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#H E: DEHMEMNL (Convolutional Neural Network, CNND SRR BIIR 2% 3] J7 vk R B s K RFIE2E ST RE 1 29
JTZ BT EALGE . B ARTE S ARSI, (H AR I i R R AU AU D . IR AR E T, i
G R E LA PUR  (Soil Organic Matter, SOM) [RIATHE, PULVEE ZEH BT AT RIX, 248 NIEHEAN
WIS EL A TR 22 3 J7 7% CNNL 2 )2 840 2% (Multilayer Perceptron, MLP) . & F HIA 2% 2% 31 77 1 BE AL #R MR (Random
Forest, RF) FISZFfFHEML (Support Vector Machine, SVM) FEA[FGIETRANEE T FEBIRCR, fEHLEERE Loy ST 5
T ELRR AUK) CNIN S5 R RY,  DATRIS S [F] P48 S5 46 I AR, B R 4R R 11 LeNet-5. B KERZM AlexNet-8.
KNG K VGGNet-7- & Inception 254 ] GoogLeNet-7 LA M A 5% 2 % > 1] ResNet-13, bb4k, iFR 1T T VGGNet
RRITE S PRI Z R BE T IR B BOR . 25 LR e A AR s B0 T, CNIN BB AR AR 8 BUAS A0 I 1 AR R
XT3 HTiRZE>2.5) 5 )2 CNN G TR Z@ AR, BSHEVMIERZ . SRANBAE A B THHCE 2 1%
IEHE, $REEBREE; VGGNet-7 ML MTERT A B P RIm AR, TENZE ke RECH 0.895, WITRRZENR
4.145 g/kg, MIXFNTIRZEN 3.447, TEIAEE LYUE RECN 0.901, ¥THRIRZEN 4.647 gkg, X HTiRZEN 3.291, A
AT RGN EE 7 6804 13604 1390, 1920, 2 310 nm ST & VGGNet-7 # A F2 H ATHRELA SOM 2 24k
fEBE K. Ak, CNN B9 F OGS ML B A2, 72 L m i i B AR @t & v AT, B AR M I ST,
VGGNet-7 A LU 21384 DG I s e i s pod . #EF RO A 55 SOM & &,
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+TIEEHLE (Soil Organic Matter, SOM) #& 3]
HEMARE 7, REWEFRNEERE L —, EifEL
BRAE 7y o g A R AR AR KSR T TR A
FHHEBEMIERY . Eg0E 00 5 A SOM fryit
FEE . FEIRTFEAP UEAESR, B HIAR DU 4 %
R A BUE B3 AL AR R Rk, AR PR Ak
HEE S B A SRR IR, R R RO
et IR AL IR, A BT 2 BB RS TS H
i, CHARZZEHEIET T EEHERARME SOM w7,
Shi % ik 2% [0 29 3w i #7367k (Partial Least
Squares Regression, PLSR) FIAJ UL 1w 21 7)1 £k 5
SOM, F MRS FELL /= #6 PLSR A1 PLSR /s &34
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O IE R A 1 SOM A mifg e N AL A
W ESRAIEM AT, REBOEE IR B,
Kl SOM & & Ut e &R [ 432 ik 512100 531 5% FH A2 1) 3k
PR % (Radial Basis Function, RBF) 145 x4 £H & A5 784 Al
PLSR-BP (PLSR and Back Propagation, PLSR-BP) 414
PR AT 2138 SOM I = e Al N, &5 ST Ll i — A R 2
Rt

AW TR a8 o M A S LA AL R, R iE
T A 3 2 FRMLAR 2 21 7 VR I 2 A B B DAY AR
AT Eeis s B A s E BTN B, S Bt
MR H R RE IR, Lol ) TR a1 BN
B EBF O R b fF AT R E L SO () Ak 3,
FEiEIRE . L h 2k F 0 DL SOk B R ), 3
H e BURFE S By, ARG e Bt beikse, S R&EH
T T DX A B B S0 G 1 A B v, I
PN BB IR — FhBE R ORUE B ASORG B2 S Be a1 A 24
TRACER IS FE ) 715 AR oy L

BEE IR EARM R R, &R e W%
(Convolutional Neural Network, CNN) NfRF KR Z 2
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SIBW R R ALk, Hol i AR A AL B R SR BURHE,  [H]
I FAGBUE L 0 R A R, b T RS S
IR, FAEAEE SR, BIR ONN £ HRE
A, EUGAIE & R A R FR ik, {H CNN fE-+
198 6 B ST THI I T b . Xu S5 I e e 1 R
N Z PR B SRR B SOM &, 25 LR B CNN
RS 2% RO 1 508 vh A R BURFAEREAT 22 20, AL
T BP f1£ JZ2E&%12% (Multilayer Perceptron, MLP) Hf
SRR FRIARE S THREME A ONN T I LA
PR IR E KR, S5 AR IIBEAE ISR AR R,
CNN R R ZL TS50 . CNN KR 245 CATE
2P 2R, AR ANIR] CNN SR £ 3 vy s 1 1
JRATUIS I AR, A ST MO FIAL B X 25 45 44 LA
JCR P 3 AT TR K F CNN 574l 5 SOM 1)l G,
FFHZHE CNN BER PR U RFIE BB, DU 20 e [X 5k
T AL 5 SOM & &It 5%,

1 #R57%

1.1 HREXER

W8 X AL FYLVE 48 2B B ALHE (115°03'~115°23'E,
28°40'~28°47'N) , JAIEIFAZ) 20 000 hm?, J& /37 #AH 1E
TS, PPN E 1612 mm, FFHSIE 17.3 °C,
BT 31~133 m 2 Ja], HARCPHE, TR EFR
My o BEFTIX R 2R B R . el A AR,
e EyVE T ST
1.2 TIEMARFESAIERIELE

FEARBIRAER BN 2018 457 A 23 H—8 A 11 H,
BERFFE X RIS 1 km > 1 km IR, 25525 FE RS Y 1
B G IR T 248 NMFEAR, W 1 iR, FEAESE
=N BRI 2 mm §if5, WA NP,
Sy IE i AR IR A BRI E LI E VLR SR,
K2 E ASD A ) FieldSpecd M itk Ak BUG i 1
W5, PeREVEE A 350~2 500 nm, 7E 350~1 000 nm 3 [
P SEREIR] A 1.4 nm, £E>1 000~2 500 nm 365 & P4 5% FH 1]
R~ 2 nm, FERFEAIRE A | nmo KHE M ELAR 030 2k B
350~399 F12 451~2 500 nm 2% .

T
EICEAH
ST

0 4km |

5 F — o LTS T
Provincial administrative boundary Sampling points
- BATHOR
County administrative boundary
= it 5 [X Study area

Bl ARRERHEESH
Fig.1 Sampling points distribution in the study area

T AR B S B D TUR T, Xl v KAl
10 nm 8] B O EEREAT HRFE, FMEARRE] 205 456

TS R B, it 50 840 ANELE (1 R AR 1E ST R (R
T, A, 7EubFEmt Bk T — 5 i 1 Al 2 4
FXFEG: B SR A Daubechies6 /NEREAT =2 0 ik, dEid
BRI LB OE T b i A AT AR R S S R
A8, g 0.5 Firigsr (0.5 Order Derivative
Reflectance, 0.5DR). 1 fir 43 (1DR) 1.5 343 (1.5DR),
2 B (2DR) X U443 (Log-Derivative Reflectance,
LDR) .
1.3 ETFTREFIFHZER SOMHRE
1.3.1 CNN AR

CNN #BGEFEWR: Hxt SOM EHi1TIH—1tbAb
H, MNZERTUVE BT 508 (1, 205) 4tk
SRR, DLER CNN BRI 2 ) ghi s BRUZ 8 —
TE KNI 2 A6 BG4 IR — 2 R0 Ko S N B R 1T
AEREG: WAL ZBAR T RFEZ, Pl KN RARE Bl
B AR B P S ME & AR YE B A, DAIA 21> £ Ak
R IE H AR E ARG B H K &EREA T 5
AR JZ 2 5, FLAE A R X SR B A A AT R 2R
HAEUBBEHER, HESHEENME TR,
2R 0~ 1 P I, & E il )5 — 1615 2] SOM
fhIME . BARERFIERIGMIGIETE 1 YO 1 MBS
#1 (Epoch) , HEAN2ES]IS FEIEIE A W) Epoch 135 5 #r
B ZHUE DA RRARAR R U, T B SO R .
EAS R R AR P, WS R TR 2R A i
J2 T, AR SR Al R 1 R KR A )
LS SR TER MR I SR i Al 2 4, (FHE
EEARERAAE, i/ MEIR R R EG BEPL IS IR A
FAs H RN T B bR A B S, i B L
PRI ITVEAE RN YRR IR % — 52 Lo B 4 — S pp 2
TG, SRR AE Y SRt FE 30K B BUTE — 5 2T E Y
B 19 3 eE I AP AT 1R 45

A 70 36 AR 1T AN [ CNIN &5 A FIyR B 7 o 1 )
BRI, TE CRAIE X 285 45 A6 R 35 3 168 2 B0 5 0 I 11
CNN BRI MBS N, AT A e, B B & e
FE A RO S H M, BB T Ml
15 R ECR Sigmoid, HARE FIFEE B ECN Tanh, RALES N
Nadam, Loss N5 #R1%Z% (Root Mean Squared Error,
RMSE) , =% 0.000 1, 2t/ 300 Epoch, 7F#x
JE ) 3 AN AR = a4 o E 23 i e 200, 100 AL,
Ft HAEAZEREE 5]\ Dropout BENLRIE 30% M & 6.

AT T 5 FOAFE) CNN RS, Wik 1 Fis.
T RGN CNN AR B, o) 35 23 B0 £ iR G 45 4
FSHHAT TN S —, HA LeNet-5 5 3CHR[19]
H L2 ) LeNet-5 S5 MR FILE T35 2 NERUZE BB H
16 48N 12, AEREHEH 120, 84, 10 4274 200.
100, 1, FFHIN T BEHLATE R A 30%H] Dropout 7772
AlexNet-8P 5 IR EE LeNet-5 HiF. i HI 8 K%
ALK I H Ak B3 k. VGGNet® ¢ 4R H 7
JZ1 VGGNet-7 W25 451, H 4 NMERE 2 ML ZE
3ANGER RN 2 5 i R s AR AL 2 4 5
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177 VGGNet 5. 7. 10, 13 F1 16 JZ ML A5k (F £ KL, DA
B AFRE R R . GoogLeNet™ ] Inception
SR B R REE AR KN ERZ, BL 4 o7
FHURRIE, FFHRH Ix1 R IE R E,

GooglLeNet-7 4% 1 4> Inception 2514, HABBUZE RN 6.
ResNet™ il % |2 IR 2 450, 2R TIRFE CNN
25 5 U R R 9 17, ResNet-13 L% 3 Mk 22 45
W, AR H 3 AN ERZ R

F1 AEIERMEMERELE
Table 1 Different Convolutional Neural Network (CNN) model structures
N . 93—
CNNBUBZH  SOMEA AR BHZ L AR it 2 S
CNN model structure Normalized SOM  Input layer Convolutional layer Pooling layer Fully-connected layer Output layer L.
normalization
: Convl1(1,5)-1-6 Maxpool1(1,2)-2 FC3-200 (Dropout-0.3) i
LeNet-5 Conv2(1,5)-1-12 Maxpool2(1,2)-2  FC4-100 (Dropout-0.3) FC3-1
Convl(1,11)4-6
Conv2(1,5)-1-12 Maxpooll(1,3)-2 FC6-200 (Dropout-0.3)
AlexNet-8 Conv3(1,3)-1-24 Maxpool2(1,3)-2 FC7-100 (D 03) FC8-1
Conv4(1,3)-1-24 Maxpool5(1,3)-2 - ropout-0.
Conv5(1,3)-1-24
Convl(1,3)-1-6
Normalization Conv2(1,3)-1-6 Maxpool2(1,2)-2 FC5-200 (Dropout-0.3)
VaaNetT (SOM) (120 Com3(1311-12 Maxpoold(12)2 FC6-100 (Dropout03) ' " SOM
Conv4(1,3)-1-12
Convi(1,7)-2-6
i -2 FC5-200 (D t-0.3)
GoogLeNet-7 Conv2(13)1-12  Maxpooll(l,3)-2 Topou FC7-1
I . Maxpool2(1,3)-2  FC6-100 (Dropout-0.3)
nception-6
Convl(1,7)-2-6
Res1-Conv2(1,1)-1-6
Res1-Conv3(1,3)-1-6
Res1-Conv4(1,1)-1-24
ResNet-13 Res2-Conv5(1,1)-1-6 ~ Maxpool1(1,3)-2 FC11-200 (Dropout-0.3) FCl13-1

Res2-Conv6(1,3)-1-6
Res2-Conv7(1,1)-1-24
Res3-Conv8(1,1)-1-6
Res3-Conv9(1,3)-1-6

Maxpool10(1,3)-2 FC12-100 (Dropout-0.3)

Res3-Conv10(1,1)-1-24

#: Normalization(SOM)AA— L EHUFRAE; (1,205)%K7~ 117 205 FIRDEIEHIFE; Resl-Conv2(1,1)-1-6 £IRE | MRELW, BREM TR 2 2, G
KK A0, BEA 1, BREEN 6: Inception-6 F/R Inception Z5H T BEFIEE 6; Maxpooll(1,2)-2 o KL Z AL TS 1 )=, WbiifE
H(1,2) , KK 2; FC3-200 (Dropout-0.3) F/n A THALE 3 2, WETHE T 200, 30%MTHETTHEHLRIE: FC5-1 FRAEHa TR 5 =,

M TCEEN 1. HABIK IR

Note: Normalization(SOM) is the normalized Soil Organic Matter (SOM) value; (1,205) denotes the spectral matrix with 1 row and 205 columns; Res1-Conv2(1,1)-1-6
denotes the 1% residual structure, the convolution layer is located in the ond layer of the model, the convolution kernel size is (1,1), the step size is 1, and the number of
convolution kernels is 6; Inception-6 denotes inception structure with the number of convolutional kernels of 6; Maxpool1(1,2)-2 indicates that the maximum pooling
layer is located at layer 1 of the model with a pooling range of (1,2) and a step size of 2; FC3-200 (Dropout-0.3) indicates that the full connectivity is located at layer 3 of

the model with the number of neurons of 200 and 30% of the neurons randomly deactivated; FC5-1 indicates that the full connection is located at layer 5 of the model

and the number of neurons is 1. And so on for the others.

1.3.2 HibgER

MLP & — M i 2 [ 2 BOVR BE 2 S B, i o
IR R B R E AR M W 2% 54, DECH B vh 42 8 VB AE 1Y
RRAE R, L4 S50 T 1 Ba 5 12 el A i B 2 A Y
AHEFEH MLP-5 @it BP S [al &R 5Lt AT Il %k, B8 5
AN EERREH Kt o leRE 7308 200+ 200+ 100+ 100
1, JFHEAERZEPEAIA T 30%Dropout AL L
B 0, HAEZES LeNet-5 B —F.

FENLZRFL (Random Forest, RF) & — &R
%, B2 AR, RN B 48 B T 3 Bl
HLHRRFNR P sE e & 45 R, 2 Z YOk, A
W RE A T 10 NEITAL 2% .

S FEH ML (Support Vector Machine, SVM) & F
it 2 HAE, A R K B WU B 4R A A
DARR S — ATV E RS T, A5 22 R T g /N2l
AWFFEH SVM B8, lid 2 i l, B0 linear I
AR AR B A AZ R BCE AR
1.4 SEEHHER

o] fif B% %% 21 ¥5 (SHapley Additive exPlanations ,
SHAP) & Hy Lundberg 7£ 2017 £EFRH, HAHZEL

H 4 8t Shapley {85 B AR ROk, M8 — MR
BB TN )G —J7 3%, AT FH T AR RIS 5 SR8 (1 4
g FPRRAIE B () B B . SHAP {H RE S tH A
AP RO A At B TR, T LG SR TR A IE
futk. Rk, B CNN BB FE &9 K ) SHAP
H, AIRAMR &K R TTBRIERE, AT SR G TS AR
VSR | MFEARN X0 B | DFEAREE j MRIEN x5 152
RIXPZFEA R TRNESN yir ¢ WEADBRIFIME GBF
ST REAR AR ERAME) A% i MEARE j A
FHIE) SHAP 18 flx) A0~ 45
vi=go+ f(xn)+ f(xi2) +...+ f(xi)

1.5 FBETM

B [ BE i s R 5L (R  RMSE LU AR 43
Mri®# (Relative Percent Deviation, RPD) 3 M E#rit
AT VP4, R* R RPD KA K2 RMSE ji /)N 5 B A5 28 £
SO ARG € PRk GF, Forh, 24 RPD Y 2.5~3 I, &
BB R A5 I B8 /1R 4F s 24 RPD>3 B, 3 BH AR 2 4k il i
k3 S

AWFFLAE OriginPro 9.1+ ArcGIS 10.2 FI Microsoft

(D
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Excel 2 010 A58 s i it 50 #r, CNN Al MLP #5574
£ Spyder # i I VR FE %7 ) keras JFE{# ] Python3.7 1
95 A&, RF A1 SVM A AL A Sklearn #1171 4
N FIHL A% 2 ST B SEE, SHAP @IS shap 20
#J DeepExplainer 1153,

2 HR5SH

2.1 TIEBHRSITHERISF

¥ 248 S HIEREAMKHE K-S (Kennard-Stone ) LB
PREIREA R I RRERBE B, 3408 301 bRl o 2 N4
JAEH) 186 NMNGFEARLE, 62 NIIEFEALE, WK 2 BT
a~, LIEFEARN SOM & & T 5.27~64.00 ghkg 2 [A], 3
MFEARKZAMFY) SOM & & 578 33.97. 35.04.
30.78 glkg, AR REI AT EREL R

Fz2 ITEENRESEFHITFE
Table 2  Statistical characteristics of SOM content

AR B Rk g PEE S URRE
. Standard Coefficient
Sample  Min/ Max/ Mean/ .
size  (gke!) (gkeh) (oke) deviation/ of
gxe gxe gxe (gkg") variation/%

SMEFEA 248 527 64.00 33.97 14.70 43.27
Whole set

PR
wl.’ﬁ‘.#z'g 186 5.56 64.00 35.04 14.39 41.07
Training set

UnaTRE 2N 62

Validation set

FEAERY
Sample type

5.27 61.60 30.78 15.28 49.64

PL10 g/kg AEREE, ¥ HIEFEAIZIR SOM & ik fT
Sy, ME S OIS L, BT, RIEA
[7] SOM & & 1 L3 s 0 24, i 2 Fros. Al LA
B SR M AR E HAELL, Bk b, el R
B SOM & & 14 KT FEAIK, (BAE 550 nm BT AA7ESS S
%K. SOM 7 &#>60 g/kg LFEHIRS 2, 7£ 600~1 400 nm
WELA T SOM & &8 >40~60 g/kg 1+FE, 7 1 400~
1 900 nm ¥ B P T SOM & & >50~60 g/kg [ +Hf,
£ 900 nm 7o A7 52 AR 2 AEAE RIS, 7E 14004
1900 1 2 200 nm A7 AR K 3 WL 4

>10-20 gkg' 2030 gke’ 3040 gy

o
~

o
o

o
[

o
~
T

' >’}0N50 gkg! ] >5\~60 gkg! { >60 gkg

o
W

o
o

Stk 5 #K Spectral reflectance

o

Q00 800 1200 1600 2000 2400
% K Wavelength/nm

BRI 0~10 gk SNEHUR S
Note: Data in figure such as 0-10 g'kg™ is SOM content.

B2 TR SOM &% 1A A8 ik 2%
Fig.2 Spectral curves of soil samples with different SOM
contents

2.2 RiEFALIERT AS[E] SOM AR A B A E BN

PLIGIESE N, ELBE 6 Ffol 1 o Ak B Xof A ) A5 7R
(LeNet-5. MLP-5. RF. SVM) f}i% 13 SOM & =I5
W, 25 3 s, BTE RS 14 Epoch 4l
i, MAEDGIE AL RS, Jeilii a8 E MLP-5
Al RE BRI RS B AT A4, AN R*. RMSE Al RPD #J LA
EH, o TEGGEE. 0.5DR AT 1DR B f2& &5 1 Ak
PP . MAFRAI KA, LeNet-5 fEANFTRALHE N3
PR B F AR, H7E SR 4R 6 1S VR A T A\ I 2
MR 1 LeNet-5 Fl MLP-5 it 5 S2ii{E o 583
1:1 £5, {B1E SOM & E>40 g/kg I, TELE— & ML
/INTSEIE s LeNet-5 7E A FALBEH1, AHAELT MLP-5,
VX % 245 g T I A 2 0 A i o B AR AL 2 AT
REMEPE MRS B2, [RINP RS FE B Bt/ RF 5 SVM
PR A I 5 S DB PR AR B B I £ SOM<40 g/kg I
5 AR 3 T SeME, SOM>40 g/kg I, it I4E 5 3k
INF S
2.3 CONN Z5#g%F SOM 15! {4 & A9 S2 01

NPRZEANF] CNN S5 7E iR 46 6 1% s 5 e A A AL iy
NI R AR R, 153186 CNIN RS 31| 4 FH I IE K 5 it 2%
FURG FEXT LL A an b 4 F1R 3 s . WEERORTE, 5 P
BARIRE FE IR AR ARRL, 2% SRR R BORT 49 yiiuid 2% 5]
GEEC] . BTRE 3 MU BG R 5 PR Y
I ZR MBS AE £ R>0.85 LB, Il 4k &
RMSE<S5 g/kg, RPD>3, 44 RMSE<6 g/kg, RPD>2.5,
T BT B R U B AT (A I RE T . S SR
F, LeNet-5 fEVIZRERIGIESE R DA E NFaE, RP
SEAE 0.89 £47, RMSE<5 g/kg, RPD>3, HEAWI KM
MAEETT. AlexNet-8 i1 ResNet-13 #F 2 fE Y Zr e b @ AS
WO, R*#iE 09, RMSE KT 4 g/kg, (BFERIUESE
IR FEARAR, MK B il 2% bt mT DU B % VRAN Fi Fn 78 1%
ARG B 2588 th 2 AN 8 E 4R 1 22 2 [l fy 0K I HAE SR
EEE EREG R, A T ERA IS AR,
ST IR IR 2 PR 1| DNERZ B RAZ KD
AP KRR, I Hib b2 it 4b 78 B A4 LeNet-5 Al
VGGNet-7 B K, BEARMK TIRECRHERE R, (H2 80
TR SR, SRR Rz e a5
&b, ResNet-13 V%A T 2 000 Epoch #iillZR5E % 1, 1M
HARARE A T I %% 4 000 543 5 000 Epoch A 47, JEK &
ResNet-13 [R5k 25 2] 4544, fiidle 7 BB FEW R BRI L, 0
TS E FEP) . VGGNet-7 £E 5 Rl AU oyl Zh 85 156
WEAE [ R* $e kR 221 DL S RMSE f8 45 2 #E /)N, 3F H RPD
i, 1B E] 3.291+0.053, EBIHCR R, HIEKRZEFH
TRUNERK. SRR, REME IR £ ks
%R, $Ems e P, M AR, GoogleNet-7
BARTEUIZREE E R e 2, (HAESRIFEE bR S
#1LE AlexNet-8 Il ResNet-13 =, RPD tjair T 3, AlRE
BT Inception £5#H Z R K/NAFRIMERZ, FRIEIA
A PRl RS, 1958 T B0 (32 AL g 1
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114k

En : = Lg% o 1148 N 114
260  £2=0.890+0.03 L1 Line <~ 2 o R?=0.83120.013 1:1Lj 260, R=0725 1:1 Line 2 60 R=0.813 11 Liné
Lo | RMSE~(4.881+0.076) gkg S0 RMSE=(6.079+0.242) gkg! 2o RMSE=7.952 g'kg™ & RMSE=6.559 g-kg™!
3 50[RPD=3.147:0.062 : 3 50f RPD-2.516+0.102 S S0 RPD=1.906, . 3 50F RPD-2.311 ;
$40 . B 40 " i S 40 S 40 . <
B30 B 30 ) B 30 B 30
< < < <
£20 £20 E£20 E20
172 73 wy 1Z]
|53} [2a] [=a] 53]
I 8 8 =R
= 20 30 40 50 60 T 20 30 40 50 60 F 10 30 40 = 20 30 40 50 60
= i%ﬂ ﬁMeasured value/(g'kg™) = :k%ﬂ |{Measured value/(g-kg!) = S ﬁMeasured value/(g kg l) = ;Hm | {fiMeasured value/(g-kg™)
~ a. LeNet-5 (R) ~ b. MLP-5 (R) ~ ¢.RF (R) ~ d. SVM (R)
z v .= = . B
Do £=0.890:0.005 1112k 11 Line & 0 p2-0.881:0.009 1: 1% 14114 ¥ gor F=0755 Uﬁ Boor R=0.687 114 111 Line
&°" [ RMSE=(4.947:0, 122) gk 20 Y[ RMSE=(5.1160. 197) gk, & T RMSE=7 500 gkg? 5°°[ RMSE=8479 gkg'
T 50| RPD=3.0550.077 : 3 50 RPD=2.972+0.117 f+ 3 50f RPD=2.021 ok 50 RPD=1.788 -
'S 40 E] S 40 ’ ‘840 : a
30 z 230 B30
20 £ £ 20 £20
& & & 4
= e 1 20 30 40 50 60 20 30 40 50 60 T 10 20 30 40 30 60 T 20 30 40 50 60
= szl {EM]iaSIt}TCCIS \z%hg%(lg)kg ) = %FM%I\IGA?;uge?OVSaS%(g kgh) = S ﬁMeﬁsFul(*ed valu)e/(g kg™ = %F'Jﬁl;/legsurec(lovgllgf{/)(g ke)
— e. LeNet: —~ < e —~ —~ 1!
& : 1 Lipe & _ 1114 1:1Lipe _ B
£ 60 1 £-0.88520.005 L1 1:1Li £ g0 R==0.86520.010 % 1L £ 60 R=0.769 1.%5}‘ 1:1 Line Z60 R=0.508 Ll?)l% 1:1 Ling
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Note: MLP-5 is a five layers perceptron model; RF is a Random Forest Model; SVM is Support Vector Machine Model; Ry is original spectral reflectance; 0.5DR is 0.5
order derivative reflectance; 1DR is first order derivative reflectance; 1.5DR is 1.5 order derivative reflectance; 2DR is second order derivative reflectance; LDR is
log-derivative reflectance; RPD is Relative Percent Deviation; The R%, RMSE and RPD for LeNet-5 and MLP-5 models are represented by the mean and standard
deviation of the last 300 epochs. Same below.

B3 RIERAF AT SR SOM 4% % MMA 5 A8 RIMA AR
Fig.3 Comparisons of measured and estimated SOM contents for validation set based on each model under different pretreatments
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Table 3 Comparison of SOM estimation accuracy based on different CNN models
A JIIZ54E Training set BG4F4E Validation set
Models R RMSE/(g'kg") RPD R RMSE/(gkg") RPD
LeNet-5 0.896+0.005 4.060+0.092 3.544+0.091 0.890+0.003 4.881+0.076 3.147+0.062
AlexNet-8 0.906+0.005 3.981+0.102 3.605+0.101 0.868+0.006 5.299+0.145 2.939+0.100
VGGNet-7 0.895+0.005 4.145+0.097 3.447+0.094 0.90140.002 4.647+0.057 3.291+0.053
GooglLeNet-7 0.877+0.006 4.290+0.097 3.461+0.098 0.882+0.002 5.090+0.061 2.989+0.045
ResNet-13 0.902+0.006 3.857+0.119 3.836+0.141 0.869+0.008 5.337+0.183 2.876+0.121

2.4 CONN ZIEZ R

Nk — SRR AL TR R Y60 S S A AR R S\ B A
[FVRE VGGNet A EBUHCR, FAIZRARUERS FEXT L
m*E 4 o, Mal LRI, BEAIFEIZ4 F
VGGNet-13 B3 R? 5t 5i1iE.(0.914) 1 RMSE HiL1E(3.719
g/kg) , {HEERAF4E FHIRZ VGGNet-7 RIS I R
fH (0.901) . H& RPD fH (3.291) Fif{k RMSE &
(4.647 glkg) . FHEMZIREZERHE—L (7~16) N,

PR AE Y SR RN IR AIE 4R (1 R Fa A 225 DL )2 RMSE f8 bR %
PRI AR, i AR TR o R P 4 N 2% B B LA B
%5 M R*. RMSE 1 RPD R 7E Il 2R 8 A b v 22 2 4 18
Ky PARTEIGIF S R IR BB AR R, WA H
TREE B3 RSB () Fa e M LB BG4 8 3 MR
FrkE, VGGNet-7 @A mEF, HAERIEE L SOM
FESIME S AME LR E 5 s, WEFET LA
K5 FE s A IE AT 101 28

#z4 ETAE VGGNet #2231 SOM fEEHERE X Lt
Table 4 Comparison of SOM estimation accuracy based on different VGGNet models

IGUESE Validation set

TR R4 Training set
Models R RMSE/(gkg™") RPD R RMSE/(g'kg") RPD
VGGNet-5 0.859:£0.008 4.738+0.109 3.038+0.079 0.887£0.002 4.895+0.044 3.199:£0.046
VGGNet-7 0.895+0.005 4.145+0.097 3.447£0.094 0.901£0.002 4.647+0.057 3.291+0.053
VGGNet-10 0.901:£0.006 3.895+0.105 3.734£0.114 0.889::0.009 4.965+0.207 3.044+0.131
VGGNet-13 0.914+0.008 3.719+0.149 3.945+0.165 0.88120.009 5.18120.192 2.909+0.101
VGGNet-16 0.913+0.014 3.73440.250 3.982+0.276 0.875+0.012 5.240+0.255 2.915+0.145

H: VGGNet-5 Jy 5 JZM 45101 VGGNet 1551, FAlAER DL
Note: VGGNet-5 is a VGGNet model with five layers of net structure, and so on.
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Fig.5 Comparisons of measured and estimated SOM contents based
on VGGNet-7 model for validation set
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Hyperspectral estimation of organic matter in red soil using different
convolutional neural network models

Zhong Liang, Guo Xi*, Guo Jiaxin, Xu Zhe, Zhu Qing, Ding Meng
(1. College of Land Resources and Environment, Jiangxi Agricultural University, Nanchang 330045, China;
2. Key Laboratory of Poyang Lake Watershed Agricultural Resources and Ecology of Jiangxi Province, Nanchang 330045, China)

Abstract: Deep learning represented by Convolutional Neural Networks (CNN) has been increasing rapidly in recent years,
due to its powerful feature learning for computer vision and natural language processing. But there are few studies in the field
of hyperspectral remote sensing in soil. Therefore, this study aims to estimate Soil Organic Matter (SOM) using hyperspectral
images in small sample dataset, thereby to investigate the modeling effects of different network structures. A total of 248 red
soil samples were collected from the northern Fengxin county, Jiangxi province, China. A geospectrometer was used to capture
the spectral data. The original spectral data was resampled at 10 nm intervals, after removing the edge bands of 350-399 nm
and 2 451-2 500 nm with a low signal-to-noise ratio. A total of 205 original spectral bands and their derivative transformation
were obtained as input data, while the SOM content as output data of the model. Firstly, the modeling effects of CNN were
compared, such as Multilayer Perceptron (MLP), Random Forest (RF) and Support Vector Machine (SVM) under different
spectral pretreatments. Five CNN structures were established, including the earliest LeNet-5, AlexNet-8 with large
convolutional core, VGGNet-7 with small convolutional core, GoogLeNet-7 with inception structure, and ResNet-13 with
residual learning, particularly on the modeling effects of VGGNet model at five depths. Secondly, all models were evaluated
using random deactivation (Dropout) and early stopping to prevent overfitting of the model by three indicators: decision
coefficient (R?), Root Mean Square Error (RMSE) and Relative Analytical Error (RPD). Finally, the black box of CNN model
was explained. The results showed that: 1) Due to the strong capability of feature learning in CNN models, the RPD of each
CNN model in the validation set was greater than 2.5 in the case of the original spectral data, indicating excellent prediction
capability and a better way to predict SOM content using hyperspectral images. 2) In the comparison of different network
structures, an optimal model was determined in the network structures of LeNet-5 and VGGNet-7 with small convolutional
nuclei, step length, and pooling range of hyper parameters, although the later GoogLeNet-7 and ResNet-13 both incorporated
special structures. Therefore, the setting of some hyper parameters in the CNN model can be more critical than the network
structure. In different depths, the model was prone to overfitting and unstable, as the network depth increased, where the
shallow CNN structure was better than the deep one. 3) An optimal model was achieved in the VGGNet-7 network structure
with the excellent model estimation power: R* was 0.895 and RMSE was 4.145 g/kg on the training set, while R* was 0.901,
RMSE was 4.647 g/kg and RPD was 3.291 on the verification set. 4) The wavelengths of 680, 1 360, 1 390, 1 920, 2 310 nm
and its vicinities were the important for SOM and they were extracted from the process of VGGNet-7 model establishment.
The CNN can be expected for very broad application prospects, due to its simple spectral pre-processing, and feasibility in
small samples of soil hyperspectral remote sensing. Therefore, the VGGNet-7 can be applied to the red soil area for rapid and
accurate estimation of SOM content using hyperspectral data.
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