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RGB: Red, Green, and Blue

CNN: Convolutional Neural Network

SVM: Support Vector Machine

KNN: k-nearest neighbor algorithm

XRD: X-ray diffraction

XRF: X-Ray Fluorescence

ADAM: Adaptive Moment Estimation
SGDM: Stochastic Gradient Descent Moment
Grad-CAM: Gradient-weighted Class Activation Mapping
GUI: Graphical User Interface

APiS: Al Powered intelligence Spectrum analyzer
MAE: Mean Absolute Error

MSE: Mean Squared Error

RMSE: Root Mean Squared Error

SLO: Social License to Operate

SBOS: Sensor Based Ore Sorting

NCA: Neighborhood Components Analysis
ICP: Inductively Coupled Plasma

LDA: Linear discriminant analysis

ODA: Quadratic Discriminant Analysis

As: Arsenic

CS: Component Substitution

MRA: Multiresolution Analysis

SURF: Speeded Up Robust Features

UAV: Unmanned Aerial Vehicle

SfM: Structure from Motion
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RILEMENREL T3, AR ESILICRE L ZSEFFIHRONEDF N & LTS, i -
BRIV LREEZETIIFEKZEER)INCHGR L 722 &I X o> TRIOBEE 23 L% < O A& Il
WEEZ L0 L[], (2], £7-. SRR SHEE X720 F 27 L 34058 1| 0 K2tk % 753
L, BRIz EC CTHENICAY Z F Iy a2l e+ 2 BESEOEETEHE (4244 54
W) G EEC Leo KHEICH K RIEL B ZE YIRS Z L Rl WA Z5 &2z L 72 [3], [4],
I RIH B AR, TR 08I 7 o 2 R CHE I = KA - WcHE e e Fick - T
PLERIREDFEE U 2o R RICIB MR R T B O R E 234 U 7z fth, JITE-CRIEY). K&k LichiE
%5z 7-15], [6], M NSEIERIZFEEORIER L2 CTE2—H., ZOREE L TR ARBREENIEE 5]
FRLALDMRICEAN B2 52 CT& -, BFETIREANIILOIZE A EPEELZIFEIEL TS C
&b (RBEIESEIL D FEARKIBLIZMR 4 Lt T2 b o), SEEMEIRSEICE W CIEEOREE
DL L TR INZMHEAICH 5,

L2 Ligghic BuvTid, BT ERERMEDRA U T\wb, 2010 4EICiEZF 4 ¥ = U 7 Zamfara M B0
TEIANUEICEE S 2 54 U7z BRRERS IC X uid 3 TAM Eo(ERICEE 2 5 2 FRic o
ML SADRFIFI DO IZ EE W 2RI N TE Y Bl bh 7 2 g4 U 7-[7], [8], 2015 4
IZ1% 7' )V Marina iiC 5\ C Fundio kL& 2 D HAEHE L (the Samarco disaster) 23%4E L. H[)I[iC
Lo GERIZN =B EYE IR FIRE O EARR ORI E 2 5 2 7, 2 O 3 F#% D 2019 Fic X FIE
Brumadinho $51L1IC W CESLE X L3 L, 2020 4£ 1 AKFR T 259 ADFEE L 72130, BRI OVESE
M % FFE & 2 72 (9], Z oftic b Table 112" $ & 9 12,1950 4ERLARE D HERP CIREN L FH L TH Y |
PREEFR L GBEOHRE I A CBED i FALHETH 5,

FEP 4 v P CoPHEO RIS EREAEICE T 2EFE > 27 ) X208t Ly, R
T EIR OB AL L T 2, FRcREER EEICE T, 205 - B0 2 2 B L 72 85ILBF
DL —J7 <. ¥ - BAILBR ORI EICH R BEEAR Lo THICa L 2 =7 4 ICAHEHB LA
o NIRRT B, BREHE2 AR OEELTREZBERD Y LT EHM L &> Th Y FEE
2 R FEREL T B,

JESLM R SRERED O DO 2R X 5, ShlIREIC L > CRET 2ESEIC X 2L, K- BY%E
WU CABRICERE LAKBENAERELZ 52 CLE), Lo TR X > THIH IS N2 ESED
PrEe e dic, S WZESEYHEOE=2 ) v 7 3i¥Es it e KET 2 -0 0BEERFET
H D, FrliTRE R BLERREE. FrCEiE R IRIZ. EE2E % SDGs O HEE 6 (R4a7mke b A L &R
HI2) PHEE 1L (ERftd oz 50K %), BEE12 (0L 35EfE, 249 HF). BE 14 (B0
I ESFAH), BIEFE1S FEOBILIBSFSH) LERICBEEL T 5[20], SiF oSN, ka0
f@EE ) X 7 OEWERICE ST 27710 T, Sh3E L st o Rny 2 4k 2 WlREIC L, HUsiE 0 &0E
fLicdFHFL53 5,
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Table 1 Mine pollution in the world.

Mining site Location Pollution Type Description Year
Wittenoom Western Australia, Blue asbestos - Long-term exposure risk from 1966
(Asbestos Australia Airborne fibers airborne asbestos fibers [10]
contamination)
Ok Tedi Mine Papua New Copper, Gold - Continuous pollution due to 1984
Guinea Heavy metals in mine operations and waste
the river disposal [11]
Marinduque Marinduque, Copper - Mine Mine tailings leak due to a 1996
(Marcopper Philippines tailing spills drainage plug failure [12]
Mining Disaster)
Baia Mare Baia Mare, Gold - Cyanide Spillage of cyanide into rivers 2000
Romania spill in river due to dam failure [13]
Kingston  Fossil Tennessee, USA Coal ash - Sludge Coal ash pond dike rupture, 2008
Plant spill releasing ash slurry [14]
Talvivaara Mine Sotkamo, Finland ~ Nickel, Zinc - Leakage of hazardous 2012
Sulfate and heavy substances from waste ponds
metal leakage [15]
Mount Polley British Columbia, Gold, Copper - Tailings pond breach leading 2014
Mine Canada Tailings into water to large-scale water
bodies contamination [16]
Gold King Mine Colorado, USA Gold - Release of Accidental release of three 2015
contaminated million gallons of
water contaminated water [17]
Bento Rodrigues Minas Gerais, Iron Ore - Tailings Tailings dam burst, releasing 2015
(Samarco Mine) Brazil dam failure toxic  sludge into  the
environment [18]
Ajitgarh (Fly ash Rajasthan, India Coal - Ash slurry Breach of ash pond dike, 2019

pond breach)

nto river

contaminating local water

bodies [19]

A, NAN= AT P X =D TN & B E 2 T L 2 AR B E R A R o T
Wh, NAN=ZART PAARX=T 7 LE ABEDH DB & v D @RS RRE % R o 7R
MV LiC X o TEDEREZ KV FFlicIN s e DTE 24 XAV Vv i TH 2, A
HOMEFIT =T L LTHIbN T 325, 2 SEHEOHAFEHEMIEIC X 2 0MT LRI EETH 2,
3 OHEAEMAEIX. L #R (RiKER © 400~700nm). M #fifR (iR © 400~670nm). S #ffk (i
R :390~530nm) LFREN S, KT X o TN S N $Ek D b DIF 513, EEETHIIE 2 /i L CHifeic
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3% 2 LT, Figure LITRT X ic, BoHBERESICK 5[21], [22], MR, HSIiZAH 2 7 T x
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R D 2,

RGB data Retina Eye Object /

| I\

I'E i

HS data Image sensor Spectrometer Slit Lens Object

HSI

Figure 1 Schematic diagram of human eye and hyperspectral camera.

1.2, EEILDAARN=ZXT A4 A= v 7 OILH S
1970 RO B LR, N~ A X=R 7 b L4 2= v 7 (Hyperspectral Imaging: HSI) 1% Figure 2 i
RT XL DEETRHINTE 2, FIZITEZREE Cld. HSI (3RS HEOREZIEE L. S8
Fiiz BRI L. BOMREEREE % 2 i3 2 72 IcH 2 v 3 [23], [24], [25], [26], FHHEEZ ClL.
FIALHRICEHINIEAAN—ZARX T IAARXTHEHBCIE— 2V VB ThIL TV 5,
Qian 5 (2021) 2EL T2 L IHic, BE, "M X—ZART MAA A TEER LRI D LD
26 EBFHEHILCHED, 205 H 19 EPHBREZERI L T3, Y off 2 IZHBRo#uEN B L, B, K
B, BEKE~DI v v a VIR L T0B[27], #IRD A7 FAERSNTT 5 LT, SiOREE
EDORMEHOHICT B L3 TE 2 [28], WHFEREICH W T, R PMZERERDO [ =2 =7
WA AT KB DAL ERIE, B, KE R EopTicHll T nTw3[29], X oic, AKFMHTT
fk (UUV) (&, Y OFERE, Kh#E L%, fEfio=y v vy 7 h e, I aAMICHHIAT
W3 [30], B¥osEcir, 2o, fido~y vy s EYORAL X L RAOHE, IER DM
H. WY OFFE. REOHRAEOHER L, K OHMICHHIN T2, Zoiiiit, BEYOL
Stk i E Rl b b T 3 [31], [32], [33], 4l - =i 87 <id. HSI OIFREER) 2 PEE 23,
EMh DM CIULEED T =2 ) v 77 EOWIFEHRNICERH S T 5 [34], [35], BERHIS X7 4
14



2, BLEETOISHD O ICIREINTE /2, ABOEHE BRI NN—ZART L -V T 2T v %
BT 2 Lo G I nzdb b b niE, XV EEANELETT 20 ICEMEEZRALEDDD
»5[36], HF - PRI, B, BhzBEomt, 127 7 -2 o, LEWE oA, HE A
REDHTBTEHAINTWA[37], HSLITE, kDA A =2 v ZHMI T2 % 2 & D TE WY
IR AE R . B EE. JEREEE, JERECRILcE R L WO RIESRH B, L DRI, EERICE
FBIRACIGHEZZIL LT3,

Mining industry Medical Space industry Fishery industry

Manufacturing Military industry

Figure 2 Examples of industries using HSI.

1.3, SFENMFICET AL N=ART PV A X =V v 7 DIGHEH

BLZEIC 1T, HISRICHAAE 3 2 RARETEALY) O BRI 5 2. MI’%?ééiﬁiﬁfm«xﬁAin6
PR ICE W THERKRE 2HoTE ), AT —EEC(LYRER LoD 7 X —IC )
B R I LT 5, [ARRIC, SE3ER < H HSI oM 2 4 h 3~ < BIERE  oWf5EfThbit T 3
Figure 3 1C/" 3~ X 9 IC, BLZE(E. BRBL. BAZE. SfusE GESR). P, Vv Vo4 20FHeh T

VICHFETEZERTES, ZNETNDOEMICE T, HSI OIGHDAREMICEE T 2 e 3 ThitTW»
%,

Exploration Development Mineral processing

Remote sensing, Excavation, drilling, Extracting useful minerals

Mine closure,
evaluation etc. blasting, transportation etc. from mined ores

environmental assessment,
rehabilitation etc.

Figure 3 Mine development stages.
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R 270 REER %D 2 L2 HINE L% HN R 7 v 2 Th 5[38], [39], SEPiEEIX. Atz
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Y —TH % [42],

1.3.2. ﬁii-%%

FHFEERFS I, 7 7 & RERG, JUERMERR ., BEEVE B AT L ¥ BERAIRIEA v 7 7 OFEER»E
iﬂ6[43] X 5T, FFRERT O HUS-CHIHIE ST D LRAE S HEE & 70 5, RS ClX. FEERICHY %2 8IS
5, LHL. 2o7mexi, Al 7, HAFEZRAS 2720058 RArYa—-Y Vv 727
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MiTdhd, BHEHD N[ =27 P NUVEGRERITT 2 2 & T, TBEITTWEDOWIH OO L Al
R 7 A 23K 5 < 7 5 [45], Boubanga-Tombet (2018) I X 298 Tld. BRIk A X=X =7 }
WEMTZID ATz7 4 =V FR—=RDT 7u—FIC XY, WELEKEOIY YL SHEZ RN~ v
vy TE S HFHEIEL 72 [46],

1.3.3. &L

FMLofAE, TEMAEZE3REEAORMKEE L L CIFIATE w0, S0 NORE DY) % il
H3 208235 5 [47], 245D 7 v+ XX, mineral processing * ore dressing * beneficiation 7z & & -
b, Thoid, BEEGSELYCIESEIEY 2. FRANARER D D2 b 0T 2 BFARd e L TER
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1.34. BAIL - VvV FT—v a3 v

UrnelF—vaviid, H2LHEITTORBICTE 2 FEVIREBICHEIE2 7o R L ERS
T3 [49], BHFEROILILAEREIC KT EICIT, BIRKBOHEAEEN D, Lzdi> T, X
DN, BE~OFEL RN T 2 -0 0EER R T v 7 TH %[50], SiLEATHE O IR O R 2 % i
FILTB720IclE, T=2) v I7OERPARAIRTH 5,

%7 2 —XRICE T 5 HSI & W 7-H5EBIFR DRI % Table 2 12783,
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Table 2 Applications of HSI for mining development.

Author Mining Phase Purpose Year
R. Booysen et Exploration Aircraft-based HS mapping for mineral exploration in areas where 2019
al [51]. access would be limited for various reasons
T. Kurz et al Exploration Integrated LiDAR and HS mapping to evaluate widespread near- 2012
[45]. vertical cliff sections
I. Dumke et al Exploration SVM using data acquired by Underwater Hyperspectral Imager to 2018
[52]. detect and map deeper marine mineral deposits.
Y. Tan et al Exploration Band selection (BS) method of hyperspectral imagery was used to 2020
[53]. improve the accuracy of geologic mapping.
E. M. G. Prado  Exploration Using convolutional neural networks on hyperspectral data to estimate 2023
et al [54]. Cu concentrations in drill cores from the Olympic Dam iron oxide

copper gold deposit.
R. J. Murphy et  Exploration Using Automated Feature Extraction on hyperspectral images to 2017
al [55]. calculate mineral areas in a mine pit.
S. Boubanga- Development A field-based approach incorporating thermal infrared hyperspectral 2018
Tombet et al technology demonstrated the ability to efficiently map the mineralogy
[46]. and lithology of vertical cliff cross-sections.
N. Okada et al Beneficiation A hyperspectral sensor-based system was proposed to sort the ore 2020
[56]. before feeding it into the beneficiation process.
C. L. Johnson et Beneficiation Hyperspectral imaging of blasthole and crusher feed samples to 2019
al [57]. optimize gold and copper recovery, grade, and throughput in skarn

mineralogy, with predictive model development.
S. Leroy etal Beneficiation Machine learning classification of multispectral data from samples for 2019
[58]. on-line monitoring of particle size distribution and mineralogy of ore

slurries.
L. Windrim et Beneficiation Mapping minerals with machine learning integrated with unsupervised 2023
al [59]. and self-supervised learning of hyperspectral images to distinguish

between ores and waste on the mine face.
B. Zhang et al Rehabilitation The Vegetation Inferiority Index (VI1) and the Water Desorption 2011
[60]. Irrelevance Index (WDI), were used to monitor environmental

problems caused by mine development, revealing the vegetation and

ecological environment.
J. Levesque et Rehabilitation Unmixing characteristics of hyperspectral data were presented to 2004
al [61]. monitor the rehabilitation status of the tailings dam.
M. Gastauer et Rehabilitation A remote sensing framework to assess the environmental quality 2022

al [62].

during rehabilitation based multispectral Sentinel-2 imagery.
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Study on Detection of Heavy Metal Minerals Using Hyperspectral Imaging and
Machine Learning in Environmentally Harmonized Mining Operations

]

Chapter 1

Introduction
(Literature review, Purpose of the Study, Overview of the Study)

|

Chapter 2
Comparison and Optimization of Machine learning algorithms for
hyperspectral data analysis

|

Chapter 3
Development of hyperspectral data analysis application (APiS) as a
user-friendly tool

Chapter 4
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imaging and machine learning

|

Chapter 5
Heavy metal mineral content estimation using hyperspectral and <
machine learning
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Chapter 6
Remote sensing application using spectral image registration
protocol
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A

Figure 4 Overview of the study.
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Table 3 Pseudocode for hyperspectral data processing.

Algorithm 1: Algorithm to Construct Table data

AN W DN R

LN

Input 1: dataFile - path to the hyperspectral data file (e.g., 'Indian_pines_corrected.mat’)
Input 2: groundTruthFile - path to the ground truth file (e.g., 'Indian_pines_gt.mat')
Output: finalData - concatenated data matrix with hyperspectral data and ground truth
labels

Load the hyperspectral data from dataFile.

Load the ground truth data from groundTruthFile.

Extract hyperspectral data from the data structure

Extract ground truth data from the ground truth structure.

Get the dimensions of the hyperspectral data (row, col, band).

Reshape the hyperspectral data into a 2D array where each row is a pixel and each col is
a band.

Reshape the ground truth data into a column vector.

Concatenate the reshaped hyperspectral data and the reshaped ground truth data into
finalData.

N
band 1 2 - N
- ] » | Pix 1 100 200 100
AN \ » | Pix2 120 200 102
§ \ » | 18923 | 200 100 210
X
(a) Data cube (b) Learning data set

Figure 5 Schematic of data cube and table data.
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Figure 6 Spectral plots of (a) Indian Pines, (b) Salinas, (c) Pavia U, and (d) Botswana.
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Figure 7 Number of datasets for each class.
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2.1.6. Botswana

ZDy— 132001 5 2004 LT TRY T FDF A AN T - Tz EZETNASA EO-1 12k -
THfF S 7z b DT, 1496 X 256 & 7 &L, 400~2500nm D 242 D3RS v FTERE LT %,
TI7VEIFoN—AT—=RF14DI FZRCHTONTMMEINTOROANY FL ) 4 DL NV
FRCKRD IR D FEEUC B3 2 o8 v FidBRrE S 4, 580 @ 145 v F ([10-55, 82-97, 102-119, 134-164,
187-220]) 2%t & L < & 7z,

2.1.7. K&

FE X, T LTIt 2 EBL T2, 2hiF, T RTCOTFHFERDOTFT— 2 R4 v+ ok,
FELLPHEHEINET —2AFA VIO TEH LIk TRENG, LzD-T, HEIRXRSAcEINn
% [63],

TP+ TN
TP+TN+FP+FN

Accuracy =

Eicsoc, BEETP)IZEMN 7 7 ACET2EELLSHINAEZT 2R v OBERL, H
et (TN) ixfet: 27 2 AICBT 2 LIEL A AN T — 2 R A v b o e R T, BIEMEEN) e & 3
STHHEINET =2 KA v o ERL, BEEFP)IZGE LR o THIEINLT -2 K4 v F O
ERT, BEMEIEVIZE, ET VO FHIEREAR ELTwE 2 & 2RT,

RFEITHDBEZFMMT 2 720 0BEE LY — 1V TH 5, iRFAFTHIZ Figure 8 IR IERX TRI N T 5,
THONILA T DA T T) TI_AffIFEI T3 0 HGWH(TP), HEEW(TN)., #51EFEP)., itk
(FN)[64], BFEFTINIC L > THRRT I LICL o T, HARTHRL LW AEET LD T f—< v
A% B ICHiET % 5[65],
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Predicted class

TP FN

Actual | True Positives | False Negatives
class EP TN

False Positives | True Negatives

Figure 8 Confusion matrix.

2.1.8. HWFET LY XL

Figure 9 10783 & 5 1C, BEMR-AE 13, #hilid 0 FH, ZhiiZa LEE, BILEED 3 >0 L 2 4 7
ST D LB TEB[66], HbMiH b EE Tl ALAREXSEEIMERT 2 ER 7 Ve GL5E 7 — £
DRt g, MBI, Bl LAE T, 27220 v IR ETTLHNT, ERORWERT — X
DB TbN S [67], WLEEI: BEREL - = v L EHOEREE L DM AR 2 515 54 5 il
DEMZBELTHET 2 7n X EERINDL, S, THRZEL T 7+ —= v A% W
b FEGECHB68], BllidH Y FEIZ, pELERE V) 2 DDREDZHT TV ICHETEE
ERTE D, AlliH Y EETIE LI, ANNCHE ST 2250 LOERI N 7 AICHHE
T 25 7o R 2ET[69] KA, MR IEANZE D€ v MW TRERORI R 2 Pl 3 2 [70],

Machine Learning

? Supervised Learning \ / UnsupervisetlLeaming\ / Reinfarcemems

Train Al using Train AT without using Learning
GroundTruth data GroundTruth data Agent learns to maximize

/ . e \ . . i rewards by interacting with
Classification Regression Clustering an environment

&
g/

Figure 9 Categories of machine learning.

AW ClE, BlD 0 B ICED KA R 7 2 Ei L 72 AW CHA L 72 8EE 7 v i3, 2R
ZLDEHRAA=a—T Nty FT7—2 (CNN) EFAEZHACTER S, Y DET LI MATLAB
Classification Learner 7 7'V 7 — > a Y ZH W THFE I N2, T —ZARBIOEEZRET 5720, ~ [ o8—03
TA—=RZT 7 H N MEICRE S, ERG2H (PCA) @ X 5 AT IZ{TH 7D - 7=, Figure 10
IR TS E = T v, E L ICER E Lz,
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Figure 10 Schematic diagrams of machine learning models.

2.2. WERLEH

Tabled i3, G2 oN7cT =Xy ML TEEBFEETADELL WHEZZTRL T, ok
% Figure 11, Figure 12, Figure 13, Figure 14 IZ/R"J, 7T —XE 777V F b v b — XDIREETHER
TN, FEHEEET VOREPTT INT VS, WEOTRBMI/NT W L iF, ET VDRI ENC L
ZRLTW3, ZofEH, Salinas, Pavia University, Botswana D7 —X% -+t v b Tlx, 74 F -+ =a2—
FNAy T =7 b ECa R R R Lz, CPESEIEREIL 95.71% TH D, TN TDET LD
HFCRLEWIEETH o7, Cubic SVM |, Indian Pines TREDDFHMEEZ R L, v Y AT 4 v 74
i, 3 _XCOT -2 EGTRKOPEEREZ R L, RV RAT 4 v Z7ERIETRTCOT—X Ly T
& DKW SEMERE 2 78 L 723, 1D-CNN 13135 75.56% D 73 JEERE T 7 HHICR WE T AMRER R L 72,
Indian Pines 7 — % & v + Z TR D LB E O RIT, ROFEEMECZ LBDD o7,
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Table 4 Results of the machine learning test.

Testing Accuracy (%)
Model Type | Preset Indian Pines | Salinas Pavia Botswana
University
CNN 1D-CNN 53.516 82.705 85.480 80.556
Tree Fine Tree 67.285 87.990 85.200 89.506
Discriminant | Linear 77.832 91.540 84.896 95.062
Discriminant
Efficient Logistic 30.273 72.880 69.675 41.049
Logistic Regression
Regression
Naive Bayes | Kernel Naive | 54.590 82.100 68.225 79.321
Bayes
SVM Cubic SVM 92.188 96.670 96.049 96.605
KNN Weighted 77.734 92.440 89.525 93.827
KNN
Ensemble Bagged Trees | 87.207 96.640 92.869 92.901
Neural Wide Neural | 91.797 96.420 96.493 98.148
Network Network
Kernel SVM Kernel | 84.375 93.920 94.739 94.444
2.2.1. CNN

CNN idm a2 R el oN T2, L L, AR CHWZZT — X% v b TIIOHRE
Lt DR T2 4 - T 72 (Indian Pines: 53.516%), Salinas: 82.705%, Pavia University: 85.480%,
Botswana : 80.556%), Z DIHRITIZNWL O DHEEWRH 5, 2D EDiE, CNN O ICIIHYE
DR T — A BREETH 20, SEITZND TR EBAFCTE D722 THDL, BHICLoTiE. 7
—ZFRA Y FOEBATHT, BMTHPILPAHTE R o7l bbb, TUABEE TR EE
X LRSS B B, T — X AR EE & PULERE  E R D VR B B, I D IR WIEEE
%/~ L7 Indian Pines 7— Xt v Md, 7 7AZL DT —XKA VMR REL ER LY, 72D
i b SBHE CTH o 7= AR D 5, Z 1Y CNN ORI A EHRE ) 2 Wi T 7 vl S 5, i, 2o
T TV E W AR L 2 7R L, Salinas & Pavia University D7 — & & v T3 80% D EHEL ~
WEER L 7z, BY) A X=X F X =2 DFERIZ, BAAR=2—F 1%y P T —2 (CNN) O¥H
FEICKRE L E L5 25, LedoT, WUIBAAN—NT AR %FETHZ LICLY, CNN D%
EREEZM LIS 2L A[ETH I LEZLND,

2.2.2. WER

RENR (Tree) 1ZHERIH 7€ T L TH % 25, FFIC Salinas, Pavia University, Botswana ® 7 — X &

v P CEWIEEEZIR Lz, ThUE. 7 7 REBIAHE T, ThbDT — X2y F OEHE TURM. 22
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)« 222 F B DSEERRE 2 & 2R LT B, i, Indian Pines DREFEAME VD d, 7 —
By FOBMILETAT —FT7F v =, ZOT—Xty MCRBETRVAREEZRL T3,
BIRET VI T — X DRI R FHEZ L 2 2121308 L T % 28, Indian Pines ® X 9 RS RICTARZ b
WM T — 22y MK L CIEf7ZR 7 7 A %2R T 2 0 1IN ch 2, chiz, 2oL 7%

— Xty MR OB R WA T P AR EM N X — v B RERET AR Z 2
TEBRTERVEZDTHLLEEZ LN,
2.2.3. BB BT

ARFFEIRRMNTEZTH D, Botswana 7 — Xt v MICEWTHFICHWIEEELZRLEZ, 2OF
HlE, 7—Z %y FDBEBRNICHEE I NG EICOLRE L 2EEEZ /R L 72, Botswana D7 — X%t v kT
Z. T—ZEH ANV FOEPRIDEL, T—FT7 7 F vt T -2y PCRETH L LIRS
N7z,
224, vV RT 4 v 7

ZOMER, COFRFIRTOETALOHF TR DKV HEMERE ﬁbkoﬁﬁ\m®mﬂmsk
Botswana D7 — &+t v FIZEWT, TOETUIMECHEEZRL, TNET—F727F vXeta
DT —XEy P OFEICRBEICESL Tl E 2R LT, ﬁ%%r»#&7z07ﬁﬁ®%§
ERITRT VW LT, o b THB, L L. IndianPines &6 U 200 N F 2+ Salinas T
KEEED T0% %A CTwWa 2 L IXFEHICET 2, S, 7—% &y FMICHET 2190 7 L ORE

R G2 R R TR L CVWd, TOT—X kY FOR T T VOWEICHELY 5 2 72 THE
2B 5,
225 FA—=TRA4X

RKEF L, £ Salinas & Botswana D7 — Xk v FiZBWT, KB WEEZRLEZ, 2O &
X, EFADBMED T — %€y MCEHYIGEALTWBEZ EERLTWS,
2.2.6. SVM

COETNE, FRICHSI 7 =20 X5 @RIt T — &ty bOpFICE T, 5L -MREZ T
2L THATH D, TOETALER, TRTDT—X Ly FTI%EHRIEDFRELZTL, S5
BT =X XA TICAMTHDLZLERL TS,
2.2.7. KNN

KNN 3% O HEM AR T —% 7 7 F v I b 2 b3, FFIC Salinas & Botswana D7 — & & v +
ICBEWT 0% ZIEZ ZREEZIERT 575 L, 2ERNICRIFRFBRZRL TS, COfMARHL,
ROMBRBES T, GHE I X P 3 IR W & W RSB 5,
2.2.8. T vHvTAEH

ZDET MIEERNICEN T EREZ R L, ZEME L IULREN 2R3, HE DO W EHE T LV ORLE X
ETADR ) AXDG T =2, BEEE ST ERRL TS,
229. (Bw) —a—Inrpxvy b7 —7

COETNESRRET — 2%y Michlo THEREEZR L, WREEEO 7 —2 i L T—HL
T-HREARET 2 L RBI N, mOEREIZT — & v b DM X R 0 IS 3. CNN & g
L CHBIEWEIE I XA P eI FHZREET 2, 61, 2OETAOEMS & IRATREN: 2R/ R
Th 5720, ERHME L EEER M ET 5,
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RN, YR—FR27 X —<2 v (SVM) 3 Indian Pines ¥ —Z & v F CHREDMEEEZ /R L 7225,
Za—IAAy P72 3O T -2y P TREDMHREE R L7z, MR, CNN ZZhbD 7 —%
vy MCEWCHREOHEREZ T Lz, ThbOfRIE, 7— X2y F OREDRBUICH D W Gt 7%
B EH T 7 A 2T 2 REMEZRE L T %, IS, CNN O &5 i L i B 7413, &t
Hax 2@, ERATREE O S CRVED B 203 B 5, AWFZEIE, LA iR es = 7 v 23, Be
KXo TIRBREIRDET N B EETLARENERH 2 2 L 2 FEIE L., FEDOEL T CEN-IEREZ ER T
BAGKEIN T 7 v — F O A[REME % 38 L 72,

2.2.10. 51— A Nl
RIS E 135 < . Indian Pines A D7 — % & v b TH 90% D35 MERER /R L CTH V. Indian Pines
DEICITADT = 2P R-> T VLT —Zty MCIZEL TWiARWI ERRBI NS,

{a) ID CNN (b) Tree (¢) Discriminant (d) Logistic Regression
o i T ] g -

Figure 11 Indian pines segmentation results.
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(a) 1D CNN (b) Tree (c) Discriminant (d) Logistic (¢) Naive Bayes () SVM
Regression

(g) KNN (h) Ensemble (i) Neural Network (j) Kernel Ground Truth

Figure 12 Salinas segmentation results.

(a) ID CNN (b) Tree (c) Discriminant (d) Logistic (e) Naive Bayes
Regression

(f) SVYM

(g) KNN (h) Ensemble (i) Neural Network (j) Kernel Ground Truth

Figure 13 Pavia university segmentation results.
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() (b) (© () (e} 0 (g) () () @
1D CNN Tree Discriminant Logistic Naive SVM KNN Ensemble Neural Kernel Ground
Regression Bayes Network Truth

Figure 14 Botswana segmentation results.

2.3. RO EEE = 7 BT 2 A

REOHMIZ, " X=ART VT — XDFNTICE T 2 E T LI ) X Lo EER R 5
TEeTH b, i, NAN—ART PAT =R T 5% DT 7o —F, FRICBEARAR =2 —T )L
F v b 7—2 (CNN) 2MERINT WS, L L, HEL X7z 2Bl 78 Tk & O E N 7 [k
B0 d, T OFEOMMNW MR & RAIAHELREETH L. AT, Flko R4k 245
DEBRBNAN—ZART P AT =Xy MiTOWT, 10 FEOEMEEET AL (CNN, vV —, 5,
BYRAT 4y 70, FA—TRAX, ¥ R—PbRT7Z—<> v KNN, 7vH+ v 7, (K») =2 —
INAty b7 =7 =2 NER) OWREZFEEI L 72, Z OFER, B2 -T2ty P T =271 3T RT
DT =Xty b CENEDEREZR LD, BHRAAR= 2 =T %y T =27 THREOHEREL 2R
Shhotz, T, SUM b7 v 3 v 78S CNN IR TENDBEMERERZ R L2, R oxT
LDSFERER I, FETAOBHAMREAMEO T — 2y PIKTFLTWE 2 &R LAEZ, TNHD
FERIL, BWEET L) RLRTF — X 2 RICEECE 3 2 b, 2 LCHY &% EE T L08R IT
F—2 %y b DRFEDRHMICEDOCRETH L L ZRL TS, CNNEF I, Z DKL 72501
RECTHAATH S, LorL. CNN EF7 v, GHEAM2IKE <, HIHREEICRA 25 2, CNN 71
DHEAMET —F7 7 F Y OHMI I, WRE L2742ty POREDORMICADEL LA TE
5 LT Nz,
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3. NAN—ZRT MAT—REFT 7Y OB
3.1. AEOKR

NAR—ZART PAT =2 FHEDARY P VERERER VA BRI A~ b v RRT L
O, BEVIREALEIC & 5 TR Y — AV TH D, BWAE ZAA N7 T — X5 b SRS % FF
ETDHIENTELD, ZOEORICHEIR M-It o CGHREE 2 5, BITIHFEE LT g 89—
X7 PT — X BRI S EICHS L2205 MATLAB R—XOfEiT A7 V) 7+ % FAFE L 72
[88], 2R 7V 7 Mid, fERIFEMRK L 2FIHTE drolo A N—=2XT b LT — 2% | %filif
SFORECT, ERLYVDEF 22 ICAFH R —FPHHATE L XHIC LR THEFINTH o7, Ll
BB, 974N a—F—-fvxr—7xz—Z (GUD) CHEHED LT 3 L) HTiiED
RDD o7z, /2, A7V TIPR=RDY 7 by z2TE, a=v P74 vEERHLTH L0, 7o
77 IV OHEBBLETH 7, FFIC, A7V T FOETONTA—2DFEFFFEETITOND =
o, BEEPSEMTH 572, MAT, T—20a{LICiZIEL T 5, 2 — I CHIRLIE % 1T 5 L5
BHotz, Ibic, NWHEBREOYI VB2 I, H7ZCA27 ) 7 2FETT24ERH D, £ 2 —1[HoD
B BHECR D > 77,

ARECIR. 2 —HFL I T4 235l bdd  BEAZ T ON 5 2 —FDIEELT 72, APiS (Al Powered
intelligence Spectrum analyzer) & H T L T 7V T — a VEMHNT 5, Hoe3 X, 2%,
BEREME 2 RIBICE L 72 CNIE MATLAB 22 ) 7+ 27 7V r—v a VICERT 2 2 L TR L=,
ot A7 FPEHU RGB IR DFIR 7 &L Fi7z abRersgnn - isfbahcnsd, o7 7Y 7 —
YaviEa—F 7LV FYICHEGHEINTEY, T I v oRFAEHLE L Ly, MATLAB &%
BICHAEINTW L7720, HiLoua—FEEOMTEMAAL Z L ATE 2,

3.2. APiS offE

Al Powered intelligence Spectrum analyzer (APiS) 3. ®/NRDO L —HF AT THAA X—=2 =T P AT
— 2 ERTT 2 X OFFINTHY, a—T 4 v ORI R, 2—F L v Ex—T7 2 —ZF, (DA
b, @Q%E, QxrxAvyi—vav, Q)TAID4DDFEY 2 —LTHEEINTHWE, ThbDEY
2= E, ZNENER RRFICOHIE L T 5, Figure 15 ISR 3 X 5 1T, T 7' v & R IZHER OBk
YEOT =7 7u—Iliho THRINTWE, ZOMREBICLY, 2—FF—HLAEZT7 -2 70 —1fEt-
TAAN—=ZRY AT —2OAHUE, EEH T — X DR, BEiEE €7V 0ER, €7 0%E, ke
Tl 2T B TE D, ZHICED, 2—=F LV T4 L a2—F T/ AXY TV ZAHPKIFICH LT 5, FF
ICHEE L OMAICESABEVTEY, TRICE D 2 —FEIHHCRIFLA R 7 2ETT 5L TE
%, oI, SHEICRRLHOBEAAL=2—F %y P T—2 (CNN) €7 L% & 34 DWW E €
T %, [FICid CNN 258 27 oOWrEE 7 v 2ALCwE, ZICE), 2—FD=—XiH
OETMBEZ TR S,
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Figure 15 Overview of APiS.

3.3, BEAERfSE

NAR=ZRT P VT —X&(F, MATLAB % Python a &7 a7 I v 7 SiEZ T <kl Hiko v
Zby T RMHL TS LD TE %, MATLAB It Image Processing Toolbox™ Hyperspectral
Imaging Library 28% V| A »¥— X~ 7 VRO IEE & w[fl{E D 720 DA L v — A3 fgfit T T
%[96], [97], Python Tix, "4 X—ZAX_7 VT — X 2T % 7-® D Python £ 2 —/ Spectral
Python (Spy) 22t aNTH OV ANAN—ART P T =2 2T 57-00% L DKL IHA TV 5,
iy 7 b7 =7 & LTl, ENVI (Environment for Visualizing Images, Inc.) 23 A fFEHI T35 Y
—VD—DThHb, L L&A 56, MATLAB % Python THRftI N2 Y — 23 ERICHIAT 21T,
7077 v SEEORERMENI AR TH 2[98], ENVI O X5 AHIROY 7 b 2T THoTh,
KB 77— 2 & v + OUBLICHER T 2 5 & 13 Ff2322 %2 %, HSI-PP % HYPER-Tools 72 &', 4 »¥—
AR PNT = RN D120 DY — VBB K REINTW5[99], [100], chboy —NidEETL
—FTL VY P Y BN N=AR7 P LT — ZUBRE A RS 2 77T, EFAEICKRE L T 5 EE
FPEHETNVEOMARX T EITOR TV,

KRETIR, BERT0 77 I Vv 7Bz LEE LAz —F T LY FY ANf =27 P LT — X
fRWTT 7V r—>avEIRRT S, COT 7TV Tr—3vaviE g =27 P AT — & LEEWEE R
Gl o TH Y, 7—20u[FULIZ T TR, FEHT — X OREEE, A8, 8T 7 L 0iHilh b 7]
fEchz, COTTVr—vaviz, cnETTur T v SoEMAEE RO T oEMERICEL
TN A RN=RRT P VT = R EEIN~DT 7 2 A% B 51T 5,
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3.4. ik
3.4.1. FHFEERI
Zo7uyxr tOERFFER X MATLAB (R20232) TH5, 2o 7uy =2 b Tld, Computer

Vision Toolbox Z¥¢M L 72, L 72> —1 K v 7 i, Computer Vision Toolbox : »¥— 3 v 104

(R2023a), Deep Learning Toolbox : Version 14.6 (R2023a), Image Processing Toolbox : Version 11.7
(R2023a), Parallel Computing Toolbox: »X—3 = ¥ 7.8 (R2023a), Signal Processing Toolbox: Version
9.2 (R2023a), Statistics and Machine Learning Toolbox Version 12.5 (R2023a) #fffH L 7z, 77V 7 —v
a v OREEICIE, Figure 16 12783 MATLAB App Designer Zfifi L7z, AL —74 V7V X T Ll
Microsoft Windows 11 Home Version 10.0 Z{#if L 7z, MATLAB CHi% & 7= a7 E 7 77V
. D O E T V2 MAAALTEY o7 T IV ZBREL Y IE s IcEne S
WZ LGP oTVD, RETZT 7Y i3, MATLABBREAMHHAL T, Zhb L o)kt x EHT
%,

Pl =88 MATLAB App Design View Search B | View |

]
% v
B Cheek D
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RCE AL m
= N L
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Figure 16 Overview of MATLAB App Designer.

3.4.2. Ul/UXFH4 v

APIS v AT L, =¥ 7LV FY RBEAZEHLTEY, T _XTCO2—Ff v E—T 2 —Ra VK

—F Y MR 7 e — b o TRIEINT VS, BV AT LEY 22—, 272V zrszeTT

7% A C%, Figure 17 IT~" T,

(D) AUt : ZOEV 2 —NEFA[ N—RRZ MPAT—RZDVHR~T P AERERT S, 2—FEFRR

T 5B0EE (ROD & A LDOHERZIERT LR TE S, 20X 7OMES Figure 17 (a) ISR,
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(2) #8: ZoEY2—ATiH, ROl KXo TH¥EF— 2 LT A A—Z_T LT — % -
R 2 R - P T7 AV 2070y 7P AR - NAN—ZRRT P VT =R EEw VT AR
F VT — Z DI - BB TR - R E SR A R BEIRT 5, v F R AT — X DY,

I—FRIEEOHD ANV FEAN L, EELZANY FOREFHL COMEZETTLILNTE 5, K
WA ICBARAR =2 —F %y F T =2 (CNN) ZERLZEE, =Ky 78E 3=y FHEEATN
THZENTED, TDOXTOWMES Figure 17(b) I8 3,

(B) 7 AvF—vav: ZOHDEY 2 —ATE, FET—Z2OFELFE T A —2DOMEPAT X
Nb, 7 AVT—vavEY2— LT, ZNODMEEZFCTEMEELFETINDG, BWFE 7o+
Z ¥, MATLAB Classification Learner 7 7'V % 7z |% Regression Learner 7 7'V &L B ITHEAE I N T 5,
B 7o e AR TT L, TAF «c A RN—ART MATF—RDR AV TF—La vy BRETIN
%, ZDXTDOWER Figure 17 (c) IR,

(4) 7AF 1 ZDOEV2a—ATlE, TV 2—AQ)THI AV T —vavEaNzT A MEGRME STV F T
yL— AER ZHGCIHM I, EEEL e e VEESHE I NS, 0% 7o % % Figure 17(d)
IR,
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X | [4 MATLAB App

| 4] MATLAB App s o o .
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Figure 17 Overview of APiS app.

3.43. TAT) X L0

APIS ICBWNWT, N A= 7 P AT = ZEHTIE, 1 RITTD AN =R2ART P AFRT —RITH LT
fibnzd, BOHEE (ROD %EIRT 22 LT, N A= 7 b VT — ZNOEEONIE AT X 4,
ML & 4L, Figure 18 IC/RT X HICT AL L L ICHMEEAO T — 2 L LTIRFEE S,
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Figure 18 ROI selection and averaging spectral process.

RIF SN b L—=v s - F=2F, BHriAH=a—F 14y F7—2 (CNN), %73 MATLAB
Classification Learner App / Regression Learner App # 25 & &I X b | FIHTHEZR % B OBEW 7 E T
D 1 2L O EINS, 2—FRITEOEMYEEET V2 ERT 2L d. T RTOEHEET
NEFL—=Y AL, RT3 2LdTE S, CNN ZEFEEHICXL > THF¥ T 7z ID-CNN €7
NMNEFRBALTEY, LGOI EET LD Y X b id Table 5 & Table 6 IZ/RE N T35,

Table 5 List of machine learning algorithms for classification task.

Name Name Name Name Name

CNN Efficient Linear Medium Gaussian | Weighted KNN Medium Neural
SVM SVM Network

Fine Tree Gaussian Naive Coarse Gaussian Boosted Trees Wide Neural
Bayes SVM Network

Medium Tree Kernel Naive Fine KNN Bagged Trees Bilayered Neural
Bayes Network

Coarse Tree Linear SVM Medium KNN Subspace Trilayered Neural

Discriminant Network

Linear Quadratic SVM Coarse KNN Subspace KNN SVM Kernel

Discriminant

Quadratic Cubic SVM Cosine KNN RUSBoosted Trees | Logistic

Discriminant Regression Kernel
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Binary GLM
Logistic

Regression

Fine Gaussian
SVM

Cubic KNN

Narrow Neural

Network

Table 6 List of machine learning algorithms for regression task.

Name

Name

Name

Name

Name

CNN

Medium Tree

Medium Gaussian
SVM

Exponential GPR

Trilayered Neural
Network

Linear Regression

Coarse Tree

Coarse Gaussian
SVM

Rational Quadratic
GPR

SVM Kernel

Interactions Linear | Linear SVM Boosted Trees Narrow Neural Least Squares
Network Regression Kernel
Robust Linear Quadratic SVM Bagged Trees Medium Neural
Network
Stepwise Linear Cubic SVM Squared Wide Neural
Exponential GPR Network

Fine Gaussian Matern 5/2 GPR

SVM

Fine Tree Bilayered Neural

Network

3.4.3.1. L R

BB x, LMD 2 DDA A7 XN TEeNTE S, HlziX, pFEa R 7 I 3YED
FEEE AL, Blla 2 X 7 I SPHBREOHEREENE, TNOLDEXRTDZNZ NI L T,
KR BB T ABRE SN T 0D, BEAWITIE, IR, ANER X) »oHhE#R Y) ~o,
Z—=7 v b, TR, FFATITVELCOBE ) o~y v/ Thb, ZoTawRiE, @Bt
NET—2KA Vv D27 7R FHIT 272010, WhEllT — 2 L IEElLT — 2 omFIc#EM 35 2 &
23T E 5 [101], A E & #at2Ic 1) 2 HEE L. BRI CH 5, BRI O GG 7Zs B i,
FEEEAR (IRBEED) %2 H#imT 22 Th O, ZofliZ, 1 DL LG AR (AJIEFE LTHHS
NTWV2) IS 2 0B E 72 TN EB O VP2 R F[102], —MIc, 5EIZ 7~z P35 7-
DI INZDIcx LT, B, &2 P32 72T 5[103],
3.4.3.2. 1D-CNN

ZDY—=NVTRIARXT PAT—=XIZ 1 RILT— X2 THDB720, [Kax+TcHEETE2 1 Xt CNN
BENTHE, NifsF xRS no BRABN—FINwiERI kET L, I, AFTA FPE s, N
AT72A% beT2E, Hhyo iBHOERIIRD X I ICiHHE I 5(88],

k-1
Yi = Z WjXisyj+ b
j=0
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BHRIAAEOHIICIZ Ny FIEH L e ReLU EHALBAK A B I N5, 2% ReLUDH 135 &,
KU TFD X1k 2,

z; = ReLU(y;) = max (0,y;)
ZL7T, Y=V vrECc~ey 2 A7V v I7UHER TOI., pAHhansg,

pi = j=g}f§_1zi-s+j
ZDETMIRIC L RILZ 0 — "V 7— ) v 7 EEREER L. BRI 2 >D0EeEikEr o7k 3
HohEsiE L seasdfEEo R % U TICRdT, 22T WiksEsdiEEoER, bl N4 TATH 5,

o = activation(z: W;ip; + b))
i

MOy 7 v~y 7 2B ZEH L, 7 iiZ7uexz vy tee—BREHWTOEL R
FETT 5,

9 = exp (g;)
2k exp (o)

FlF 2 A 2713, REOLAY—%2FRVCRILCT—F727F v 28 ALz TETADOT—F 727 F %3
Figure 19 iIcffinr it T3, 2 =¥ OBHAR=2—-F 1%y + 7 =2 (CNN) T—F77F v %
FHLZVEER AN INDE A X=ZART P AT 2D RITICEHEDbETCATIE%F> CNN 7—*
TI7FxWETLL T, FEOETAERHMAT 2L TE 5, 2R, APIS 32 —9 23 H D
ETAERMNMAT 5 2 & ZAREIC
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A Band 1| |
y o
~ T = O
] -7_ il ?:I_
] il = O
Tnput . e - i
_ ] g L > 77: O Q
- - Band N | | B B
Data cube Input Conv. Bat'ch » Global Avg. Fully Softmax
layer Layer Normalization, Layer connected  Layer
ReLu Layer Layer
Figure 19 Architecture of 1D-CNN.
3.4.33. PFEKR

SHEE T L OREFICPEAR (Decision Tree: DT)HiE# W5 Z & 23, IEFRE ARG CnW5, &
N, ThODETABRGICHETE, ABOEET o RICHWEEREZRT L WIFEEICLSE D
DTH5[104], DT I, KEAr—1F 7 —F2rbWwl2pD)—7 /) —FICY—FFT5ILT, 41V
ARV AENHET S, T o RE, VY —DAL—F - J—FHhOHBE 0, BHEEICHET I -
THETT 5, 2N, /- FPERTIEUEZHR 2B EENE, =D —RIVICRAI L 2ED
Bz, Yoo V=] LIERABO (v boe—] THY, TNL BEANICRD X 5 Ik
T% 5[101] :

n
Engropy: H(x) = = ) p(log,p(x)
i=1

Cc
Gini(E) =1- 2 p?
i=1

3.4.3.4. KBRS

FIFNS3Hr 1%, Fisher DfEHIBIR 22— L 7= b DCTH 5 [105], #HFRIT, 8027 72D 5%
—VEEATEDIEZ B0, BFHL 227 FAFTORITRED X{flibh3, $RcEMTD 2 2
7 Ao ORI, 74 v o —HHIKXTHE, Zhid. EOHDO I RE—AV FE 2RKE—
AV PORICHEDOWTED, JEFICERICHETE 220 ThH S, I 51T, A DRBICHKTE L 2w
REZE#ELT2 2 EREFINTWE[106], 2T, 2 7 IRDNFEEZEZ 2 L. 7 7 ANESEATY
Sy DEEHE, KA TcEKEI N B5[105],

w o St (my —my)
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2T, V7RI OYEERI A% my, 7FR2DFERT MPAR me b T 5,

3.4.35. oY 274 v 7l
Y274y ZEFEE LTHIL N B HEHE T I, AR E BB AR OB OBER % HEICT 3
DICRHAING, 73 VEREe 2T vy 7HlREeET AR O CRE I LG, MBERIGEE N
AFVTHBED, ETAEASAFY - uP 2T 4 v 7EFALIFENS[107], 22T, F—2%EL
[t} ( .€10, }FEL Jo= ¢ (x.)n=1,.N), LEBE pltlw)IZTXRD X 5 ic£Xn35[105],

N
p(tlw) = nyﬁ"{l — Y}
n=1

T, t=(ty e, WBIX LR yu=p(Ci/4,) T3,
3436, FA4A—=—T R4 X

FA =T RAZGHEIL, PR R ZOBIIRTH B~ A X EHICHk T RN EA =X
LTHb, TOVy YT EERRVICEHRATREICT 5 2010, #iAMHEE L FaiEE & LT 2RO
PRI AT 2 BB AT N B[108], & 2T, <~ A XfERICB L T, P(w/D)DFERIERIZRD X
IR E NS [105],

p(D|w)p(w)
p(w|D) :W

22T, Plw) ZEFER G, BT —% D={t, ..., tn} . &M &K p(DIw) TH 3,
3437 ¥ ER— 7 x—< v (SVM)

PR— P R7 X == v (SVM) TP A EH MoK TH Y, vy 7T — X 050HFED b
72 b TS  2 RN SRR AR Lt T3, Hic, ¥y /T — BB T3~ F F 2
AVvT TV r—y avollFERiET 228 TE 5[109], 22T, A—2 B KICBIL Tix, FERR
27 PR ¢ ZHWTUTO XS cRH T 5[110],

K(xi,%) = o(x:) - (%))

CTxIE nRILOBZEMTH L, LT, 777 vy af s A #H»T SVM OEBEEZ LT @
ZNcas

(Y (‘
(@]

X1

f(x) = sign (Z AiyiK (x;, xj) + b>

3.4.3.8. fHik
%ﬁ{%iiﬁci\ INR— /nuuﬁk T F & }‘ iE\ q:%'leguuu%@fi b < ®§7\§?¢C;F% ﬁyﬁﬁi))O;ﬂ%Eﬁf
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H5ZEHIHHINTY S HBWEIHE AT 7o —FTh 2 [111], FHEZ/MICE T 3 FAFHEERITRD &
SICERTE B[112], FHEZEM MhoiE P={pl ,p2...pn}/DEE LGS H geEMPB 52 bz & %
FHEEHE dMXM—RICBEL T qitiRbILVESE NN(qP)EPER RO 5,

NN(q,P) = argminycrd(q,x)

3.439. TvH v ITAEE

Ty I, BENC T ZIT 5L DB O IV —T D LT, ZNEEHLTH LA v
2RV AZADFEEIT), THIZEES (Committee) REIB DM EITITN S 2 &b H 5[113], HEK
DETNDOTFHZMAEDE L LT, TN DEIKIIEROETAZIIKL., H—DET VOREE %
= 5 [114],
34310. =2—I 1%y FT—7

ANL=a—=Ir3y b7 =2, L THIONS I v a—2T7ur I a7 ra) XL, e
TEZY 2L — 328N 080 2G w5, & —vallik, 78, Rtz & o BT, YRS
A ECIETIERSH AT TWE[115], Wi e@ke L, J=1..M& L, Z—r5S—
TV Y M DEIET 27 A=2B42y rPT7 =201 IE] ThHEERT, NTA—X wy, % &
By NITRX=R w4 T AR LICT 2 H NI TRED LI ITREINS,

M
=[S (St )

2T Ay PV —=2HATHY, wid T RTCODEARAE AN TADANT A= EX T PLICE LD
72bDTH D,

35. F—RAAXT 4

3.5.1. SEPIERGE

APiS DMREFHT D 72, AEt 4 oD v T, b b IIMEL, WL, WL, JTENEE % A
BL. pBHENFEOoD0FERY v 7 e LR L 72, ilEHIME S v, 23 —Iicinfid 2 X 51
P a7z, APIS 23 % & Figure20 IC/RT L ST, " N—=ZAX7 P LT =X DAY & (T
BOFERFHO O AT P LVORRHEAREIC R 5, FRon & N7 HH RGB #jf§ L < ROI %#:#RT 5
&, TG DFIHWEREART P v APIS BICEKIR &5, Figure 21 13 APiS BICRR I N7z ARS
FLDILRKTH B, W, O RGEE 2 R T, ORI, EERL L LI L e x2S
FATEIRE R T OICKH L, ok IR e A =27 P AR RT T L 2R L T 5,
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4] MATLAB App (m} X

Visualization Learning Segmentation Test

Wavelength cut

CE 5
%o‘“‘ My 4, startnm | 450 | function
&7 () ] 1
: ) g end nm l 950 | ROI selection
M 6
Y
Pyoaes”
|‘ Load file [ Add ROI \ Clear plots & ROIs

Wavelength

Sphalerite

Reflectance

015} Chalcopyrite

0.1

Galena

0.05 N N N N . N " N s
450 500 550 600 650 700 750 800 850 900 950

Wavelength (nm)

Figure 20 How to show spectral using the App.

0.4 - Wavelength
_/"'-F/’
0.35 //__,ff S
0.3 Sphalerite /
@ I
&) -
§ 0.25 //’
8 '/// Pyrite
2 02~ = < -
o >~ 7(.:h 717 **jt -
0.15 alcopyrite
0.1F
Galena
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Wavelength (nm)

Figure 21 Spectral features of the samples.
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3.5.2. F—%+t v b DHEfE

DR X, ERE N 4 DDFYY v T L CEMEE Nz, BEREE IC e TRt E T
— Ry FOBSRIIC DT Sy —v a VDEEEY 2 — A TITH T EBTE S, Figure 22 1SR X9
I, EREDIT_NGE XA TRy 7 R AL, T 280 ROl 2RI 5 2 L TFE 7T — 4%
DREREDBTET § 5, KEBRTIE. 6 2D 7 72 (ER. 77 AF v 77— A digkih. KIS, 77809,
L) & 7% LTIRE L, At 258,890 fHl D~ 4 =227 P VEHTF — 2 %1%, Z Dk, R
EMGEEZ TV, BT — % - BitHT—% - 72T =208 &2 2N Z N 80%., 10%, 10% & L 7-.

(a) Labelling (b) Select label area

4+

File Edit View Insert Tools Desktop Window Help >

D&dds @ 08 KE

4

Please input words or number
chalcopyrite

OK Cancel
BE .
- s
T, A

Figure 22 (a) input label name and (b) select label area.

3.6. fEFLFE
3.6.1. SRR
3.6.1.1. BEMAE (CNN %2R <)

Figure 23 13, CNN (BAiAA=a—FA %y b7 —2) %< 33 MEOHEMEE €5 L% APIS T
ER L7 T — 2 CEE IR MR TH L, HOAN—EWGET — 2 CoREL. AL v yoN—F T2 b
T2 COREERL TS, ZOE»L, 28HDEEET AT A b7 — X% 90% Lok T
DHCTE - L bD b, Figure24 13, Fricnfd e PEREZ R L 72 2 ZHHI R [F{T%5] & TPR/FNR %R
T, BED XM I T2 T2, MEDEXNMIED 7 5 Z%RT, Figure 25 137 X + 7 — 2 ® ROC Hift<»H
%
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Figure 23 Result of machine learning for classification task.

Model 4.5
background 914 2
chalcopyrite 241 9
galena 6 224 1
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pyrite 240
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Predicted Class

Figure 24 Confusion matrix and TPR/FNR of Quadratic Discriminant analysis.
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Figure 25 ROC curve of Quadratic Discriminant analysis.

Figure 26 (I —XHHET NV EHGZZT AL « "4 N—ZART MLT =X DT AV T—3 3 vOFER
Thd, MokM (a) 37 A+ 7 —%® RGB Eifk, £ifl] (b) (& RGB BRICHFT 227Xy T—
a VORERTH L, EIFLLAN O 7 7 A DRIEMIC TSI WA EMICH 5, W EHSE D HaR
PEREDME V. T hid. Figure 21 IC/R$ X 91T, HEHAE & BEKILDORA~7 PADBEHUL T E 720 F 2
b b,
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(a) RGB image (b) Segmentation result

1 background
V— 1 plasticcase
1 pyrite
7.-. “ s ; : |
P o !
| 1 sphalerite
|Lh’(‘0‘ ‘
PTrte
galena
chalcopyrite

Figure 26 Segmentation result.

Figure 27 1x, Test 2 7 CHR oMz 7 A v T —v a VIEROEEFHECH 2, fERKL 72277 v F b v
N—RERTAYTF—va vEEREE—FLTHEHTT 3 L, MFOENERPER WD, v KV 2
TYR P oA—RE I AT = a VERE STV F b o — 2L OROBOKRE AR—F L, Bk
T 5 SO KR B AR TR L T 5,

Figure 27 Difference between Ground Truth and segmented results.

3.6.1.2. CNN
ZOM Tl I RITCDOWRET — 2 %2R 7201 1 RILBHIAR=2—F 1% v b7 —2 (1IDCNN)
ZEHA L CEM X L7z, Figure 28 (32 0EBHIRZRL T3, EoFWT vy bIEEIT — & I1cxf
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TOREEZRL, By oy P RRGEET — 2T 2 BEE RS, TotLvyo sy 3B
ERLTWS, FEERIL, 228 7ot 208 91.89%DMECINE L 722 L /R LT3, Figure 29 i

RETHZRT,

Training Progress (2024/05/28 12:54:14)

Resuits

Valiaton sceuracy: stam%
Training fnished Max epochs completed
Training Time:
Start bme 202405728 12:54:14
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Figure 28 Training progress of CNN.
background 1837 9
chalcopyrite 1 95 177 4 204 12
ﬁ galena 476 2
o
g
= plasticcase 13 1524
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sphalerite 36 308
o e CA 25 e ¢
(o ) o < N 2
‘O‘ao‘{‘-g G‘(\'a}GOQ Q Q\ag\\ Q Q,Q‘(\
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Figure 29 Confusion matrix of CNN.

TAMHANAN=ZRZ P AT =20F, JIENERAL =2 -T2y 7 —2 (CNN) %ZfHH
LT AV T —vavyInd, Figure30 (3% OfEHRZ/R L TE Y. EHFE & WERILA TR - TEpl T
TW3ZeZRLTWwD, KYD7 7 RFEAKETHHINTW S, BIEEINFIHIZ, APIS O
REDRIGZ TS HDTIERL, T LAEMEEICAET 3RADHERTH 5, nHOAHMEZED 51T
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. T — 2y ORERST D, BB A — AEREEF L,

(a) RGB image (b) Segmentation result

1 background

— . 1 plasticcase

1 pyrite

sphalerite

galena

chalcopyrite

Figure 30 Segmentation result of CNN.

Test 8V a—A0b, ¥ AvF—vaviiRziid s 2 L8 T& %, Figure3l ik, £ 7 XA v 7 —
va VEEREIRE 77V N Py V- RDEFEIRTDH 5, T OEIRIZ. T—FBER LT F by
N—RE T AV T =Y avInNhHROMOA—KEEXL, MO T Zid~X v 2M@id, K& kTl
HBHZEERT, B, BBRBEWEAIF, 7V P e =R 2T A VT =Y a vV ENERORBICE
BRI L &R,

Figure 31 Difference between ground truth and segmented result.
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3.6.2. BEWMEIC X B0 EDORGR

FEMEE T X 2 90 B0 PEREHIRR D 70 W 7 kS C b 5 LB 2 2 D IR Y TH %, Figure 32 (3,
BARZ PALORFFELEERRL T3, H25 1 ICEWIEE, HBERL7 PABOEUESE - & %
INT, HEEKEE L WL DS E . a4 HELEOfEIX 0.9996 TH B Z L Bbh b, A2 b LOMEBUE
BEOCEE, B EET VL 2 0BIIARREL R 2 [REME D 2, Zhicd b b, BAZEE
HiPA % ERF 35 & & DRI A AR & 72 B RTREMED B %,

0.995

sphalerite 0.9548
0.99
1 0.985
pyrite 0.9996 1 0.98
7
= 10.975
]
. I 10.97
chalcopyrite 0.9996
0.965
0.96
galena 0.9548
- 0.955

. NaN

sphalerite pyrite chalcopyrite galena
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Figure 32 Cosine similarity of spectrum.

3.63. [Ex =7

BRSO E L LT, MRIR O F 88k & 405 % B & % B TR A L 725Ukl & #Efi L 7z, Figure 33
WWRT Lo, FEHIER S — 2 v T 10%ZATHE L, Fklz A X—=2 <7 F L 2T Tl
L7z 2Dk Z7 2 a v Cid, VIEBELZETE T2 -01ChRT 7u—F 2R L7, COoFEEZHV3C
LT, BfEE LCH AT e TR, XV IEEREZSS Z &8 TE 5, ZD%, Figure34 ITRT X
512, APiS 0¥y 2 — ABEEER VTN S — 2= 27 F VR FoREOEE (ROD #&#IRL. J
RY VI LTz, FRVZBIEHRIOERANEL LT,
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RIS

Figure 33 Samples for regression analysis.

(a) Labelling (b) ROI select

[ Figure 2 = ]} X

File Edit View Inser " A7) = X a
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Figure 34 Labelling and ROI selection.

3.6.3.1. tEFE (CNN Zfx<)

FL—=v7T7—2ty b 3EFEINS &, CNN TUHI N DR E, BHYE < ROLICX-
CER I NGS5 25,880 FHD AR P AT — Z BRI ONR L oz, 27 HANY F— g
VIERBRAL, PL—=v 7 Xy b, WALT X kv b, TRAMT Xy FOEGRINLR
80%. 10%. 10% & L 7z, Figure 35, Figure 36, Figure 37, Figure 38 (X, &FEH €T LD FEfntin
#(MAE), V=2 (MSE), A — P T 3E#HAE(RMSE), R “EOfEZ R L T 5, FEFAET IV
EUTDXSIcKING, 22C, XiF /FHOTFHETH Y, VERIL I FHOEROETH 5[116],
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ZZT, MAE I XD krickkah sz,
m
1
MAE = =X, — ¥
m r
i=1
MSE ZXD X HIcmmInsb,
m
1
MSE = — (X = %)’
mi=1

RMSE 3 RD X5 ITmmEnsd,

m
1
RMSE = EZ(Xi —Y))?
i=1
R2FEIFRD LS ITRING
RZ =1 ﬁl(Xi - Yl)z

111;1(? - YL)Z

Z ZT.RMSE T d mWikgE % /R L 72 Fine Gaussian SVM 122\ T, BT L DEEE % 5§ 5 7= 91T,
Figure 39 IZ FHRIINENEIGE DK ZEFR L 72,
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Figure 36 MSE for validation and test dataset.
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Figure 37 RMSE for validation and RMSE dataset.
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Figure 38 R Squared for validation and test dataset.
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Predictions: model 2.18

100 -
$
90 .
L ]
80 ° s
(]
L ]
70 .
L] ° L ]
$ [
© 60
2]
5
g |
50
E []
2
=]
g [ ]
o 40 L ] L]
° L
L]
30 e
20
L ]
10
°
$
0 [
| I | | | | | | | | |
0 10 20 30 40 50 60 70 80 90 100

True response

Figure 39 Predicted responses vs True responses.

Fine Gaussian SVM Z#A L TR b2k 7 A v 7 — a ViER % Figure 40 133, Al (a) 37
Z by 7o RGB #ifg, fifll (b) 37 AvF—vaviERors—~<y 7 Ths, Mrb, i
PLOBENEL RBDICONT, v 7 AV EFRHEZRRINTWE Z EABIEIN, FH T v ZA0IE
WICFETINZ ERRBEI NG,
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(a) RGB image (b) Segmentation result
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Figure 40 (a) Test sample's RGB image and (b) segmented result using Fine Gaussian SVM.

3.6.3.2. CNN

H—o7—%ty %, BRAAHR=2—-F1%y +7—7 (CNN) KL 2¥E LI/ AVvT—vay
DO HMTHHL 72, FEifR% Figure 41 1283, Ko X3, RMSE #ER{TIcH 7% RMSE oD
bR L, TROAL v YEOMIFEREZRT, BHFOMICRINS X5, PP HIRGEE
(RMSE) % 7.8472 TWUR%ZR L7z, Ht\w T, 7AMHAANAN—ZART b VT =2 % FEHFALADE R
AHh=—a—FN03y +7—2 (CNN) EFALEZHWCR I AT —vav iz, 27 A VT —vavig
% Figure 42 I3, HMIEDRENE L R ICONTHERZHZ < 20, IR A IEFICETTI N
72T EERRLTNVS,
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Training Progress (2024/05/28 18:17:43)

Results
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Training finished: Max epochs completed

Training Time

Start time. 2024105128 18:17:43
Elapsed time: 3 min 49 sec
Training Cycle

Epoch 300130

Iteration: 7200 017200
Iterations per epoch: 240

Maximum iterations: 7200
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Other Information
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Figure 41 Training progress of regression CNN.

(a) RGB i 1mage (b) Segmentation result

100

Figure 42 (a) Test sample's RGB image and (b) segmented result using CNN.
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TS CHERINGT 7Y 7 —v 2 v Ch %, MATLAB 2—FTHIUFHETS . 2 — FeH L3k
(L KRV EIY 9 7T BRTTALAN=ARY b T — X ORI R B 2 F75 5 2 L 45T
ER N
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4. SEVIRE - RIEORIE 7 L — L7 — 27 D%

4.1. KEOHR

AR OFTELE IC B 1T 2 ERFEOH KL, RN R EIRER S o b ¢, BIREEIC BT 5 &FF >
a SV XLOREEGIERI L T2, FFHAEFREER TH 2 HLK O MO R o fE & & 3 I
T4 2720, BEMEONELZED ZHERD 5, TNICITEASESEERKRE 2 R-3[71], [72],
(73], AKSHOZEEY) D Zh 310 7 SEPINIRE AT OFHF S EEIC 72 2, S8, KAL) O REERAL L. 8k
EORSOEEY) % CEH IS P EINS[74], [75], Sih % ERIE L 7214, SEPfE e kiRt
U CHlY) e SRR 7 i 2 Bl ORI T 2 iE, X W SR AREIC O R 2, 20 7 v+ X DBIEX
% Figure 43 IR 3, R¥ A7 L0E T 2 EhERE 3. SIEE. S o MR EER] . RaEN %2 1T - 72
%, EILEITORIOBEMTH 2, 2D AT LT HIIL, FEILT & SRR L I ORE % 355103 2
ZEICXoT, XV ERAMBEHOEME LIET 2L TH D, ZOHAIL, &EIL T v R BT 25T
7B 283, COHMNO I, e 7ot ZEHE O YE ORLRE & 7 2855, 4. BT — &
FPRAET 2, EEPEIC X 2P OFRER, MOKEIIEL T, T 7y ay e L—AY ) Fx HEE%
FTHM O #2117, Sa ALY ARSI & S 5,

Tailings

Rough Sorting using Existing Machines

BT (particle size & mineral types) /@7

Particle size
distribution

1 @ OHIgh -grade mmeral \I
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cQ | FrgResrad e e ral Mineral Processing
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Hyperspectral camera for identification
of mineral types and particle sizes

Figure 43 Schematic diagram of mineral processing using hyperspectral imaging and deep learning

classification.

RET 5 v AT L0, S50 2 B & AUBEAE OIS TR 0 GER X 72821, X 0 SEM 2 b HLE %
T 720G I N T W5, Z DR, BRICEEEENICER X 7284100 L < X 0 5l 20 R EEHNE % 17
5 T EMAREE R Y KIESHIE R MTET 5T — 2 DHEIEDAREL 72 B, % 72, B 2 (XTREESE O B4 X
KERIT X 2 RTINS 25, R ICHY ORE D 23 & 5 & ML OFmRICO%RH 2, TOY AT
LCIIERDOSA ORI T — 2 Z FWIFEIC 74 — FNv 735 2 LT, RifoRELER> T3

WYOFEDDIc, ERNEFEL LT, X fEH (XRD) 3 %%é77xv%t\ﬁ$(m9
OES) @ k5 i E@E 2 FIHT 2, L2L, SNOREFRETOT oA THY, 7ok 2DHETITIZ
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4RI L B A LIEE T 5720, I N3 v I ot S0 IC R 72 n[76],
BEHLC BT 2P OFEICBI L Tk, FRICRIGRY & 7 rx 2P F o8, BT 7 e —F
BFFE X, FEL I Tw B ([77], (78], [79], [80], [81], [82], <y id. £4E = BFE3E Ay, BRE
), +E BRI D BB R TR CEMEI N5 & & T, Rkt ilRE e fFE 2 3 5 [83], 7'w & R FEM~# 1%,
HIBRSLA DIV St Kk, 727 A F ¥ — 2 MM ICREL T2 L T 87 e —v — b 2R
WLTE 2 &) il b TR L7222 <H 5 [83], HATHH L L CoMitiaey L 7' m & AFYF L,
BRABREBICHEARL L CTHEHHAINTED, bt XV EREEN 7 X2 FET 2lAicE
W, B BRI AND L) ICRELTEA[84], 2ok oY flazxFRIC, N[ 1=
~ 7 bPVER[8S] L EE T E R A G DS 2T, HPREY L T A EDoD Ty 7 E
TNDFFE L YIRHli O 720 DFT L \WT T u—F &k BT ICK LT Lz, RAIZZDV AT
L% [HISEMMLER | L 4 F 0 72, 2D v AT L, BEZRO8A LB TREAT O LA I L CHEEX
BONIPELRIE R EDT — 2 13HBOEIR TROMY 7 —2 L LCitah s, FEPE T, B
W7 — 28z BEMICHECE 2 8T, fCkofioET v X b DIEBICHERED & WM EE = 7 v ©
HY. RA LGB CHEE FITCTw3(86], [87], SO SEFCIE, HEAEOICHITE 72+ 1ckR
HEINTHEL T, AR TN O B COREFEOREICHM T 5 2 L2 HIE L T2, Y
FEDD 5 —2DJ7ikld, HEHYE 2 ZRFEOHMEHLFOALBY v 7L 2 HEREST 228 TH
5, COHEEILDORY 1ZH2 b0, HIRKORENICBE L Tixh 7k IEfETH 253, KEOk % #l
T DHLIFHENICIARETH 5, ZOHE. REINLZV AT LONPEE L WAL H 2, W
IRCHEON2EHRIE. R, H. D 320 ER2 575 RGB (Red « Green * Blue) H{RTH H., T
bOT—2%EEYET L TEMRLEEL X5 ICHY OB REIC RS L EZ LMD,

AW Tl AIEDCRE 2 & T RAMEI D —E8 (400-1000nm) £ TOHREBD T — % 2 HUS L#E
ML 720 HE ARIDZEC % 2IRIBUIR, . D 3R TH 203, "M X—ZART PINA A=Y
VI ERGE L 66 DEDREEART PANY FET—2L LCHIST 52 ERARETH 5, B L 72
ANR—ZART AT =R BBHOHBIIKRE T — 22 EA T L7720, TNEREDT — X &N
TELI2HEBEYEETHCTCUHEL 2, COHWNDZDIC, R TEEAAR=2 -T2y PT =7
(CNN) % L7z, CNN &, ANEIGRT — % OFz HBRIciiti 32 2 L 28 T& | KTk, A
JNARY P VT = 2 DEPPNRA DR R ©— 7 P E 7 & ORI 2 HERYIcHh - 5238 L 72[88], [89],
(901, S50 DFEAE & bR % 303 2 BN <. SRR o =0 o fEE % 35513 2 -0 o FEBakl & L <.
FIASL, TP, B XU 3 HEHORRDO R L 2 RBILAER L, 2 b 5 FHEHOHR DN N—2 RS
FAF—2 %S LT CNN ZHWTHEI L, CNN 2S8R L VO EHEETTCE 300k
HIE L 72,

D5 DDA FERIGELIZHERIT 2 25 5, B—I1C, EEHL L TEINIIHCIEY). ARERSLIZIE(L
WHITHY, TDYRAT LI K o THALSEY) & LS % T 2 e 3T & 5, B ic, LRRNCRIE
ZHEFT e ChERa Y o — TR, SO SRAKN S 25 TH B, EEEORERYC
. AT R EIh oEEIE D (73], [74], [91], [92], [93]. 2 D7, BEBIGCHM I NZ YD
DD 70 WA ITIE, S RIEREIZ T+ Th B L HE I D, RIFFE Tk, IV EEIC B W CEE A T
© A TH BHACIY) & LS D Rk L REDRIEICEH L7z, ETIYED B2 [FE T 5 KR Z1T 0,
RICKEEDHR S 3 MORBIEZFRT L, mBICENOEZ T LOTCRITET I EBREZT- 72, HTEME
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INASEIR D ARERIE, FKEH U B SRR DR $REE, FK A5 BFRER L D U7 $ndik, feE R4 MFE1 o B gE <
®%,CNN Z 722 27 &3, IV O D[FE 72 10 T e < REKFEORFED 73 FHIC b PLHTED RV

4.2. P

HE 28 7 & OEMFRIL, SO e, KR & FEE O SRR I R O A% R 7 S5 0 R A
W5 LT, HENCHEYEZENT 2, RESECIE. SO T — 2% 7 v X LCEE S &, SiE
HIERT 22— v R L. ANBOEMEK & FRICHYEZ ER T 2 EE ORI E M L <oz T
I, WEYEEARAT T, ABX Y Q@ ICEBICHE T — X 2T 35 2 L AA[REL 72 5, HE
&AL RGB HHRICH-D < FRAITH 5 23, FEFIR AP O FE % A3 2 BRI IR T — £ 721 T
$, SEPIOHECHE S e EOREOFET b5, £ Z TRMFETIE, N X—ART PAARX=D VTR
AL, 88T — 2 DR CIEMHEREYIHINATE 2 X ) ICHIELz, 20720, RKEDT—2%k5 2 L
TE LB EEHCTT — 2 E{To7z, KEDT — X556 HEIWIC S X — v 22883 2 B8
X, HhND O EE L HH 7 LAE 0 2 D0 T MICHFHI LS [94],

HHID D FBEIAN T =2 TR F T I FAEETH Y, FBETD Y EEIZ T T 2fTbk
WHEBETH B, KT, BOoNEIFADANA N— 2T P AT — R ICHA OB % R EE T <
VEMG L, #fid Y B2, JEEED 0 HE 3, Y oBIcE S alr R w T L e BT
NI DANANR—=ZT Y AT —ZD T U PBHRERICHAITH 5 72720, KK TIIHAVE Do 72,
Hlid Y FE i AN T — 2 O E BB % 2388 FikTH %5 CNN ZH L 72, CNN I,
ANNENT D AR T P Ah b, KORSIEE, HE, =728 SYFELEZONDE AT F v
IRk % BEhER - i - 22892, CNN I3/ 4 XOEELZ T30, T—2BMMEZ 3ICONTZ DR
Bl T2 2RI 5, AL TR, HEFEE O T HEGLEICKE L 72 CNN Z HwT, A~<7
FATF =2 DY — 7, HE L o YD X7 P VEA YT L 72, CNN X, A7 — % DFf
BEEGAL, HELZB ORI L THFEEITI =2 —TI0 4y VT =27 Th 5, Figure 44 ITR"T AT
RGB MHift & Figure 45 ISR T ASIANA XN —= AT P LT — 21K L TEARIAR EMEEN 2 EREZ 1T - 72,
TIZC, BRABINTZHNT—21%, x PR, m Xn B3 —FVH A X w BER DB ANAT A%R
RTINS,
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Learning Classify
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Figure 44 Structure of the convolutional neural network (CNN) for red, green, and blue (RGB) images.
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Figure 45 Structure of the CNN for hyperspectral data.

W7 —2 alZIEfE7 e EI N, MY BHNTES wlEH I, FEPIRY»HITbN S,
CNN |3 EE ] DB AL R 21T 5 720 HBDOBE ARG XD, il S W FiEl 2 KO H{R TR D
BARABREICHE I L, FHREL R2ICcoNn T, BERIF XYM 5[92], FEHOARZ LT —X (%
1 RICT—RTH2HB, ThoDT — 2 2HFUNZE 2 RoTT -2 &A% LT CNN AN L7z, ~ A%
— AT PAT = 2BV E N TH B &% RGB iR & i L CTHGEEL 72, RGB Hi{RIZD W
TiE.FEHIR M 2H R LEZED 272010, i T — X+ v b THATYE Iz GoogLleNet & >
7-¥nf B 2 A L 72[95], GoogleNet D4 v + 7 — 7 3 X 22 J@ < 1000 FFADERICH L CTHEHE
HDHDEMEML, AR CHEMT 27— 22y PHICEZEIEL Ty P -7 0—HZ2HYE L 7.
GoogLeNet D7 —* 7 7 F v % Figure 46 1277 37[95],
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Figure 46 An architecture of GooéLeNet. An architecture of GoogLeNet.
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AT NIty VT =D arotlz, BHRALE, ERLE, 77—V v &, V7 b~y 7 AJE T
ENDZ=2—TNpy b7 =2 %EudbifE Lz, EH5o04y b7 =20, FlEeiit+d 2720
DEHAKRE, GBI E LTS 27200 ReLu @, MK R 2527200 EE2Fo L vwH b
TRFECHEZRF>TWwb, =a2—J1r3y F7 =213, CNN2LHNINETHI_AVE A7 T Y
VERFOA—RTRVEREL, BHEET -2 2HVWCINE A Y P =274 —FNy 7528 T

61



RElLE NIz, 77V F P o =R TG Y OEESLZ R L, THIZ VI CNNIC X > TPl
Wik /N /[ E 2N iR i IS

Table 7 Layers of CNN use for hyperspectral data analysis.

) ) Padding ) ) Padding
Layers Layer size Stride ] Layers Layer size Stride )
size size
ImagelnputL Convolution
SRR 1, 204) 1,3 1 [0, 1]
ayer 2dLayer
Convolution Convolution
[1, 3] 1 [0, 1] (1, 3] 1 [0, 1]
2dLayer 2dLayer
Convolution BatchNorma
[1, 3] 1 [0, 1] o
2dLayer lizationLayer
BatchNorma
. ReluLayer
lizationLayer
MaxPooling
ReluLayer [1, 2] [1, 2]
2dLayer
MaxPooling FullyConnec
[1, 2] [0, 1]
2dLayer tedLayer
Convolution FullyConnec
[1, 3] 1 [0, 1]
2dLayer tedLayer
Convolution FullyConnec
[1, 3] 1 [0, 1]
2dLayer tedLayer
BatchNorma SoftmaxLaye
lizationLayer r
Classificatio
ReluLayer
nLayer
MaxPooling
[1, 2] [1, 2]
2dLayer

4.3. k-
4.3.1. RGB MR

Figure 47 (%, (a) KEZ4HK T (0.5-1.0cm) Z&THKREIE, (b) NI ART (<100 pm) ZETREK
fi. (o) FEFINI KT (<20 pm) ZETIRESE. (D) SR, B LU (o) HlFLD Z nZh D RGB
ERDO—Fl %R L T 5, AFFETIZ, N4 A= 2_7 b T —2 L R 2 72010, HEYE CHEL
7-855%) D RGB Hi{§ % T Z [FIETE 25 L9 22 MG L 72,
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Figure 47 Five types of minerals for classification: (a) hematite large particles, (b) hematite small

particles, (c) hematite very small particles, (d) galena, and (e) chalcopyrite.

4.3.2. A N—Z2R7 POVIHGIRE

NAR—=ZART FAARAT LI, EFEEZ LN L TR T2 LB TE IR ERAIATTH S,
SEfFERL7ZAR7 b I g A=Y v 74D Specim IQ 1%, AIfNFEEK D CTH 5 400nm 2> O T ARA¢
FEIH D 1000nm ¥ TOHDWRE % 204 DFRHFHICHEIT 2 LB TE 5, WIR TR T 2 2 R IT-R.
. D 3 ERHTHY, "N AN—ART ML ARATER D Z L CEDMREDHERR 2 L8 TH
%2, HEPRIC X 3 HYORTEIZNRCTOARTHE I b, N[ =27 AT — 2 TIRARCH
LNBIEME Y bEM D M e &, SO ICHEE DR D 5 EZ b B, AT, 5EEDL
VIO AR b VT — R % JEIEYE % TR L 72,
4.3.3. SEbx

Figure 48 (a), (D) IC/RT L S i, B§ETur v 74 b &3 FALLBE L, e Lz, ~asr vk
Tl 400nm 2> 5 1000nm D2 % B¢ & 223, 408k LED TIREH cE v, ~ur vt
47 AV MIEEORE L &b IiIcmBE S h, HRO Y — 27 BEWHENCER T 2 25, B0 o K5I
R L72%ICHE LR T — 2 TR o BIERONR Do 72720 L 72, FHERN A A T TiE,
HEIR, HRDO3IFESL, TNOLDORFNERIGFT 5, iz A 8= x7 b A X T TN
FICHED 204 I ns720, HHENLAAZ XD HBEETRTINIERL RV, BAFEZRELS T
52 LTINEMI LB TE S0, b fHEAITEIRHOBELZ FFs2LTH 5,

63



Hyperspectral Camera

Computer

14

Halogen Light

(b)

Figure 48 Arrangement of the experiment: (a) schematic diagram of experiment, and (b) photo of the

set-up of experiment.

T/, G L 72 ANXN—ZART AT =X DKM THRONEHDEEE X I (LT 572010
RTERVEL ) ICENTFORMBLUOAEZE L2, N X—ZARTZ PAAATICLSE 1 [BOFIRKRE
B 1 OTRTLIRBLEZT —ZBEEARZ AT =2 L Cavta—x FICKRT B2 ENT
T D, MOV TIINIFRIC L 2EEBT 5720, " X=ZAXRT A ARXTTEHEZRICLTT —
ZEBUF L7z, S ORI ITZN TR 25, HFEOBLEIC X > TR ARERB W HEfRE iz, Z
D7, BiFT — 2 0MEMEEFEET Lo AR b Iiﬁ%mrw% FERRDFEILCIFEILHTIC FE
FADANANR—ZRT P AT =2 B LCONT 5L ClAZENT2I LN TE 5, SRIOEET
WIEME R T — 2 2 UGS T2 72D IO B R EE I L 720830 X U CcBE R ZHET 2720, tEE
FIHT 2 LB IR v, T2, EEEEH RIS L2 4 =27 P VER S &I R HET B 720,
—HDT =2 BAR A+ TH o THRPEDOT — X BIEHF THNIIEEOIYHIEFRRICKZ B I v,

NANR=ZART AN AT THIF LT — 23T — 2 F2— 7 LEh, HEAANC 512 MR, %ﬁrﬁJ
I 512 iR, X 204 WFICNICT 2R T — 2 OB 2 R0, WEEE T, 7 — XY
EEEERERM LT 5, AT, REFEHOZODT — X2y F 2P T, ,%fféff;%@@?%% 16
S0y Uy SARIRIEGR I U CHERER 32 B35, X 204 HFED 256 T — 2 ¥ 2 —7%HE L7z, ~ 4
N=RART AT =2 DR L LT, BSEERS RGB R X Y bIAWZ &% F b3, 22T,
AN—ZART PNVNT =252 ZAT7A4 AL CEBFETHNT 20 TIE RS, " X—ZAXT PAVT =X %
BEREAACHEL CERT — 22T Lize "N XN—ZAXT bAT—=2% 16 0E|L1-DIF, A=7 b
BEONFHICLELFEEAZRS L, A4 DEFED /) 4 LR CNN ORI RGeS I EEL 5 2
BOEICT 2% FHLT 2720 TH D, ZHICKD, 512X512 [H{§h L O RENEE TR VI EF
Ple3 52, ERFEOREMEZYEE L 2 HFEBNER I N, XKIC, 16 73El S iz 7 — X it
1S 1T HZFEL 25 X5 I L, Figure49 1IR3 X O Zeffeh 1 Bz, & 204 BizR D 7 — & 12l
LL7,
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Figure 49 Processing of the hyperspectral data for deep learning.

4.34. BT —%

Figure 50 (34 N—=ZAR7 bA A X T EHOTHLNZARZ PAT—2TH %, B3R (nm),
M I TR, FERIEONTARI PALT =2 %2KRT, N[ 8= 7 PUERIZ, RGB #ERIC
T 66 5o EMEBZED L 2E 22 L, RGB WL 0 bIEREN S V., RO DHEYD R~
FATEIR D &, BRI A RE I B FHEI v — 2 R X 2 FEE TINS5 2 L IR TH 2 72 O KE
FEREMTINS ORI BB L 72, 72, BEANECIERLZIT> T2 72, JT7 — Xkt
T2 IEBULIZ T o Tirl, NAN—=ZAR7 P LT — R 204 HOEEANY FREETN A, HEY
HEHWAZ e TIDXIRRKET — XD AREL 72 5, Figure 51 I RGB [ & ~Af N =2 =7
AT —=ZDARY P FEROECERT, 22 THEK (a) 1 RGB BWEDOA~=27 FLOMETH Y |
FX (b) ZA A= R7 PATF—=2OMWEERLT5,
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Figure 50 Averaged obtained hyperspectral data of each mineral.
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Figure 51 The difference between (a) an RGB image and (b) hyperspectral imaging.

4.4, FEH
4.4.1. RGB g3 2 %@ % o 72 f e
NAR—ZRY P AARXTCHIRERET 554 RGB i d 4 A — U F 2 — 7 & 13RI [FR I S
I, B L7 RGB W% 0E T2 & TTF— AL, "4 =227 L7 —% L RGB
R DSEEANEE % i 2 7= 012, 5 FEOHY O RGB BRICH L CEEFE 2 {To72, T—42D
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WUHEHE % i b 372 720, FRNCHEH I 424y b7 =2 CERETOBBEFEEZERLCAY LT
— 7 RWEEL Tz, [EFECTEA Y VY =2 OEABTAEEATH L2720, 5 FEHEOHY O RGB g7
— &y MX L Tl GoogLeNet D itk DFEE & 4358 O H % L EE ICHE 22 HEE 21T 7,
YET -2y b% Table8 TR, 7—Xty MIFET—Z, Wit7T —%. 7A T — 22 LK
N2, ¥EHT =24y 7 =27 0FFIERL, BRE7T — 2 3 FEERO 7 4 — PNy 2L, 7
AT =R FEFAETAOT A MCHHA Lz, RGBHE{ROY A4 XiF 16X16X3 €7 w L Th 5,

Table 8 Data set of the RGB images.
RGB images

16X16%X3  Training data Validation data Test data Total

pixels

Galena 770 96 97 963
Chalcopyrite 770 97 97 994

Hematite
large 765 95 96 956

particles

Hematite
small 806 101 101 1008

particles

Hematite
very small 819 103 102 1024

particles

MRS A o B IC D W Tid Figure 52 (a)ic, fBREIEIC DT i Figure 52 (b)IZ/R"d, £ 2T
(a) OfEIT IR % fielhx 0 FERE 2R3, (b)TlE, B2 KE, Mt oAk EZ R L Tnwd, F
BRI, T — 2 xR, BT — 28 k0T L LTk, (o Hihfizt A2 & Huiton
L7 T — RiconTd JE DRI 2 58 T £ THERED LA LTz, 2t GoogLeNet 23,
YEPORNED =2 —u v 2 —EDORCTEMICT LNy 7T Y MEEEATW S0, FEEE
DSWREERG L %2 T[]V 2B WGEEHELR 2 LRl > 72729 TH 5,
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Figure 52 (a) Learning curve of the RGB images using deep learning. (The horizontal axis shows the
iteration and the vertical axis shows the accuracy of classification. The blue line shows the accuracy for
the learning data set and the black dots represent the accuracy for the verification data set.) (b) The
loss function of RGB images using deep learning. (The horizontal axis shows the iteration and the
vertical axis shows the loss of classification. The orange line shows the loss for the learning data set and

the black dots represent the loss for the verification data set.).

MEERFICIE P ey 77 b 28R 0nE Va2 bty b7 — 27 CHASHEI N2, PL—
=V R RBGERE X VK 572, —HRGEERFICIE, Fry 777 b 2E&T ARV AR MMEOFE WA
vy P — 7 THREFRE L2720, PL—= Vv IIEESGEEE L Y Ko7k, 2D L5 RGB
EHR7Z T T2 HNT 2D LW EBWHL 2 E o, HMIRBHEY 2T 254 TH, Y
DRMADOTERZ T T VORI EZ VoW THiIOBEEZRZY 2B L TEHEZRZY & »w|l
Dh DN IEEMAEGDE TS, RGB O T CHMZFNT 2 2 L IZHEECTH 5 Z LRI NI,
LEREE D RARIE DFER % Table 9 10”3, RGB [Hifgh 5 5 MEDIY %2 0 L 7254 DS I1Z
39.52% T - 7z,

Table 9 Result of deep learning for RGB images for the learning data.

Five types of minerals

Final accuracy 39.52%
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THEHETADRTFHILZ2FHI_RABREDREEL o222 LTS, HTOKEBTESL -~ R
12, EBE38.9% 03T — 4t v F RADIEER, TE 61 1% HELRTH %, MTEONAZTRITET LV
DBIEfRL 722 %RL, ALYV TEOLNAE AR TFHNICERI BB 722 %R T, kAL Vv~
2D FEE TFTEROMTD I b, FBRIIZOATHHEINEZT — 208, TERIRT -2ty MKk
TENHEINT—20EETH L, HOEDIE. TULETNOED TRV EHTI TRV T 57— 4
OEIGERT, TA LT — X 3HHE L TRl X, EERICHETECH - 2558 D EEEIL 50.0%TH o
Teo TAMT — X CIEEMSEE FHIE L7283, FEERICIRBIOHYITH - 72855 D IEEEIL 50.0%TH -
770

Galena . . 2 . .
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Hematite 46 31 9 10 5
big particle| 9.3% 6.3% 1.8% 2.0% 1.0%
ol T O R I
]J'llTiClC 0.6% 0.0% 13.3% 0.0% 6.7%
Vlgfm;:fi‘l 48 63 24 93 59
p'?iTicI; 9.7% 12.7% 4.8% 18.8% 11.9%
Chalco- 0 1 2 0 3
pyrite 0.0% 0.2% 0.4% 0.0% 0.6%
Output
labels

Hematite Hematite  Hematite Chalco
Galena ) small  very small . True

big particle particle  particle pyrte labels

Figure 53 Confusion matrix for the RGB image deep learning results for the test data.
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RGB H{RDD D IC A X= 2T P T — 2T 2 FFFAE ORI RZ RS, A=< 7 |
VT = ROV, FHICEEEAO A Y VT = B oflzo, BRARE, IEBLE, 7=V v
TR, V7 r=v I R@EPORE =2 =TV Ay P =0 X RLERL, N NI LT
—ZH® CNN (%, 2014 4 ImageNet Large Scale Visual Recognition Challenge (ILSVRC) T &\ gl
#1372 VGG-16 LM iF 5 CNN % R —RIER L 72[87], 7 AN ZDHA X Z/NE L LAY —DH
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e T L CHHoBER R LI E T, HEIEINT -2y ME, AT &, BEET -, T X b
T2 oREING, FET— 2 Table 10 ITRT X5 Ay b7 —270FEFICHH S, BRELT —
ZFFEOENFERDO 7 4 = F Ny ZIfifIEI N, 7A T —23¥FEFA2ETAOT A M T R
Teo ¥z, WIEFAE DT A — X% Table 11 108§, WEEE ClX, AEEZH T —2%2¥H LT,
ZDIH, "ANXN=2RT AT —ZDORE{LICIE ADAM (Adaptive Moment Estimation) %, %% €
F 01213 SGDM (Stochastic Gradient Descent Moment) Zfw7=. 72, I="vFH4 4 X, AT
Ry 78, FIREFFE % Table 11 IC/R 3

Table 10 Hyperspectral data set.

Hyperspectral data L o
) Training data  Validation data ~ Test data  Total
1X1X204 pixels

Galena 770 96 97 963
Chalcopyrite 770 97 97 994
Hematite large

) 765 95 96 956
particles
Hematite small

) 806 101 101 1008
particles
Hematite very

819 103 102 1024

small particles

Table 11 Learning options of deep learning. ADAM (adaptive moment estimation).

Hyperspectral data RGB images
Learning Two  types  of Three different grain Five types of | )
) ) ) ) ) Five types of minerals
Options minerals sizes of hematite minerals
Optimizer | ADAM ADAM ADAM SGDM
Mini Batch
) 100 100 100 100
Size
Max Epochs | 25 50 100 75
Elapsed ) . .
] 15 min 61 min 253 min 94 min
time
Initial
1.00E-04 1.00E-04 1.00E-04 1.00E-04
Learn Rate

NANR=RZARY PAT = X OWEFE T, L TEEI L TR0 T — Xy 2T L CHIYIE L
FRETE 200 0%MERAL. RICKEDELR 2 3 MHOREKILOEE EEENT 21T o7z, £ L TRAE
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eDICT =Xty PEREBICHEIL, 1=y F LI EEI N T — Xy MITHLTHEEYIEL
FEEIT I KEREIZ, 2o D%y FITH LT EFEER R VBRI N %R, & 2 CHMRPEE

I RFEIXGBE,FE T2 AT HA Y N — 2 #FE I RIAET — 2 A HTRIEZ TV, v
N7 =217 4—F Ny 7 LCERMITFELEEST S,
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Figure 54 The learning curve of deep learning for hyperspectral data. (The horizontal axis shows the
iteration and the vertical axis shows the accuracy of classification. The blue line shows the accuracy for

the learning data set and the black dots represent the accuracy for the verification data set).

INEEVET LT, u "R MEOE WA Y VT =27 BT Z 2L TE S, EREIES 100 [H
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12 96.45%IC3# L 7z, FEMARY 7F 7 ER T 2HAICH 5 Dk, FENRBN Dy F 1B T 5
LHBRBEMETT220THL, TNLDERDL, NAN—ZAXRT AT — X B FEEEE T
52 L T96.45% L ) WS T O Z FTZ 5 2 L MR T & 2, %7z Figure 55 12, #H
KHWARD» ST AT =2 % HAOTHBEROMRER FHl L 72 2 FEO§Y) O 55O B R ORI T
WERT, CNERZ L TR T =2 LTI LEDOEHEREEIFLNT VWL b2 b,
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Figure 55 Confusion matrix of the deep learning results for two types of rocks using test data.

Ric, KEDRE 2 3 MEOEWHRIC O WT AL =27 AT — 2 ZBUG L, A ICFEE%E
THHL 72, % DB MR % Figure 56 108, R LSO N A =2 =7 b AT — 2 % BIEFE RN
T52L T, 94.31%& ) EWHEE IR O [FE & Rk D3 B RETH o 7z, Figure 57 (%, FRELHR
D 3 DDFE RO SO FEHERORFITIITH 0 FHICHO AP 2T A T — 22 HWTHHE
WOWRER TG L 72D DTH 2, REEH/NRIFED T R F F— 2 ICH 3 2 %8 T F L 05K T 86.1%
TH o722, BIRODFEREE L 92.3%TH - 77,

100
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Accuracy (%)
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Figure 56 The learning curve of deep learning for three types of minerals. (The horizontal axis shows
the iteration and the vertical axis shows the accuracy of classification. The blue line shows the accuracy

for the learning data set and the black dots represent the accuracy for the verification data set.).
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Figure 57 Confusion matrix for three different types of grain sizes of test data.

B, WL TENEEE T Tl REED 30D B A RROT — X% AL <. CNN Zffif L
THYOREE L REZHBANTE B0 LI DERT A LTz, RWFSECHEM L 72 KRS, /RIS, f/VRiE D
3ODRBEXD X EEFE EANA N—ZART PAA A=YV ITDOBEDEICL > T Iz F =X —D
SHEDVARETH D Z L BN LTz, FEFE O LIRRER, 5% X V% o cHAT 22
D DIEARNRE R G 2 T3, £/, BB 3 Grad-CAM % v 72 i@ T o s 5, ki rfick > T
27 PABIRICRE RZALE L 2 2 e R E N, SHROBNMD X 5 7 2 mEALIC ) 1 72 B 5 7 FLiE
WGt & 72 o 72, Figure 58 O HEMARIXIC/R T X 51, 91.33% & ) EWIEE CYE T — 2 20T 5 C
EBRTE, ZORERDPOANAN—ZART P AT — X EEEFECHNT 5 2 L CHYIECR TR E S
WIS TE 2 2 L 0%bp 5, RGB Hi{R% W72 SEVIRRBIREEEAS 38.9% LR\ C & &Ik d 5 L,
AN=2_7 P LT — 2% RGB R LY bWz R ICHA T 2 EREHREFF - Cwb eEZ LN,
% 7z, Figure 59 ic 5 ME DY) % 0 L 72 B R OIRFETI Zm 38 T FEEHICH o e T R
P T =2 O THBBROMEREZFHMIL 72 b DTH %, 5 FEHOYONHDORENEEIL 91.9%TH -
726
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Figure 58 The learning curve of deep learning for five types of minerals. (The horizontal axis shows the
iteration and the vertical axis shows the accuracy of classification. The blue line shows the accuracy for

the learning data set and the black dots represent the accuracy for the verification data set.).
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Cutput
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Figure 59 Confusion matrix of the deep learning results.
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truth data) & FR& DA77 b (misclassified data) Z7/~3, IR, M E®REZ R T, FX
(@) Cld. HEIRICIEL S I Nz A= 2 bV (D) & HRILOMCEEEI N2~ b v (1
M) AREINTWDE, ZOMDFERICIEL K GHINARART PV Lo THBEINTZARY P LT
LCTWwb, AXZ PLDIGRIZZ 7V F b o v —R NI N2 T — X TR 5T 5, Figure6l 1%
CNN Dt & % Grad-CAM OFER T, CNN BANT =2 D EZICHEH L TCHEL 2 EZR LT
%, fithhixAh 77—~ v TIEE, BEhikE LRI,
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Figure 60 Comparison between the ground truth spectrum and misclassified spectrum of (a) galena,
(b) chalcopyrite, (c) hematite large particles, (d) hematite small particles, and (e) hematite very small

particles. The solid line shows the ground true spectrum and the broken line shows.
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Figure 61 Results of the Grad-CAM analysis for the deep learning results.

Figure 60 D 277 v F F y L — R LGS N T — X DICIT AR 7 P ATBIRDE DS 5 23, Grad-
CAM il 5 Z & T, A7 P LD EDRRIIEDP BN HOME 2R T i T N TE 5, fit
o 2w =y TIEAETRIEEWIEE, CORRTHOZERGHICEWTREL72Z L ETRL,
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o722 RN T, WXZLET S &, Grad-CAM ©OHh T —~ vy 7HEREVWERERCIZ, 77y F vy
N—ZADARYT bV ERIEFBD AR FADORIICHERD B, N[ X— 27 FAEYIERICIT, S5
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Py —REBNHT — X OMICKERENRD Y, Grad-CAM ZCNAEETHL I L ERLT VDS,
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K 2T LTHE LA RN—=2AR7 P AT — Z ORI D OB S O EBRETH 5720, BY
T L v, SR, VAT YT A v IRV AT LAERERET 57201037 — X DIRBMETHZ, 2D
XS T =20 0DEHRE CNN 74 —F RNy 7T 5V AT LOWEPBEL LR, Ry A
T LPETTY 5 FEOSEMICOWT 0% EoE W EEE AR L TE Y, EREFOAREEEZAEL T
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AREETIE, EEFE L A4 =27 P VR E H O 2SR O [FE EERIC O Wik e, FEEE
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B HBNICHE - 28T 3 28 TE 3, HIRDIWEEE T 254, Mot eEHEICEH LT
WEERITOV, EEEPEEHVS LT, S ENMET 2BICHER TR ERER R BEIICRE T 5
ERTE D, HIFRIC X 2 8H CIRXRIREMRA K E R F23200 0 &7 5 729 RGB HRICH L CEEE %
T DIER % 1T > 72 230 JEREE 13 32.66% TH Y . RGB Hi{%72 7 CIRERSNEETH 2 2 L 23D
277,

T DX 5T, HEIIRAAMRCEAIS 2 B id, SER I O (@A 72 1 © e LB 72 oG
7 R TR 2 720, RGB R TR AT TH B L FE 272, 22T, RGBERL Y A - &
FRAREED AN A N= 27 P AT =2 ZEF L, ShEEESE ORI L 72, 2 Of5E., S0y
FEXEE X 91.9% & RGB Hiff W2 856 X 0 b RIiFCTHh o7z, RGB Hiffx Wiz H& L kL <, H
MRERKIEICH Lz, 2ol &b, WL ERT 2 EEFEIL RGB H§ ©fF 5 n 2 R T
BoND T EWARBIN, ~NAX— 27 P AT — IR OB NG EhTws T b
BREINT,

4.6. WERETE %R IZIYIRE € T B S AR

NANR=ZRT P A X =V v T, ARNREREED OERIMEE CoERE ST RRED X~
JIMANT—RE{[DLIENTE L, FEPEHEHACL LT, A= P LT — X DR E I -
FPELUSIMCERD ALY PSR =V ZFE-fBITT 5 C LA TE 5, EERCld, ST, S,
K DR EVHRESE (0.5~1.0cm), KiFD/NSWIRESE (100 um K. BT D IEF I/ X W aREkSE
(20 pm Kiilf) @ 5 FEHOHEEHE L, "4 X— 227 PR L EEEE R THEHE R 7 B E
L 7z,

HEEE AT OREE L RIEDANA =27 PATF— 25 27 T, FEIZ 91.9% &5
FEEE 7 s SRS R MG b N7z, —J5. RGB MR OKEEL I 39.52% TH Y ~A X=X 7 P LT — X% Hn
7 L L OB DR WS R L o e, B I Nz T — 2122w Tld, Grad-CAM %#H\ 7=
CNN HiJ) Dfifftfr OfG R 2 ikam L 720 T OfE R, BB OJFRITFE DR EHIMICE T2 77 v F b
=R T — 2 DERTH D EPHAL 72, T OITHERS CNNICKBE 22T, &b
ONZ bty P = BRERET A LHNTE D,

Z O HEIEPIRA © A T 2, SEVOFERES F ThR LI OEROKE S FRIRFICHIEST 5 2 L AT
%2, BEFEERATI2L T REDT 2 2 mlICUET 2 2L 3 CTE 5, Ry AT L& FEZD
PNCE S 2 2 LT SR ORBECRHEE MR L. Z 0oL TR Y 2B TR 2 B IR 5
EWR[REL T2 B, UEDZ e Db BEEYE L AN X=X P EGIE Z A E DR - FiE X, Y
OFEECFEZ AT 2 DICHTH Y T o DHIBTEREE - Ef - K2 X FCTHRETH B Z L 3b
22077,
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5. NAN=ZART PAARX =DV 7 EEYE 7 RITHI - HIERMLATHEAL T v =Y X L D
FE  BRLISE 2 72 — AR X T 4
51. AEOHER

SEEIR X NFHDORIRIC & > TREART RS DTH DA, 215 13D TR VHIBRO B TEH) O f
RAEL 2EEOER TH b Fefii rlRE R B IRFHFE kD b 5 [117], [118], LA L7asd 6. SLILBHFEIC
£ 5 BRIRE IR O ERIT X 2 By 0 4 BIR o g Srili2s S PR S 257K - 7RI X 2 KEGE - 1
HEhg, KRG Y, BIROFREZ AL 2FESRL {fTbhTw 3, Fric, FIENTE ZEH
FTHHFLAICEW TR, MOEWIEA Y 2 I, HEAMICAEERAME T2 R 24 G0
e DR EEA D B Z EH L 2 ORFELEREIC BT 2 e RIGEPKE LML ko Tw 2, KOG
WCBAL CTld, @EHLPHB A &L o B ICE W CHRADREZS® 5 X 5 R E1T 5 23,
ZNONHEERICENTAE LI PKRPHEA R IC e EBE TN TS T L 25 FhllJE U~ D BB
B HRENIBRRIN TS, METH - THRIB e FORA L 2 KEZHMHA LK 2 2 & T, FFEE
BeRR A, MESPYRORGEE 2 CRAEFMELZ S 0T e BELALNTYRE, 25D
b, eFEEL L EUIAOUMINE - REERICE W TRE RFEFNAEL ZoTwE, 5
. MR ARBRE RO L 0 & & HIOEFEZ ORSHFETIRICKD b Tw 5, HusER D §1R1LFH
FITRH L CO-ENAEETH % SLO (Social License to Operate, LAF SLO) DHS 235 HEL 32 <
ERTRING, Ffi IR &R 2T O 720 1iE, 2N b e B2 &R T HEMIALIICR L T, &
JiE 72 @ U AR O FAFE S M EER AT R T B Y [56], [74], [75], [92]. & v FR—2D§i4:#EH] (Sensor
Based Ore Sorting, AT SBOS)#3% W% B9 5 [71], [72], [81], [119], [120], [121],

SBOS @E A, 77y M A 7 A2 KT T PRLEMmZ LR I 5130, BROFFOBIECTHEL 2 EBHL%
WY E¢ 52 CREAMZEEM L, SLO ORGSR ARICRb I BEZLbNE, T HiC, JEBIETH
HINLRIFHBTENCLEL TEHY, 72, BKREPECLORENED TH L, oD L
5. SBOS D& A SEVIULELEFRIC 351 2 B E - LFEW oM T ICEEEEZ 52 5 2 L 1c/k 5[81], SBOS
FEIC, XA4YEy PR TERSYOEN D720 XH- Y 2277 7 4 — (X-ray Lithography, AT XRL)
R — 2 DERIBEAL S FV O T & 7228, T4 Table 12 1S3 3 X 5 1C X4 ¥ v F LS o SEYLER I >
WTRRA Tk BESE S o T & 72[81],

AIZEICBb 2 8/Ti9e & L, FEFE 2 X A= b 27 48 U CTERAL 72, i >IEuk#ED
SBOS DRAFEMRFEM X N7-[56], & v F & L TR SRR E CORRET — 2 2HHTZ 3
NAR=ZART MPNA A=V IRFHL TS, LPLAEESL, N[ X—=R_7 P LT — 2121 204 b
DR DM T — 2 B3EaFINT S, —F T, 2D 7 — XU KE O FHHRE TR B 7
NAN=ZRT P AHRATHERBEMTH S L BRERG~DEADEOEEEL ko7, 22T, K
TR, eREARIIDOANA X=X T P AT —=RICDOWT, BEEE O FETH 2 NCA & CNN %
Fefgamtiar & LW TR 5 2 & CHLAMMRRDE IC B E R BIRR W2 RE L7z, £, Zh b i
iR/ NROWRHDOAZERHT 57 — XICDWT, WY E 2 CIa M REE 2 Eh L 72, BOkE
WOBRDT — R % H OISO MERRESAREIC R 2 2 & T, N N—=RART PAARATEHR XOR
fii + 77— 2 BUS ORI AEERTH 2~V TF A7 AR T7EHCCOIAMARERREE kb T &
BHIFRF I N,
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Table 12 Detection systems for sensor-based sorters and exemplary applications in mining.

Detection Type

Material Property

Mineral Application

Radiometric (RM)

Natural gamma radiation

Uranium, precious metals

X-ray transmission (XTR)

X-ray attenuation coefficient

Base / precious metals, coal,

diamonds, etc.

X-ray fluorescence (WRF)

Elemental composition

Base / precious metals

X-ray fluorescence (XRL) Visible luminescence under | Diamonds
X-rays
Visual spectrometry (VIS) Reflection/absorption of | Metals, industrial minerals gem

visible radiation

stone

Color (COLOR)

Color, reflection, brightness,

Base/precious metals, industrial

transparency minerals, gem stones
Photometric (PM) Monochromatic reflection, | Industrial minerals, gem stones
absorption

Near-infrared spectrometry (NIR)

Reflection/absorption of
NIR radiation

Base metals, industrial minerals

Thermal infrared (TIR)

Microwave excitation and

thermal infrared detection

Base Metals, Precious Metals

Laser triangulation (3D)

Hull detection (shape and

form)

Metals,

Base Metals, Precious

ferrous metals

Prompt gamma neutron activation

analysis (PGNAA)

Absorption and emission of

prompt gamma rays

Ferrous metals

Laser induced breakdown

spectrometry (LIBS)

Evaporation of matter

Industrial minerals

Laser induced fluorescence (LIF)

Absorption of laser light and
spontaneous emission of

light

Industrial minerals

5.1.1. BEFE9E
BURSEAFE D [H]E 12

TS B 2876, [81], [122],

EOBIE A LHEN TRV,

E#&\

SBOS DA% - B A

3. WIR COBZEDIZHIT

Z T,
PLERTD 6 24 Y& v FOfifusEjle LT, £72 1990 FRIZF 505
A7 & D LIRSV D B % N RICE A D53
v b 77 v M ORES GBI L, X ) KEBOEERBICHTZ 5 % RKiED

A TE—/TT, N N=ARZ PAT =2 OGS

. XRD ®° AAS - ICP & Wy o = KB EREER 7 FH W 7=
FIEL 7 C O REBEECER T 2 Lo, F#EH:

- REATER

EILICE L2 L L CoYIFE & LT SBOS 23pF & 41, 70 4F
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Vo SR DAAN—RART PLT =R ENRR—V2y F VT EFERALCEEZRT ) DDP, N4 =2
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Figure 62 Scenery of experiment.

Hyperspectral Camera

Samples Halogen Light

Figure 63 Outline of data acquisition.
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Figure 64 Pre-processing of hyperspectral data.
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Figure 65 RGB images of samples.
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Table 13 Chemical composition of target minerals and contents of enargite.

Samp.name As [wt%] Cu [wt%] Fe [wt%] Enargite [%]
Al 0.30 5.27 2.29 1.58
A2 0.31 7.18 2.41 1.63
A3 0.27 6.01 1.45 1.41
A4 0.24 5.56 1.04 1.26
A5 0.26 5.40 1.08 1.38
A6 0.27 5.38 0.98 1.39
A7 0.24 491 1.00 1.27
Bl 0.10 2.32 0.88 0.53
B2 0.12 1.75 0.80 0.64
B3 0.09 2.17 1.22 0.46
C1 0.07 0.90 0.65 0.36
C2 0.05 0.93 0.63 0.25
C3 0.08 0.81 0.60 0.41
C4 0.02 0.63 0.61 0.13
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Figure 66 Spectrum data of test data ABC.
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Table 14 Result of deep learning.
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> > >
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Test 1,075 90.1
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Figure 67 Confusion matrix of deep learning result.

85



2 Al~C4 £ COF¥BERORAITNEF TR LI, ZA—7 A R ZHHESHBRNE VL — 7 Th
D, A —7BRPEEOLEEER, 2L T/ A—7CREEEOLELEARL - THY, FLY
N— T OO ITEBL T 5, ZORETIIE. BOIEMRT — 2 Th 2 AT — X ICxf LT, #
BETADBTPHEIL 208G RERZTPHIZ 7AREOREEELCwEI»rE2RLTWE, BAETHlIcE
WCfTRTFMENAZ TR FNEZED I TR m 5, MAKEOAHIFZIEL S HHINT -2 %K
T, TNUNDO~ZAHIZBEME L 2T — 2 %K LT3, E~ZHICETHT — 2%, £@TDOT AT
— 2T 2EEGOMTBREREINT VDL, HIDOKETELNZ~YAH, EB 90.1% 0 &k T — %
Ty MONT B IEEREZR L, PEIIWHHERELRT, MO THELNv AR FAEET ARIEEL
bDOEHLRL, BETERLNEZYAHEF, BELAET—ZICOVWTRLTWS, ZORATIE RS
Y. FBEETART AN T — 2% YO XS L 002 LT 5 LR TE B,

HlziE, 2FE BT —2D5H Al L FHIL, EBRALZo72b 00 68{fH 5203, —F. Al & F
L7208 A272 0725003 10 22 e 3bwr b, £/, B2 LIEMICHBITEZ 72 0032k 82 b 2
SHD 2B 5722, MiE-STB3 EHBILTCLES/bDR 10D 22 EnDbHr35, 2Dk Hic, [
U ABC 7V — 7o oI NNEECTH 2 2 L 32 DIRETTIID» HRi AN S 2 e TE S, L LA
b, =T hFECAFECECTEAE I AN TH Y, 20 CNN ZH VA EET VILE
WIEETAARN—ZART AT =20 b e REGHTLHAMEO e FERRICE S EETA 5]
REMEZ R L T\ 5,

5.5. CNN & NCA ic X 2 #5chhi
5.5.1. CNN ic X 2 Fp#dh

CNN I X 2HADANANX=ZART P AT = R OFE 2 T o 128, FEELDOA Y P T — 271D TfE
MadTs> 2 & CREghHIZEML 72, T RTOWRET — 2 2 THAMEREEZITS D TlEEL, —
HOTF =2 DALTHEEZITI T LT, 7T —XOBITEEDH LICOR03 5, THIT, wVF AT LA
A% vy L THHAT2ZE0AREE &2 b, X b ZffiZz SBOS OREEEICD7A5, CNN i, Figure
68 IR T X 9T, HRO RN AR ZH > BAARE L, BT L ICFEEz LB T2 7 -
VIRBEMEVIRL S L o T b, CNN Tld, AJNICIEWE D SEAIE ICED < Icon, fRA Ik
ROMEFE D O T — X2 v MCFHE L 2 BRI A RIc#Eb I n s c L AR s Tn 3 [27], K
ifgeclt, Table 15 CRT L9 %Ay PV =2 ZHWTCEEZTo/, 2OF Y M7 — 2100 THRER
i, mEDIEANLEFE 2=y b (ReLU) JEicowWT, MATLAB ®BEJ%X activations ZF\»Z D& Ic &
Jo4y b7 —2iEM L ERREL, FERESIHICKITLZEAZH B L7z, CNN OFEWEICIE, ¥)
HoBOKL VORI EFRAL THEEINZ LD ELRLVOREAE TN T35, B activations T
3. ZORMAEMET 22 L ATEETH Y, AR ICHE O CTIIFEDORIEICEERMEL 5 2 - R4
WMAERET S 8T 5[131],

86



Learning Classification
] l
(5%
=~ £ 3% Hematite
- = ::;——'
2%
Poprphyry
.
Input Conv+ReLU Pooling  Conv+ReLU Pooling
Figure 68 Structure of CNN.
Table 15 Layer information.
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Figure 71 Weight analyzation by NCA.
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AT PUT =X TlE 204 ODFEEFEFEHIEIL4ELH Y, SBOS 2 Efid 5 ECcRUICHEDBISA L
M@ H 572, 22T, CNN & NCA %\ CTHAMHARIE IC BE ZEE RO A 2L, 20 b0
R O B 2 EE IS 2 2 LT, FHRERZHH L 72, RUF5E Tl 28 =7 VO EREHI % Fhi
T 572010, IRERD ED 72 19 BEOEMEE O FiEEZ v, iiFHro A X=X 2T P LT — X
DEEETo7e HHLET—Z %y NI, kDo, 1. NCA ko THiiad s 5 EHDO A
T—XEy FCLbD, 2. CNNICkoTHit Nk 5 lkRiFDA%Z T — X2y P LTHERALZ
b, ZLT. 3. NCA®D5EERICHAZ, CNNIC ko CTHitiEd i I~5 EHRZIEL ICMZ 77 —
2ty b OEWTCTHEEOTFT -2y PEHAEL T,

ENDLTODT—X &y MTDOWT, 19 D 2 A E IC X - TR O N fEITHE R % Table 16 10K
T QDA W7 SiaHHARIE DR RS Em <. £/, NCA IC X o THith a7z 5 IRF O A% H
WBDTIFRLCT, THIC CNN KXo T I N ABEEFZMA T IC L7z > CTRE DR L
FLTWL Z BRI N, QDA DS o—F ot rEIcswTld, AT 27 —%ky Mo
FGEE & O FNICHBIBIRIZ A O g, i S W2 FEIE 2 CoBMEE OFEIC & > THIERIEIRTH 5
EIERO RN LRI NIz, QDA IC X 2 HEMAAERIED O, 204 R TOMRRFZ M7z CNNIZX 3
[[7E Tl 90.4% DIEETH - 7225, NCA - CNN 2 X o CTHiH & 17z 10 IR D AT 87.2% D EfEE ©
WAAEREZITAZ2 2L 2R Lz, TRTOERIFOT -2 2Hnal &b, PBROBEILER G T
— X DB DN ZITI 2L TRWIEE CORENFRETH 5 Z & ZiR L 72,
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Table 16 Machine learning results using extracted data.

NCA (5 CNN NCA NCA NCA NCA NCA
Waveleng | (5GWR | (5WRs)+C (5WRs)+C (5WRs)+C (5WRs)+C (5WRs)+C
th s) NN (1WRs) | NN (2WRs) | NN (3WRs) | NN (4WRs) | NN (5WRs)
Regions)
Method Accuracy [%]
Tree 49.9 46 48.5 50.1 50 49.8 52.2
(Fine)
Tree 41.8 39.6 41 42.7 43.4 42.4 41.3
(Med)
Tree 29.4 26.4 27.9 28.9 28.3 29.9 29.1
(Coarse)
LDA 63.8 70.9 68.5 73.5 78.1 78.6 79.5
QDA 72.0 77.1 76.6 82.8 85.8 87.7 87.2
Naive 33 32.7 33.9 33 32.8 32.8 33.4
bayes
(Gaussia
n)
Naive 33.4 32.3 32.3 32.1 325 33 324
bayes
(kernel)
SVM 64.7 66.1 67.2 71.4 73.7 74.7 73.8
(Linear)
SVM 68.1 70 70.4 75.5 79.1 79.8 78.9
(Quadric
)
SVM 59.8 58.1 63.3 62.9 64.5 64.9 63.4
(Gaussia
n)
SVM 54.6 51.4 55 56.1 55.9 55.7 54.7
(Mid-
Gaussian
)
SVM 39.9 38.3 41.6 41.2 41.6 40.5 38.8
(Coarse
Gaussian
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)
KNN 54.6 52.9 55.4 59.1 60.8 61.1 60.4
(Fine)
KNN 56.8 53 58.1 58.3 57.3 59.2 56.8

(Quadric

)

KNN 55.7 55.8 59.3 61 61.5 61.9 60.9
(Weight)
Ensembl 45.7 42.4 44.7 45.7 46.7 46.9 46.2
e (Boost)
Ensembl 62.3 62.3 65.1 70.3 72 76.6 76.6

e
(Subspac
e)
Ensembl 51.4 53.2 51.2 59.2 59.9 61.7 59.3
e (KNN)
Ensembl 48.2 45.7 46.5 47.2 48.9 49.3 49.6
e (KNN

boost)

5.6.2. BEMAE Fiko HR

CNN & NCA iIc ko THitE I N7 ET — 2 icowT, EEEE UMD 19 FEEE o 7R F5 % F
WCRTZEM L, Z OREREICOWTHKREZ{To 7, RIFFECTHOW A X—2AX7 P LT — &I
134T T 204 DEREHBFIET 255, Z 00 DOF T FHCHAIHARIE I EE 2 REA % CNN & NCA
EFHOTRE L7z, ZNOFRE I NEDPBOBRERT —2 DA E AT, FENTRED % LB L 72, FBi
D D ILHBIT I X N5 QDA 2R b SR AR RART S L oSb i ote, £, ¥BEE 3
WEREEZEREC LTIt > TREDZ A E L, QDA 2B WTIE, 10 HEHT O A ICE T 245 T 87.2%
DEFGEECHMEATZ 5 T L &R LT, 204 & 2 R ETE M7 CNN O RIEREICIEHS 5 X 5 7«
KRS 2 B R O R DRI TR L7z, QDA ICDWT, #EF — 24 2 RATTH % Figure 72 1T
KT, b, ALEARBI/NV—THNTOREIRTIHED0D, thoEGEHE IV —TICE 72085 7z[H
EBENDP RN BB,
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Figure 72 Confusion matrix of QDA result.

5.7. E%
5.7.1. BEFEIC X B EERMOFEE

NAN=ZRY P T =R L EEEEEROZIORRERE D 90%L EE R Lz, 72, NCA &
CNN # W THEOFEEFOAEZHME L., ZROICOWTHEMEEZEML 2L A, 87.2% L 5 &
FECIOMARIEZEMTE 2, L, ZNOBWEEICL 2 e BEAROFRERS, RizLTHED
WRICHESOTITONT VLD ERMTH S, 22T, "M A—ZAXZ FATF— X LEBHEEICL S
[ DA K CH 2 pE W2 72010, Hi B 2 ER L. 3RBE L L 7=, #BF—x & L
T AR U CHtitsiss % 4.32% & T R IREGILENSL % B¢ & b2 72 Bl 2 4 FEIER L 72 (kL
1% 250 pmPATICHE—) . F 7z, MERCL Z2BERHE . Ao L CREFIREMLISL % 2 W2 WE R
o 0.5% (D). 1.0% (hiRfE). 1.5% (PEiRE). 2.0% (FiRE) BEEdabe s, B
ICP Zp i ic & 0 b L 72 {b2ffik & Table 17 103, v 3., . SofKicownT, 205 IZWil
LR & HHIL T3 2 LARINT WS, BEEEHC &A & 2 REFREGMAIL IOt [
—ikEHED b D R L 72,

Table 17 Chemical composition of test samples.
Samp.name As [wt%] Cu [wt%] Fe [wt%] En [%]
Low-conc. As 0.07 0.05 0.54 0.36
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Mid-conc. As 0.10 0.17 1.33 0.55
Mid-high-conc. 0.14 0.25 2.36 0.73
As
High-conc. As 0.17 0.33 3.32 0.87
Energite from 0.82 2.08 14.03 4.32
Nagano

Zzh b 4 oIkl x.. Figure 73 @ RGB H{RICR THKEIC X 5 HRE1TD 70 h> o 72 KIFUREERRARL
HPE. D LKL AEF6 D DHMHRIREEHC O W T Figure 74 ISR X S i X—ZA=_T b LT —
2 O & EPE 2T, CNNICX 2 EETAZER L 72, FEREL. 14 FEO R 0¥ EH O
WKWy P 7 — 2 %A L7z, £72. FETF—RIZOonTh, 6T — 20 9H 2 HIC, Ry D
—HZEEFICHWTICT AT =2 LA L 72, SRR =27 P LT — X ICDO0nTH
BFEADET VCHTR OFE 14 FEHO R ABC % [FE & &7z & & A, Table 18 DRAITINICR T X 9 1T,

EERBEEERICESVERIERZITI N TERDL o2, 2O LDb, EEE2EET I IMABMABK
OWTIREWHETOREICHIN L 728N A N=2RT P AT = 2 B WEREEEICE T, R

DOHWIR A e REFRIKDS T, A LITHR - YO ELZ T = L CEAMITHRIL Tw 5 Z &2
EZbND, AFECMHMDIRAKT 7 & DA T OERALIY DO A= + VDB %R dIEICZ T 725 2
TRIETbND, TNHILDONTIE, FEHT— 20 REHEL2EHD L L ICIIBARED VEDR W
T2y bEHEBETCE 2ol bZ0—HEEFEZOLND, T2, N X—=ZART LT =X, &

ERNROKEEREORG %175 25, e HFE2EA L T 3N Z O b D O RKEHERE KD DK% G
D EHAHEREFL KL, KR TH WA A X=X 7 b A AT DVERETIEZ Ol Zn i Ry &
COEBRERZEN o IZARRESFZONDL, SBEDORWVWT — Xty b W MGERSH O]
ETh b,

0%

Figure 73 RGB images of test samples.
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Figure 74 Spectrum data of test samples.

500

600

Table 18 Deep Learning results of test samples.

700

800

Wavelength(nm)

900

1000

Al | A2 | A3 | A4 | A5 | A6 | AT | B1 | B2 | B3 | C1 | C2 | C3 | C4
Very 0 0 0 0 0 0 0 0 0 0 0 0 0 0
High
High | 655 | 577 | 149 | 359 | 448 | 570 | 565 0 0 1 144 | 174 | 16 | 116
Medium | 113 | 191 | 214 | 182 | 99 | 116 | 121 | 332 | 563 | 317 | 601 | 591 | 745 | 652
Low 0 0 402 | 208 | 218 | 82 73 | 214 | 132 | 158 | 23 3 7 0
Very 0 0 3 14 3 0 0 0 0 0 0 0 0 0
Low
Quartz 0 0 0 5 0 0 9 222 | 73 92 0 0 0 0

5.7.2. CNN o = R fi##T

W7 B L 723 2 FHWEES B I s T 2 REORME S 72 H, ~NAN—ZART LT —
z e EEEEER A DERECR e BICLAEEEZTo T ARWI AL 2z, 22T, K
I CNN O EAfFENT 2175 2 & T, b REARDOFEERMTIZ R, RIS CTHW 27T — X%y Micis
% EERMLE 72 2 R ZHE L 72, CNN (X, H{{R /AT 2B 248 5 &

R R b T 7Y VTRV R LG L 2o Th Y Kidihit &

ABEE R &

4= =

iTo L

T& 5%, &

WrFEcid. CNN ZHpdfiitids & L THw 2 2 & C, KRR FEEICIIETEAZRE L, FEICERE
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BEERGZ REWERE L2, FA1~C4 ETDON[ =27 P AT — &% ABC @ 3 DI 1L
LIN—=T5031F LR T — & L. CNN 2 b OfffT#ER D S HIA L 2 KRR IC BT 2 EA %R —7 7
7 FIcEB L 72 D% Figure 75 I8 L 72, HARi 2 23EA%ZR L TE Y, 430nm - 700 nm + 900 nm £}
MCTHEHLDODE -7 R LTS, 206 — 27 35k ABC ORHRED E— 27 LXIGEL TW 5 E57 D H
b . REEE QT2 CNN IC X 28 M RFEIC G A 72BN RE VI LR RINT WS, btz Db
DB E G A Z AR THRACHFRLZDDTH LI h b, A7 PABKROKE AZEIZR
ZIONTICRKEBEDOEICX > TRIEZTo-TW AR EBELZLNS, LELAYL, 5 oK
RWOHDEALPEL L TEWI Ld o, KABEUNOERIC X > TR I N T EE X LN,
SHOMBFETDH 5, AL TIE, TNLDFERFEZIMET 2 2 & T X 3R ED SO E IC X
ZEABMARIE 2 £ L 7225, 20O ORERMICOVWTIZ, eFBEAERICHETZ LI XL
A, T—Zty PRICBIT 2 HREDENRERHELGZTWEIILERBL TS, khax
FEDEN SBOS HESED -0 1Ci3, T—Z &y FOLIRECHE - B2 REI LB LD ELLN
%o

F 20

Reflection
Lad
Weight

0
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Figure 75 Hyperspectral data of ABC and Weight.

58. b RFEDODEBEFET V=) X LIS 5 K

R TIE, NAX=ZART AT =& FFE - Z OO E 2 HvCfT o 72, SBOS 1A

372 e R EAHT B R HERBO FERITHIIC O L Tl e, A =27 LT — 2 L ERY

BB GO AR I 90%LL o @B cEicE 32— T, SMEMMAROBE P, £

B A7 ARBEMTH S 2 LD o REEEANDREEEL 7n o T/, X 2C, WMPFETETH S NCA

Y CNN ZH T f S—2 =2 FAF— 20 hTy cREICEE L 10 WESE2BE LA, 70k,
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FNLVHOBEEREOAREEHT HHET — X Ico T, MY E % £ LG W EREE % £ L 7,
Z DEE, BEMAEE FiEORETHE D 72010, T 19 MO MM E 2 i L 72, fEER L LT, fIBH
BIHFFEIC Xy E N3 QDA ZHv3 2 & T, 872%DE EE CHIAERE N3 Z b o7z, 10
BREOADMBITCRIERFEMTE 2220, XY EHICT — X DU - ff#lT - FEZITZ 2182, &
D Zfi 7~ N F AR b AS AT DEADARES AR L 72,

TIolc, WEFEHOHWRIL ZFET 57201, e REHEZ NI L 2502 E- L. FEy
HEAWTEHETAZER L e, FRL7zET VI, e BEERMM DT X 3k ABC Z[AE & ¢ 72
LA, bEEHBICXAEMARIERTCE AP o7z, 2O Db, FEFHICL-T, vHEE2EHT
LIAMEDREITTE 225, Z DRI e REFRBICKO W AL 72, 2 2T, FEHEAR
D CNN IZDOWTHINICEEZ KT L 2B Z RN T 5 2 LT, RERILE 7r o 2R 2 FE L 72, 1E
B L 72 sVRE SRS 2 A CIR A ICFR L 72 DTH B 2 & h 5 A EHIE D SR D itk i
WT2bDTH2LEZLNDED, HIFEREFICEOTRELREAZRLTWS Z L5 KERE
LIS D 2227 R ATERITAT] 5 A DZL 3 E LTV 3 T EBE 2 b, SBRankd 5z,
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6. EEERAXRZ MUVEBLY A ML =Y a7 et aLrolF
6.1. AREDHR

PLILIBAZE L. RO ARER 2 KIBICWE T 270, %  ORBEMEZFRET 2R 2R H 2 2 & BIEHE
I T3 [133], [134], [135], BARRICIE, BRIEIEENIC X o TRFIH O £ R ICEH L - EHSEHL
Pid, ZExucitin g L% %\ 5, Z OERECESEATKCH FAICET L, BEERICO %R0 5
[136], M2 HIE L2V E— kv v ZEINOEMIZ, IhR A HIEGRE 2 h N —CE 52 L h
O, RELAREMZ MO T3, FRPELBHERTH S 2 2B 2 5 L, BRI D 8T H]
FAEINTwa 770 —F2FHAT 2L BEL T30 Law[137], S EE DA<= b
BEOZ LA RHINTEB Y, ONIER, ARZ PAT =2 20T 5 2 LIk o T, EEOHYE
XHT 5720 fAT 5 2 L3 T& 5[138], [139], [140], [141],

BRICERI NN AA TP OEONET —Z2O@TIE. VE— v v I X 2EHEARKICE
WCHY) DRI 2 RS 2 e o I S, B, FEYE 2 A2 YIRE FEOE AN LE
WriffioZ LwiEde, HEITH EFa X boENICX ) F— 2 INEBHITIC R >722 & T, FESKE
TR DIERABEATHD, T2 T =2 ~DT7 7 R FESLTELDD, "—F 72T D
FHID O Z_7 PADIBIE VT — 2% FR2 2L I3TES, T—20HOA LR LN TS, 2
7 PAT — 2 DOERFHEIZ. HEDREEL A7 PADREETH D, L2 L IZLAEDDHA AT DY
A, WEOMHICIIMBEREGR2RH Y, —HDANTRXA=2% EF2E0FH 5 DT A =X DEITH
5. ZOFEHR. KiERSGEPER X N5 [REE IR\ [142], L7z23-o T, BE DA<= 7 PAMiRIZ, 22
Mo fRAEx M L X e 2 BB H 5,

AR HRINICHZER R 7 P VT — 2 OB RIEICIEML TWw 5, 2TOFERICE. Fr— v fize,
R OES L, a2 DK T2H 2, 2hiCdrrbobd, INbLDT— 2MoREEM 242
LICHIIL T WDk, BEDIELOE L, F— 2 BINE S NGO S ERE IR L Tw 3, K
T3, AL AT =228 AT 52 e ANLFRE, M2, Fe— v B 2mE»bINEINE
AR MAT =2 ENAGDE LI LT, BREREDORXI PAT—2%EKT 2L 2HNE L,
ZOWEDL=—7mild, A7 PAERFERLEVED, 2—FBRRUHO 7 — X ICEET 72 AT
XL THD, AT PAT—XOERGERER N EX 25701, IhE TRA RFEPREIN
TE 7z, A HWIE, ALICER L 727 — 2 2T 2 2 % FllEDOR VA P ALT — 2 %
ERT2 2L TH3, THIT, BMIEMICIEINE AT VT =2 BTV RAVA YT Ty b 74—
LG L b HIE L,

fRT7T -2t Fr—v7—20ICit, ZOZEE A NN—HL W) RTKERD L, ZTDD,
TAc2DFETIE WRT — 2 2GR L, KR Z 9] CAHEPICHE T 5, ZOofEIIUENLd 0T
72 L GRHIBZ IEICRET 272 00bDTH L, BAIO Fu—vHlEOH, HRI N LHEEI N
LT OBOETRELZE ML, LV UFBNERHELZIT O SROBEIX. T — 22O MICIET
BT —RVAVT I N7 — LSBT THE, TYRAYA VEGNOERIZ. T — X D
BN ORERNRERL LT, 40T 7o —F I IIAARTH 5[143],

TYRNLYA VT, EROBREC 7o AORBL 7Y AR EKT L L ERA[REICL, VT A2 A LD
Tl sodft, B, EEEAREICT 5, BLECREE =X ) v 7OXRTIX, 7Y AV A vid, HE
DY —APHLDART PVT—RXEE L, Hfhrtr v aviCbid B2 hiMERR T 27200
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N7 L — LT — 7 RS 5, A ORI, RS N EGRERT AT ) XA ERHL, A~
VHEROZEMBRE 2 X &, TV 2V A4 vEiZERT 2 2L T, HImPREERICBENTXY
% DERICHE S WABERREELITI. AWK TIH. 77 v b7+ — L4 LOZEMBREX R L3¢5 7
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6.1.1. WS
ANTEHEDPORONDERT — X FFCA A XN=ZA_T AT = ZOMBEMENC &5, Z DfFE
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ERETEED D, BERIEIT % - 72—V a VOREDELEKT 2,
6.1.1.1. jEfiFG
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[145] P TRE 7 E kO < Fik[146], [147], [148], [149] 7 & O @BHETFEBIRE I N T 5,
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T eN2y RV 777 v a b Vil E LY ERREOE~ Y TICERT 2 8ETH Y,
INICEIVFTEIRNRT =V THRA Y 7 ADZERGH IS T 5 2 L 28T 5[150], REWART
LT Y XL E LT, Attraction Model, Pixel Swapping Algorithms, Genetic Algorithms, Hopfield Neural
Network 72 £ 23K 5T 3 [150], FLTiE, CNN 7 A2 w7z TR b iREEI hTw 5 [151],
6.1.13. Ny —F=vr
Ny =T 7k ARBRIED R <7 P VEIR & GHRE DNy 7 a < Ty 7 (PAN) [Eiff % fH A
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Sparse representation) [153], [154], CS (F 7z 38 E#) <ix, ITHA, PCA, GS 72 &%  DIREFEH
Hb, K, CSIFFICTALTART PAT =R L THFRINTE LR, "M X=ZAXRT LT =&
DRHEICEID, TNLOT—RIHT 2 vy vy —T = v Z7OfERMTbi T\ 5[155], 2 DHDFiE
T» % MRA iZix, HPF, HPM, Indusion, MTF-GLP-CBD, ATWT 72 &, W DD FENREI N
T3,
6.1.1.4. NAN— - T LF AR P AT — ZEE
Ny v —TFZv o7 ae R L IR, SREERICIZ AR P AUERPIHZAENTE D
ZNICE > TARI PUEFO XY EEAFFERBEZ TR Y, NV vy —TF = v 7 OHR & #5220
RCH KT 7o —=F D200 87TV ICHHT LI LRTE 5[144], 07— 2@hé OFEICHLS
27010, T IFAERMIAHAEZFHAL 22  oFESPRBEINTE 2, it CS, MRA, A~
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6.2.1. BEEZ~7 PEHELY AL —vayvy7Fatan,
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T, ZOWEICNLT 5729, Figure 76 IR T X 5 % B 0BG ERFIEEZFH T 2, ZOFIH
T, ARZ PAT—2OHEEAEFIEL. by 72y ViEGAT R A L, R o i &8I X
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Image Registration for
spectral data taken from
different altitudes

Y

Spectral data taken from MSI: Multispectral imaging
different altitudes HSI: Hyperspectral imaging
. . Drone ( MSI Based Digital )
In-situ HST Drone MSI Satellite MSI Orthomosaic Twin Platform
Ls there vES [ Pseudo-bird's-cye Drone RGB,
projective vigw image MSI
distortion? £
NO ¢
RGB Detect SURF Structure from Motion
transformation features (SfM) for MSI
|
Ca;etSeLiFF NO|  Control Points Build DEM and
' Selection Orthomosaic
features?
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l . . . .
2-D p‘rOJectTve || Applying geometrlc
transformation transformations
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Figure 76 Flowchart of the proposing protocol.

A GREECTRONIZARZ PAT =X DHRL YA ML —Y a3 VOFEEZ 78 —F ¥ — FITRT,
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Orthomosaic | TH %, Z D%k, BHEADEDH 20 L) »OHWFNEICK S, EALD D5EIT  [HM
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b TR, RSB ©H 2 SURF (Speeded Up Robust Features) 23FHEm# B CcE 2085 2%
WAL, M CcE 2561k Tav e =K f v OFER | ICEA, BEBTEHR0WEEIT 12 XIesZs
W #1795, £/ A7 PAT—XFErOIEFI N P e —VEGREZMEAL T 72V 4 vET L
BEREI NG, BT, BONETIVRIAY A VT, BEEEIZARZ PVEBOL I AL — 3 vicfd
&%, Table 19 i, fiEADERBERART PVT =X %ERT, AV EFA 7T —XF, Fu
—VHRP LTI ANAYA v EBEET IBRICER I NS,
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Table 19 Spectral dataset.

Name Type of spectral Camera Altitudes Bands Number Wavelength
(nm)

In-situ HSI Specim 1Q Im 204 400 ~ 1000

Drone MSI P4 Multispectral 50m 5 (Blue, Green, | 450 ~ 840

Red, RE and NIR)

Orthomosaic MSI P4 Multispectral 50+ m 5 (Blue, Green, | 450 ~ 840

Red, RE and NIR)

Satellite MSI AVNIR-2_1B1 690 km 4 (Blue, Green, Red | 420 ~ 890

and NIR)
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R & S DEETIERLTWB[156], TPV ALY A ViF, FARN=—T 4P HAAL YT Y=V b
VAT LOHGHEEMEEE T2 Y- THY, VT AL 4 LTl m, B, lfEE RIS 5
[157], AT LFERETATLDIA 7HA 7V ZWE CHRELZET 22TV v by IalL
—vavid, ZORMOREARNAERERTH 5([158], &K% Figure 77 IR, A7 bAT—X
DINEBHFIICHEL T 2Icd 220 bbF . 7 —2MoEER 2 A4 T 7 — X UBEAA B
o TWwWb, 22T, HFAECENERTEONZART b AT — X 2 EHICIE - T T % % 3D
Ty b7 F— LR L 72, UAV TIUE L 72115 © RGB 5 E % Structure from Motion T L. 7
VANV AVOREEET AL RS 3D T2 E2EKT 5,

Physical World (Mine Site) Cyber World (Computer)

_______________________________________

Data
transmission

Feedback

p=

o e e

Figure 77 Digital Twin for mining.
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RDXHI1T 5,
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Projective
transformation formula
H,

Virtual overhead
view camera P’

P=K/R/-Rc].

P'=K[/R/-Rc]
Internal parameter matrix K, | |
rotation matrix R, 3D «
position ¢

2D projective transformation

HAR = K(AR)K-1
HI = HACHAR

/’/ Real Camera P
B e \)20 degrees

Figure 78 Bird's eye transformation.

6.24. AR FALHEBL AL —v 3 v
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Resampling and Estimation of
Transformation transformation models

Posture Estimation

Figure 79 Schematic diagram of image registration.
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BT LT RLBRINCEHATH S, L L, TOFEETHR- 2K I, MERRELERLED,
KRADRGENKE BV T T —RICFBIETE Rd o7, 22T, HilfHlls e U CHRES 2 R
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FREUR 2 PR L 7o, MATEHAZHEE L7z, 2ol TS, [HHE, F7 K0/ N OEE R IC X
D, BIEROIRIIE L Rnizo, Afre T UCHBEREZFIH L 72, BEREO6 XL Vi,
BRI HE N, [lixE 0 423, XRTHEZOLND,

105



X cos@ —sinf 0\ /x
(Y) = (sinﬁ cos0 0) <}’)
1 0 0 1/ M\

T, FHNRAT =) v 7 OgG, XA SAE, YR SETRT7T—-Y v rdse, 27—
VIZBROITHII XL YIZLAT D X5 1chk 5,

c) WL YA L —va v

R DR S N7 A2 2 @ 5 Z & CL R OB G DS S A[REIC 78 o 7o, IR OALIE %
ANERONIET EIC~y vy 7 g5 28T, RO Y 7 2 DfEREL Lz, HIHEIRO &
72 VDHROLBANERO © 7 LDl E—L R0gGE, ANEBRNOHBEZHwCTH e 7+ r
DEZRE L 72,

d) o227 F ANy F~DERESE

TRTCOANY PO %Z[E UEE FICERNADLE 22010, BROMMELEEZZD DAR7 LY
FICER L 72,

106



a). Control Points selection |l > b). Similarity transformation l—

Rotation (cos 0 —sin 9) Scaling 5;;‘
Matrix sinf  cos@ Matrix 0

A

d). Image Registration for

other bands «——— ). Image Registration |-—

False RGB
images

Figure 80 A schematic diagram of control points selection and image registration.

6.2.6. k7 o=

Figure 81 1%, Fu— v fHEY —Z2pbIEI NI A7 PABEREMSH T2 C Lic kX v, K2/
JREEZ AR T 270D 702 X% RLTWw5, $7. BAEIEETHONLKAL LA~ P VHIRDHE
REND, T, B (Specim IQ) HSI, Fr—v (DJIP4), f2 (AVNIR-2) MSI 257 %, fi
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MiAEE T N5, FHuiofE &R, iRV YA L=y a vicb s FIHo VL OTH S, Thb
DIEREKRT 5 LT, WREIERL THREMBREDO AR PAHETRE RS2 Z L3 TE 2720, 2]
7T — 2 OBFEBLE I NG,
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Collected spectral data | MST: Multispectral imaging Digital Twin Platform
HSI: Hyperspectral imaging

{ Physical N7
Spectral images taken from satellites are Low C World *

Spatial Resolution.. "9 i he- <
—improve spatial resolution using spectral ﬂ »~* M’
4

images taken from lower altitudes!
N
.‘i. Constructed
; Digital Twin
Satellite I\%YNIR-Z) Slatfonn

Spectral Image Registration

~
N
s .
x Control Points

Drone (DJI P4) -
MSI |

®

In-situ (Specim IQ)
HSI

Transformation

L

Spectral Tmage Registration Results Can see clearly when pinch-out
the map!

~N

L%
E,l\cd Image -+
chlaturcd Image

SYnthetic [mage

Figure 81 How the proposed system works.
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Figure 82 IC/Rn 3 & 912, UAV THUS L 72 HifR 2> & Structure from Motion % W CHIE D 3 XocE T
NEER L T2, ZORER, TNV A VYT Ty b 7+ —ABELEI N, T—2INEETOHME L k-
7o MITiE, W~ v © v e SHTICBEET 2 X E X E AT — 2 onfHL T B, HifRICIE 4
DOEGBH Y ENENRE ZEHOT — X AUERRR I N T, FERicid, & 2D 4,000 £
DAY PVEERD S, A5 EiIciE, FLHBOE X L ofife s 3D REBR LN S, H IR~
DDV 7T —vavid, BREOEVWE IE00EnE T HETRRL TS, HROKETICE, e
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27 avicii,. NDVI #6CcRE L7240 3D 7T A0RENTWE, 2O NDVI3D 7%, fl
LOEE L FEEETARDLDIELD, ZOT Ty P 7+ —LTHEH, ROy a vy T3
T REERERL YA P L=y a VETORFEICE Y BB LAZARZ P T — X Ol & KRR HIATRE
Ko7z, TNITKY, AT PAT — X ORERIY R LBE S ATREIC 72 0 . SR EIRERE 1< d 7D,
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Acquired specral images [ BN M MNERERER  Djscl P
I T Y Y M O

I 0 Y Y O
I I S O R
B N I O O IS NP O
!!!n!!g-qg;qggzi
1 .

3D model (RGB) 3D model (MS)
Shows NDVI

Figure 82 A constructed 3D model.
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T|RET 22 hbIETE o7, ZDH, NANX—ZA_T VAT — R EFHHAD, Python 22 ) 7'+ % ffi
I L CBMIEIR 2 258 L 72, 23— F % EF79 3Hi1C Python X2 ) 7 F CHHFT 5 4525 - DI,
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27 )T IBHBWICARA T T =22 INET -0, AEFEROAL L5, RGB E{RICX L THRAICE
WA & 1, RICA A X—=2_7 b TF — X ZERT % 72912 RGB BRI X 7= B T5] %
i L Cfho Ny FERBEH I NI,

Bird’s eye transformation
using Python script (Toriya)
edited by the author of this
article

Real Camera View
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Figure 83 Results of the bird eye transformation for hyperspectral data.
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Select image |
Drone has 6 cameras for RGB, Select single band image
Red, Blue, Green, RE and NIR files (jpeg, jpg, peg, tiff)

Showing a data cube after the image registration Point matching using Feature point detection
using Hyperspectral Viewer (MATLAB) detected feature points using SURF

Figure 84 Image registration for drone camera images.
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Load fixed image (below), and Control point selection using Location of move image on
move image (above) MATLAB function cpselect manually fixed image

i

Synthetic image with fixed Fixed image without move
image and move image image

Figure 85 Control points selection shows as False RGB images.
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Altitudes Data

(=]
Can see clearly when
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O )L ©)

Figure 86 An overview of the result showed as False RGB images.
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