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SOM & B — 1), A5 0B fe -3 R 2 .

W L B 7 IR 2 T 5 2 PR AT BT
TEE R R, 2R 5 AR L3R K. @it
X K A Fr 44, ] BLRRR /K 40 5 SOM [ AH H.
PERIX G By sz . A DL b e 2E AT 23 2H J2 W T 1)
SR DUAEBIF 78 K 20 %5 SOM Tl il f) 5 i 7 3 3k 7K 43
5T A 10 5 R LR T A AS [ K SR ) - 3R T
WAl LK & BRI T 40 H - (factorial discriminant
analysis, FDA) £ St 47 40 0, Brotz 4h, A
DUAS R0 eV 5 AE 44 28 0 — 4k 3K 3 8 2L (normalized
soil moisture index, NSMD) 1, A0 %} R S E (relative
absorption depth, RAD) P\ 2k 4[] )9 (normalized index
of nswir domain for soil moisture content estimation from
linear regression, NINSOL) FI3EZ M [5] 94l v - 387K 73
EEMIT—1hIEE (normalized index of nswir domain for
soil moisture content estimation from non-linear regression,
NINSON) B K 7K Wi e % (moisture absorption corre-
ction index, MACID) P 25 3¢ 1 2 HUx K i 3 28 1] B 15
B LK R . 0 PEEC I 133 5 KRR 2 (]
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16 selected sites in Illinois
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Three soil core columns
(5.56 cm dia.x150 cm long)
collected at 120°intervals at
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Average organic matter content of profiled soils (SOM) at
the 16 selected sites

1.1

Table 1

J¥5 No. Hisi Location SOM/% || F**% No. Hbfi Location SOM/%
1 Brownstown 1.47 9 Springfield 1.97
2 Bondville 3.05 10 Oak Run 0.64
3 Dekalb 3.93 11 Perry 1.09
4 Dixon Springs 1.29 12 Olney 0.67
5 Freeport 2.18 13 Carbondale 1.08
6 Belleville 1.13 14 Stelle 2.89
7 Peoria 1.24 15 Monmouth 2.12
8 Ina 1.01 16 Martinsville 0.68

HOLLINGER %5 B AR R T R 52 T LIS
AR S RERT, MM 1 FERTIRRY 16 AN
RAL, Rl Lh 12000 fRIRg s 7 3 AN EARN 5.56 cm H
R 150 em () E8GEFERES . N T BT IEK 2 Mt
BECHERE S R B E R, A SR AR L TE B3 1
PIEIRE 10 8% 20 em [OFFESL, & b LR RSN E T
JERTAS S, ESRIRE T, PR B — 2
2.5 cm FIFESL, DURE T2 3 B S K R L3 L

Jo

N0 em 7R

Jor A b

P ,/mcm
10 CmJ\: N | —
20 cm{

ZOCmJ[ |
20em
=20 Cm{
20 Cm{r

20 cm {

20 cm{

N

B> SRR D) B
FAIE 105020 om 17 Bf b
Each soil core column
sectioned into subsamples of
10 or 20 cm in height

TESE R B e TRE 1Y
Bl oy AvBE2.5 emFIAF: ik
Each subsample in the
laboratory divided into
samples of 2.5 cm in height

TSGR ESHEAEE

Flowchart of collection and preparation of soil samples
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Near infrared sensor scanning to
obtain reflectance
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Storage of reflectance
obtained by scanning
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L a. Wetting of soil samples
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b. Collection of soil spectral data
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} JEpARS: Schematic diagram of working principle of
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L c. Regulation of soil moisture tension C ]
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Fig.2 The specific operation process of acquiring soil moisture tension and the schematic diagram of the working principle

of the pressure vessel

6 FhiE B KSR R S K R S A
49.86%. 36.67% 31.85%. 27.30%. 21.93% Fl 4.74%
(F2), AHFFE A AE i 33K 43 5k 7 T R 0 £ 3%
KAy & EARAL L SUDDUTH 250% (8K, 7EREEK) 6 41
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5 b Iy 38 R 3 K B BT A LR AT K, X L) 3K

SKITREFE 00 R & A IR AT S K R AR,
(B 3K 73 5K 71 & A — BN 0.

ASHIEFE BT DA R IR B KT L, 2
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RS RZMBEACT ARKZES . SR T THR%
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DR b 5 R I Eh PR A ) TR 2 3l 7 ) 6 2 4R FE K
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Table 2 Stastics of water content at different soil moisture levels

P ?ﬁz}:éﬁz _ ii%??k% Soil mEoisture/% _
: . ample “FHH  HRKIH BME A
Moisture tension level . . T X
s1ze Mean Maximum Minimum Median
HRLIRS

Saturation state 301 49.86 141.71 2427 49.63
KK 71 0.033 MPa 304 36.67 70.06 16.63 36.16
K43k 71 0.100MPa 306 31.85 72.16 15.73 31.87
K535k 470330 MPa 304 27.30 77.51 14.38 27.26
K535k 47 1.500 MPa 303 21.93 59.87 8.59 22.10
AFIRE Air-dry state 302 4.74 14.27 0.87 4.49

1.2.2 XEAHSE

AN FREMUIBI TS SN 2.5 em HIEFESL, &
K 2 Wi R I 28 EANEIK 3K 1K IG, KBRS
BRA - 1S B S TR R BN A A AL i
A7 FRREURE . NELSON 5 Pt g fift i 0 s S5 A ML SR A
A MU S LIRS B SOM & i A 3k 159 1 45 1
AEHER Gk . AW FiF, @ id7E LECO Model HF10
TR o B R RE AT TR R SR B E e I LK

(soil organic carbon, SOC) . N (1) HHHIBRKEIE
PL1.72, 153 HIEEYUREEE.
Msom= 1.72Mgoc (D

K Msoy NEIEEVLR, %; Mgoe NTIEEHIK, %o
1.2.3 B3 RERH RGN Z

KF SUDDUTH % F7 5% 11 ¥) B A 45 nm 7 5 1
3T LA AR s, AT 3l I S S il e
AR KR P K AT E /NI H T RATE 10 s WAE
T A PR 28 2 SRATAE i SO 4 s, #£ SUDDUTH 4 LA
R RVRFF 70 45 P8 H VA0 50 B 2 A O A R
1.3 HIEAIE

AW 3 s, HAEAR T R8I EIKER
R4 AT LL AR GTE R AL R RS B R i S N
AL IR . 6 I 3 58 0 — 4 5 B i OB RS,
2R A BT PR 7S DU R SCRE 2, FERG R
JEiE R SOM &t 2 1] i 2k 15 /P,

B B KPR oy B s R

AR AR 3 5K 3 bty L3 9 9 AR A
0.033, 0.100. 0.330. 1.500MPafild\ IR IL6RNiEE KT

SRALFTIE 16/ 1 b R TR T 2L MG AL LT $s

___________________________________________

i 14 AE A

| ;

FIFHI SPAFICARS-SPA %
GRS RE I K

BT T i i
e IEAE 5 T AR 45 i
\l/ 1" The Unscrambler x 10.4 :
- — v W BETAL R PLSR AL
S-G T 7H ik ‘ Tﬁ&tfyﬁﬁﬁﬁwﬁ%&gPPSR@*ﬁj ; " !
S SR T B HEFRCALIRIE AT F AR 7% " Matlab R2018bEkff
1

R A T Al B R AR K 1Y n
PLSRH P e .

b Ak B g K n
I EESOM R N

ARSI SR E %

! (R  HyJiRRz

o BUERM (RD W7
" MRi%Z (RMSEP)

1

IR A

: TR LA I SOMA .
| (700 A R SE. - 117 P it
1

1

1

i

! (RMSEC) 5t |
: |
R (AT i ST
1

¥E: PLSR Jyfiif/ —F€[AIH; S-G 24 Savitzky-Golay. SPA NELLIEFHVE; CARS-SPA N34+ B & B HE AL IE S H L.
Note: PLSR refers to partial least squares regression; S-G refers to Savitzky-Golay. SPA refers to successive projection algorithm; CARS-SPA refers to competitive

adaptive reweighting-successive projection algorithm.

B3 AFiRsrshhite @ LB VR BORAER A

Fig.3 Construct the inversion models of near-infrared spectra of profile soil organic matter

BTG K4 JE A 1 603~2 598 nm, {H T8
T UE R I (145 e LU ARG, BT DA A4S 1 623~2 467 nm 78
BBl e (BL 6.6 nmoATaIEE, JLA8 120 kKD BY,
LTS L PR ) Yt - 7 R AR A i U M e . FEA
T, SLIREU 6 A IR EEKE (Karik 1) fKIk
HMIALIRZS . 0.033. 0.100. 0.330. 1.500 MPa Fl1 X1k
A, R HIT SRS, AT RERAER R
GRZIDO, X 6 4 - HERE B KSR BTG N ) 4T R
mn A BCH A 584 — 8L KIKON 301, 304, 306, 304

303 A1 302 o FEAHEFT AP AR Y 1 ) A2 B R, A
SEREAAY DL R LKA, P ) LR A, VR
J5£ 5 77 10 B DR — B0 R IR AR B S AR BN
2214, WA Fr 5 AR AN O 80~85 4. M
T 2 16T TAL B 7 1R Be A ROk R 5 e LU A 2R OB
T U T B 5 ) RSN Y i R ARt o DAL B RT
RS 6 AR FE KT T I 4 358 % % Ho s 4 il ik AT
Savitzky-Golay (S-G) “Fir. —Bir 54l (first derivative)
2 3 1§ (moving average) « & 28 1 IE ( baseline) .
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9 — 4k Cnormalize) « #5 #E IE & 4 & & 1k ( standard
normal variate, SNV) 5 £ jo it if & 1IE ( multiple
scattering correction, MSC) IX 7 Pl FilAb 3 77 v Ab 3,
Kb FE 5 (61 B 74T PLSR 24, DI IE&E R E R
# (coefficient of determination in calibration, R.>) LA K1Y
77 M % 2% (root mean square error of the calibration set,
RMSEC) 1E A VPN FE AR . 8 XS e i AT R AE P
i e AT LAA AR OGS E B E R BURIUAR S, 1R
e A TR T A A R AN R DY FEARH U IRIE I T 6 b
R R O AR, H SRR B R E R
(successive projection algorithm, SPA) SRHE AT R LI K
ik, FREWRKBEHN 1~39, R\ IELEK NI
X5 IE ¥ 77 MR % Z (root mean square error of cross
validation, RMSECV) 5 fi HERFAIE I K2

2 HRESH

2.1 MIBHBEBSH

K 4 RoRIEBUH A A S IREERIREETT 7], A AL
JR S BN 3.49% () IR AR AIRES . KA 5K J1 4y
SE 0.033+ 0.100. 0.330. 1.500 MPafll X THIRZA&IX 6 2H
IR FE KT N AR B O B 2R

EHIE 4 BT %, AN [ER BE K P F 3o B2 th 25 (1 A
ARk, RO R Bl RN R T O, i
FMREERNFRE T LERDLE i 2 R A EE, Ik
Pl %5 SEIDEL M prg 84kt —3. SEix—I%
B A, 2 IR AL TR IEPIR S B, AKAE N )
M ERL 3R, B ERAK R FLRR A 8], R 3ROk
JE B A B A BT R R A ST R (L2408 1.000 K
ARNIKIATE R (L4108 1.33), HIrs Rz 2 558
B2 ARG, 2B R H 2 B R A R RO,
BAh, B 7R IR R K B 51 R T B I R e
BN R, 1% B K — 8840 A% 176 21 338 PR Ab AT TR
PirioR: NN

JA MBS IR X I A A G SO T A HLTORS E 117
L5 x MU AR 45 Saturation state
. o TR=0.033 MPa
« % TR=0.100 MPa
:é x % +TR=0.330 MPa
g 1.0 < a TR=1.500 MPa
% — ot “D:M <ATFIRAS Air-dry state
& e
5H0'5_$$¥¥¥$$5. Tea lrEEEAT et
=

0 . . . . .
1600 1800 2000 2200 2400 2600
# K Wavelength/nm

W BWURS RN 3.49%; TR KK,
Note: The organic matter content is 3.49%; TR refers to moisture tension.

B4 KRR LEIEEAKF T LB BB AE R4S &
Fig.4 Original absorbance curves of soil samples at different soil
moisture levels

P 4 A AN [ E S P KT TR IR AU 1) B8 P S R A
FEA—F, HHEIIALT 1940 nm KT, X&HTKHH
O-H B i [ HI i 4 415 30 F1 A2 £ 3R 30 (1 A 454 2 1 940 nm
PR A R S B, LR R BRI 4T AM X 32 e K
RUGWIEAES C-H 8. N-H 8 M C=0 %5 H Ath & g
MR, H X SR R 1Rl &R BB /N T /K 43 1 O-H
B, A 1940 nm P AR KA RIS 4r5EE, TS O
S RE R M, AR 2 200 nm T A B35 R U, %
W U i 3 WAL A R B O-H B RERIR 3 5 22,
BRI 2 4 3 bk 2y & BRI, 5K A5 1940 nm
S P VA 0 v 5 A SR k2, T 2 200 nm BT AR
el R 52 K 43 & B AR AL R AR S I BN SE HrEE 4
Fp ] DLBE S 2R AR K B K YE L, 2 AN AR
RN FE KT 2 AT B 2 1 2 Sl 2 LG AR A O Kl
j([IO]o
2.2 BRIgHERSEmMLIE

Z G5 EI 6 4R REAKCF T S AL 3 7
P 3 Fros.

R3 SMGETLIESEE 6 HHIERE/KETH RA 1 RMSEC

Table 3 R’ and RMSEC of each spectral preprocessing method under six groups of soil moisture levels

2 S SN 74 1 =P ==t

Moiﬁlﬁjﬁi‘lgfjevel Evaﬁl}tlijiﬁ dex S-G “FiE FD Moving Average Baseline Normalize SNV MSC
FRES R, 0.696 0.709 0.696 0.690 0.731 0.727 0.725
Saturation state RMSEC/(g'kg™) 0.914 0.893 0.914 0.923 0.860 0.866 0.869
0.033 MPa R, B 0.747 0.790 0.722 0.750 0.719 0.793 0.791
RMSEC/(g-kg™") 0.822 0.749 0.863 0.818 0.867 0.744 0.748

0.100 MPa R, . 0.754 0.820 0.754 0.790 0.711 0.820 0.819
RMSEC/(g-kg™") 0.822 0.704 0.822 0.759 0.891 0.702 0.704

0330 MPa R, B 0.754 0.796 0.740 0.782 0.757 0.813 0.810
RMSEC/(g'kg ) 0.822 0.748 0.844 0.773 0.817 0.717 0.723

1,500 MPa R, . 0.759 0.784 0.759 0.752 0.674 0.735 0.748
RMSEC/(g-kg™") 0.813 0.769 0.813 0.824 0.944 0.853 0.831

KR R, 0.796 0.835 0.796 0.807 0.737 0.835 0.844
Air-dry state RMSEC/(g-kg™") 0.748 0.674 0.749 0.729 0.849 0.673 0.654

VE: S-G M Savitzky-Golay; FD N—Fr S3: SNV At IEAZL R, MSC NL THUNKIE. R AR IESHEE R RMSEC M IEHEHTIRRZE,
Note: S-G refers to Savitzky-Golay; FD refers to first derivative; SNV refers to standard normal variate; MSC refers to multiple scattering correction. R?, refers to the
coefficient of determination in calibration; RMSEC refers to the root mean square error of the calibration set.

B3 3 7l 40, KE3A 0.033. 0.100 A1 0.330 MPa 3 >
I3 5K 7T X6 N A SAE i 6 B ] SNV TlAR B A

KRB, T RASFRE LT 3 i ) T4 B 5 3 ik
TG —, WUEFE SNV 720 8O HE Rt AT BAL 2L
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2.3 TRIEFFERK

SPA FLykFir i e H A4 AE B K an &l 5 s . S
RAEAEAT. 0.033. 0.100. 0.330. 1.500 MPa A1 X T-IRZS
FARE KT T2 SPA B0 IE 5 MARFIE B K2 H 23 N
13, 15, 165 9. 9 Al 13 4N N T oR%N AR H SPA Hik
{5 196 HA AR AAE 9 K T R B — SR E ALk TS B BT 15
MR BE R 2 A D, A b e 4 R PR
FERECH 500, K 384 H 3E N E AL (competitive
adaptive reweighted sampling, CARS) HiEXf 4 iy K
W13 5 B A B B i J5 F R SPA VA AT REAE S K 1
PR, BRI BRI K 2 4 TR . 4 CARS-
SPA BUEGH I f5 BIRFAE B AS S H MATIRES T iemi 8 1,
KRS TN 6 A, 3% H 3R B KPAH LT 4
129 MR UEL H B R

2024
25000 .
2400 o CH
_ B0f e i
s 2ol g g Aromron
5 200F @
§ 00 o e N-H
X op0f ¢ O-H
= 1800 @ :
1700 o ° cH
1600 —@ ' . . L]

iap il 0.033  0.100 0.330 1.500 X
Saturation state MPa MPa MPa MPa Air-dry state

A 13K G35k T3 KT
Different soil moisture tension levels
B5 AR ZHIZEAFE T SPA Jhik kG e AR K
Fig.5 Characteristic wavelengths after screening by SPA
algorithm at different soil moisture levels

F4 TRELHEEKET CARS-SPA BIATHIE R MFHER K
Table 4 Characteristic wavelengths filtered by CARS-SPA algorithm under different soil moisture levels

KA 5R 17K B HE CARS-SPA Bk i ife J& FIRFIEB I
Moisture tension level Number of wavelengths Characteristic wavelength filtered by CARS-SPA algorithm/nm
YWADIRE Saturation state 8 1629.6. 1807.8. 2038.8. 2137.8. 22104, 2309.4. 2349, 2441.4
0.033 MPa 7 1629.6 1781.4, 20322, 2111.4. 2309.4. 2362.2. 2461.2
0.100 MPa 7 1629.6. 1807.8. 1873.8. 2091.6. 2289.6. 2362.2. 2461.2
0.330 MPa 7 1636.2. 1755, 1966.2. 1986. 2098.2. 2309.4. 23358
1.500 MPa 7 1629.6. 1755, 2118, 2296.2. 2335.8. 2388.6. 2408.4
KTRA Air-dry state 6 1636.2. 17352, 1939.8. 2012.4, 2302.8, 23424

2.4 ITEBUREETMNEES S
2.4.1 A FAKKBEAFAER KA PLSR AL R o4

Xof T AHIE 7T A BT B 6 2H A3 B KSR i
A, fE1623~2 467 nm Ju [ N, 4 %) & 7 PLSR.
SPA-PLSR 1 CARS-SPA-PLSR %I\ R 5 RMSEC 1F
VARSI AR e b, O R anER S BR .

£S5 AETIFEEEKFET PLSR. SPA-PLSR 1
CARS-SPA-PLSR #&&ILL 35

Table 5 Comparison of PLSR. SPA-PLSR and CARS-SPA-
PLSR under different soil moisture levels

Kok Ty ﬁmm’% PLSR SPA-PLSR CARS-SPA-PLSR

Evaluation index

MRRZS R’ 0.698  0.709 0.731

Saturation state RMSEC/(g-kg’l) 0.911 0.893 0.860

R’ 0723 0.701 0.783

0033MPa pMSECHgke!) 0862 0.894 0.763

0.100 MPa R’ | 0753 0.749 0.775

RMSEC/(g'kg ) 0.823 0.830 0.786

R’ 0754 0795 0.825

0330MPa pMSECKgke!) 0822 0750 0.693

1500 MPa R’ ; 0760  0.785 0.784

RMSEC/(g'kg ') 0.812 0.767 0.770

AFRA R} 0797 0811 0.831

Air-dry state  RMSEC/(g'kg ) 0.747 0.720 0.681

H 5 FIE 6 WA 19, FERL IESE 5 TI0 4E Py i 57
(¥ PLSR 5 A4, [R]— 3383 £ 7K *F- '~ RMSEC il
LT R 2 (root mean square error of the prediction set,
RMSEP) ZJAN0] G, RIAT 3¢ 8] PLSR ARG E M H
ARMIE M AERE. HK25KITH 1.500 MPa [k 2
0.033 MPa i, 3ok EIZHIHA, B R 5T
W AE e R 2 (coefficient of determination in prediction,

R K&/ H RMSEC Fl RMSEP Rk K /K57
5K 714 1.500 MPa i, R A1 R, 433l 9 0.760 F1 0.808,
RMSEC Al RMSEP ] /& 0.812 i1 0.801 g/kg, 4+ 1Ei%
BRI E] 0.033 MPa i, RS FI R KUK 0.723 F10.682,
B RARZ 43 5 & 0.862 A1 0.990 g/kg. RIAT L B /K 43
ik 4354 1.500 MPa F %} SOM ) 7 il %% 5 Eb 7K 435k 5
0.033 MPa I Z24f . X2 7K 535K 77 1.500 MPa &
£]0.033 MPa fid fErh, RIS KRN, Ll K&
FH Ay el R A AR, AT K 435 SOM [ 6145 B 52
Wi 386 20T, 24 -3 K A e Ak AN, A K 4
5K 77 0.033 MPa {1 Z AR, K5 O-H #1555
B VAN C-H S RMNE S, [FBR /KA
oAb AR ELAE F 51 0 25 5 S SO R R AR 21,
BORZAS T RE AT R, 43931 0.698 1 0.706 3 fi - X TR
& F R’=0.797. R,=0.796, [} RMSEC Fl RMSEP
0.911. 0.889 g/kg HIEm T HAIRE N RMSEC=0.747 g/kg.
RMSEP=0.776 g/kg.

3 5 A LA7S H, SPA-PLSR R AU ZEMI AT, 0.330.
1.500 MPa 5 X TR &K 4 FHE KPR RS PLSR
MRV 230 F 1, RMSEC ¥ /)h; CARS-SPA-PLSR #5781
1E 6 PR FEACE R I R 37 T3¢ MR /KT F PLSR
R RS 3 H RMSEC HA%; HA 24/K53K 714 1.500 MPa
i, CARS-SPA-PLSR # % ] R 1 RMSEC &5 SPA-
PLSR R w6 B4R A 143 20, M5 HoAth 5 Fh 15
MK R, %2 CARS-SPA-PLSR # B ¥ JiF 55 4)
SPA-PLSR #i#!, %2 I, DL R Al RMSEC AHAI PR 45
bR, 7E 6 Fhi FE /K F T SPA-PLSR 1 %4 F1 CARS-SPA-
PLSR 7 (k% FE #9480 T PLSR #5578 . Hirh K il CARS-
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SPA-PLSR YA AT LA i 26t O RFAE KB HAHEE TOCKR A SPA SVERT R /b, T A3 1 REA

e 112 IERALR

12 R0706 B 12 R0682 ) 12 R=0.694 12 R=0727 B 12 R=0.508 . 12 R=0.796
| RMSEP=0.889 gkg < |RMSEP=0.990 g kg o |RMSEP=0969 g ke © e |RMSEP-0965 ghg ! < | RVSEP-0801 gkg' < | RMSEP=0.776 g'kg "
S10 . =10 S10 S 10 =10 K 10 8
E g E E El - E ¥ E
El S8 B ERR El3 Bl
= = 5 = 5 b
2 2 2 2 2 2
26 26 Z6 2 6 S6 26
ol = e ol = e
2 2 2 8 £ £
£ 4 £ £ 4 & 4 £ 4 £ 4
z g £ = = 2
Z2 = 2 Z2 = =
o AR P Py oy T
0 6 8 10 12 0 2 4 6 8 10 12 0 6 8 10 12 0 2 4 6 8 10 12 0 2 4 6 8 10 12 0 4 6 8 10 12
Sl Measured value/% S0l Measured value/% Sl {E Measured value/% 21l { Measured value/% S2l{E Measured value/% Sl {E Measured value/%

a. ALK b. TR=0.033 MPa ¢. TR=0.100 MPa d. TR=0.330 MPa e. TR=1.500 MPa £ AFIRES

a. Saturated f. Air-dry state

B 6 RE LIEIREKF T LIEAHIR PLSR FUMAR E Mo H

Fig.6 Correlation analysis of PLSR prediction of soil organic matter under different soil moisture levels

2.4.2  LEATRAIE T ik 09 AR My 32 R R E T H % 05 34 45 A0 9 A 2950 iR A o' v 1 4T A B S 3%

FESZBR A, B S A TAL I 5 IR AE I K 2.4 i SPA SVE AT CARS-SPA i [ 2.3 5 ik I (1)
D5 AT DAY B e RS BE OGS B AT BN, JFHDLE D SNV FiANHE AN S &, fER 7 A 8 A B 6 Fh
A IR B SOM BE A A Tl R S o AH A [] S 1 i Ak 29 1 7K °F N @257 SNV-SPA-PLSR # # fIl SNV-CARS-

BT AR IR RS E A Re i sty UL AR S SPA-PLSR AL,

.......... 1 —— AL
12 R2=0.664 12 R=0.681 12 R=0.719 12 R=0.658 12 R=0.826 12 R2=0.799
210 LRMSEP=1.095 g-kg* 10 | RMSEP=1132 g-kg ! 10 |RMSEP=0931 kg ! 20 | RMSEP=1223 g'kg ! o[ RMSEP-0755 gkg ! 10 | RMSEP=0759 kg !
ERS ER B S8 RS g
=z 2 = = = 2
3 3 4 4 3 g
26 26 26 S 6 26 2
= = = = = =
3 g B B E o
a e &~ = o e
a4 @ 4 a4 a4 a4 &
= = = = = =

O
2 4 6 8 10 12
il fMeasured value/%
a. FTIRAS b. TR=0.033 MPa ¢. TR=0.100 MPa d. TR=0.330 MPa e. TR=1.500 MPa £ RFIRE
a. Saturated f. Air-dry state

W R ONTRIMSE G E R % RMSEP TR 7 RAR % .
Note: R,,2 refers to the coefficient of determination in prediction; RMSEP refers to the root mean square error of the prediction set.

A7 RFE LEIREAKFE T LIEA IR SNV-SPA-PLSR AEA! FM|A K o5 H
Fig.7 Correlation analysis of soil organic matter prediction by SNV-SPA-PLSR models under different soil moisture levels

Ak
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AR T R T oy o Ly L
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i FIDHR L
a. {ALRE b. TR=0.033 MPa c. TR=0.1 MPa d. TR=0.330 MPa e. TR=1.500 MPa fRATARE
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B8 FE LIEIRENKTF T LEA MR SNV-CARS-SPA-PLSR AEA! TR 48 K M 547

Fig.8 Correlation analysis of soil organic matter prediction by SNV-CARS-SPA-PLSR models under different soil moisture levels

EARFEIRGEE R, £/ 7 MK 8 B3R SNV- PLSR #AYiE & SNV-CARS-SPA-PLSR #7, 1542 -+ 1%
SPA-PLSR #% %! #1 SNV-CARS-SPA-PLSR # ! i [¥] B> 76 TR T SOM T kS FE iz i T RDIR A& . Xl
5 RMSEP #HAT LL AL, 247K 405K J 1 0.033 MPa 3§ in %]  5& 6 HCRA] PLSR #ALHHAT SOM TS #Ir45 6 —3.
1.500 MPa i}, SNV-CARS-SPA-PLSR f!ff) R’ L SNV- 2.5 EFHEKKH SOMKOERBARNRHIESE LA
SPA-PLSR 454! 5 iy H G ) RMSEP 12 ¥ F# A% . 1% T N7 F
A R K 45k F3 4 D 500 T R i A v AR AR FE G AN TR L B FE AP I A A “—xt—"
H KT ARAE KB, SNV-SPA-PLSR LA R 43714 Tl SOM BA L4 & A 7 Sehrd =B, —41+1%
0.664. 0.799, 5T SNV-CARS-SPA-PLSR B Y Xf B f] I8 B /K -P 6 N — ARG T4 AE 38 ok il T %8, RIS
R 9 0.651 fil 0.753 H. SNV-CARS-SPA-PLSR # B %52 543 % (A58 204 A 248 th AN ) - AR 88 v R R ey 3 21
RMSEP 5. PR AEXS 7K 535K 714393 79 0.033. 0.100+ % 6 4, SNV-CARS-SPA-PLSR FEAIZE 3 Fhili & /K
0.330 1 1.500 MPa [ H3EAG PR S & TS, #HH SNV- P F B0 % R 3548 F Hofth 2 BB AL, 1ff PLSR 4% %4 Al
CARS-SPA-PLSR HAIMURE A, Xt T HIA TS T SNV-SPA-PLSR #5753 5 7E 2 Ff 5 1 B /K F F EUE
PRSI ML H SNV-SPA-PLSR #5%4, {HI1 SNV-SPA-  MR&E . R A kA LR KT R A LR
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2024 4

RS B B =01 SNV-CARS-SPA-PLSR #4783k 7l 42 5

RN KPR RIA B

%6 TRILIFEFKTET PLSR. SNV-SPA-PLSR #1 SNV-CARS-SPA-PLSR #R&ILL4Z
Table 6 Comparison of PLSR. SNV-SPA-PLSR and SNV-CARS-SPA-PLSR under different soil moisture levels

K438k 17K PLSR SNV-SPA-PLSR SNV-CARS-SPA-PLSR

Moisture tension level R, RMSEP/(g-kg™") R, RMSEP/(g-kg™") R, RMSEP/(g-kg ")

HIFIRAS Saturation state 0.706 0.889 0.664 1.095 0.651 1.131

0.033 MPa 0.682 0.990 0.681 1.132 0.745 0.948

0.100 MPa 0.694 0.969 0.719 0.931 0.731 0.892

0.330 MPa 0.727 0.965 0.658 1.223 0.699 1.013

1.500 MPa 0.808 0.801 0.826 0.755 0.846 0.620

TR Air-dry state 0.796 0.776 0.799 0.759 0.753 0.848

R, ONTRINSEYOE R ¥ RMSEP Ay AR 7 % % .

Note: Rzp refers to the coefficient of determination in prediction; RMSEP refers to the root mean square error of the prediction set.

T 7 ikt 4 Fh AR KSE R ¥ R, T RMSEP
BT LA, K3 5K 717 1.500 MPa IR 56852 () SNV-
SPA-CARS-PLSR #5573 5l Tl 12 HX 6 25+ 3838 B /K ~F
TR BT, BT R R 435104 0.765. 0.762. 0.766.

0.738+ 0.846 1 0.760, FE/K4r5K /178 0.100 MPa 1) 4
5 BB EE KPR, K435k F78 1.500 MPa B & = T A
oAt A= 3895 B K P 257, SNV-SPA-CARS-PLSR 74 (1) 7
MR

F7 6ETHEEKFETH SNV-CARS-SPA-PLSR #HEE 53 5% 6 RIREKFE T LEAHEFUMAE R, #1 RMSEP
Table 7 The SNV-CARS-SPA-PLSR model for each of the six soil moisture levels predicted sz and RMSEP for soil organic matter at each
of the six moisture levels

. . KAyak Sy
SNV-CARS-SPA-PLSR K7 i AR KR S
Evaluatlon lndex Saturation I;tate 0.033 MPa 0.100 MPa 0.330 MPa 1.500 MPa Air—d stl;te MlXCEld set
ry
AR AR R} 0.651 0.661 0.676 0.596 0.722 0.707 0.166
Saturation state model RMSEP/(g'kg™) 1.131 1.698 1.936 2.697 3.665 11.536 4.874
0.033 MPa % R} 0.686 0.745 0.746 0.675 0.801 0.738 0.413
0.033 Mpa model RMSEP/(gkg ™) 0.932 0.948 1.006 1.307 1.557 5344 2.287
0.100 MPa % R} 0.564 0.677 0.731 0.645 0.772 0.718 0393
0.100 Mpa model RMSEP/(gkg ") 1.011 0.996 0.892 1.136 1.416 3.962 1.768
0.330 MPa K11 R} 0.619 0.747 0.774 0.699 0.772 0.747 0311
0.330 Mpa model RMSEP/(gkg ) 0.935 0.902 0.821 1.013 1.126 7.438 3.463
1.500 MPa 2% Ry 0.765 0.762 0.766 0.738 0.846 0.760 0.468
1.500 Mpa model RMSEP/(gkg ™) 1.016 1.053 0.952 0912 0.620 2750 1.593
AR R} 0.398 0.493 0.374 0.435 0.217 0.753 0.156
Air-dry state model RMSEP/(gkg ™) 3.458 3.254 3.082 2.869 2618 0.848 2.679

IR 5 FH 2B 2R TN A 5 BT A Y P KT TR A FE AR
8 HL B BT A3 20 R AL 0.468, RMSEP ik
1.593 g/kg, it 7% T XF Bl —Ff 1 3988 B /K F R 1) SOM
TR . 28 E, 1.500 MPa R[] SNV-SPA-CARS-PLSR
TR SV A - BV R A AR SOM [ TN R AT AL T 3L
i 7K o
4543 4 TRk Sy Kk 7104 1.500 MPa if CARS-SPA &
I 1% H PR AE DA BT X B A 22 B A T Rl e, 2 3
FE i 2 2] NIR 3 B G BT RS, SOM H L & 1 O-H.
C-H. N-H. C=0 %5 % [ 2 75 A0 5 P B = Az B ik ik 3
(B MR 52 MRS M E#E A AR 30 i)
1, 1629.6~1 807.8 nm [X 3K A C-H 4 55— 47 (1) {eh 45
PRI, 2 118 nm Btz A5 N-H 8 FAR 45 IR A
%, 2296.2 nm Aty N-H B 45IR3N 5 C=0 {45
PR, 2 335.8 nm &b C-H B 45 IR 50 5 B AR5,
2 388.6 nm 4bA O-H B ZE A5 A ) AR TR IR BN, 7K
23K 779 1.500 MPa i CARS-SPA H32: 05 146 HY AR i U
KIELF A SOM H &6 1 2 3 e A B AH G, X
Al fE 2> f# 154E 1.500 MPa F SNV-SPA-CARS-PLSR f# 7!

X SOM THMIAS FER o AR AE FH (A [ — PR EEAL, &4
AR VR B KT DLORIE 52 A — 2, IR )
HBE R 9 812 ) 1T B B8 v 7R A [F) 1 3380 B2 7K P H s 4 2 T
IR a3 F5 P, 7E Vis-NIR JEF N & 5] N T — 86,
A, 1 WIJEWARDANE % 52 W () 42 J5j 7K 4 485 2
(global moisture modelling, GMM) & {ER; IEFE R & T
ZAFEEIKE ARG ERRAERE . GMM JFA R 2
HARHIBHUES L (externalparameterrthogonalization, EPO) [
A DS BE Ry, EIAEFTA MR KT ERRE
B JIANG 2 @t L 8 4N ) 7K 4 & vt A
LB U 52 i, 45 H T R/ Z AL (generalized
least squares weighting, GLSW) /%454 PLSR 1E £ FR/K
g3 T35 T B RO B AR I HAZ B A o] DASE S AN R R T
TR mT S AR 1. Rl SR S —ANE T8
2 ) B R R R ML TRORG R T v AR LA 7R
PSR E M B R IE (slope bias correction, SB) . IE
A5 5 IE Corthogonal signal correction, OSC) 4 54y
BLE HbrUELL (piecewise direct standardization, PDS) 1!
8 B B TN A BAT AR A 36 0 A R AR IE
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A5 v 2T AR T AR A 3 R 1,
3 &% it

JRy B A b AP S 3 R G T 21 A St 1 e 8 T - 38
HAHUF (soil organic matter, SOM) F& & (M, %W FT
I K S 5K X — 4R bR, MR T A SRR K
[t SOM I 2L 41 1l S S A A, 5o L 5 Tl b B 7 V2 AH
GG IR BN IR EE 7K P T ST R R YR AR A N
TAFEEELE . dnT:

1) 3RO B2 I b 35 ) G N T RGO, AN (R
KPR 3R Ot B i A IR SO 67T 1940 A2 200 nm
BT, HHSEE SEREA TS

2) FETEGFGLEHE (successive projection algorithm,
SPA) HIFE4r Ik BE B E AL E S H L (competitive
adaptive reweighting-successive projection algorithm, CARS-
SPA) #4 % 1 fi % /> — 7 [5] )9 ( partial least squares
regression, PLSR) #5284 R R 4T PLSR A2 . 53X 2
TR 5 3% e AnifE IE SR B 481k (standard normal variate,
SNV) Tiikb 27 44, 193] SNV-CARS-SPA-PLSR 14
RULE K 439K 7743 5128 0.033. 0.100. 0.330 11.500 MPa
AR W R AL TR SNV-SPA-PLSR A6 Y ;
B2 AE AL T WA 5 R IR A I 0 % ) SNV-SPA-
PLSR # A1 5 47 . % F PLSR £ % . SNV-SPA-PLSR ##
AU SNV-CARS-SPA-PLSR B2 138 7E MARASH
1) SOM Tt FEE B S A T AR AR

3) FEH A [E] —ERFEAL, 5 M oA 3 P2 M DA PR AIE
FEA— I, FEUL G A [F) L B K 4 A

“S 7 T SOM AR B HE LA 2 SEBR R o AR ST
XF O T A5 Y E AN [ - 398 3 R 7K 1 1) 1 od R PR R
KUK 45K 7128 1.500 MPa It JT 2 7] SNV-CARS-SPA-
PLSR ALK FITINRTIRA . 0.330+ 0.100, 0.033 MPa
HHAPREIX 5 Hi KPR A ARSI LIEE
BT RO B i o IX W] e i 17K 735K 7778 1.500 MPa
N 7 6 H A RR AR 38 K [F) SOM /R & 1 2 5B e &
FEAHIRAE -

% t: R £ B Hummel ] W. Sudduth K A #=
Hollinger S E % A A#F R AR H 48 L 4, 485 it
EEEHEERE, AENEFFRELERMNEFT
&89 K2 T4E. Sudduth A& E KT L LIS EE F
FaLRET T, AR TR
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Influence of soil moisture on the inversion accuracy of near-infrared
spectra of organic matter

ZHOU Peng' , KONG Yinuo® , HAO Shanshan' , YIN Xiang' , XIAO Xinging® , JIN Chenggian**

(1. College of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo 255000, China; 2. Nanjing Institute of
Agricultural Mechanization, Ministry of Agriculture and Rural Affairs, Nanjing 210014, China; 3. College of Engineering, China
Agricultural University, Beijing 100083, China)

Abstract: Soil organic matter (SOM) is one of the essential components of soil and moisture to interfere with the detection.
The soil moisture content by mass ratio and spectral parameters are often utilized to classify the moisture levels. But previous
studies on the prediction of SOM content have focused mostly on the surface soil without covering the profile of depth range.
This study aims to explore the influence of soil moisture on the inversion accuracy of the SOM profile. This study analyzed
previously obtained near-infrared spectra were collected from the samples of the soil core column in the surface layer to about
150 cm underground. Each core was divided into subsamples with a height of 10 or 20 cm. The samples were gradually
moistened to 6 groups of levels of soil moisture. According to the index of moisture tension, the air-dry state was defined as
1.500, 0.330, 0.100, 0.033 MPa, and the saturated state in turn. The data was normalized and transformed to the absorbance.
Each set of spectral data was processed by seven spectral preprocessing. Among them, the standard normal variate
transformation (SNV) was achieved the best. Meanwhile, successive projection algorithms (SPA) and competitive adaptive
reweighting-successive projection algorithms (CARS-SPA) were used to screen the characteristic wavelengths. The number of
characteristic wavelengths was then reduced to 6-8 at each level of soil moisture. The inversion models of SOM were
constructed to combine with SNV preprocessing using full spectrum and characteristic wavelengths. The results indicated that:
1) The model accuracies of the SPA-PLSR and CARS-SPA-PLSR models were better than that of the PLSR model at six levels
of moisture. 2) The SNV preprocessing was also combined to determine the coefficient of determination in prediction (Rzp) and
root mean square error of the prediction set (RMSEP). Under the saturated state, RZp values of the SNV-SPA-PLSR and SNV-
CARS-SPA-PLSR models were 0.664 and 0.651, respectively, while the RMSEP values were 1.095 and 1.131 g/kg,
respectively. In the air-dry state, Rzp values of the two models were 0.799 and 0.753, respectively, and RMSEP values were
0.759 and 0.848 g/kg, respectively, indicating the better prediction of the SNV-SPA-PLSR model. The SNV-CARS-SPA-PLSR
model shared the higher accuracy of prediction when the moisture tension levels were 0.033, 0.100, 0.330, and 1.500 MPa.
Specifically, R2p values increased from 0.699 to 0.846, whereas, the RMSEP values decreased from 1.013 to 0.620 g/kg.
3) However, it was difficult to guarantee the same soil moisture level at the same depth in different locations of the field. The
SOM calibration model was applied to the characteristic wavelengths on different datasets. The SNV-CARS-SPA-PLSR model
was selected at the moisture tension of 1.500 MPa. The best performance was achieved for the organic matter in the six groups
of soil moisture levels and mixed samples. The models can be expected to estimate the SOM content of the profile at various
moisture levels. The findings can also provide a strong reference to improve the applicability of near-infrared spectra inversion
models for the organic matter content at different levels of soil moisture.

Keywords: soil moisture; organic matter; near-infrared spectroscopy; moisture tension; competitive adaptive reweighting-
successive projection algorithm
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