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Abstract

The purpose of this research is to develop a method to automatically identify
alteration minerals from spectral reflectance data by using deep learning and to examine
the effectiveness of this method.

Ore minerals, such as chalcopyrite, cannot themselves be a direct index for mineral
exploration because such minerals are spatially confined and have no outcrops on the
surface. Thus, in general, alteration minerals are traced as exploration indices. When an
ore deposit is being formed, specific alteration minerals are widely distributed in the
alteration zone around the deposit, sometimes forming concentric rings. This results in
an alteration halo, comprising an acidic zone in the center, followed by a neutral zone,
and then an alkaline zone. Such alteration minerals exhibit distinctive absorption peaks
in the short-wavelength infrared region, which are important indicators, for an
exploration of metalliferous deposits. The wavelength of the absorption peaks is unique
to the mineral. Even a difference of a few nanometers can change the mineral
identification. The recent use of inexpensive spectrometers has often been found to lead
to misidentification of minerals because of their large wavelength errors of a few
nanometers even after calibration.

Moreover, when alteration minerals are identified by visual inspection, a person with
expertise in mineral reflection spectra is needed in order to determine which absorption
spectral characteristics and which wavelength region should be the focus. Deep learning
is a multilayered algorithm based on human brain neural networks that conducts self-
learning and extracts features from data. This allows deep learning to be used to adjust
errors in wavelength and determine which part of the absorption spectrum should be
the focus for extraction of features.

In this study, 24 kinds of alteration minerals, which are indicators for hydrothermal
deposits, were identified. There were two cases that used spectral reflectance data as-is

and spectral reflectance data to which Hull quotient (HQ) envelope processing was
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applied. Also, two types of network methods, a multilayer perceptron (MLP) and a
convolutional neural network (CNN), were employed for mineral identification.

The f-values given below represent the harmonic mean precision and the recall in
cross-validation obtained when each alteration mineral was measured 30 times. The
accuracy rate was also used in this study. These data were augmented 50 times, and the
total number of data was 36,000 per set.

A MLP is a typical feedforward neural network that uses a nonlinear supervised
backpropagation method for training. MLP can also handle one-dimensional data. It
comprises a simple, repeating structure consisting of a fully connected layer (hereafter
“dense layer”) and a dropout layer.

Data without HQ processing is used as learning data. Small, medium and large layer
structures are used to identify alteration minerals. After cross-validation, the respective
f-values were 96.1%, 96.4%, and 96.2%. Cross-validation was also conducted on small,
medium, and large layers that were subjected to HQ processing, and the f-values were
97.5%, 96.8%, and 97.1%, respectively. This indicates that HQ processing increases the £-
values, although not very significantly. However, the graphs of accuracy rate, loss
function, and epoch number indicated that four small layers (four dense layers, three
dropout layers) that had been subjected to HQ processing were stable and did not cause
overfitting. Moreover, the MLP with HQ processing was capable of modeling without
overfitting. After investigating which structure would be optimal for the identification
of 24 types of alteration minerals, it was found that three layers were found to be most
suitable, where HQ processing had been used.

In recent years, CNNs have yielded good results in, for example, major image
identification competitions. CNNs have the advantage of allowing the use of new
techniques, such as a convolutional layer and a max pooling layer. A one-dimensional
CNN is also used for time-series data, and its spectral reflectance is a continuous data
group, a two-dimensional CNN is capable of recognizing shapes. It is thought that this

is a situation in which deep learning can be applied. A two-dimensional CNN yielded
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an f-value of 96.7% against test data with a reduced image resolution without HQ
processing. On the other hand, a one-dimensional CNN yielded an f-value of only 89.8%,
indicating a failure to accurately extract the features and characteristics of the reflectance
spectrum. As in the case of the MLP, an increase in the f-value was found when a CNN
was performed with HQ processing. A one-dimensional CNN yielded an f-value of
92.3%, and a two-dimensional CNN yielded an f-value of 97.4%. In each CNN, the
movement of the loss function was disturbed up and down in the second half of the
epoch. CNN also showed overfitting behavior. Consequently the author concluded that
the CNN method could not be used for modeling to identify minerals.

We identified alteration minerals using deep learning. Some network models showed
a high accuracy and f-value. This means that deep learning itself creates a discrimination
that is hidden in the spectral reflectance data, and can extract feature quantities. In this
study, deep learning was found to be effective in identifying alteration minerals.

The relationship between the number of MLP layers and the identification ability
showed a tendency for overfitting as the number of MLP layers increased.

Identification results of MLP with HQ processing could be modeled without
overfitting.

In addition, the smaller the number of identified minerals was, the higher the degree
of accuracy became. It was found that the degree of accuracy also increased with an
increasing number of measurements. The deep learning method was applied to the
identification of alteration minerals. In the assessment of this method, the selection of
parameters, as well as the random numbers used for data expansion processing, is
important. The degree to which random numbers are used has a large effect on the
results of deep learning.

In the future, I would like to use deep learning to investigate not only classification
problems but also regression problems that predict continuous values, such as the
mixing ratio for minerals. The present learning model can be incorporated into a

commercially portable available altered mineral identification system. It is thought that
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arealistic alteration mineral identification system can be developed by interfacing it with

a computer.
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MEFHE L TR 2T H 5, T OB Z 55 LTt L WIBIRICEIRS 2 4 D
TH2, Hlz2E32X32DE 7N %E EX5DH—ANL%E I EI7RALTOTE LARDS
BHRAAREITS> L 10X10 D 72 iTii/hENG, THIFTRRDX )Tk 2,
ANoEE% H, @2 W, HomEE % OutH, 1§% OutW & L7 4 A ZDH A4 XD
EX % FiH, @ FIW & LT, X774 v 2% P, Ab 74 F%2Se+3¢L

OutH=(H+2P-FiH)/S+1=(32+2*0-5)/3+1=10
OutW=(W+2p-FiW)/S+1=(32+2%0-5)/3+1=10
t5,

BHPIABTIZANMBEIC 7 A V2 E2BHALFEZT), TR 7 4 VXA
HeZbbhwv, HHEs LzER, ©y YOnizljga e LTl
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%5, 9 LCH{ROREEZMEL T <, BRARTHMRREEZ GO AEIC
Ko TRELLEMNIERVIIRLD 2,

3. 3 &%4E (full connected, dense)

CNN, MLP ciz&efiaz w228, oMM 1 RTOANIE R 37207 -2 D
JEIRDBBRHINTLEI 2L TH D, ANT — ZHBARWED X 5 IR~ v
DGEHDHART P VDT =2 THIHBEMEAEICANTELEICE LI RITOT — &
7%, AJNICIRRINE — 27 DIGIRD T — e ERET LT 555, G XK
BT 21z hh D Iic{ L LTw3, FEFECRENEOFHICfibh s 2 L 23% <
Z DB E N OMA A DL b, THEERICHET 2 20 0#HlE L 1 5,
RAA IO 2=y P OBIIDEI N HE —HL T3 0EEH 5,

3. 4 ¥n/8F 4 >4 (zero padding)

N—=ANHA XA TIAFDORECL>TIEE e AT 4 v 27 XT3 HERDH
DICEAED 0 ZBINT 2 RERHTL 5, X7 4 Y 7% LBEWEERIC BRTAT 4 v
7 FEML =B EBROIRD 7 L E CTHIH X 2 BES 38 2 | RO O FEE &
HET 22 e TE 5, BRAREEORBAIHE R 5 DTXT A — X DEFH% S EAT
INd, N—ANDHAXP, O EHECTE 2 L, BRrARFL 7~ v 7T
N ARXFREICNES L BB2DT, ¥R T 4 VI THAXEWOT L THEORE X
R T LN TE D,



3. b mK7—VU 7R (maxpooling layer)

255 | 0 O\T\\L\Q\

2552550 0 [ 0 | 0 | 0 \\\\\\\\\\\\\\\\\\\\\\\\\

255 (255|255 | 0 | o | 0] %) slide 2pixels 2551 0 | o
ol ool o ofo > 255|255 | 0
ol oo | o| oo 0ol o
ol ool o| oo

3-1 mKR7—Y v IO

T=) v TEIIEBDO AN L0 5 KE R0, 7=V v 7T AR, &
KEDFHFERD ) AR CIRIRAEEZHCTWS, 7=V v 7 TBIREG O 2 — v
2 LEBOMEDORD I 1 DofExR T 2, SHIEE 7 — I3 23858 0 vl hg
W2WPrEE2dDTHL, AT —Y v 73t - BHROZERZNE ST 2HETH
5, 2TTIE2X2 0P TORKEEZAREMEE LTEREZEHL TS, mKT7—Y ¥
JTE I LB AT LT IR < L 3 A= 27 b v DU DRI b FR
tEzbN%, CNN TiRBLAREERRT—Y v 7ECREEZMTE L Tw <,
3-1icwRK 7=V v IO %ZRT,

3. 6 JEMLEEE (activation function)

EHEALBI L 1d, =2 =T % v b7 =2 BT ANEE ORI % H {5 1T &
T LB BB CH 5, o TRl — Tt r vy O IETIE AT v TR H
Wo i, FEE CIRIERLEERED B B v 7 4 FEI%(Han & Moraga, 1995) 7z & 23 W
b7, BUECIIERAEVRHE CHRAHELEL LT e vw ) BEA 2 o & IC T
ReLU(Rectified Linear Unit)B#{(Nair, V. & Hinton, G. E., 2010) 23\ bh 2 & & A
%, BEGHERE L. BB () PEBUEEHHE b ThE (o TLE v, ¥#HER
EERCR>TLE) WS HRTH 2, RAEGERHFETIE, MO Uitz KD T
{7ed, BHOERAI/NE W E ANEHEDARIZRFIC 0 18TV Tn L,
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—a—InFty P =27k, MERETIE 2 EgE Ty 4 VIR, Z{ERNET
13 ReLU %k, softmax B%¢(Bouchard, 2007) % F\> %, 4F1C /)& ¢l softmax BE%L
FHETH Y, TadoRX kI s,

exp(ay)
i=oexp(a;)

Yk =

exp(x)lZe* 2 KT THREBIETH V. HIEB nfld 28556, kFEHOH Iy, 2k 5
SRR ZR LT3, softmax B D0 T ATIEF a DIREBIR. mRHZFXTo
ANES DIFKBABOM A LR E N 5, softmax B DO H 113 0.0 225 1.0 DD HE
ey, BT 1i1cks, CORMA1ICARSE W) T LIFEREARI LT,
ZOMWEIC X Y softmax BABULHER & LTIV R B 2 kit b, HMOERRKD D
DERLIZT=y FAERI NS, X 3-21C softmax BIFUE R T,

0.7

Yo = exp(ag) -
. woexp(a;) o
ki kFEHOANES 04

03

n=HHED=a—a /]E

0.2

0.1

0.0

AASIXERDEFT+ AT R

3-2 softmax BA%X

Za—IN3y VY — 27 CIRIEECBEBUCIERRIEREE A FH VW 2 035 5, b LIE
BB EHWR LB EEZRT I ERTE R, AifFEcifblfEic ReLU %% H
WTWwW3, [X3-31c ReLU Bi%# "3, ReLUBE R cHET L T L H5 ek 3,

10



_(x (x>0)
h(x)_{o (x < 0)

ReLU B2 32 b2 b L 51Cx3 0 L Y KX WA, BB E ICEAET
HH1IBELNE, THROLBAREELICS WEWRL S, I, ADED T T ITH
ST,

5 h(x)=max(0,x)

X AJIXEHDEF+A4 T R

¥ 3-3 RelLU function

ReLU BHEUI B DR HALBIE & LR CRIICHEE O\ L3 & o 72 72 D ICkk 4 72k
ERDERINT, £D UL Dl Leaky ReLU Bi#((Xu et al.2015)TH %,

x (x>0)

h(x) = {0.01x (x < 0)

3. 7 EBREWEIKE (Back Propagation)

Mo —I0 3y P 7 —27DHEYFTIEXEHORFIT. gD ) — F~DfEED
HALMEIETERWEWIZ ETHoTz, TN LTHABI Y bHEiOENE~D

11



J—F~DEGOEARBETE 2%HikE LTREE N2 DA Rumallhart et
al.(1986)1C X 2 iz MniiiE TH 5,

M EIE T 7 — F OIETECEIE % AR 7x U & WIS 153 AlTRE 72 BRI
S % 2 LT, )& T OFAERHE ROW) ~DIEEORSEE AL w O a5 % R R E
IRW)/Owe LCRETE 2 X ) IClze TTTW 34y P7—=2DFTRTCOMBED
HAze L Db DTH 2, o nlReREMLEIE L LCTlds 7 e 4 PRI X flib
nz,

sig(x)=1/(1 + e™¥)

THIC X o T, YRR TR & OlE ORETIEIC X - T, 1 L IEfiE & DR DFA
DN BB XTI RTOEAZBEIET 2 Z L A[REIC R - 72,

Gy b=/ DBOBE N, EnBOEk ) — FrbEntl BOHE | ) — F~0lkd
DEAEwWTD LT B & RIS T i (stochastic gradient descent method
(SCDNIC L 2 HEEDHEADEHIFUT DL Ik D,

(n+1) (n+1) YR(W)
Wk J “— k,j 19‘,Vl((n‘+1)
2]

B2 1E, HJE T ORGERT ROW) 25 3 —%( —y )2 CH 5 & &, BAfkizE

HTHI

(n+1) (n+1) (n+1)_ _(n)
ki We; N6 K

EET B,

cocyMREnEOE Lk - Foltlihith 3,

coXoFDs™M D, ARBI OB, HAE T R
X~y bR E R 6 2 b IFEL T LT O X 5 IS FHRINIC AR X <

AETE S,
s =—(t; -y yMa- y™)

12



K, 1 1
Sj(n):{zk:;l 5}&”"’ )WIS;"' )}y](n)(l _ y](n))

ZZTy Kpplds Fn+lBO/ —Fofch s, oM, HIIfEcoiiss
RHOBICEIRE S TOLIBIC A>T W3 T L2, MESERYE & v ARl hsk
TH b,

GED=a—TNFy P = RARETRICL o TEHEIEZ LI EZTIF
1960 FEfRIC HIRE TN TV 722 (Amari, 1967) . T DJFEEICIF A 2N 5 EHA
DfiEi (local optimum) (YR L CTL E W b3 L b Z /N T 23K E 2D 1J Tl
ROEWSHEERD 2720, HEVFERANL IZEZOLNED 572,

Z OF#IE Local convergence & WHE#L 5. F72. 6 OO X VEFHEE 1970
FERICRE SN ARER O EEM ko e b \vwi b, La L, Rumelhart et
al.(1986) 25 Z D FiE % \» { 22D BEARHIRIEICET L CTHE A9 £ A, HRE VN
HEHPIEFONDE ZERRLEZT ERE 52T T, kA RTE~DEHAHAAL NS &
[FIRF T B)BCRE DB O i LD 7 Rk A R EEH T AT Y XA REIND
Yoiciko (FhE 132>, 2015, pp.14~pp.15).

3. 8 @=xZ& (Over-Fitting Control)

#7E (Over-fitting) IZFIFHT — 2 ik L CIRE LY - B I @V IEEREZ RS
B ARKHDT =2 LTUETE R WIREZ VW S, FEEEICE W TEELZDIIE
AN T =2 IEMICEETZ 22 TRAEL,. INLLE5 XN RO T — &I
W BEETFHRELZ FF 52 Th o, M3-4 1THEHOREL RS, ROT AT
—ZPHFOREELIEOOMMRICES BT NTELLRETE RN &ICHR b, =2—
TNy P =7 BEHENPECETATH 27200 FE LT 0, KO TF—2F
BbbBT AP T =R L CEEEREL RV EERAEET AL LTV R0, @EE %
Mt 272012, W DD FEREZLNTEY, Fuy 77w b, EHL, early
stopping s E A% T LN, Fay 777 b CNN < MLP i 3w CHhEEod
D)= FaPpD/ —FeHLIRETHEE 2T SHICX WV FEFDO=2 -T2
vy b7 =27 0HHEER/NE K LT LERER A EX ¢ GRERAIE X 2 2 LT

13



%, Fa v 777 kX Srivastava et al.(2014) I X o TIRE I N LEFT L WFETH

5,

7.0 T T | B N T

6.0 \

50 - 1 T T 1 ‘ 1 ° -~
gﬁ ‘.‘": T |
S Py — A / 4
i LT

20 4 \J4 -

1.0 1 1 | R TR N ST | 1

0.0 20 4.0 6.0 8.0 10.0 12.0 14.0

BE x

4 3-4 @E 2RI IREE

FAMLIZ R T WL DD T A — 2 BSHEIICHEREL v X 5 183 2 Tk T
»H%, BARRICIBEERERIC ST A — 2D KE Xicxtd 3 <F a7 4 HOERLIE) %
BOLLDTHDL, TNICKY T A—2EHRICHTR LT, PRDATA—X
T74 v PIHTLHDTH S,

Early stopping BT EEE 2 1T 2 BREA H 5, TR+ 7 — XT3 5 KB
DIEICR LT MEIE Lz B icEB 2020 b DTH B,

3. 9 A TE (Gradient Descent method)

AR TiEICIZ TELOEEEAH DI S T & 23% », xal% T 1% (Fletcher and Powell,
1963). v F 4K T (Bengio et al., 1994), #ER A HCKE T2 (Bottou, 2010), I =
Ny FHER ALK Fik(Lietal., 2014) 2 & TH 5,
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Al TR IR IR W o B O 5ol 72 i 2 1o I e 2 PO me T v =
VALTH D, FEEPEER AT A — X CEHRINETE L LPCRE CORKERD
Wz, ICFERPRETEL LR UL LTI LIChd, Ny FHR
BTERREDRD VAR EZHET 272003 GRT Yy 7TIlliT—2 2+ X_CfES /-
O, T — 2 HBERTH % & FHREESRGICEL 75 2L Th D, MERMARRET
XA Yy P O WAERAICO L DR L CENZ T CHRGIREZIT), 2070
SRS TEEICHE O A TER R IEE D 701057 ) R 28 & 2 %, B & 3
iR/ MEISED K PR/ METHE D & CHERITE S R AAEEEL W ik

A 728 T A= 23+ Tl d 2 037 d O Tldde v, MERNLERE N EOBA.
—HDOT =2 EH B -OEER S P AZIERICEEIRINT 7 Vv X LICBEH L T
 BMERHNMED T2 b TIRAMED R REICE B E S WTREED H b, I =V v T4
M FETIE—RBEZY) DT —2BEFHO L CRECUEZME D VIET L VI b
DTH 5, R TITHERR IR TEZ v,

BIECKE T EDOFIRITER L AN T RO, T—X %Ay b7 — 2 ICHisb e
5, Ay b7 =2 O EIERI_INVOERAERFIRT 5, BEID R R D X HICE
B NATRAEBIET 5, 2 L CRBEEMEAHTL 2L THRVIEST Z LItk s,

3. 10 HEETEORET7/ILTY XL (Optimization Algorithm of
Gradient Descent method)

Momentum(Rumelhart et al. , 1986), Adam(Kingma & Jimmy, 2014), Adagrad(Duchi
etal., 2011), Adadelta(Zeiler, 2012) Jx ¥ RMSProp(Hinton et al., 2014) 72 £\ { D % @
FEMREIN TS, G TR ICE T 2 mBiftic s CEEROFRIEECH 5,
FYEHELRIRET L LIABIIABLCLEIGALH ) FERZEIRELTES
L ARSI IR 23002 o T L & 5, BB TEIRNE CONREZFE L., Z D%
FLICFEEL T 72D O CTIEEZTEHT 5D DTH S, Momentum [FILEDLLE TD
LI EE R 2T, AT ORI —E DREER LT 5, £ L Tili)y & fvChziE
REFTE200THL, BUESKELALAVLIIICEEAIXA—-22HFL TV

15



Adagrad 3 E N4 T A =X LTId & W REAFEH %, SO T X — 2Tk LT
FX VNS REFEETTEHDTH 3, Adagrad D T 725 1E. S0 “FH R OE
Bchz, LOMBAIEDS EOERD T, oM., REAIIIM LT, K2 IcEEHE
DPET L, IO T/NI 222 THDH, COMELERT 2720 ICREIN
7= D75 RMSProp % Adadelta ©% %, RMSProp (32D §_C DL % ¥ — I
LT DT VBEDOHBLZIRZ DR X 51T L TH L WA OERK %
CRMEF 2 X5 ICMEL TV D TH S, Adam i Momentum & [F L X 9 ICH)ELD
e RMSProp OiEDERLD “FFOWEVE 22 bDTH %, Wilson et
al.(2017) 1 AdaGrad, RMSProp Jx U8 Adam 23— D7 — & & v ki 2> WTPULIHEREDS
Tl EWAREEZ R L 72,

Adadelta TIIRITTEDED D D THEL T iztho FiEo I A~ v F ORE % ik
LT\ 3, Adadelta (¥ Adagrad OFEEE T, FH T A — X BSRYERFEKIC A > 72K
. BB Z AT 2 2 e B TE S, 2R ET ARICERDOHRICEAZB VTS
7=, AWF72Cl Adadelta Z v 72,
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4 F—%

4, 1 WRETBEHMDT—XE Y b

IWE LA P T — 13K 4-1 IO T FICROKIEIRAEKICRER 3% 24 fOZH
WYETH D, T2 4-1 ICREMBEEHII DDA <7 b rvERT, 2hbo
YA FAECENTFEALEHIFHICE 2L Ez2bN, T— XLy bid Web L
HEFTVANTAFL7zd DL EEREEIY & G CHE L 2 b Dicp T b
%, 7 — 2 MREE IR T I3 2 (1989) K ET - #52 HH (2014) . METI Agency for Natural
Resources and Energy (2001), Clark et al. (2007), Baldridge (2009)%%> 5175 72, 4
Y& —Fv bk ETI3 USGS 3L ®E LTEHHALERYDOZA~2 b A F v — 2R
% Z L HTEBA, Clark et al.(2007) ® USGS @ Spectral Library I3 HzE % 25k X ¢
HEINTHEDDHH LS DD, AL bREIRERI. BRI~ & — RIS R
WMoY - 5h - WEZHEEST 2 Z L ICEIRPEIrNTE Y HERRNMRO e Yy 77 —
ZITOWTOEWRITR O Tz,

FEAHICHEIE L0y 7T — X% BT 5 720 1CHT 72 (ICHEEHER 7 5k 2 IR L
BSZATBOGEN AHRAHN R - RIS EIRHERETTH © Malvern Panalytical #1: (ASD)
FieldSpec4Hi-Res % filiff] L TEEI D3 A= 7 + VHIE 21T - 72, B ot
AR 42 1R, DN A7 P L OBIEISHIROH 2 S 2 &2 5, S0
BexZmmE oflEZITH . FEZZLXE 272 L TH 600 EoHIE T — & % BHHL
Jlice AV IAV, 774V TIE-RFLAZARZ PAT =2 i icllEL 7
ANRY P VT = ZTRMHIIC 2,400 iR Y 85 I CTH o7z, TNHD S B 1IMITHT
% 30 BIMALHED D 2 b D EEIRL 72, HAHNIC 24 FEPIT DT 30 [0 HIGE % 1Y
EHE L0120 F— 2B F )P FADT—2BTHL, ThbLDTF— X IFHRES
DYy 7Y vy FREPIZERTH Y . REFE % FEhE S 2 AR 400-2,500 nm T
InmBEEOT —RICENETNEWL TT — 2 0EHEL 2K 5 72,

F 72 BJE BT O 7 BRI AT A B < R SR S RN 7R N A R 2 b L %
NSRRI % Huiic 900-2,500 nm & L 7z,
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K41 2—4v b & L=ZEHY

mineral name

type

alteration zones

temperature

remark

[SE—Y
05 0 ® N oUW N e

N RN RN NN PR = R el s e
B W N m © O 0 N & O k= W BN

alunite
anhydrite
calcite
chlorite
dickite
dolomite
epidote
gibbsite
goethite
gypsum
halloysite
hectorite
illite

jarosite
kaolinite
montmorillonite
muscovite
natrolite
nontronite
phlogopite
pyrophyllite
rhodochrosite
talc

vermiculite

hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
skarmization
hydrothermal alteration
bauxite

hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
lithium

hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration
hydrothermal alteration

hydrothermal alteration

acidic alteration zones
acidic alteration zones
intermediate zones
intermediate zones
acidic alteration zones

intermediate zones
mineralization, gossan
kuroko type

acidic alteration zones

intermediate zones
acidic alteration zones
intermediate zones
intermediate zones
alkali zones

basic alteration

acidic alteration zones

low-high
high
medium-high
high
medium-high

high

low
medium-high
low

medium

low

medium

low

high

propylite zone

propylite zone

pyrophyllite zone

propylite zone

skarmization

skarmization

granite
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7 4-2 Fieldspec4 Hi-Res D 1%k

Spectral Range

350-2500 nm

Spectral Resolution

3nm@ 700 nm
8nm @ 1400/2100 nm

Sampling Internval

1.4 nm @ 350-1000 nm
1.1nm @ 1001-2500 nm

Scanning Time

100 milliseconds

Stray light specification

VNIR 0.02%, SWIR 1 & 2 0.01%

Wavelength reproducibility

0.1 nm

Wavelength accuracy

0.5nm

Maximum radiance

'VNIR 2X Solar, SWIR 10x Solar

Channels 2151
VNIR detector (350-1000 nm): 512 element silicon array
Detectors SWIR 1 detector (1001-1800 nm):Graded Index InGaAs Photodiode,Two-Stage,TE Cooled
SWIR 2 detector (1801-2500 nm): Graded Index InGaAs Photodiode,Two-Stage,TE Cooled
Input 1.5 m fiber optic (25° field of view). Optional narrower field of view fiber optics available.

Noise Equivalent Radiance

(NEdL)

VNIR 1.0 X1()° W/em’/nm/st @700 nm
SWIR 1 12X1()° W/em' /nm/st @ 1400nm
SWIR2 1.9X1(° W/en'/nm/sr @ 2100 nm
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Alunite Calcite
10 e N 10 S .
0.8 | 08 ‘ . ]
Yosl W Y06 ’ﬁ/—\\_f\, | ]
(=} =
< < |
| | |
% 04 | A Fo4 | i
g :N ] ‘ \]:
02 I \Jf\\,\— 02 i !
|
22 24

0.0 I I I I
08 10 12 14 16 18 20 22 24

wavelength (um)

0.0 1 I I I
08 1.0 12 14 16 18 20

wavelengh (um)

reflectance

1.0

0.8

0.2

0.0 | I I
08 10 12 14 16 18 20 22 24

wavelengh (um)

Gypsum Halloysite Kaolinite
1.0 e T 1.0 —— 1.0 . :
0.8 08 0.8 —"’——-
Sos \ 206 dos f A
£ | E g |
S04l 504 1 Toal ;- iN
0.2 U\"\ 02 *\: 0.2
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0.0 T S 0.0 bwat e 00 ! '
08 10 12 14 16 18 20 22 24 08 10 12 14 16 18 20 22 24 0.8 12 14 16 18 20 22 24
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Muscovite rophyllite Tals
111 S— 1.0 i 1.0 , gt
osl 0.8 ", /‘\\\/ 08 | ! .
gos A\ f ™, gos V ! 1 Zost 1 1
s 3 £ {\’\ g 3
5] | 13} 3] |
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4-1 RENLEZEIRY DI A~ 7 + v
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> I (1989) ORIE~ERERIMNCE T 2540 - RO A~ 27 b v - 7
# v 7% GER #t IRIS CHIE X Tk Y #) 80 fH ki L5541 & 49 30 fil o (R EEHE
HOBEMD B 5, 500-2,500 nm DIFH G Z~ 27 b AFEE L ALESHTE, X B
BT F ¥ — F AR ENT WS, 2D 5 HH 30 HOEEHY DT — £ ZHwiz,

> B - T (2014) XENZIFFERFEE N FEERAMHR AT WERAERE
v 2 — W EREA BT IBSLY) O il R /T FRRE ST A= 2+ v % Field Spec Pro &
FT-NIR CHIZE L T3, 84kl v 7AHIEL TE Y, ZDdhh 5 20
DEGPI D F — 2 &\ T2,

» Clark et al. (2007) ® USGS @ Spectral Library (3% IRIC¥E D . X 5 FE R A3 7
Wb Db BB, F 1,800 s DMEIELD B, DS b 30 FIEHOLEIY)
DT —ZE M7=,

» METI Agency for Natural Resources and Energy (2001) ® ASTER data usage
manual IZ 124 7+ U % —F 1D MSR7000 CHIE T WCTF — 2 AMEL Tz,
59 v I DEf - I ORED B o 7203% D H ) 20 EO LB O T
— X2 %MWz,

BEf Lo T — 4
> Baldridge(2009) ® JPL ASTER Spectral Library i % 120 o 57— £ 12 idig & A
EREHMBETN T rd o7,
> Brown K% ® RELAB (Reflectance Experiment Laboratory): A NASA Multiuser
Spectroscopy Facility (3 K3 FREDS 5 nm & K& <, ZEIM D75 7=,
> RRUFF(Liu et al., 2017) i X SE DRI D 2= 7 F L HUER S T B 53
FTIR Z RO RHE CHIE T T 7z,

21



4, 2 sNLa—> x> MU (Hull quotient ZUEE(HQ ALER))

IVEE L 7= 2R D 7 — 2 o 2E L U4 7 — KRR I L€ HQ LB
(Green and Craig, 1985) % Fji L 7z, HQ M IZWINA =27 F LD RLIHEE %5 5 7=
0 DWIET — 2L ED O & 2T, — I I DN RE RO E Wl Wik 2 W < o
DEMCTEML, TN EHEMH L OFTRIND, T, DR A =2 b L& B
KT 3L e bIT/NE RRIEMERFAL - wWiEAICERTH 2, 2o HQ MEIIFEH
HoORARZ FARGEY 7 P TR LIZLIZITOA T 30U TH Y Continuum Removal
JLEE(Clark et al., 2003) & HIFITN 2, FiL LTIE/ 4 X8H - 285EIC N % iEH
LCLEd>C e biFohns, K421 v 434 b+ ) IFAHHKE AT L
L HQ WUIE A D MR A~ 7 v %S, 1,400 nm fHE0 X 7L v FIRIN, 1,900
nm DFLGIIK U 2,200 nm DX 7Ly PRI E AR T H 5 28 HQ MLHIC X Y %
WAL A~ 7 b ARG T, /NS RIS B I T 5,

0.8

=
foN

reflectance

<
=~

0.2 | X
| N

[ S T R r— L1 P PRI SR
1000 1200 1400 1600 1800 2000 2200 2400
halloysite =~ wavelength(nm)

4-2 HQ QU3 0 5 #(900-2,500 nm)
Rth 2 A ) P F DI E A~ 27 b v (halloysite)
AL vt HQ MU % fits L 72 53 S A = 7 b v (halloysite)
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4, 3 T—RYLRAIE (Augmentation (AUG ZLEE) )

Za—=TJNAy P =R EEIELT 2B EHCT oI AUG U & e L
oo WEINAEARZ PAF—X 1H v 7 IcD % 50 [Mo AUG WU %2 56 L 72, &
H 1Mo & 30 BOHIEZETT> T3 0T, 4 24 $EPICH LT 1set. 36,000 D
F—2CHQME 7 L, HQ WLBEF» G2 72,000 0¥ BHT — 2 € v b Lotz

AUG BRI TRCD & 9 Ic T T, RAMICEEEZ G ATy 7 F3dlk, &F
YV ANTRSEEE G TY 7 I, AUGLEIT Z o 3 HEZ FFFICiT> Tw
%o EH QRIS 2 KFT5 1M D s, $RIE ST F O MR I A CH Y, 7 FED
HWHEEZEZ N SHPANICIIZ 2 Tl b ad o7,

a) THETOEEAMDIES 02 EET L L
b) #v Il i, RFEDIETSoXEREET L L
c) BHEFHDEF Y v ALDITLOEREET L L

HQ WU L7 — 4t v b TIZilH132°(1989) D GER #:D AR T bV A=K —D J
AX%BHEI ) 4 X e NE & R ERDO T N4 20 XL (3 nm %) 2 5%
WKL TAUG 7 —Z Z{E L7 K 4-3 7—2RREIC X 2 HQ WU 7 v —F 4
FOEART PV EIRTARIEE CRIAIE IS Y — 27 R 323 A ADFEY FTHRRLY
T—2RINTED DL o TEVFEEFR I T LTHWS Z R TE /2,

7 — ZHLIRABR D 3 T A — X DRI HERZR O E IR VIWT ERL 6 % v T
%o ZHVIZIEHE O IERIA CTIIHERIICK X RHERA 2720 TH 5,

- BLE D FAE;

CIWTIERL A0 1 HE 5 LR 2R R

- R TTH)

CO: HRUME -1.5 &AME 1.0 FHfE 0.0 fEHER2E 1.5

Cl: /Ml 1.0 - le-d RAME 1.0 + l.e-4 VIl 1.0 FEHEFE 5.e-3
C2: BUMHE -5.e-6 RAfE 5.e-6 V¥ 0.0 FEHERE 5.e-7
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C3: /Ml -5.e-9 HAMHE 5.e-9 FIIME 0.0 fEHEMFE -5.e-10
WL'=C0 + CI*WL + C2*WL*WL + C3*WL*WL*WL
WRITIANCIRA Snm FRE X L A A S 472,
- kD IRFEZAL
a: f/ME 0.95 HAfE 1.05 Pl 1.0 BEHERA 0.025
b: H/MHE -0.05 FAfE 0.05 FfE 0.0 HEHEFE 0.025
Val'=a*Val+b
J A RSy
LN : &/M# -0.005 AfE 0.005 FHEME 0.0 fZHERF 2 0.0015
Val’ = Val + X LNi

W AN YU/

0.8
| \ \
[}
Qo6 —— ‘ LS Bos
S ‘ c
+ | Q
13 -+
o | 9
o —
504 ! 4 G=04f
sl [
.

P IR 0.0 PR

| I S

0.0 bt
wavelength(nm)

1000 1200 1400 1600 1800 2000 2200 2400 1000 1200 1400 1600 1800

2000 2200 2400
wavelength(nm)

4-3 7 — 2RI X 2 HQ AU @ alunite D A7 b (A Y Y FLDEL S

2 FREE D)
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b FiE

5. 1 FEFE (Deep Learning)

HIEYE (Goodfellow et al.,2016) D JEES X | »¥—-& 7"} 1 v 7% Rosenblatt IZ X -
TERINZZDIF 1958 FTH 225, MIEIETEEOREPRT L nwa S { ORE2H
L. TFEREL KL Z &ldind o7z, 1980 F4RIC1E Rumelhart et al.(1986) 1C X Y #7%
WERELZEREINTEDIENRN R AN SR LRI VD ARy 7DD ICHY 7 —
LIFVEE L T o7z, 2012 FFICIZR0RGE %%t 5 ILSVRC EHER =2 v =7 4 v =
VICBEWT b e Y PRFETF — LBEEE % BN it % 7R L (Krizhevsky et al.,
2012), Z DB OEEEa v <7 4+ a2 v TH % Common Objects in Context(Lin, et al.,
201)FCOEEFEHOFNA TR E RoTw b, &5 L THEEREOHEDHIFE
LI Twoz,

FIEE B I A O E ET ML AL = a—n vy 2L E(L L, AT — Xk
DT =2 —a VOEIMINTEZE IR RR LTI BT 2KV BRI BRI e %
BERTEL Zo T DB TH 5,

Lo LS RN AT D 720 IR AT — 2 B0 T, 26 ICx LT
MaREYE 2 EBR LEHA T 081D BB a vy Ea—T 4 V7D T — LN
REANERING, WEEEBICF YL VI LThREVEESTH, A5 ICIH AN
W,

FEYEOTu v R I, vy /T =22 L ICYHETARERT A bL—= v L
FLAANINT —R2ICEEFEAD =2 =Ty P =2 %@L CoB-- iz
T52a7V v 702207 2 —XICKRELS T LN,

D bFFHCABRRE2MEE R DR L —=v I Th b, 7T — 2B KEBELT 5
eV EE e T A 04 IR (R %2 &) 2 RIAL L. BH2 SE0EM %2 %5 2 55
BAVRDHD, ThbbT 4 =77 ==V ZICTARIERNICELY fAa, I TR 2R i
BHEZ BT 372013, 2O —= v ZIC BT AWM 2 ST X 2 N EE L
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> T3, AffFecd CNN2d i34 T v F GPU ik~ > v ¢ 1 HEEEESE R 234
Wk o,

PR DM B I B WT D, T FE T Scale Invariant Feature Transform (SIFT)
(Lowe D.G., 2004), Speed Up Robust Features(SURF) (Bay H.et al., 2006), Histograms
of Oriented Gradients(HOG) (Dalal & Triggs, 2005) 7z & & £ ¥ % 24t 7 v =)
XEPREINTECTEH Y Hl 21 SIFT 1R A ) OFEEEME O 2L % F8~ TR
EWRT 2D THDL, o OFEIHIC X 2ELP A — P IKL T, 7— X
2> O R IC AT 2N S ST HBIICHhE S 2 2 FiETh 2 EEFEMER S v,

HEEEHIENT TNV TY) XL THY)  SETTE Ry oI L - ANV —%
b7z b L7z 2 LidEW R FIC ABNEE, BGRENT. SRR SIRAVW#F <%
COBRZDHIFTED, SHBIFKEBLTOCEEZONS, BE, FEFAERINIEE
FHEINTWEDRANA—FY 27Dl  KEDT —Z~DT 72 AN AHEIC 72 - T
ozl =a2—I 2y b7 —2ICBT BBl At 7 i XD ERE N HEA TR
7z kick 3,

HIEEE O FRIILIEIC DT 2 AR TE—RITICHW 2 2 LB TE RO
REFEFRIC D D H 5 MLP & HRFEFICERIA H D [ & L CDIEREf R~ 2 b o
R—VHEXEBLHTE S CNN %,

b. 2 %E/X—+7 k0> (Multi-Layer Perceptron (MLP))

MLP 3 4 LD =a—F1 3y b V=2 %2FT2b0% 5 BEHEIIANEL
HAEORICRMED oA E Fay 77y ME2 &0 D TH 2, WO b DI
MOETEEERAN T — 2 0HfifES L 1 & 0B SREEEAZER T 2 /E%
A THYPEITETCER VDO TEHEOLAIRFENTE R o7z, Lz > T, FIHD
MLP x AJ7JE & i DB ot A 2 LA ciko <. HPElE & 8B o B 4 0 4

MOETIEFETHYE LTz, 20705 TLXEHEEL RV L 3% 0o 2720 fRIR
L TCERINZDHEENRIRECTH B, COWiR AT 5 ECEEROAH L IE
iRl DRETH LR TH Y LHBRECIIRAET Y br e =L {HSHHI
TR ERHAVWS, RET Vb u =3 RORXTcRINE, NIFET—20% v
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T K IFHEARFE yd=a2—F1r2 v b7 =27 A0 TH S, du 13K
Eﬂi?"_ﬂ“@a’ééo

N

K
NZ dnk 10gynk
n k=1

P TR TR LIRS, xi i34y PV =20 iFHOH ), yildiHHD
Hicn 3 2 HEE@EET 7 — 2) T2 ofiz R/Nc 722 XS ICHADREHRF I T,

1 n
fE == Y oi-x) ?
i=1

ofxy 2
aX-—;Ou—xo

MLP CH#EIH 2L ZICEANTA—XOEH BRI T 24081 H 5, HHiT 557
A—RIKEDOEAZLE AL T ATH %, MLP TRRFEFBEZHCTE AT A—XDE
HEZRDD, COKNTA—XOHEHFELZ KD 2 57k L U CGEESEREEEZHW S
KA, RFESFERRIRIC X 0 ok 72T & ALk TRk R VN T A — X BT
%, MLP D5l HM7ZE DfE V18 L CHEERFRII AT W23, X7 X — XD %
CHBBBEDTIRN ERET LN,

BRI ERFICAN T 2T 2T -2 2T v ioEVOES
WERLCHEiT 28D L Th B,

.3 BIAAAZa1—FI)L v k7 —% (Convolution Neural Network
(CNN))

CNN ZEDARE, =V v IEZ L CFuy 7Ty MEeAENRLZ7 4 —F 7
A7 —FRDO=2 -2y b7 —2Th 5, J7%IL Fukushima(1980) D 4 4 2 7= +
BYICHDEEINTVWE, AT s = v v ZFETECHRESRRBEEEH TR
DA CNN LHE DR EINTWE, CNN FHEEZEFRICHWE INTEY, RET
ZFE T — 2 OKHBALATON T W 223, B m R Z /R T2 IZAEH I LT wdn vy,
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CNN FHE g clieitafE A L, mi&JEICIE softmax BIE 2 i EALBI%E & L THIW
I BLRTE B,

HE D 2 Xt CNN(CNN2d) 13EAAREE 77—V v ZTE % L BUCRE L TRRIC
AEAEITOHENIT 230 TH 2, EBICIHBYFENEE 27201 Fry 77y MEx
LU 7z, WEHACBIBICIZ Y 77 A4 FBIBUCH~TRE TV S v ReLU BI%Z v
TWwb, B, BHALTRHOLONLHERIED EOBEBRL VNI LKRY, Z0HDOT—
VI TETHUEE 5 T, IHICREEIIEMIN T, 74 VX IIEBEET 5D TT
X VAV L T L,

1 XJ6 CNN(CNN1d) it 1 X8 3 OF A XD 7 4 A& ) v 7% SNKERICTERE
BARAAREEEZ LTV FETH B,

5. 4 HEOHRN

AFFEOmNZ X 5-1 1ITRT,

HQ W Z a3 2> & 5 2> & v ) BB OMLEIL H 2 BREAE DO X 7 v T3t
FEY TH B,

OZE A DRIV & — 7 18 DR

@ HREHET — £ DIV

@ ENFEER Inm B E 7 — & ICEH

@ EH % 900-2,500nm 1< fE—

O —FaXAvT—va VI OE

@+ v b7 — 27 FiE - BEEOYIE, X7 X — X ORGET
MHQ WLz

Ay F T =2 D¥EET A

O EMGEEETO/ A v 7 — 7 OFFHf

HEL IFETNOEOREMAEIIRZ AL THER. Sz 3 AT — 22T
ETAREUET—22HETEL L5122 L Th 5, VIHHOEBE CIIRENE
L2 TNz iMiid 2888 (T abb, BEBE)ZWIc/ NI T30 FRIEEL
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%o —MEICHRIE B I IIE X 2132 T L A TE RO THRENREE W
Tz KD T <,

iDL 9icty b7 —27#EI2 MLP & CNN Z w7z, & bICitEE T, vl
DBDTVL A7 AN — 2R THEDHVEHIiZ2G T3 FiETH 2, MLP ICBHL Tl
G % 2L ¢ < MLP_S(&#EATE 48, Fuy 77 v e 3/E). MLP_M(&#S
JEOME, Fry 77y MES8E)., MLP_L(&#HE&E 13E, Fuy 77y ME 128 0
JERDORER 2 324 TR L7z, CHhIZ=a—TF A% v b7 — 27 OEBAEE YA
I ENE FHEE L5220 %2R T 5720 TH 5, SId small # M 1 medium % L
1% large Z Z N E NEHEDIE X 2R3,

CNN (2BiL T 1 &jt CNN(CNN1d) & 2 %7t CNN(CNN2d, CNN2d_Hi)® % @
A L 720 1 RITIE 1X3 D7 4 M X N RFRICER AL (T2 DTH 5,
FERIZ 1T nm ZLICATEY L RICOT — & & BRad 3, 2 %50 CNN (3 HEG %
BRECHOWONTVWEHDTHY AT brF v — b Z2{FE L CHFEEFEZEMRL 72,
ST FRBEIT B (430 X 286, 1773 x229) I b & & Tl L 72,

Wfgeix HQ MR Lodb ot HQ MIRAHEL 72 b DICXKr L 2 NENEH S TE
BERYIRE % T L 72, & IEERIC X ) HQ WL D BEN % 3l L 72, &ALt L
TIEER - BREME =R Yy 78D 77 7 %KL, @EEOFELRHERL 72, LR
BT %R L7z, BEBERIE N ETELWE2 SN T2 0DiEETchH 2, =Ky
IBE X DFBEEBEVR LB OZ L TH B,
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B DRI E D IR ES

!

PIRINET — 2 DUVE 15T, 8IE

l

RN EBE% Inm S —

!

BRI & 900-2,500nm | < HE—

!

A—FaArF— gy

!

BREWE - T X —XZRET - RE

A

v v
HQMIE7Z: L HQWEH 1)
oy 1
MLP_S MLP_M MLP_H MLP_S_HQ MLP_M_HQ MLP_H_HQ
CNN1d CNN2d CNN2d_Hi CNN1d_HQ CNN2d_HQ
?%i%zh
&%@%&Tﬁﬁ

5-1 Flow of study

FwiY 7 b7 & n—F YLy OREAHEERT,

« VYT7 b UZILT:
Ubuntu 16.04, Windows10
NVIDIA Docker

Python 3.6.3, Keras 2.1.0, Tensorflow 1.4.0

s N—}fFyzxT:
CPU:Intel Core 17-6700 3.4GHz
Memory:64GB
NVIDIA GeForce GTX 1080 T1i 11GB
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B. 5 EFILOFHEE

HEFHOETANOFMIZERDDE LTHR=AFT T MEERERIEEYRS 5,5
IR ERAEZ & A Yy T — 272 NENEH L 72, K 5-1 ITRGTTH % X 5-2 I8
AE OFH o X% 7R3,

K=V FT7 9 MERETAEELZPET -2 2TV EHEIT 2T A T —XICH
HLCEHEiT 2, 2hid¥E T — 2 TF A LTHETADIULEES IZEHI© & 77z
DTHb, T—Rey b e¥BTF— 2T A MNTF—RICHET 3, FEHTF— 2% o<
ETAEMAFEL, TAMT =2 Tl - IEEEEFLFTT 5,

RABGER T — &8tz k0 (SEIE5%5) LT, 2055 127 A MHEAE L
THW, k [\ Z2%2E e AEGYIREXT) DD TH S, BoNnz k BOREREZFE LT
1 ODMERMR2, T— 2BV HRVEHICIE. TA M T —ZOERHICK > T, H#EE
WEICKE RANE L RN EL b, 20O, REWILESENTH 5, K
WFE CIEASEMGERIC 31T 2 FHIFICITZEE T — 2 G L7z AUG T -2 %2 &0 T
%, FHEIFICIZT A P F—2 & T2 P F—2ICHIG L 72 AUG 7 — & % &% 7= K5 LA
bENENEML 72, RARGREE A=A F 7Y MEZHAZEGE, RERED 25 X
b BHHARS SR D EHEL E < 75 %,

i

% 5-1 BETTH

Actual

True Positive False Positive

Predicted

False Negative True Negative

WA (Precision), FFE (Recal)lx (&2 2] icnfLCitE I N B, LUT, 2
EOHEOHICHHE T2, AR, HHREXEZHET 2201z, U0 41H (TP,
FP, TN, FN) #&HEHTniE I v,
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B[54 : True Positive (TP) = "1E L < " calcite & 5358
51, : False Positive (FP) = "3 5 T" calcite & 5348
B [& P True Negative (TN) = "1E L £ " calcite Tld 7\ & 5340
BFZ M © False Negative (FN) = "3 5 C" calcite Tld 7Zx\» & 5348

ok E, EER, HEE, HHEHEEZUTOL S CERT S,

SO+ P
PO+ 3 e+ P + et

1E

4

Y

ZEGVIRIER RO TR I N KR, KR 5 TH 5 b 00EE

HIGE
= ———  (Precision)

B+ 5

#

T

ZEGWIRIE T TR IECRRICIETH o 2 b D DA

. HRGME
BHHE = ———  (Recall)
B ME +a:

ZEEHIRIE CEBRICIETH 2 b DD TIES & FHlC & -4

WHERLBHEDONT v 22 ERBL LD D2ME (f score) TH %, DFERE T, B
OEME, XU ofFEch 2 HEEHET 5 2 & CRHMEiT %,

L e
i 4 B

HEOTLIT) LD L, EOFEEAGIPRET K. FEEEXRE2SEIC L
PO fEPRKRENVDERIILTRIOILZ T —XICHNILTELLEZLNDS,
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Data set

Test data

Training data2

Training data3

Hold-out method

—

Training data

Test data

K-fold Cross-Validation(KfCV)

Training datal
Test data

Training data3

Training data4

Training data4

Training datal

Training datal

Training datal

Training data2

Test data

Training data4

Training datab

Training datab

Training datab

Training data?

Training data?

Training data3

Test data
Training datab

Training data3

Training data4

Test data

5-2 FEEFEEOFMEGE—AL R T 7 bkl RERERE)
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6 #ER

6. 1 CTIFHQUIHA{THT, DHKHET 2% 2 DFTHAZT—Xky b TE
B DEE - FEERITV. 2RISR LT6, 2 TIZHQUH AL 27— &%y b
TEESY O - FIEEZIT o 7,

6. 1 HQWEZL L DOREBFEDHER

D6, 1 TRETNTOF—ZITH LT HQ W IZ1THT, AUG WU (4. 3 I8)
o CHEEE 2 FEE L 72 EEDE X 0F 7 2 MLP_S, MLP_M, & X O MLP_L
DA DFRIEICH LCEDRED fH - (EERZR T DA, 72 L OREZDOJERNE
DZEGPIFIEICHE L T 2 DRef 21T o7z, 72, Ab# T CNN1d & CNN2d
b & FhE L 72 SEE IR O EIERIEIE 30 [TH b | RSB IEREEE T
fifi L 72,

# 6-1 1 MLP_S o Jgihd& % nd,

# 6-1 MLP_S oJEtid

Layer Type Output Parameter#
dense 1 (None, 512) 820224
dropout_1 (None, 512) 0
dense 2 (None, 512) 262656
dropout_2 (None, 512) 0
dense 3 (None, 256) 131328
dropout_3 (None, 256) 0
dense 4 (None, 24) 6168

Dense JEIZ &G A KT =2 -2y P 7 =27 ZRBETNIPECET LD Tl
FELPTV, 20720 X B EAEFIH S LE L 25, Ny 77 v b EI#EF
Bl CBmNatETETH Y  EFORMER=2—I 0%y P — 27 OO FE
Wo—otanTwd, Fuy 77y MEdEN T v X aic—EEHEaD /) — FEilL7z
RETHEEITI. AT R Y TT7 T P DT A—=21305 ZH V- ({HEIZ
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2015), 7z, TiE OEMACERE ReLU BB Z VT 3, KB CI3 % 20 M
T®H % DT softmax BAE VT3,

B 6-11c MLP_S 04K & 7 & F D IEE#H (ace) L HHEBIE (loss) D 77 7 2R T,
IRy 7 TH 5B,

o] 30
4 2.5
train_acc
test_acc
2.0
15 5
7
1:0
— train_loss
! — test_loss
0.5
§J4MutuUﬂyWWMmuw—
M PR N R S

o itk i (0,0
60 80 100 120 140
epoch

X 6-1 MLP_S 0EK L 7 X F D IEE K LR8BI
(train_acc;2FBRF D IEE3K, test_acc; 7 A FEDIEE R,
train_loss; R D EKBEI%. test_loss; 7 & + BF D8 JEEED)

M 6-1 TIETRAMFOIEERE 72 FFOEELBEBIZPPHEICITO2ERED LN
5, Fricz Ky 70 30 fHEDFRAERRFIIREZ (LT 2, ZDHITEAE O b
HHIE IS 13380 D L7 WA EE RO IBRBIE L 7 X PR OBRBEEIT = F v 7 » i
ONTHTPICEENTITo T3, REIEERIZ 98.6%% "L (£ 6-6) . RAEMED
ffiliix 96.1% % /" d (£6-7) » AUG 7 — 2 % & all_f {1 94.7% %R~ (£ 6-7), %
AR 0.5 2 T2 £ CIc 5 TRy VIRESBETH -7 (M6-1) . ZEHY
HENEED 72 D 7T MEIIHGET 2 B3 % 23K & 2B R oELiLIE 30 =Ky 7 DA
THBILEL TS, 60Ty F7NECHREEIZH 2 L EZ LN,
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# 6-2 1 MLP_S Ic iR L C/EHE 2 JE < L7 MLP_M DJgfEzRnd, X 6-2 i
MLP M O%EEK e 7 A RO IEFER LIBREBD 77 7%, K 6-3 I3 b I @G %
JE< L7z MLP_L oJg@fd% /", X6-3ic MLP_L 0% H K& 7 2 MO EER L H
KD 77 7R ZNFNRT, JEHEEIZ MLP.S X 0 JEL 22T TH 2205, JFEL
725 ICHE T R N RFORKBIEIEELAL, BT IciRNAD Tv5, MLP_M & MLP_L ©
RRIEEHEITZ 121 98.6%.99.3%% 7~ L (3R 6-6) \ &= MREED ffiE X 96.4% & 96.2%
ENFNRT (£6-7) . £72. MLP_.M & MLP_L ® AUG 7 — % % &t all_f{f(x
95.3% & 95.2% % ZNZE R T (K 6-7T) TNHDFEERSSIE MLP_M & MLP_L 3w
FThhE MEFELZ R T2 EEBEDE N, TA PRFOEERIZEL TELT, bT
PITHEFE L, /A XDBFREL T B 2L LEBEHYBBIFEE D720 DT 7 b3
LweEzx b5,

#*6-2 MLP_M oJEksiE

Layer Type Output Parameter#
dense 1 (None, 512) 820224
dropout_1 (None, 512) 0
dense 2 (None, 512) 262656
dropout_2 (None, 512) 0
dense 3 (None, 256) 131328
dropout_3 (None, 256) 0
dense 4 (None, 256) 65792
dropout_4 (None, 256) 0
dense 5 (None, 128) 32896
dropout_5 (None, 128) 0
dense 6 (None, 128) 16512
dropout_6 (None, 128) 0
dense 7 (None, 64) 8256
dropout_7 (None, 64) 0
dense_ 8 (None, 64) 4160
dropout_8 (None, 64) 0
dense 9 (None, 24) 1560
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acc

1.0

3.0

25

2.0

train_acc

test_acc

SSO[

— train_loss

test_loss

|

00 Llv——
0 50 100

epoch

150

6-2 MLP M @5 & 7 2 bR IEEHE & HKEI%

# 6-3 MLP_L DJEhkid

Layer Type Output Parameter#
dense_1 (None, 512) 820224
dropout_1 (None, 512) 0
dense_2 (None, 512) 262656
dropout_2 (None, 512) 0
dense_3 (None, 512) 262656
dropout_3 (None, 256) 0
dense_4 (None, 256) 131328
dropout_4 (None, 256) 0
dense_5 (None, 256) 65792
dropout_5 (None, 256) 0
dense_6 (None, 256) 65792
dropout_6 (None, 256) 0
dense_7 (None, 128) 32896
dropout_7 (None, 128) 0
dense_8 (None, 128) 16512
dropout_8 (None, 128) 0
dense_9 (None, 128) 16512
dropout_9 (None, 128) 0
dense_10 (None, 64) 8256
dropout_10 (None, 64) 0
dense_11 (None, 64) 4160
dropout_11 (None, 64) 0
dense_12 (None, 64) 4160
dropout_12 (None, 64) 0
dense_13 (None, 24) 1560
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3.0

— train_acc

test_acc

~415 5
&

acc

— train_loss

test_loss

0.2 o [

-

0.0

. PR T (S S S S N RS 0.0
0 50 100 150 200
epoch

6-3 MLP L 02¢E K & 7 % P & L 8B

2 6-4 1 CNN1d @RS, X 6-4 i CNN1d O & 7 2 F RO IEE R & f85:E
BT 77 %17, 7AMREOIEER AR D 77 7 13flnTs v | BRBEEILE
FEHOMEMEZR L, =Ky 7 50 AEIZFHERBOMEAZ L T3, mREIEERIL95.1%&
< (3% 6-6) | RXEMGED fHD 89.8% &K\ (£ 6-7) . AUG 7 — £ %2 & all f{#
b 87.3% LXK 6-7), 72T A MREDEEFERBLEL Ty, [X6-4 DFEHR%E R
B0, HQUHEZ L DAY ¥ F AT — 2 D43 IZ CNN1d D288 §i8 A & féT
KL TwhRVnWEEZOLND, 1X3 OBRABRBDHKE AT b v OFHE E <
ETCnwAanEEZON, BEEYHBFEED 729D CNN1d o€ FAALIZREETH 3,
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% 6-4 CNNI1d oJEhEiE

Layer Type Output Parameter#
conv2d_1 (None, 1, 1599, 32) 128
max_pooling2d_1 (None, 1, 799, 32) 0
dropout_1 (None, 1, 799, 32) 0
conv2d_2 (None, 1, 797, 64) 6208
max_pooling2d_2 (None, 1, 398, 64) 0
dropout_2 (None, 1, 398, 64) 0
conv2d_3 (None, 1, 396, 128) 24704
max_pooling2d_3 (None, 1,198, 128) 0
dropout_3 (None, 1,198, 128) 0
flatten_1 (None, 25344) 0
dense_1 (None, 64) 1622080
dropout_4 (None, 64) 0
dense 2 (None, 32) 2080
dropout_5 (None, 32) 0
dense 3 (None, 24) 792

— 3.0
V\A‘V\/\]\/ | &8 . train_acc
S| WA test_acc
= 1) vﬁg 2.0
% 1.5 g‘

fm%ulo
s

= 0.0

30 40 50 60 70 80
epoch

— train_loss

test_loss

[ 6-4 CNNI1d 0%EKR L 7 2 MO IEE I L IHEBIEK

# 6-5 12 CNN2d o @& # 3, X 6-5 1 CNN2d o ¥E ;& 7 2 F D IE

LR D 7T 7 HIRT,
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% 6-5 CNN2d DJEhiE

Layer Type Output Parameter#
conv2d_1 (None, 286, 430, 32) 896
max_pooling2d_1 (None, 95,143,32) 0
dropout_1 (None, 95,143, 32) 0
conv2d_2 (None, 93,141, 64) 18496
max_pooling2d_2 (None, 31, 47, 64) 0
dropout_2 (None, 31, 47, 64) 0
conv2d_3 (None, 29, 45, 128) 73856
max_pooling2d_3 (None, 9, 15, 128) 0
dropout_3 (None, 9, 15, 128) 0
conv2d_4 (None, 7,13, 128) 147584
max_pooling2d_4 (None, 2, 4,128) 0
dropout_4 (None, 2, 4, 128) 0
flatten_1 (None, 1024) 0
dense_1 (None, 64) 65600
dropout_5 (None, 64) 0
dense_2 (None, 32) 2080
dropout_6 (None, 32) 0
dense_3 (None, 24) 792
——— 3.0
i
~ 2.5
val_acc
+ 2.0
0.6
g {158
0.4
410 —
—loss
0.2 L Lm&qu 2 _L -1 105 val loss
A v
OO P P P PR BT

—a—— N (]
0 20 40 60 80 100 120
epoch
[X] 6-5 CNN2d 2L 7 2 MO IEER L 8B

CNN2d ® 7 % FREOIFEZR L BEEE D 7T 7 i3 eiliv w3, BEEKIT R
v 7 40 PECHLn TR EE o EZ R LT, (¥ 6-5) , mEIFEEIL 98.6%
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Ll (R6-6) . RAEMGED f{HIX 96.7% %~ (£ 6-7) . AUG 7 — 2% & all_f
flElx 95.5% % "3 (K 6-7) 7TAMREOIEEERD TRy 7 BEDIZEREL T,
BB 0.5 Z T2 ETICT Ry 78T 5 MEE CTH 5, CNN2d OFHEIZT = b
D IEAR R EHIEDOIEE L% L > TW3 2L THh B, EFMEELT 5 BEITHEER
FDOEGIEERDOHSTIT ) T LIk 2 B HDIEERD 0% RE L HT VA TE

53, BEEYABFED 7DD CNN2d Ic & 27 {LizNEECH 3,

K66 4y FT—2 L ORAEERY

number of mineral
measurements species epoch  type of layer test_accuracy
63 MLP_S 98.6
93 MLP_M 98.6
30 times 24 134 MLP_L 99.3
23 CNN1d 95.1
21 CNN2d 98.6
4 CNN2d_Hi 98.6

£ 6-7T CREMIEOMEERT, HEOA Y P 7T —2705bENEH kD5 L
ZEAKRKZ VDO ERXE, RV OBLT—XICDIXIETEEEEZLND, ffHIT
FANF—ZDBLOMETH 5, all_fHIZ AUGHEETF — 2 4 SAFMETH B, £6-TD
Gy b7 — 7B ERGEEDER & B & CNN1d LAk f 6T 96~97%H TIZITE W
FILMEZRLCTH Y REAREFED bNL W, LL, CNN (FEEREEIC 254 24k
D7 A XD o THRABEB O E RO o B,

#£6-7 Hv bV —7HOREMGEDFEFER%(HQ WL L)

nw acc pr rc f all_acc all_pr all_rc all_f
MLP_S 96.1 96.7 96.1 96.1 94.7 95.2 94.7 94.7
MLP_M 96.4 96.9 96.4 96.4 95.3 95.6 95.3 95.3
MLP_L 96.2 96.6 96.3 96.2 95.2 95.6 95.2 95.2
CNN1d 89.7 91.9 89.7 89.8 87.1 89.2 87.1 87.3
CNN2d 96.7 97.2 96.7 96.7 95.5 95.8 95.5 95.5
CNN2d_Hi 97.1 97.6 97.1 97.1 96.4 96.7 96.4 96.4

nw : network, acc : accuracy, pr : precision, re : recall
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MLP Ci3JEHE 2558 13 ERIBERA 0.5 2] 2 o AR W EAA3 S 5, CNN2d 25H
BN E TRy 78 E > T3, CNNId I3@24E 23003 T H ) KO FEk o
i m %2R~

# 6-7 ic CNN2d & CNN2d_Hi DZFERGEED B fE & 785, 7 FRED = CNN2d_Hi
22 04~09% R LTEY D 97.1 LEVAR 6-6 1ICRT X 5 ICE B0 FERIT
i < KBS E (LT H 0l oA < 3, ZEIY AEIRE D729
® CNN2d_Hi & 7 MULIZHE R EEER GO N WATREMELA S » . WEfTH 2,

1.0 — 3.0
et 425
0.8 -~ :
' val acc
| 4 2.0
0.6 |-
g 115§
0.4 - —
4 1.0
loss
0.2 i i A ! A P 1Y val_loss
0.0 i ! | ! 0.0
0 10 20 30 40 50 60
epoch

| 6-6 CNN2d Hi ®2¢EE & 7 2 M IEER & BB

HQ WM LKAy b7 —27 TidET MU TE Z0[HEMEDRH 5 D1 MLP_S © #
THILEFERED LN K&/ 4 ZXPENEY L CEESYHBRED 720D
ETMALITREE L #Z 2 ST,

6. 2 HQUEAADREFE DFER

4,3 TR X S ICE L =BG W) 24 O T — 2 % 30 [BHIE L 72 H 0 i AUG
M ZfE L, 2 oicnt L < HQ MU Z SEHE L CE & FE D UM% 1T > 72, HQ AL
MAT Z ST X D NRE A7 P AR b FERERE Ed 2 2 & 2 fF
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L7z &y b7 —2 & @G - SFI3 HQUUWE R L LA TH 5, HEHKD 900~
2,500nm < HQ MLEE7Z: L & A LRI <TH 3,

6-7 1< HQ ALEE % fifi L 72 MLP_S_HQ D28k & 7 2 bR IEE K & IR
7 6-8 1 MLP_S_HQ DiEAITH %2 2 nZF IRt B IEEH1198.6%(FK6-9)TH 3,
¥R EMGED f EHIX 97.5% T, AUG WUWRT — 2 b & A7 all_f iz 96.4% % /R L 72
(£6-10), 2o D fEKT all_f{f1Z3JED MLP O ClRIEAED S DTH 2,

1.0 ———7— ————— 3.0
v
f :
0.8 -,;- 5 - . - . train_acc
test_acc
2.0
0.6 |
§ 15 a
0.4
1.0
— train_loss
2 test_loss
¢ 0.5
I i T BV YR S
0 20 40 60 80 100 120
epoch

6-7 MLP_S HQ D*f#E K& 7 2 bR IEEF & 8RB
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% 6-8 MLP_S HQ D RAFTH

MLP_S_HQ

Alu

Anh| Cal

Chl | Dic

Dol

Epi | Gib

Goe

Gyp | Hal

Hec

1 | Jar | Kao |Mon

Mus

Nat |Non | Phl

Pyr

Rho

Tal

Ver

Alunite

300

Anhydrite

293

1

Calcite

289

Chlorite

298

Dickite

296

Dolomite

300

Epidote

300

Gibbsite

1 [261

25

Goethite

270

Gypsum

300

Halloysite

298

Hectorite

300

Illite

297

Jarosite

15

283

Kaolinite

Montmorillonite

300

Muscovite

299

Natrolite

Nontronite

300

Phlogopite

298

Pyrophyllite

11

285

Rhodochrosite

300

Talc

300

Vermiculite

299

6-7 17 A FRFD [FER & HKBAB D) = A HEE L B W T w5, BRI DL
N 50 TFEY ZUBICHOTPICRONEZDATH S, ZNLHLDI L2 LAY A

FEDZODETAMLIIFREL ZE X bLD, £72FK 6-8 DREGITHITIL jarosite 23
goethite IZ, pyrophyllite 2% gibbsite I % L% NiL[EE X N2 50035 5, 6-8 1CKE
L7z ARZ P Afl(~7 b T4 beEvyEVBFA P)BRTHEINS FFEER 100%

TH 5,

6-8 Hectorite & Montmorillonite D73 e F A~ 27 bV F ¥ — |

reflectance

0.8

0.6

0.4

0.2

0 v

Hectorite
Montmorillonite

1000

1500

2000
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6-9 12 MLP_M_HQ D% & 7 = b EERE & 8B % 73, MLP_S_HQ
[FIERIC T A P RFO IEE R L ERBIEUIZITRE L 728 & 2733, $BEMER 0.5 % T
2001310 2Ky 7RETH B, 7R MNEOEERIIHBILEL T3S, L LIk
B DT ETHIZR LT, REIEERIT 97.9% (K 6-9) %, KERGED f i
12 96.8% (3 6-10) %, AUG 7— % b & A7 all_f fifiix 95.5% (K 6-10) 2 Z N Ziun L
72o MLP_M_HQ R3ZEHMHBFEE D7z DEF AL AL E 2 b3,

1.0 3.0
425
0.8 A - train_acc
— test_acc
420
06 H/
178
0.4
4 1.0
— train_loss
test_loss
0.2 ; los
0.0

L ! 0.0
0 20 40 60 80 100 120
epoch

6-9 MLP_M_HQ D2£E K & 7 2 D [EER & BB

[6-10 1c MLP_L_HQ 028 & 7 = b+ B IEA % & 854 % 73, MLP_S_HQ.
MLP_M_HQ (L CT7 R FROIEER L BRI P RE R ETESED 6N
%o BRBEEA 05 % THIZ20DD 25 TRy JRETH 2, BERBEKIIZFR Yy 728KE
{rplIconeeilnZL Twb, HQUEEZ L o MLP_L ICZ® b7z A4 7RD
BRBEEOELI(K 6-3)1FF80 b7\, T A RO IEZFRIFHBLZEL T35, K
BIFA L 99.3% (5 6-9) T, ZZAEMED f 1T 97.1% (3 6-10), all_f flix 94.8% (%
6-10) TETMLIZ 150 =H v 7 X VFTTITH & & 1Cx 3 Mt 2 %3 5,
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3.0

1.0 ; ‘ T
0.8 ;' 25 —— train_acc
— fest acc
! 20
0.6
§ 1.5 g
0.4
4 1.0
—— train_loss
test_loss
0.2 1os
(Y S P i

PPt -l a1 (0.0
0 50 100 150 200 250 300
epoch

6-10 MLP_L_HQ D2FF I & 7 A F D IEE R & E B

1.0 3.0
25
0.8 train_a
— test_ai
20
0.6
é 1.5 ?g
0.4
1.0
— train_loss
test_loss
0.2 0.5
D.U 1 1 1 1
0 20 40 60 80 100 120
epoch

6-11 CNN1d_HQ DB KL 7 = b o [F& % & 8B4

6-11 ® CNN1d_HQ %X 6-4 ® HQ WL 7z L DfFRICH T RIF SR 2R
LCTWwd, Lol 70 =K v 7 FED Sl EE 380 b, EEED Ktkld 80%MRE %
THEL TV, REIEERIT 95.1(% 6-9) T, RKAKGED f {HiX 92.3, AUG 7 —% %
¥ all f1391.6 THB(EK6-10)% ZNLTIWRT, FEHREOIEEFK 120 =F v 7 %
FTH B0%REETH 5, BEIYHEFRED -9 D CNNI1d_HQ D7 AfLidfEL v
tEZLND,
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[ 6-12 i CNN2d_HQ 08 & 7 2 F O IFER L LKA 7T, 7 A Mo
IEER, HEERoBE R KE », TRy 7 15 [HE2 5 REIHERBERSKEL LT
e b, FEHREOIEEEL 60 TRy 7% #@ECd 90 BETH 5, ZEIYHS)
[FE D72 D CNN2d_HQ DEFAALIZEH L W EEZ O D,

1.0 3.0
25
0.8 g train_acc
— test_ace
f 2.0
0.6 |
g 15 %
0.4
1.0 :
— train_loss
0.2 | test_loss
MM 105
N
O.U FEFEPSr S B ETET AT B AT BRI E PR ST By OU
0 10 20 30 40 50 60 70

epoch

4 6-12 CNN2d_HQ D2 E K & 7 2 D IEE R & 8RB

HQUUEZ{To /2T — 2R L CHKA Y M7 — 27 ZH L T8 %2 S 2 E LY
ExITo72. ZDOfGHE. HQ M7 LICH R TRRAICIEE R - fEIF EA L7z, K2
CIEE#HE DA L7z CNN1d ZBR< & T 0.4~1.4% D - TH 5,

FAFREORRBIEERIVFROEWEE 2> TH Y, CNNId 2[RTITRIETD
97.9%TH 5 (£6-9) . K 6-10 IFZAEMIEZTT o7 d DT, CNN1d ZFRIF L% ==
—INF Y FT =21 9TNRED ffEEZRL T 5,

FA v b7 =2 0¥EEE T A FROIEER L BABEB OB ¥ L (MELRAIICE X
% LS B EIFEE D729 D CNN O FAALIZIZIEHREETCH Y, MLP © 3 5L
Tl MLP_S HQ & MLP_M HQ 37 VLasmfgee HExbhd, £/, £V 7
— 7 DEERDOEH T »5E 2 TAUGUIRIC X > TR ADEAEZH L TW 356K
FARZIAHIELLFAEL TS EEZLND,
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F6-9 Ay F7—2HORET A FEEE%HQ UK A)

number of mineral
) epoch  type of layer test_accuracy
measurements species
35 MLP_S 98.6
91 MLP_M 97.9
30 times 24 229 MLP_L 99.3
26 CNN1d 95.1
7 CNN2d 98.6

#6-10 A v b7 — 745D MG D 55 H 9% (HQ WL A )

nw acc pr Ic f all_acc all_pr all_rc all_f
MLP_S 97.5 97.8 97.5 97.5 96.4 96.5 96.4 96.4
MLP_M 96.8 97.1 96.8 96.8 95.5 95.8 95.5 95.5
MLP_L 97.1 97.5 97.1 97.1 94.8 95.2 94.8 94.8
CNN1d 92.5 94.1 92.5 92.3 92.0 93.1 92.0 91.6
CNN2d 97.4 97.7 97 .4 97.4 96.1 96.4 96.1 96.1

nw : network, acc : accuracy, pr : precision, re : recall
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[

AfFE T3 24 O HYIFEIEIC CNN & MLP @ 2 20 FiE% H w2283k HQ AL
BRI B Cld o Tl - IEEREZR L 7,

L2>L CNN2d T ERFOEERD 0% TREAZ L, TRy 7 DT
A 7 ROBRBEIB DB RD S, @EE EZR L 72(K6-5. K6-12 72 &), R DKE
TEIETE TR, AR EICE W CR/MERHE T BIFEHR2CRERNIC 5 % B
DA, * D, ERIBEBEBBKE R L T AICBEILCTw3, Hiic HQ WFR D » o f5 A3
PHETH D,

CNN1d 13 HQ M o H IR b & FE R 0 IEE K A 70%55 (HQ WL L), 80%
55(HQ LEESH v ) & MLP 0 EHKFDIEEHICIHER L TKA 5 72, CNN1d Tld =R
Z1RXTDT— XL LT IX3DBELABEIT oD, N A= 2 b or DR E
Hiz+orTlde v, 72 FRROBRBEBHFKHBEM %77 L T 5, IEE¥EIT CNN 2%
THEE WA, BESYHEEED 720 DT MELEITZ S X ) RREMHREIZ R,

AWFFE Tl MLP @728 CNN IC R T X Y ZE L 2 BREEOB X Th b, EoiE
B AR L 7z,

AFZECIIZEE S IEE 1< 13 MLP_S_HQ 3 X t* MLP_M_HQ D F AL 3 AHE &
W FERTH o7z, MLP_S_HQ DE#IEIFFER 6-1 FRICiZefaEr4k(ray 7
T MNERIK)THEBSHOEEND-DICENE S HICHEL L ChE A EESE %
BEf L7z, ZOERIIRT-1 0L B TIEEFE(ace) - {HEZ R 2 & 2 J§T{EH 97.6%
AT K T-TICRON S K91 2 JAREETIET A P IRFOBRBIBNEAE %R L T
BO, 3EMBEMHNE2E TP PRETH L LV IERICR S 7,

K7-1 JEREE L IEAROBR

B E1 B2 /&3 B4 acc all rc f all f
4 512 512 256 24 97.6 97.9 97.6 97.6
3 512 256 24 97.8 98.0 97.8 97.8
2 512 24 97.6 98.0 97.6 97.7
2 256 24 97.6 97.9 97.6 97.6
2 128 24 97.4 97.7 97.4 97.4
2 64 24 93.1 94.0 93.1 93.0
2 32 24 53.5 53.4 53.5 50.3
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e e B

e o e
08 [l 2.5 —
20 val_acc
0.6
U o,
b —4 1.5 %
0.4
1.0
loss
0.2 J\ i _ il i _ val_loss
0.5
[\tmw\r\ﬁwf‘--"‘
o0 b b LTS L 0 ] ()0
0 10 20 30 40 50 60
epoch
1.0 hfaas aasnsssssssasascnsp JELY
WW"TWW
i 425
U'B 1 T 1 2 train_acc
— bt ncc
—— — 2.0
0.6
1=
S 4155
0.4
1.0
— train_loss
e L [
Gee o5
R a AAA~PMA NN A
0.0 0.0

A L 1 T I
0 10 20 30 40 50 60 70 80
epoch

7-1 2[@EfE(E) & SEEE(T) DB L 7 2 MO IFE K L 855
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RT-21CKA4y b7 — oL {H, @ EEORE, ZEEYABRED z0DET
MMror K o—EE2RT, 20X H D MLP_HQ o 3 EHEi&E(MLP_3L_HQ) A &
WIfEZRL 1, BEERIEEAERL, REAR/AXD RS ETMUICEL TV 5 C
L3bh B, MLP_S_HQ, MLP_M_HQ % £ 7 A{LSA[RETH 5, Z Dfli, MLP_S &
MLP_L_HQ i3t H DA 2Ro bbb DDET MEORREM:IEH %,

RT7-2 KAy b7 —2LETFTALDOREENE

Ry R T— S EFL A !$f731;&j7;?/ fE  BYE ffi?@ﬁmﬁ%g%;wm
CNN1d 3 5 3 3 89.8 G »HY) 70% x
CNN2d 4 6 4 4 96.7 H HY 85% x
CNN2d_Hi 4 6 4 4 97.1 R »HY) 85% x
CNN1d_HQ 3 5 3 3 923 G »HY 80% x
CNN2d_HQ 4 6 4 4 97.4 58 BHE 85% x
MLP_S 4 3 - - 96.1 55 »H Y 90%LL + A
MLP_M 9 8 - - 96.4 H BEE 90%LA k£ x
MLP_L 13 12 - - 96.2 e PEE 90%A £ x
MLP_2L_HQ 2 1 97.6 G mL 90%LL k= x
MLP_3L_HQ 3 2 - - 97.8 Mss AL 90%14 k= ©
MLP_S_HQ 4 3 - - 97.5 (AN 90%L4 k= O
MLP_M_HQ 9 8 - - 96.8 55 mL 90%LL k= O
MLP_L_HQ 13 12 - - 97.1 5-F BHY 90%1L - A

EEBBBIEERICEH 2 28R R 5 -0 Y E R U &4 caB e 2 s
HC, FEHBEBEERICG 2 2 EOMREITo 72, MELICH W24y P 7 — 213
MLP_S HQ T® 3, 513 HQ WLEFEA D AUG 7 — X CHE X3 THHW T AT
— 2L 1085V & 24 R0 2 I CH B, FEHRBEUL 20 L 30 HITH 5, % DR
1ZFK 7-3 1ORT X O IS REIESRIEL & BIE [R1E 0 BAAR ILMIE BIE 23 [F] U 7s & [RIESEIEK
YT GIE EIEER G 7o 0 E R ZEIYEDIE U e o (XHDE RIEA S v g 8RR
PR DH 2 7z HERELD 30 B CRIEIYIED 10 DEEIE £ HD 99.3% & 72> T
%, [ 7-2 1ICHISE [EIE 30 [BIFEE 10 o E G & 7 R b IO IEE K L HRBECE R
T, BT R MEOEER LR L T3 2B EEBEBICRRHLNE D 5,
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K 7-3 JE ML L [FESEPE DB (%)

21 acc pr Ic f allLacc all pr all rc all £
HEEE20 L5010 98.1 985 982 981 972 976 974 973
HIEERLS30 $i%510 993 994 993 993 972 974 972 972
HIEREIE20 §i%524 969 976 969 969 958  96.1 958 957
HEE30 §Li%524 975 978 975 975 964 965 964 964

1.0 T _ — 3.0
0.8 2.5
20 val_acc
0.6
g 15 g
04 |
4 1.0
loss
—val_loss
0.2 0.5 =
0.0 : 0.0
0 50 100 150 200
epoch

7-2 WEEIEL 30 [EIEEAE 10 0 FEERE & 7 R b IR D IEEE & R RBIE

AFETII HQ MU Z 1T o TWwAWE A v F 7 — 2 Tkl E o % R L7z,
INERHET 572011 AUGLERREFD T A =2 2 KEL L TEILICEA L T — 21
RE T 20 ERH B AL DT A= 2HPKRETEL LEBICRECSA Y P F
T— XL OMEPHTL 2AREERH . mAENICIEEFEN T 235 T %, Tanaka et
al.(2019) Tl AUG MLHERF I K % 0 OFELE O YIHAfE % 5 2 TH » . MLP_S_HQ T f f#i
1E 97.1% & AWFFE(97.5%) ICH TR PE Y, 2D X 512 AUG DX T X — X D
XLEER - f{HIZ ML — FA70BRICH 2, HQ W@ EINH OtEED B 2 @
THIRN 72 HQ M 2T 2 X X W AR LR A RO N2 LEZ N H, AITHERD
{23 B 2 o ANBIFSE CILAGF O FHM 1L S ZEMREE TTT 0 72 KEMGEIX T A P T — X % k
DELCkBIBGEEZTT) DD TT — X IREWERERH 2 L2 ICHMTH S, 77 71t
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INTHEBE L =Ky 7 OBFRE &b Abe TR T 208 R H 5, F—L FT T b
MEE 7 & CREBIEER O B % fHii IV 5 & sk 7z € 7 v o FAf % 388 K3 3 5 7] RE
Wo b, hBETMETEA Y PT =2 BPRGE L RITFEREL ZOKD T X —
ZIIETR Y 7BICREFINTE Y RBIEEEZ R TRy 7 OEECTHEED & WF
BEFAEAERT 52813, MLP_S HQ TET VU v 7 %2179 5A13£ 6-9 DR R
T A MEZERD 98.6%DHEENHZ X 91235 TRy ZHIRFEEINTWE T A —X
RIETLIR DL LICRD,

FIEYEROY — V3% TS D GRITdH 208, f - IEEHE L KT 2 54 python,
tensorflow, keras DY — LD~ A F— =2 g VT v IHRHEBEICITODILTE D, KA

DED LAERD DT h B LM o7z, Z DERTTIEDHBIRET, ¥ 7 X — X OfET

FFEIRFAICAT S BB D 5, AR TD —#HOFREABHE, RZICT Lo THITL Tl
R %217 - 72,
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8 i

AigEIE, EEEE 2O CTORRET AR 7 b T — 20 BB SYIFEE & BB IC
T2 TEDHAE L. ZoAMMEOMRE 2 HIVE L7,

MLP T35 9 2 J@ihE o8 & 2210 & & CEE JPIRIE 1 5l 70 i & Mgt L
7zo CNN TIE 1 Xt & 2 RICCRIBRDOME 24T 5 72, & 612 HQ WU A E S A E
RIS THMEIC O W T RS %21T o 72,

MLP Cl3E 3 @iEs 274 % 3 o072 (MLP_S, MLP_M, MLP_L) % 3%& L
720 FERGEORRICHE S - IEEE~OE LG L. MLP LT E 3 2 ks
BHEWGEICE W TRERYIRIE DS T2 14T 2 720 BICTERIE DJE v b O Tl E D
BN TE 2, £7- HQ WU % 6 X 70\ DIT@¥EE 2584 L 7=, HQ ML % fits L 7=
D DI ITEFEHIIFREL b oz, —MRIWIC HQ W ZfE L 7277 285& > f {EZ R,
HQ M % i L 72\ 3o MLP & f X 97%Hit4 (£ 6-10)TH » . MLP_S_HQ 7%#
HELRITEFAMCAEL E2 5N 5, ¥ 5 MLP_S_HQ(4 @) X v 3 @i
AR L THWERESEERYFRIEICHE L TWv 2 22 RE L7z, 2 0k RT3 JEE
EREWfEH97.8%) % /R L, @ EE bMIscROETMLICHEL Twi e EZLND,
KT 2T NVEIERT 2 RHTIEEES f il EOBE T IS 3, IEEE - K
B-ZRKy VDT T TDENRTA—RZDENE AT, RERETNERODLNETH
2, RBREEETAMEA—Fa AT —v g VBT X > T 5nm FEDQHEH DM
EHFARLCAETELZDDIC A>TV,

CNN i3 CNN1d & CNN2d o#iGt %17 > 72, CNN1d i35 R IX3 D7 4 v
ZEBHRIAATHL DD THLBIBEERBT 270 ARFT W EEZL LN,
CNN2d 1358 % DR Cr ik RIEE ¥ (98.6%) % 78 L T\ 3, 522 MEE T 13, 430 X 286

ERICH LT 96.7 L) @ fH(E 6-10) 2R3, BFEREE L LZHER T [FH
TEDTAHEE W5 Z & id, CNN2d 234 e LTIRZ T 3 b DS HICIRIND AL E 72 1F T
137 K 2RO E IO EDORR D AT b & Ex b b, CNN2d_Hi 13582
WREED f {28 CNN2d & 0 22 & (K 6-7), LA L. CNN [ZEH RO EEHE AR
80~90% & kK ZF v Z P24 Z7RD 7 4 APEEBBICEN -, 72, EEO
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FEEE R L 2 FERICON U CGEY) R RTLE RS CH 5, AL TIE CNN T
EEUYABRED 720 DETMETE S H Did7a <. MLP IR L TREE MK %
B hotz,

AW EERICE o T NKFRRTZ PLD ) A PRI NIBRB TR I
%720, AUG W D RIR O %8 I 3 EFEE S SLETH 5, Al 900-2,500nm 1< Hf—
L7t/ 4 X8 S i | MFIROMED ZT TR YL -72eE2bN05,

HEOBERE EIEC LT — 2 AT L 3EAHSYORIEICKE L FHET
% H BIENLHEREL 1 5EHC O B TRIEETH 2 LE2 NS, EMICIIRE
BT = 2BLIEE X0, FEICE L O ZHET 5, HICBL TIIEEOT R FA
NT—=203BFYVRETHEVETFHMINEHOIE, TNICHEDET—2%2FEHT -4
LLTHETARERD S, £72, FBT — 2 ORENLE 2R T 5 LTy KGN E
PhiHiiiETH b, AUG PURDEEA T A =2 TR Ly /T —2DEKDOH Y 77
HIEFERICKELBRT 2, Fuy 77y PEHBO CEFLET, =a—J 14 b
V= kST LIk D@ E R VX X5 2 LA TES, EarlyStopping B
BIZz Ry 7BOITHY) Y ZPETE 2B8CH Y BRI OB & H3%0E 3 IC IR
LBWEEICHRTH - 72,

FNERIMNRT DO 222 b L DREFE % 7252 TR EIE A (1994) 235 5 23
HAA—FY 27 Z2HCCHAEIE DD TH 570, 72 =0z 2(2017) 13 A — 7 —#
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