TRRREEER KL RERE

1084 IR FE 1
EREALSEESAEHE
LT SEKE N B 8

HHENEEH

= B 2 HEAHF
FaiFL D FrF LE/EFERRE
i g 4 D MR TPFTARTR BIRLFIHRE

A K109&06% 02p



R
.Y '\-.-’ - L
& g i Y
N ]

— !

4 .-!"

Zal

" A
T =L iy
Eﬁigfﬂ R TT

SR RS

3Xx3 conv, 4 —_—
rate=1 |

EAYR

Eﬂ: 2ty /) IL %E J\;;]cttn_l: 4
Eﬂ: ar )5\1, % ﬁﬁ % H :i i—.‘ 1X1 conv, 4

j- =\ :|: =\ ’ | i .
A nff Il\l:l nff qx3 conv, 4

rate=3

|

; ; |

|

51 —ﬂ |
rate= ’ ' |

full image spatial i ‘mati I
|

iftRiRiE

it FT AR

"A

:ﬂ nfl n\n

108FEBIF 7 51 E-Fr BRI fE/H 2Jun2020 2




ZIEER IR — WiKBIRR

) 4 RE (Landslide Analysis System; LAS)
oh
ZEER

i 52 Bl R
=k

AR

EFEE FRET BT EBEET SBEeT EMair R

HFIE
T |D:\WnrkRepns‘lLSI'lﬂE.DaﬁaﬂﬂlQDME_LSI".ILan‘. |

7o -2 | DiWorkReposiLSTW2 Datal20190412_LSNLaniL | 838
2;;%3%%? KABIEZ || DiWorkReposlLST2 Datal20190413_LSNLanibask | R %
A= WEET
Eq Eﬁ Igrut Eﬁ S{EEE | D3WorkReposL 8102 Datai20190412_L3TILan'DEM

1R A |D:".WurkRest"LSI"DE.Daﬁa‘ﬂﬂ190412_LSI".IL311"S]J:peAspect
RS || DAWorkReposlLSTN2 Date20190413_LSNLaniTF
HRBEEHRY || DA WorkReposlLST02 Datsi30190412_LENLaniGM
FELE

iR rEL BREEE

FHIEH ||c\WorkingiDL

Fuln 224

fhm | 224

|-

Liu, C.-C.%, Luo, W,, Chen, M.-C., Lin, Y.-T., and Wen, H.-L. (2016) A new r

egion-based preparatory factor for landslide

IR E

e z‘Google‘pEarth

susceptibility models: the total flux. Landslides.13:1049 (doi:10.1007/s10346-015-0620-3)



http://link.springer.com/article/10.1007/s10346-015-0620-3

2l B R IE - HEER

s
" A B EEF
B S84 %5 (Landslide Analysis System; LAS) — O b
] s p— = — o
%@Eﬁr EFEE BFH MRS SERET BEEE Elaad  EEEH
T B1E HEEIEES £ e LR
D‘U \/:
EJ‘T jLML TH i )epasmsmz.Daw.m90412_L$1~1Lan\$10pew.aight.m |
oo =2
EJ‘T j‘ujj_/f e |D:".F'.TurkRepm".LSI".EIE.Data"EEIl90412_LSIﬂLan\AspectWeight.cw |
EﬁW:K$D :
FLIILIE HhFE |D:".WurkRepns".LSI".EIZ.Data"EEIlQEMIE_LSI\ILan".TFWeght.cw |
oo =t
E}T %)ﬁ% S e e |D:".WurkRepus".LSI"DE.Daﬁa\?ﬂlgﬂdIE_LSI".ILan‘GMWeight.cw |
= 5 A5 5
RY AM AR 0 2 4 6 8 10 12 14
0.440 |||\\|||\\||\||||||\|||\\|0-440
0.352 — 0.352
;\a- —
= 0.264 — 0.264
E —
<
k=) _
B _
gj 0.176 — 0.176
<t —
0.088 — 0.088
| 1 |_| | 1 | | |7
0.000 5 2 4 6 8 10 12 14 0000
Geological composition

Liu, C.-C.%, Luo, W,, Chen, M.-C., Lin, Y.-T., and Wen, H.-L. (2016) A new region-based preparatory factor for landslide

susceptibility models: the total flux. Landslides.13:1049 (doi:10.1007/s10346-015-0620-3)



http://link.springer.com/article/10.1007/s10346-015-0620-3

BEEETR
I ER
e 2

AR
W3t
Rtz
W TR

A :l:_L/\
j-FIH:Hn\I:l nff

Liu, C.-C.”, Luo,

ZEBIR - R EIRR

&
E+EE ByET W

—ROE AR SR

1,

REET BEEE Eait RBEE

B8R | LET=025 *2lope + 025 * Aspect+ 0.25 # TF + 0.25 * G

FE{OEEY | L3I =Elope’0 25 * Aspect™( 25 * TFA.25 * Gh{*0 25

FEMHEENEE . ERERR HHRERE

Ft@r e g Al | L31=0.250000 * Slope + 0.250000 # Aspect + 0.250000 * TF + 0.250000 * G3M; &H.02T; BEE

E%ﬁx'&”ﬁi L51 =&lope * EI 250399 & Aspect 0281639 * TF ~0.241436 *GM * 0264183

s

susceptlblllty models: the total flux Landslldes 13 1049 (doi:10. 1007/310346 015-0620-3)

Cumulative probability of landslide occurence

EE !': ’E z
iR HEHS
taiR || BEEHAT
iR || B¥EHOAT
#0)| T
1.0 T ] T T 1
08| -~
06— _
04 - _
02 - —
0.0 B | | | | | | | i
0.0 0.5 1.0 1.5

et

LSI (Nondeterministic geometric model)

el i aibetllD At il



http://link.springer.com/article/10.1007/s10346-015-0620-3

ZEBRIR - RAR

#EER  m SFHEEE & TR ARSBER S 2

AnE EHSER R RN REBB LS > BEER
L ARRPEERRE

AW =

s mENRERITL2SRENERE CSERKED

SECE BIHER RN > B3RP K-
h 78 Bl [ 3 5 1T K TR /R ET = 5= 5 5 AR 3 TH 2= 152 o, (8 18) TP 42 7E i =

it 55 [ 13y (EEEIK:IZIJ.I  EENT) - IR S SR 13F MR H iR

?%3 fobjé%,ﬁﬁﬁf;;fﬂrffa~~§r ,Si’;%i@}gfj eI R
<5 ==zl HIEZE
r' 7‘. 3

' AR 330e IEX e 5 1 e L7 |5 (i 2l
E’J%EE?E AR E mﬁﬁﬁﬁ"“ﬁ t'f]")‘é% mem Ry L AE

108 FEIFT 7551 & -FT BRI /e 2Jun2020 6



o= E
A
BRET
4T 3t

HRTTA
Rtz
3T AR

Ay A
anﬁ:ﬁl%u nff

108FEBIF 7 51 E-Fr BRI fE/H

2 Jun 2020




ZEEE
i FE AR
BRRT
AT

W3t
Rtz
W TR

Ay A
nqnﬁﬁ:%:l nff

108FEBIF 7 51 E-Fr BRI fE/H

it R

N

=

2 Jun 2020

8




LY TR S i —AT 2 ith

"

e WARE I REARRALEELRE §HEN
meen (28) BPIRR (R6) & 5 ERA
iz ~4§Fj§&;bi215§;§§gu15? Ea Eﬂﬁ qujsi

A

T M BRI A AFEIREE AT E
LR S SR IS RE S 2

2 K E
0 S0 100 150 200 250

aa
n )

SHE  WHE kT

e paFa \ /A
K RFFE » 2015

FE (ZE)

ﬁ?ﬁﬂ 2017
108EBIFF i FE21 2 - B MFLLS AT 2Jun2020 9  kiRde




it R M AL B it

Sn  EmELRRREGRLCBPNERRE Y U
R mRRRENSAR

e
HT 7 0A
iAW ==
ISP ES

TLEA ptA
nr_rnHH:%El nfM

1082 BTt F 51 & - iRl 1% [E/H 2Jun2020 10



Ly W75 E—ERETAILLE

ZEEETZE
s Rl
MERE
ERETAIZE
EEBAES
AT =
A

A LA
nj nff /Zl:l nfA

11 vector prediction

I%%ﬁWQW%Ww
(FCN)

m CloudNet

& AR LY M (Residual) frxiF T B ﬁ?*ﬁ&it%
(atrous spatial pyramid pooling)

ASPP ASFP

Multispectral images 2D veetor prediction

E‘g* | ' : """ “E‘!

AL
Residual T Residual

Liu, C.-C."; Zhang, Y.-C.; Chen, P.-Y.; Lai, C.-C.; Chen, Y.-H.; Cheng, J.-H.; Ko, M.-H. (2019) Clouds classification from

Sentinel-2 imagery with deep residual learning and semantic image segmentation. Remote Sensing, 11(2), 119.



https://www.mdpi.com/2072-4292/11/2/119/htm

=3
2

RIBERFFIER,
B Z 1838

REFZ=E A

a
7~

CloudNet X EEE

mpn w., N..

s
Image
SCL
FCN
Deeplabv3+
CloudNet



i MRS E-BIBAITEA
"
L R ARREVIEANT

TN
T 3% O ® ﬂ}#%“Tensorﬂow‘f

Syt iz I

RBAITE 2 B S ER RS Keras mode
Tz
NS
SECreE il o8 e L

T dgoogleT B 2 b
ﬁ?& § 3& 57 5\'\, E p

_ e &nvidia CUDA % #
» #A2 3 3F 2 GPU
(B8 & + )it 7 4uik FE

108FEBIF 7 51 E-Fr BRI fE/H 2 Jun 2020



— ‘—u_\-
ey,
"
1

_-‘_-H- 2 :
'Il" hlEs 4
o o
o 442
o e i 'ﬁ:
(=Y N -
- T
v &
bl -

RARE-HNER

#ZIEH 1R
Rt oA
W3R 750A
MR
R
IR
8 BRaE
R BERTAS
IS

Ay A
nqnﬁﬂlél:l nff

m R
OF AT LR 4982 x 4775 tiffRE &
O ed R 4568 x 2791 tiffig &
T
O BRB Al 56 A x 56 ek

m 335 AR TR G IR T A8

B R e b ERPRHREREEE
o R E A AR T 10%E

@ DIRTER SRR TR M 38 5 6 4 i

108EBIFT ATt 2 - B A 12 FE 2Jun2020 14 KB



e T T

- LR i
i h .
s

Y B iR—R
" J
L e FRsmAE

e O # MR TR %S (one-hot encoding)
P LE
f=t 3l
st 1 FRBAF R 1 0 0 0 0 0 0 0 0 0 0
Eﬁf}%%ﬁ 2 T E R 0 1 0 0 0 0 0 0 0 0 O
A G AT 3 RFERP o 0 1 0 O O O O O O O
4 AT RE®ERTH R 0 0 0 1 0 0 0 0 0 0 O
5 RFHHEE LR :> 6 0 0 0 1 0 0 0 0 0 0
6 i 0 0 0 0 01 0 0 0 0 0
7 FR 06 0 0 0 0 0 1 0 0 0 0
8 AT 0 0 0 0 00 0 1 0 0 0
O BB AT H 0 0 0 0 00 0 0 1 0 0
10 FEEWAHT 0 0 0 0 00O 0O 0 0 1 0
11 #Eh 0 0 00 000 0O 0 0 1

108FEBIF 7 51 E-Fr BRI fE/H 2Jun2020 15




RARE-—HNER

ZEEER 3

e TR S a2 |

Eg%g%é DSin&&‘%%iﬁﬁ J e'? = cos @ + i sin
B & e R

R IUERRE

p- rcos S B X R
siihatin @@L R e e

0.5 4

https://zh.wikipedia.org/wiki/%E6%AC%A7
%E6%8B%89%E5%85%ACY%ES%BC%8F

-0.5 -

1082 BTt F 51 & - iRl 1% [E/H 2Jun2020 16



https://zh.wikipedia.org/wiki/%E6%AC%A7%E6%8B%89%E5%85%AC%E5%BC%8F

Y H 9T iR — e = AR

AR

. w4 © CloudNet (Liu et al 2019)

IS a Py N - ‘ )
[ R 75 éé"'.éﬁ - l‘:f T ¥ #3*‘,{?{9:
A
EI + »
| 12 ASPP
MRS Y /4
: A
Hizeppe lBA 116 m i) m X 12
=Y A Am o
ik 1x1 conv, 4 a3 conv, 4 1xlconv, 4|  1xicony,2
Tk B (filter) Lrfate=1-7 ﬁﬁ ak % -

W x H conv, size B3 2t AN 3 S

AT
(stochastic gradient descent)

«

L RrEp L Ar
AT 5Bk o

Liu, C.-C."; Zhang, Y.-C.; Chen, P.-Y.; Lai, C.-C.; Chen, Y.-H.; Cheng, J.-H.; Ko, M.-H. (2019) Clouds classification from
Sentinel-2 imagery with deep residual learning and semantic image segmentation. Remote Sensing, 11(2), 119.



https://www.mdpi.com/2072-4292/11/2/119/htm

Y H IR — a1

" J
L

MRAE
RRE D ) P
S 158 ey PR omy AR
B IR _
B EE @ O
xﬁlﬁbuﬂﬁ ) Jﬁt\ . 116 .O O
MRBER ——0 o — o . 8
= 5 A5 5 @ O
'®) @ output, 2
©

ﬁ%ﬂ{}% I E‘E'i%
27 2h 3 s

TR T
(stochastic gradient descent)

«

L R ES AR
{ A7 Sl 2 e

Yoshua Bengio (2009) Learning deep architectures for ai.. Foundations and Trends R in Machine Learning, 11(2), 1-127.




A
it |

A it 9 i A2 — 18 =X 31 4k
" J
. mcEE SRR - CloudNet

R

CiEvab R < 1m A6 —

PR 2§ % ¥ e #’;626 15
%jﬁ 3 F ¥ 2 5 8CS = 20
BT BB RS -

. 0446 F]|F 2 &8 CY = 15

Bt 2T BX

SETEE OS5 FF eSS =6

D6 FFEAEKCE =1

)| 5748 £

108FEBIF 7 51 E-Fr BRI fE/H 2Jun2020 19



2y T 95 7 A2 — 18 = 21 4
" JE—
" mif4 S %€ Focal Loss

HIEIT% :
o e “1Cross Entropy:

Bl

o = CE(p,) = —log(p,)

RIS :
55 “IBalanced Cross Entropy:
R u CE(p,) = —a,log(p.)

1Focal Loss

m FL(p;) = —a,(1 — p,)Ylog(p,)
Pe: TR & B 3 el
a;. T FlF
y: focusing parameter

Lin, T., Goyal™; P, Girshick; R., He, K.; Dollar, P. (2017) Focal Loss for Dense Object Detection. IEEE International
Conference on Computer Vision (ICCV), 2017, 2999-3007.




2y g iR — i 2| 4

" JE
0 miF4 38 £ : Frequency Loss

Eiggié IFrequency Balanced Cross Entropy:
BilRER

i = FBCE(p) = -7 log(pt)
e “IMultiplied Frequency
Balanced Cross Entropy
» MFBCE(p,) = —a;xlog(p,)
Do TR 5 283 il
fa: 25835 R SR F
f1: #E TSP F

x: BE RSB

Kampffmeyer, M.”; Salberg, A.; Jenssen, R. (2016) Semantic Segmentation of Small Objects and Modeling of Uncertainty
in Urban Remote Sensing Images Using Deep Convolutional Neural Networks. IEEE Conference on Computer Vision and
Pattern Recognition Workshops (CVPRW), 2016, 680-688.




i B
"
S,
"

L R miE— ST AERE
"

AR m B R R A
i) *ﬁ;'ﬁ

/

7R (Receiver operating characteristic, ROC)
ﬁﬁ"'{j‘_ﬁ% OO R -ow R &ﬁ‘% R o B H R1941 8 A BT ©
Egg O REBRFFEGERIREIFE > NFEZIAF T Erikig
SEEHs 1 ROCA 44 ¥ as«.#ﬁ . AHE PRORLES > 8L R
Eﬁf}(@% if & machine learningfrdata mining+. & 3| 7 R4 78 B
R 4 Comparing ROC Curves model metrics
; y f"’ﬂ;’}. 0.85
08 | > PP HROCH 87 5 ff )
07 - e (Area under curve; AUC) |
06 4 // ”
- 05 | / [ 5 0.70
g 04 - / > . 0.65
% 03 4 / — Worthless . L 0.60
E02]/ —_Good AUCE 3 P72 43k '
01 4 / Exoellent ,:-/a. e ﬁf;\ ?;Qlaﬁll’ﬂ. é\» 0257 —— twaining
0 R b T T T T T T T 0.50 1 validation

0 0102030405086 070808 1 7 A - s oo 13 PP .
Fake positive rate epoch

Swets, John A.; Signal detection theory and ROC analysis in psychology and diagnostics : collected papers, Lawrence
Erlbaum Associates, Mahwah, NJ, 1996




- LT
e
Y

Y IR IE— N AE AT
" A
o= moBFHE e A (Successful rate curve): CPOLO-LSI

FE R O R #3E P 4 (Cumulative percentage of landslide
MEFE occurrence; CPOLO)
R e
o m EARTaf AUC E
e (Area under curve) g«
RFF 2T AR R O W ESBIRRIERE S
SR ROHTEFR £ .ol
m HEFLABRHEE 5,
O %:ﬁ&}CﬁPOLOTﬁ % % ©
N %f; ig% % i ﬁ,ﬂ E 4 Reprint from (Oh and Lee 2011)
*%ﬁ?@ﬁ ’ é "}1 @' 5 ; 20 ~Youngin (81.12%)
false alarms 5 <Janghung (79.31%)
| ﬁ%?}; g . : <-Boeun (82.94%)
3 e o

0 10 20 30 40 50 60 T0 80 a0 100

CPOLO,,p4011 — CPOLO,, 54012  Landslide susceptibility index rank(%)

P =
CP OLOmodelz
108 FEEI#T tHFH 512 - Hr ll Rl 1% 2Jun2020 23




}}}}}}}

IR R—IEK (Loss)EERE

"

iZTEE R
Bt FE A7t
WA
AT =
HFRAR
BRES
HIURE
SI%'EMH%
FFH SZ-%X%
= 5 A A

108LEBIBT R Tot -2 A B ST 5 7 AR AR 2Jun2020 24

m Focal Loss
O M iEg2RHrE a, = 0.25)y =2
O A RRRA
'ﬁ$&ﬁﬁ§ﬁﬁ%$ﬁﬁik&%

.............. No WElght
———Focal Loss
Frequency balancing ffl
[:.'
;:..'
A
v
/4
¢
!
/
K
k]
I
.-7
T T |
0 20 40 60 80 100




ZEET
WS A
ISPy
Eﬁjmuu$£

IR
BRiES

BIURE ()
SRR S
S EEER

= :i:"‘/\

:JL FIFFH/I\EI nfd %

l-L

o

48

I

o=

(b)

&

i1

‘J_

%

48

Q

=

zoaﬁgﬁMWﬁ;f%-ﬁﬁfﬁﬁﬁé

SR R—IF X (Loss)EE:

R R EEE RS
D4R TISHEFRAUC ROCirai s F i T ®ff

2R
O n 17&%]-#

—8— ROCHh & F @ 4%
-O- mHFGLT @A

(=g 38)  F A uHS R

1.00
0.95
0.90
0.85
0.80
0.75
0.70 —

0.65

—8— ROCHs 4 F @ #%
-O- RAF LT E

0.60

l

I l I T 1 U I

9 10 11 12 13 14
ﬁainilﬁtbﬁﬁé‘fﬁ-ﬁ

- g0 &
=4
N b=
85 &
| £
80
Q
- 75 %
- 70
65
- 100
- 95
- 90 #®
o5 £
n o
80 3
| -
75 b
- 70 &
- 65
60

1.00 - 100
—— ROCwh &2 F @ fk
0.95 - R F T @k - 95
©
w0 e - 90
E 0.85 - P - 85
% e
5 080 S ~ - 80
o . ’( o . 2 Y
o ’
= (.75 e - 75
o - 70
a
0.65 T T T T T T T T T T T T T} 1 65
(b)
1.00 — - 100
—e— ROC# AT @
0.95 -0 MARWRTEN - -g--nmmmmmmmm oo -o |95
0.90 -} F - 90
E 0.85 -} Vs - 85
,
2 080 ',»’ - 80
Z o075 . *Lis
2 P
o0 - 70
a
0.65 -}
0.60 1 1 I T I 1 I 1 T 1 1
1 2 3 4

5 6 7 8 9 10 11 lIZ
s Aun202Q . 25

R F T B

R E T Ak




Ll

iZTEE T
WS A
37 A
bt FmE
R
BRES
BRARE
SHRAAT T
uﬁﬂjzﬁx
= 5 A A

108FEBIF 7 51 E-Fr BRI fE/H

MRAR—ARIVRE

m CloudNet 78 #fiF R AR F " & RARE
CloudNet 3 & Sib 3 § s 45
b 3 12/ A AR

/774 DNN

CloudNetH -
CloudNetH - 86.2
CloudNetH _ 86.6

l CloudNetH1
'I'I'I'/\l T | T T T |

0515 85 86 87 88 89 90 91
R E G T @ik

2Jun 2020 26



4

Y IR R R E

e m RRFR SRR

i)
oo N X e > .
#5755 0 BES S8 Rk R &
AW 2 i . SN
WIS OB w2 R BHE
BRES
HARE
B RLAT ST
B BEPEE FVRIEE  VRER (M) [
o e o) w12 7y —&— ROCuh 1 T @k
FR A SR 39 = 0.95 -O- A E@RT @K - 95
v
1 27,650 25,602 65 . o0 =
2 1,081,346 1,077,250 121 % FS— o - e — o mmmm o —— < i
085 e—— &g ¢ *— ¢ ® Lgs K=
CloudNet ” *gs
3 3,986 3,786 227 B 0807 (%
Ve
6 7,862 7470 3.9 2 Fax 75
9 11,738 11,154 336 070 Lo
12 15,614 14,838 450
0.65 T T T T T T T 65
1 2 3 4 5 6 7
A4S R TR

108FEBIF 7 51 E-Fr BRI fE/H 2Jun2020 27




LY B 92 A R R 5

CETE m LER AT LR TRERESTHAES

Eﬂjﬂ‘?ﬂﬂ

Eﬁﬁif 06 FF 9AUC ROC4 BB 45

HER ORRRS RS ARRE > HR i b
Bk % otalFlux Slope

Aspect

e 6F_SlI A t_TotalFlux_GM_RRIM_DEM
Hﬂﬁ?ﬁ e Pec oA ux o =
=A\ :t"'/\

n—.l- nHﬂm m 5F_Slope_Aspect_TotalFlux_GM_DEM

5F Slope_Aspect TotalFlux GM_RRIM
4F Slope_Aspect TotalFlux_GM

4F Slope_GM_RRIM_DEM
5F_Aspect_TotalFlux_GM_RRIM_DEM
5F_Slope_TotalFlux_GM_RRIM_DEM
4F Slope_Aspect_GM_DEM
AF_Aspect_ GM_RRIM_DEM

HRETFms

3F_Slope_GM_RRIM
4F_Aspect_TotalFlux_GM_RRIM
4F_TotalFlux_GM_RRIM_DEM
3F_TotalFlux_GM_RRIM
3F_Slope_TotalFlux_GM

4F Slope_TotalFlux_GM_RRIM

108FEIF 7 a1 ZE-HiUFRI#Z/E/H  3F_Aspect_GM_RRIM



it 55 R R—H R Bt 52

L M EEe bR TR RESTARS

IR
el 0 31 ]+ &7AUC ROC A i #F

AT =
HIAMR ORMEEHRS éﬁ’-\iﬁﬁﬁ H =k R s &3 ]
BARES GM Slope Aspect DEM
BRIURE 3F_TotalFlux_GM_RRIM
R
ﬂ—_l-;ﬁ:ﬁll\:é:;ﬁ:ﬁ 3F_Slope_TotalFlux_GM
4F TotalFlux_GM_RRIM_DEM
2F TotalFlux_RRIM 0.77
4F Slope_TotalFlux_GM_RRIM
2F_Slope_TotalFlux
'ﬂ’ 5F_Slope_Aspect_TotalFlux_GM_DEM 0.76
:;: 3F_Slope_TotalFlux_RRIM
:?R 4F Aspect TotalFlux GM_RRIM
L 4F_Slope_Aspect_TotalFlux_RRIM 0.75
3F_Slope_GM_RRIM
6F_Slope_Aspect TotalFlux_GM_RRIM_DEM
2F_Slope_RRIM 074

5F_Slope_TotalFlux_GM_RRIM_DEM
5F_Slope_Aspect_TotalFlux_GM_RRIM

108FBIFT tHF 512 - Hr Sl B 1248 Fibpe_Aspect_TotalFlux_GM )20




Y 5% A R R 5%

CEER m FF e
HIEAR '

T35 ék‘,f 7T AUC ROCf'i*?O.SOﬁﬂ.'ﬂ—? B5FFHN
IR R FT e 23 AME E et

goix %D
TiEAWiing =
1%?§T%F§i [I.SEJ ntalHux GM_RRIM_DEM QI()pe TotalFlux RRIM_DEM Aspect TotalFlux RRIM_DEM
RIVRE
2
'ﬁﬂﬁ;ﬁ iﬁ 0.83 - -

N :t_L/\ 4
l:lj- nff l\\l:l nff 2 0.82 _ ]

Eg%‘lli'il— - -1
é ..

0.80 — 1 1

Ad

0.84

0.79 - A .
+ S 4 S > - ¥ S
() @Q o () e & (c) o G

. Elope Aspect TotalFlux_DEM ﬂope_Aspect TotalFlux GM S_]npe_Aspect TotalFlux_ RRIM
0.84 E g
% 0.83 - - -

}.L
o 0.82 -1 -1

&

2 0.81 1 - —

==
0.80 1 B

0.79 - - p .
@ TS o & &

Slope TotalFlux GM RRIM Aspect_TotalFlux GM_RRIM
0.85 — - -E———

0,84 ~ -
g 0.83 - -

.E; 0.82 - —

&

= 0.81 —

o=
0.80 -

108EEBIFT I FH 51 Z-Fr BRI I o3 I 2Jun2020 30

(g




ZEEE R
Bt FE AT
NP
AWt =
W3ERR
BRESE
RIVRE
i R T

S EA S A
uq nfd :ét,\lil nff

108FEBIF 7 51 E-Fr BRI fE/H 2Jun2020 31

it 5E Rk R—H R it 55

m FFFantiR
HeFRsotiR: AERFRACHATELHLR

TotalFlux_GM_RRIM_DEM Slope_TotalFlux RRIM_DEM Aspect_TotalFlux_RRIM_DEM Slope_Aspect_TotalFlux_DEM

L. Slope <Aspect | Aspect<GM | Slope < GM |1 G RRIM
& o
%‘: 0.82 - - -
g
()
S 0.80 = = -

(a) S (b) R (©) ¢ (d)

+ CO\QQ ??Qea\ + ?.?Qc\ (,é + %\QQ Qé + Qé\ Qg}@

Slope_Aspect_TotalFlux_GM Slope_Aspect_TotalFlux RRIM Slope_TotalFlux GM_RRIM  Aspect_TotalFlux_GM_RRIM

s 0.4 - RRIM<EM | GM EM | Aspgat>DEM | Slo DEM
=
i
]
S 0.80 - _ i
e ® ® <" o Olrapmyn
& @é & e ¢ + & & S




e T T

- LR i
i h "
s

""’ FIHH n\n
= _

G BRI
2 mimerkR

A ES 100 -
j-ﬂm]nl:lﬂﬂ:ﬂ
80
p=53.5%
60 — O —— EMARETHA (AIC: 93.6)
o = 120% O Luo and Liu 2018 (AUC: 86.5)

40& ©

20 | = 480%

2 mmE Nt (%)

O

0 | | | | | | | | |
1 10 20 30 40 50 60 70 80 90

1084 BIBF T T2t - FF BRI 15 T MBS AR 2un2020 32




S 24 4t 2o,
*a::;..) |:|-.|' ]:%IJ Al
" JJE

gEEe g ;;g»]fg-ﬁ;}gg e 8T @ ff B 8,~0.85

Tl

ap 4 22 2 . <& » -
ek AR Y PSR LT L Sk
iy }ﬂz% 22287

*_.I':_% I:II:HH mﬂ/%‘

REE e  KEFR/LEEETES
3 I S 1 f?:ﬁm";e_ HiiE~ &
ARG

o R8T A 20%F 4 45 2
2016 % 3 2 33 % 38 9797.3%

RLHBHF Ik v F R B RE T Y
&2 R H I TRATIER kSt

108EBIFT I FH 51 & - TR IR IE 2Jun2020 33 (JNE&Y




NF

WETE - WaRIaF

¥ ! Fxa#iE

A FR DR A E/ERRE

AL MBRR TPTAER BRL/FHRE
B OREER

A K109&06% 02p



iR SRS

0 0 0 0 0 30 0

0 0 0 0 30 0 0
0 0 0 30 0 0 0
0 0 0 30 0 0 0
>
0 0 0 30 0 0 0
0 0 0 30 0 0 0
0 0 0 0 0 0 0
Pixel representation of filter Visualization of a curve detector filter
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Visualization of the Pixel representation of the receptive Pixel representation of filter

receptive field field

Multiplication and Summation = (50%30)+(50%30)+(50%30)+(20%30)+(50*30) = 6600 (A large number!)

https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-

Convolutional-Neural-Networks/
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Pixel representation of filter Visualization of a curve detector filter
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Multiplication and Summation=10

https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-

Convolutional-Neural-Networks/
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https://adeshpande3.github.io/A-Beginner's-Guide-To-Understanding-Convolutional-Neural-Networks/
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https://www.slideshare.net/albertycchen/practical-computer-vision-a-

realworld-problemdriven-approach-to-learning-cvmldl
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https://www.slideshare.net/albertycchen/practical-computer-vision-a-realworld-problemdriven-approach-to-learning-cvmldl
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https://medium. com/@baub|b|/%E9%80%9F%E8%A8%98al%E8%AA%BZ%E7
%A8%8B-convolutional-neural-networks-for-computer-vision-applications- czz, s
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