 79 TlolE A @F2 Qs 2] AP HIAYsH Het of=2ig Hlole A oF FAIE &
Aol = A E F=el ot ZAe @ 710] ot A 2 - Rotint A B Q1ZF2 2K Human Error)©]l 2af I3
SHA| Bz, A 9 ZAl= AR RS 78 S2 7| AleRE 7R e R ES 5T re AR |55 56l s doe] 7t
ottt v A RE AFSSE] fleliAte @ AMZAP g E ofof sk of 2ol jloH, SERES o83 ol 52
71ASkE S BA R Jith of7|A, ZIAISRE-E e8] fleliAte T WA 2719 BAIE s dslobt 7Fssith 27
A AHEIEE A7t AP R 7199 A, 1ol ‘1rat Zol 113 AkmrF AR dEH A9 5ol AthHWoo et al,
2020). A @712 FIAFARE of 2] 23S B-8ole] 52 Ao] 7FssHIRINE 4-2] @714 0] 739 etz
2} 437] 9 4= k. 012 Yol QAFAARVEHKim et al., 2007; Cho et al. 2019), oflo]cHEAE(Adaboost) 2} 2 o2
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(a) Full-diagram

entropy = 0.929
samples = 122

value = [80, 42)

class = Emergency

W"ﬂ-'gs ﬂnpyh: D.,B;:B
S value = [11, 23]
B [ ncy

Emergency lass = Mon-emerge

(b) Part for the rare event

Fig. 1. Example of decision-tree for identification of a rare event: the blue-colored boxes mean a rare event.
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ARolet. 24 Aol A, —T—@"“EE A HAS(E2 HlolH 25 g, B3 FRel uhek IS0l ee
I 4= AL S Ho|HES HE HolHE = the 542 7Hle Eﬂ JEI = ofufeit. o]} o] wpe Sod
= Ad IS AR 27] TAEE AR A & 4 Q2 Aol

22 AE 3124 (Logistic Regression)

Woo et al.(2020)°l14 AFHEH EZ]QFJ 3] (Logistic Regression)= 7HHet 7| AlSkS 82 BF 7[HHo 2 03} 1
A9 o]3}(Binomial) 2= o Fo|X FEHASFE Aok, A H SEHP Y55 7] AP TAIE Logit Hek=

olgoto] FEElR IEoh=1 ‘?QO CHBack et al., 2016).

N

__ply=1h)
odds= 17 0 1) @
: _ p
logit(p)=log = 2

exp (Y b, + byz;)

eV}

v 1+exp (Y by + biz;) )
AL (D)elA ply = 1lz) -2 235 Jg=of] tisf] 1 0]2k= Aol S 2R &5 ofn|ohH, RA A mdl2 o|op
2 2R SIES 7|Hhe 2 A3 ShE A &5 0] HIE UEE 2 2(0dds) 7HE-S o8]ttt 4] (2)9t Eol =3
Hek(logit( « )2 FEAG(y)< FHHN(2) & Ll AFEAVE 322 B 2lotH, 2FH 02 4P3E AL b, & 5l
Al (3)2 o] EEHh of7)4, @2 - EAIRRE 03} 14o] o] SHE-S 3-0] Fettof|A] o] Rt 2 H91E HEAA
oM, oo R BN = TEATL SHHATE] AP E

= S TAoR AL ¢ A Hoh HEH o R F5HE
HEle S RS 7123 S50 sffF k= AR (Event)y Sll&53teh

Ao = CSMS Hlo[E 7Rl AFH 29719] PSS 0851 < 22| (Action)’ 2F A5 5-%(Measure-
ment Recommendation)’ ©|2H= 5 L5 4o]| tsl] 22 AE] RS =510 A S AF5HSIT) Table 12 4] H
o] et 22| A 488 A3to]™, 97.70%2] =2 A7 AP = STt

SHATE Woo et al.(2020)0f14] A5 22| AE 3|7 (Logistic Regression)< &2 B7 7|Ho 2 03} 12 B
2 4= Q= oy} Hpo] s ARt 218 7Fs st AR o] Qlet 2 319 242 02 1 =7t B3 E= o] gt of
Yzt ot jl5F= H, & olEskE o] disiy = SERES 55 T2/ 27 Ho[HE o5 75/ HEE 5HE
St} SRR o o] ARl HH Y HlolH &2 thg SEl(ell: TR M= 75, Ale], ite, BA]e gol 4
7he) A7 ) = BRAE]o] Q17| wiioll, o] Aol SR E H50] b7t thet 22 A 9] X E(Multinomial
Logistic Regression)= Y140 2 7ijdlsial 71 Fote &5 HES.
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Table 1. Logistic regression example about the action variable based on 29 random variables (Woo et al., 2020)

Confidence interval

Coef. z P> |z|
2.5% 97.5%
Constant -3.8290 -3.921 -3.737 -81.432 0.000
Province/City/Town/District -0.0732 -0.144 -0.002 -2.029 0.042
Round/One-way 0.0147 -0.050 0.079 0.448 0.654
No. of way -0.0762 -0.161 0.008 -1.768 0.077
Date -0.1290 -0.214 -0.044 -2.977 0.003
Survey/Non-survey -0.3116 -0.365 -0.258 -11.44 0.000
Slope length 0.1055 0.040 0.171 3.152 0.002
Max. height 0.1428 0.074 0.212 4.074 0.000
Angle 0.0734 -0.020 0.166 1.545 0.122
Gradient -0.3170 -0.488 -0.146 -3.640 0.000
Gradient of upper-slope 0.1235 0.070 0.177 4.560 0.000
Distance for rockfall -0.3674 -0.454 -0.281 -8.341 0.000
Berm -0.1565 -0.243 -0.070 -3.557 0.000
Slope material -0.2069 -0.285 -0.129 -5.199 0.000
Topography -0.0821 -0.152 -0.013 -2.315 0.021
Ground water 0.1473 0.093 0.202 5.320 0.000
Loc. of leaking (top-bottom) 0.3327 0.236 0.430 6.710 0.000
Loc. of leaking (left-right) 0.0595 -0.035 0.155 1.229 0.219
Weathering grade 0.1519 0.062 0.241 3.328 0.001
Discontinuities’ type -0.3712 -0.441 -0.301 -10.405 0.000
Slope-shape 0.0116 -0.044 0.068 0.406 0.684
Slide-shape -0.0160 -0.077 0.045 -0.517 0.605
Valley in slope 0.0164 -0.037 0.070 0.600 0.549
Collapse record 0.5877 0.537 0.638 22.749 0.000
Floating rock -0.1125 -0.175 -0.050 -3.524 0.000
Rock fall 0.4388 0.368 0.510 12.124 0.000
Lithology -0.0388 -0.099 0.022 -1.257 0.209
Soil depth 0.2055 0.147 0.264 6.910 0.000
Bedrock-shape -0.1985 -0.256 -0.141 -6.818 0.000
Type of discontinuities -0.0944 -0.173 -0.016 -2.368 0.018

CHt ZAAE] SIS 0|85 0% B 712

Cket 22| AE S|4 (Multinomial Logistic Regression)
o} 2248 39 A4S o5 K719 A4S 7 F555 vol o5 stk NS S3 el Tt AlS
2 Z0] 7Fs5lth(Jung et al., 2020). THE 2AAE SR thaat Zo] gt o 2 g 4 olrk. T4
W sk Mo ek K = {1, .., K} 2 B W x = {1, 2y, ...z v} 7F Bl I 9]

X L
BB YR Uehi)2 St Sguiso] SEAS Xeka frhel, Egusel 2aua o



/g5 Hek. ZH RE HREol r € xolal ke KL W), P(V = K|X =z)= F=olH o] o] ol 57 thE
SHAE e 20 2R NE-S ARSI Tt 2ol B3 7Hs 5 (Sim and Kang, 2014).

P(Y=Ek|X=x) N

0(klz)=log P(V=KX=x) (= Bro +,';6kixi) )

exp 0(k|z)= 5((;:%))((::3 ®)
K

A (4)0ll ] FAE RE ko sl FBPH P(Y= KIX=x)=1/ Y, exp 0(k|z) ¥& L 5 J.oH, ujebr ol =5

k=1
HrollA] SEHG0] 27 SHE-2 2F2 0% thgat go] FAFTh

expO(k|z) ;
expf(1]z)+---+expd(Klz) (6)

P(Y=k|X=x)=

A (6)% Tkt 2A 2 Sl7lmoleka sle, K= 221 A9 4] (3)3 Zo] Ut 22|28 sl7|mgo] ek

CH ZR|AE SIMEM HE L ISP =5
A g 29710l SH RS F 4702] FEAE Zh= FHA]Y(Topography) 2 S5 HE AAdstal 11 9] 287 H4
+ vz SYHR 7Pste] o XA SFHEAS Rlslth g olA A E'%‘f’itﬂi tlole] WA= E 4
519307, WA} 7AZ(Cross-Validation) S $Jall sH5H|o| Bl AZ Hlo|E 9] 8-S 19:1 714, é A5 dJo|E]] 5% = 7 %
tlole| 2 ARSIt Tl =2 A 3] HEA] S-8857] 91el 1ol (Python)©] ‘sklearn” B-&-& ARSI, TR}
28 RdlS 156E7] 916f] ‘Newton-cg” Y12|E-= ARSI 478 A, EE% SFER -2 56.30%2] tha ‘%}
oAbz St ATHE oS AT EY| Qe =2 RHo] AlGEat 7 AlEo| et AE| g nfeldl 4= 9=
315 (p-value) A5, Table 201 YFERH AT
Table 25 HH 45| B2 HEE HA01E 5o LEdjorela & 4 9loH, tha Be A9 folskEo] AFds]
A A ERIsHIT F-ol8-E0] 0.05 5T FA At 3HE ol SRS E] A5 A2 249t 57 vl
TSI ol 501, “do] =40 Class 37 Class 42 2] 2H&-2 2121 0.857240.0970]t. of7]4] T3]
ofg HH-2 Class 317} Class 4] Al%=7} Class 137} Class 29] Al=RE ot A4 F717F2E0m, o= F&H4=0] thel <

oF
[e]
o] A& oJulgict, o] 79, ‘Lol SHUWSE AAAskaL h] ZAAE SRS Saslelt: ok A ZuolA 2
o] he ZLOE AT 4= 9tk o] 2 BR15] 919, fojeEo] 2 AES HISH EAYIEAL Zol, 2, o]

%
A, i A2, 91 b2, B, AR, AR, i), BAsH 5 1749 M-S Ak ] T
22028 SARAS S, T AT, 56.82%0] et mAekA SO 2 g gL SISl
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Table 2. Multinomial logistic regression model for topography having 4 classes

Coef. z P> |z|

Class 1 Class2 Class3 Class4 |Class1 Class2 Class3 Class4 |Class 1 Class2 Class3 Class 4
Constant 0.388 -0.301 1.098 -1.185 | 59.974 -46.62 169.871 -183.22| 0 0 0 0
Province/City/Town/District  -0.174 ~ 0.191  0.335 -0.353 |-23.401 25.75 45.112 -47.461 0 0 0 0
Round/One-way 0.103 -0.103 -0.020 0.024 | 15.391 -15.517 -3.456 3.582| O 0 0.001 0
No. of way 0.382 -0.557 -0.066 0240 | 49.328 -71.862 -8.498 31.032| O 0 0 0
Date 0.379 -0.847 0.154 0315 | 49.013 -109.66 19.922 40.725| 0 0 0 0
Survey/Non-survey 0.134 -0.115 -0.003 -0.016 | 19.338 -16.649 -0.389 -2.300| O 0 0.697 0.021
Slope length 0.057 -0.068 -0.001 0.013 | 7372 -8.852 -0.181 1.660| 0 0 0.857 0.097
Max. height -0.071 0215 0.125 -0.269 | -8.096 2445 14218 -30.572| 0 0 0 0
Angle -0.109  0.017 0.046 0.046 | -11.19 1.758 4.731 4.700| O 0.079 0 0
Gradient 0.033 -0.100 0.031 0.035| 3.773 -11.403 3.581 4.048| 0 0 0 0
Gradient of upper-slope -0.071  0.070 -0.014  0.015 |-10.065 994 -2.014 2139 0 0 0.044  0.032
Distance for rockfall -0.008 -0.020 -0.055 0.084 | -1.251 -2.998 -8.279 12.529| 0.211 0.003 0 0
Berm 0.048 0.089 0.042 -0.179 | 5345 10.019 4.763 -20.127| 0 0 0 0
Slope material -0.018 0.061 0.066 -0.109 | -2.234 7.627 8.302 -13.695| 0.026 0 0 0
Ground water -0.031 -0.191 0.009 0.212 | -3.599 -22.246 1.069 24.777| 0 0 0.285 0
Loc. of leaking (top-bottom)  -0.005 0.452 0.046 -0.493 | -0.407 35752  3.673 -39.017| 0.684 0 0 0
Loc. of leaking (left-right) 0.242 -0.128 -0.108 -0.013 | 19.601 -9.848 -8.74 -1.013| 0 0 0 0.311
Weathering grade -0.011 -0.011 -0.139 0.161 | -1.279 -1.188 -15.547 18.014| 0.201 0.235 0 0
Discontinuities’ type -0.123  0.020 0.139 -0.036 | -16.76  2.699 18.8396 -4.834| 0 0.007 0 0
Slope-shape -0.010 0.037 -0.075 0.049 | -1.517 5.540 -11.398 7.375| 0.129 0 0 0
Slide-shape -0.064 0.053 -0.041 0.052 | -8.809 7.278 -5.546 7.077| 0 0 0 0
Valley in slope -0.087 0.000 -0.028 0.114 [-12.874 0.033 -4.166 17.006| 0 0.973 0 0
Collapse record -0.072  0.162 0.141 -0.231 [-10.531 23.644 20.549 -33.662| 0 0 0 0
Floating rock 0.025 0.030 0.087 -0.141 | 2.857 3.348 9.811 -16.016| 0.004 0.001 0 0
Rock fall -0.020 0.143  0.084 -0.207 | -2.187 15476  9.105 -22.393| 0.029 0 0 0
Lithology -0.056 0.244 -0.066 -0.122 | -8.34 36.161 -9.807 -18.014| 0 0 0 0
Soil depth 0.241 -0348 -0.063 0.169 | 30.604 -44.182 -7.947 21.525| O 0 0 0
Bedrock-shape 0.063 0.086 -0.006 -0.143 | 9.144 12.513 -0.9 -20.757| 0 0 0.368 0
Type of discontinuities -0.008 0.067 -0.128 0.069 | -0.937 8.179 -15.613 8.371| 0.349 0 0 0

e 7ol Hiet e A28 S E o] e S HESE| flof, TR = Qlol| e 571 9] SR AE 2= At

HES(HRQE, ot 24, EAL &3y, 67]2] ZAE 7= Bt (A4, B5Z5}, o HEs) 45kEs), g ) &5}
HFEy, 97le] ZEAE 2= EAEH(TE, T, 4, A, A, A, 52, Tk, $2) 2 AAste disnd

< Tt HEE ARlelyit. 1 2, AR 78.73%, 59.55%, 70.54%2] St AXYE|ILt AMAER
EAEH SR A tE F 5K O] H]o| *}Eﬂﬂ—il‘ﬁ% A7t AT QAR AaiedtollA Hold o
Hh 22| AE S)RA] A8 HEllEa} Bl sto] of o] g Aokt ofth thet 22 AE S| RA 0] At P2 o=
% AR o FolRl TE5HF & i*’l\—oﬂ w2t 22|48 B W Sgoliokshs AlEe] Bl 2 S7sH, o= 24

oA e A HE o]-g5to] W2 HpE Yoo Shi= 1A (High-Dimension) w2417} =] et 7F Hol 4
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ﬁ
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HSMAY(Deep-Neural-Network)

850 2 Bal= Huld(Deep-Learning)> TRt B8 Mgy §] 23]

AN UE-E F5 - T2k o= 714l %i’al-ﬁ—o HeE omzit. 71 ARG Oﬁﬁ?& tlo 1E17} TR ‘ﬂ1

HFE7F ol 4= = HlE] 9 °3EH§ FHok= T (ofl: AFR12] 79 2] &2 Leh]7] el FHlE = 59) 7wt A
4 Al
ol

(o]

A o8& 7|2l 23 EE 7Rk &2 01% oy RS /A = WA Elok diFEe] "eld 2
1737 Artificial-Neural-Network, ANN)Oﬂ ]H Foh, o2 2493 (Hidden Layer) 52 71 73-F A5A174 W (Deep-
Neural-Network)©|2} 22 THKim et al., 2010). 7] AS54174H-2 2| A3}E Q6] 279X Backpropagation) &3’
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Table 3. Results of learning deep-neural-networks about previously mentioned examples

Number of independent Dependent variable Accuracy of multinomial

variables (X) (Informative/Decisional, Number of classes) Accuracy of DNN logistic regression
Case 1 28 Topography (Informative, 4) 83.47% 56.30%
Case 2 28 Slope material (Informative, 5) 93.65% 78.73%
Case 3 28 Weathering grade (Informative, 6) 90.62% 59.55%
Case 4 28 Type of discontinuities (Informative, 9) 94.69% 70.54%
Case 5 29 Action (Decisional, 2) 94.81% 96.40%
Case 6 29 Degree of risk (Decisional, 3) 84.74% 58.39%
Case 7 29 Risk-grade (Decisional, 5) 84.70% 60.40%
Case 8 29 Readjustment of grade (Decisional, 5) 84.99% 47.07%
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