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The risk of reservoir damages due to heavy rains and huge earthquakes is increasing. The

disaster prevention drills using the hazard maps and legislation regarding the management

of aging agricultural reservoirs are implemented as disaster prevention. Furthermore, it

is necessary to improve the awareness of the residents who lives in the area of flooded

estimated. In this study, the estimation method of the number of damaged buildings

in the area from the damage prediction distribution map accompanying the collapse of

the reservoir. As a research method, deep learning by the CNN(Convolutional Neural

Network) is adopted. The learning model is annotated by marking points on buildings

in satellite photos. In addition, the accuracy of the calculation results is strengthened by

the ResNet as the learning model. As a result of comparing the model after learning with

visual observation, the number of buildings could be detected with high accuracy.

Key Words: reservoir, hazard map, deep learning, CNN, ResNet

1. &S

SR E AR IC o TEEM 2 DB L 254, &
b b 1F 2 DR THE O 54121, KEOEEIC k5T
HRABENEL 2 1, 2013 FICEEM 702 NRE L
—F R ER S, B R Sz ko, 2
@%7mﬁmﬁf¢5*aﬁme@a&otwk:@ﬁm
LT, Z0ibowEic X2 8EE2PIET 2 E2HNE L
7= r%ﬁéﬁﬁf:ﬁ)(ﬂ@ﬁ‘@&?)\ﬁé B B URER) A% 2019 4E
TH1HICHTFS N, BEMA-OMoFREESICL2EED
HBHENTDIED, FEDOHBID /- DihZ KB MO E L
THEGEIFRARET 2 2 L Lo tz, FETIE, M THx
EDN— Fabsf & LCoB kR oM@k 6T L, HTER
RIck 2 TRoMNY — Ry 7 % 5B o Rl 12 %
m?5%®V7bﬁ%ﬁ@DL§meé Lo Ladts,
b7 S AS 2 20 (3 e ML B & o> BRI T B 1 TR L
&w;k?,%%@%%ﬁgkwfi,ﬁ@ﬂﬁv%##
SPMIATE & T b ko7 D, BEOREE D 18D
FHEAZMECHBLTLEo2h vz #El® v 52
EDS, V7 FREREL COKEREZERICER~NMEZ S
CENEELER D,

UEAE, N TSI X 2 WFEANEFAL L T Y, MO migk%E

2019 4F 9 H 20 H3ff, 2019 4F 10 A 18 HZH

IS T 2 BFENED STV B (B2, St 4 ),
9 LR ZB 05T b B S ¢, EEEEIC L 35
ER Bz, Sk O) L oESED s hTws, 2
ZOAMETIE, ATAEO -2 Th 3 EBEE AT 2
2 LT, WiSSEE LA A i 22 h R S M B ik
ICOWTHST 2, BARMICIE, LhEE L KBITEERET
HHrNY—Fwy FLrBEhfby, ZoORKMEROPIZH
ZEMOKEAT Y TS, KT, EEaT Y LT
ZEEDRICHDTOED, ZOFELERL, KR
R EIL5 I L CMITEREL & L SEMBENT
PREPEEPOMAT S X IRETVIIGHT S £ v %
BE2E2T0w3, 2Ok, "F—F=y kDI
LT, BEEZZILHORETH 2N EE, S, FllEic
E2 X5 RUKEEEZ T 5 B & EREE oRATT E g,
Bisk EASE 2%, 7, WHICET 2 A2 Hli%
DRI K >C, EEEA PN % 5T 2 72 0 it FH 1 O Bt H3
HEL RIS T E 5 28, S8 b B KIS 2 B I M EAR
R EZEZD, FMiOMERINGZ VI ETHERIEINS
ta—wryxy— Oz ALl L, @Y ixHmsc
X2 L9 ICRAERARRS Z L IRIEANAER? S 2. A
WX TR, 2filCTRBARAAZ2—F L2y P Y =2 2H 0
FEBFEEHIL, 3MIcBLT, 20%HT— 8 & HH



LT, BAKMBAICE ) 2@BYOBERREHET 5. 4
DELOTIX, AFEOEHAELSHOBEICOVWTEE
T35,

2. AEOME
2.1. BYRHDOLODEET—F

b Ey S ABEO B EHET 2 Tk ® O 2iHm
L, 7ok fEIc & b wilEx 20 2 EYME % it
ET D, £7, Kb HEBEL2HEMT 200 FER O
F—=F 2 ERT 5. KT — 51, B LuEEREoEHE
B (2007 SFiRE) B BRAMINTE D, 2E M TH
AFHRETH 5, AFETIE, AFVBPRG BT —5 ThH-oT
LYHHFT - ELTHEHTH L I EDbFMRIIRTIE L
L7, Rz, AFLALHKOMESRD S @EYBRAHEO%E T —
FEERT 5. FHEHOT =513, $XNTHEU YA LI
M—d %, K> SY D WK A ZBKRELS S E, G
Hax P bFARICKRES RS, RIF%ETIE, SHERO AR
MZ2270, BEEZ1E272LH7D 22cem &L, 512 X
512 €7 &)L (112.64 m X 112.64 m) DR E S DZEPEH%
VIO o7z, F7z, 7-0ithoH 2 Mg, #WH L D 1dHs
i RIS IcH 2 2 L%\, EFEAF— 5 DEBEED
IESFTIZ, HAHT S & Voo FIcRE L7, 2L
T, ZNSDIEL HEBROKEIE, EEFEIWRLET 5
0MEME LY., ZNH6DZEFEETF—F IR LT, A
Bz b >EY) (Positive & E ) % BKIRF I B D 4 %
2T AL ECEY EMED T, BRICKST, TR %
JBINY % (Annotation & E#). % L T, Ll Positive B4t
DREEY (Negative & EF) & LCHIM, H, BA, EikE
FOKEEFICB T FERICEZBMT 2. 20kHi, oo
D P EE DM 20 1, Positive O A7 12 5 D & % B
L 72548 20 #2, AR IC Negative D A7 I M D & %N L
7o R DY 20 2, ARl 60 B OMI R % HE L 7. Positive Mg
FICH 2 M OBDAFD 81 7, Negative BIEHIZH % 5i
DBBEFTTILEF & otz BpBEED L) 2 F LK
IZ, Positive D2 BHAQTHRR L 7% b D L Negative D i % [A]
RRICH VP VBRICERTER L2 d D 36l % Fig. 1 ITR
. ZDkHIE, SEBMLALENS HEHREHZEL, #H
i LCHAT 2 EIckoT, BROBEELOEKa 2 b
THO>THREDOR VNN ARE L 4 5,

&g, BAAAR=Z2—F L%y b7 —2 (CNN) 10 12 x
ZHRABHAOEE T =5 R ERT 2. BARAARLIE, H—
FLE W) NEID 7 4 VY Z O TCILDOBEIR T — % 2> 5 5F
MEMET 280 2 LT, ild N7 — 2 ERNEMER L
TN W (R~ vy 7)) ~BRIAEN S, BRI, 2
FEE2SY D E-7 512 X 512 © 7 2 LD ETEEE 96
X 96 7 N O/NEBICEAAGEFEL RS, 96 X 96 D
REZIE, EREEICELTEYIHR 1 BINE 291 AT
b5, BREEEZ, BEOGERFO RGB KOO, F¥
vy TIE3EER D,

2.2. CNN 0%&

Fig.1 Annotation plot

CNN D2%8121%, ResNet(Residual Network) (1) % ] fi]
$ 5. ResNet 1, EEOGRV ML 70 5 X ) ITIERAERE
FEHBETZILTCHMONT VS, HROEHE H() £ T
&, ANHEIgRz &L DBKEF X

F(z)=H(z) —x (1)

Eh s, EROFDHE 2H —x 2IEA~BEH L, TOER
HE) It LAbE 2L TRORIC L >TER H(z) H¥E
mans,

H(z)=F(z)+=z (2)

AT, BEH I N2 EHR H(x) Otz 50 @D
IEF ResNet50 2 fIJH L 7z, “AEHFITD\W» T, Momentum
SGD % (12) R L7, 22T, SGD ¥ (LA Rk T
1, stochastic gradient descent) & 1, Ri#EZR/¥7 X —5% 01T
D HNBE J0) /ML T 2 2 Lick>T, HWBEED
HELFF I Vo (0) DTN T A= 2 HHT 5 FILETH
%, 5612, LFHo SGD I EME (Momentum) © ] 21X,
UFDL —VITi> TR = VHMRENT 2 B IRE) 2 I 3 2
TIENEEEZEMS 2 2 &, 2IMA 5 2 L THROIURR
MEK 228 TES, BRNOERRZ L2 v, i
EDIALAT Yy TOEPFRI M VE v &L, v ZHEH
RoElG, PEHEEnET2L, TRAOBKRE LS.

vy =7 vi-1 + 1V J(0) (3)

FERnIE, LEHORENHEZ TRy 7 (Epoch) £ T3¢,
30Ky 7 £T%0.01, 45 TRy 27 £T% 0.001, 60 =X
7 ¥ Tx0.0001 LRELL, £, Xik® 2sFcLCH
N7 VDB G~ %209 &L, FHOFIHOWEZ LT
2T,



1. EffD T —5 L FHIEDOM A% FHET 2
BAROMAZHF L TUORI ¥ 3
B DOMEET — % & g3 %
1.~3. Z2x Xy 77D RS
2.3. ¥BEROIREE

CNN TIFIEM# & 72 2 i © JIM (Training & E#H) 77— 5
FRHOTOWEEZEBL T3 (Hlid D ¥EE). £/, ¥H
FHHDETNOTHKELZ MRS 2729, HFE (Validation
EEE) TSRV, KW TIE, Fig.2 IR T L9 1C
512 X 512 E 7 2 VD EHOEPEE%E 96 X 96 £ 7 &)L
THEIL, ZhE 20 K L 72, RNICB VT, BEOERy
Wl T — %, AOWIVBIET —F L% 5, Jl#T—%
&, FEMED T LICEHIEND T -4, KRIET— %1%, oo
F=IPODEFIF LT = 5, AfFFETHAL
20D BEPEELZ2TET 2 L, JIFT — 5231260 f#,
WAL T — & 23 205 & 2o 7z,

0

s~ W

200

400

0 200 400

Fig.2 Training and validation mask

RI, EEHOMEERT 20, FHE (Model accuracy
& Model loss) DGR % Fig.3 8 L UV Fig. 4 IZR"T, 22T
Fig. 3 Offtihix, MY EIC X 2 PHME L W& T — & DR
HEP—HT 2HE  IEEEK (Accuracy L EFE) 2R L TH
D, HEE LA EOMISEWIEE 1.0ICEDL., £, D
72 7 DIREDI DN L, FEICHVAET - IERREL
Tkl ezRLlTws, AXIZEWT, Jlf7T—25 oIk
fi# ¥ (Training accuracy) & WRGET — % D IEM#HR (Validation
accuracy) % [FIRHIZRR LT %, 280 KIEREET 12
ONC, T — 8 OIEBRDBMETIHRE L T b 2 Lok
L, Validation 7 =% 1340 =Xy 7 &7 ) 55 0.5 {FiE 121N
RLTED, 5028y 7 DRFETIRBFHO DL H 5 &
HEIN5.

KIZ, WEAEICL 2 FRMEEEHRT — 5 OREE LD
MAEZIPR IS 2720 DEREB DRI X —% (K Loss
EEFR)ICEHT S, Fig4IcBWT, HRDPNE L 2B
EEBEBPREL T B 2 & 2R L T30, Loss 38014
BlcHE g 2 LMY HTHE I EERLTWS, 22T Fig

Model accuracy

>

Accurac

0.3|%

o —— Training accuracy
0.1: ------- Validation accuracy
® 10 20 30 40 50 60

Epoch

Fig.3 CNN Model accuracy curves (train and validation)

during the 60-epoch training process

45. Model loss
4
3.5t —— Training loss

3t e Validation loss

Loss

0 10 20 30 40 50 60
Epoch
Fig.4 CNN Model loss curves (train and validation) during

the 60-epoch training process

3 & [FMkIC, Training 7 — % & Validation T— % # &R L T
W%, Training 7 — & (ZMEFICUNEK T % 53, Validation 7 —
F1E30 TRy 7 EFTRIREIPAEL, 40Ky 706 IR
DEADIBE D, 50 =Ry 7 Zi#E 3 L Validation D At H3
SHE L CTHIIMNCHE 3 2 A A S N, TDRkd, 50 Ky
7 DU 3 OTREE Y D B LHEE L, AW T 50
Ry VRO HFEART =y 2T 22 Lic Lk,

XU, CAM(Class Activation Mapping) (13) 1z x b, CNN
DFEHETNADEPEELSZR L T2 02 RT 5. T
BopcB VT, EWICN L TCAM 2 FEET % &, Fig.5
RSN EED, EYOBBIZE T 5 OHIHE ZoTw
5, £, ARKARICEVT, Sk 3E&EO7 ) 57— 2
Y EEMONE E PR L TR D, WYICHE&RS S
HINTWBEZEZRLTVS,

3. BYIBRERBOHETE



Oriial image CAM image

&

d—louse annotation plot

20

40

60

0 20 40 60

o
N
(=1

40 60

CAM image d—louse annotation plot

20

40

60

!
40 60 0 20 40 60

CAM image d—louse annotation plot

20
40

60

0 20 40 60

Fig.5 Correctly classified

3.1. BKEEERO MR

BKHEPIC B W TEMBENBEA A7V 52700, E#Y)
PUIKIC X 2 HEEZR T HHIHEZRET 5. Lol =1
<y ZEROFE & D) ok, Bk 81 2 AR3E-RY O
By X BB AT HAR L, TRINK O &R E
DRI ENTE D, Hl2I1E, BAKEDI 1.5 m > OF#Es
1.5 m/s DRWT T, REHPEIE F 72 1\ OBEZZ T
2LINT0D, Fi, TEEHT DO E ORI
THEA ICBWTYH, OO L 2 oithd & Dk
Ko THK EBREE LR DM HETRE T, KREEL 7Dl
DEtr, 500 m DL EORKKBRNIC KR, o3RS
MBHH, oOMKED 5000 m® LSS ES O E L
Tw3, ¥, EFoofk ) cs\v»T, 3 RIEHALET
DFERENT = Fey 7&K L7558, M 2 2K
DB IZOWTEBMA—HT 20D, "F—Fev 7
&, WpaXle LB T 2BKEB X UOTREE CERHATEL
WIEBRLTVE, IN6DEHRE D LT, AFRIZE WL
T, VN AR BKE IO W T, BiEScHRKICED
AHENTVEEDINAF— Fey 7 10 22152
7o, NP =Ry 7 TRENZEAKEBD I B, BAKELR
WOEY OIS IR T 3 LTINS HEEE LT, Bk
E32m M Epokoithd 5 o FEEIEER 600 m O HiFH %
fRBMICEE L7, Fig. 6 1I2B T, AEUSN % 81 5E T
PELTRT, &, SEPHMIHICOWTE, BRI
LoTRONZBARELRE»GRT Z LD TE DD, HE
HEAOTF =& OB ECLBRT 20, SBOMEH
BEE L,
3.2. BEYRA DIz DEHEED A

BRI, FEMT — & & Rk E B R o 24k

Fig.6 Flooded area

HH (2007 FiREY) 2 A L7, @MBgELZR T 5RKT
2SI E B KE S & L, fiE XM 4060 x 2927 €2
LV DEFEEZHE L 72, &, ZREEICH L g
BUFEM LTk, REFZETIE, KERTR L 2 ik
EEMDPEEEOYPELZ T B EKEL, 96 X 96 £
LIV DR E SNHHEI L g MBI D A 7 v b & E
T 5.
3.3. HIEHER

WEPB o THERYOBEE Y v b LM%
Fig. TR Y. SERRTROTFICEHT 2 &, @PREIc XS
T, BYRRBTETCLS, £, BKBIDHT Y M RDE
e EBEOEYE HEIC X D &L 2K R o ik % Table 1
AT, kB, HEOFEIZ O VTR, MAZICEYIESD
ERFHREINZEOBABLYTHY > B LTEALL T
WLTw3, WKOME, WEEHCL 2@ HEoAFLH
WIC Xk 2 EMBE DG L O—IEFKIZ 99% & koTz,

Table 1 Count comparision of houses
CNN | Visually | Correct ratio

107 108 99 %

RIZ, WEEEICX A7 v FDHEICOVT, BAKIC
koTEETS, BhEHOBEYIBIRE A Y v M ERIEKR
FRLEHD%Z Fig. IR T, 22T, 96 X 96 €27 &)L



DREIWHELHEFERZERL TEHL VWS, 20
HEREIR DB R NIC BT 2 D DBt FLE B L
TWREGEIE, 7NV Ao v ensd, —F, BYo
—HDABDBPDPBEEICB VTR, A7y FENEw», 22
T, DEVDORESWCED DY Y VRO ERHRT 57
b, TEERILE 128 X 128 E 7 L AJEKL 72, fER % Fig.
9ICAT, HEFEBPKEL ok Z LT, HBHND A TV
FEDEAIL, 96 X 96 EZ R NDEIBITTAATY FD
WERERINE, —F, A7V P ERABE Lo TWwBIX
WFEIRIC B W T DA, EEOBE XD 1 #2558 K5l &
Bots, TR, EARLERIEMEICEREL TV RIS
BFHF=2IChFE0EFN TR I ENERAEEbN
203, BEYOWEMBOREEZFEMT 2 ) 2 CTlE+o R
LS55,

0

50

100

150

200

Fig.7 The number of houses in flooded area 250

300

100 200 300

Fig.9 Enlarged view of 128 pixel division

0

4. &

AR, WEEEEIC X > Tk oMb 2T 2 @Yk
OESEHEE R LI, ARETIFL 22 F0IE, TRDgk
PR U, ZhEEOHIREZZ T TICEAERETH 5.

o [EFHu BB 22 pE T A L o RAREE A T 2
BTHBIL (L5 —Fy b CEARES AT
0T b )

o EHEHEDBEMRIRDFIB T — & M L 2R & K
ECMEEL 22 &

- ¥ 72, AP TR RE L CHIBE R A v b L
0 . - - o 2B, kD IEEAEBICE O TEMT 22 L L AT B,
TSI I, 5 HUIR TR B E ST L 7l K

Fig.8 Enlarged view of 96 pixel division DS THIUE, BT HOMEME FEETRAS XD
HIEPICHEIE TR TE 5. £, EYBERR L)
BEHEBORPFEICERTHERT IS, BILLEE TRAK

[l




LTRZB BoERETHoTHHBE L ICEET 2
IEMTESL, ZDLIHI, BEBIchb ) KERNH->7-5E
i, ADEIREIC k5T, S CRMEETIT> T %
TR D9 BT 5 Z L IfFTE S, F, KE
TIIRA ZRUPEES NS o, FHETLVONHEZE
HBHIEVEBEEEZ L, APROETE TV, REFHIC
X 2 BEBODENIZOWTIIFIGHEETH %23, AKHPILMA
DFEMitE X OB REOR PG, HoOIHT—5i1csE
EFNTuEWEd, HEBEMET T2 HEERH 2. AT
T DHER R 2 B EBERPREY OGN 2 0 FHAT
3 Lo THECHRITANETHY, AFREOEEET
Wi, A X 2 REHWOSEHE L TORAICEOTE
S BEDH 2, HERHROBFEZEO 27012, 51
% DI T — & BT, SHOMHNAETH 5. Tk
I, BERAENT R EiE L CEMBEEHEOREEED, LD
FEERTFEEMN T2 PETH S.

SE XA

(1) HeEXR, SRR, BFISAE AL AR R 1
X 2 AW O P E R AL IS DT, 4 AT, Vol.23,
No.2, pp.99-114, 2013

(2) BEARAKFEE web < — 2 T H 7 b il 0> 3% 5E I
DWWy http://www.maff.go.jp/j/press/nousin/
bousai/190611.html, (2019 49 H 13 HE%E )

(3) BE—, MEEL, WANZT, i f: 5%z
INELRS S~ v 7 OERL & 3, Ul E - AR BB
a A, ML T AE 2 PUE SCE,  Vol.8, pp.83-90, 2008.6

(4) R. Hamaguchi and S. Hikosaka : Building Detection
from Satellite Imagery using Ensemble of Size-specific
Detectors, IEEE/CVF Conference on Computer Vision
and Pattern Recognition Workshops (CVPRW),pp.187-
191, 2018

(5) M ZE, L7V AVAIL: Fy—F5—=v itk 3
VRO M & B R EEE O Tk, AL S S
FER & SCEE, JSAI2017 &, 5 31 MI2E KRR, v a
~ ID 3P1-NFC-00a-4, p.3PINFC00a4, 2017

(6) MM A, BN T, BLA 35, SSEHIH SAR Wil &
DEM F—#% % fl\27- CNN I2 k& 2 £ ERE, AL
Mg a2 E RS HE, JSAI2018 &, 5 32 M4 EK
£ X v ayvID 1D1-02, p.1D102, 2018

(7) NHK 7 =7 =a—2 "M o i # 3000 »F7 T
ST A A EAEY) ), 2019 £ 10 H 9 H 4 B
3647 https://www3.nhk.or.jp/news/html/20191009/
k10012118591000.htm1,(2019 4 10 H 17 H B )

(8) T. Mundhenk, G. Konjevod, W. Sakla and K. Boakye
: A Large Contextual Dataset for Classification, Detec-
tion and Counting of Cars with Deep Learning, Euro-
pean Conference on Computer Vision (ECCV), pp.785-
800, 2016

(9) M. Kimura web X —2 Project to train/evaluate con-
volutional neural networks to count cars from COWC
aerial images https://github.com/motokimura/
cowc_car_counting, (2019 4 9 H 13 HEIE A])

(10) S.Ren, K.He, R.Girshick, and J.Sun : Faster R-CNN:
Towards real-time object detection with region proposal
networks, Advances in neural information processing
systems 28, pp.91-99, 2015

(11) K. He, X. Zhang, S. Ren and J. Sun : Deep Resid-
ual Learning for Image Recognition, 2016 IEEE Con-
ference on Computer Vision and Pattern Recognition
(CVPR),pp.770-778 2016

(12) N. Qian : On the momentum term in gradient descent

The Official

Journal of the International Neural Network Society,
Vol.12(1), pp.145-151, 1999

learning algorithms, Neural Networks :

(13) R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D.

Parikh, D. Batra : Grad-CAM: visual explanations
from deep networks via gradient-based localization, The
IEEE International Conference on Computer Vision

(ICCV), pp.618-626, 2016

(14) BEPRACTE 2 BB BEBUR B S0 < 72 A — K <y
TR D F 5l E 2013, :
j/nousin/bousai/bousai_saigai/b_tameike/pdf/

tameike_manual_lirev.pdf(2019 4 9 H 13 HEHE A)

(15) AIHEYEIL, AMREE, HHFMN : ZojhiEBIc e bk
FRKOWRHY T2 L= a v, FHEEP T A SCE,
Vol.17, pp.89-94, 2017

http://www.maff.go.jp/

(16) T web R— TEMRliZz DN — F=v 7
http://wuw.city.takamatsu.kagawa.jp/sangyou/
toti/hazardmap-top.html, (2019 49 H 13 HEIE A])



