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B 22 RO /INERRAE A 22 R VA P ARRAR HE R iy s RS0 50 i
IR B AN, R 5~30 Cy /NELEN H & T
5% ~35 0 [ HHET K SEAE A, SR AT BT IR 4R BT M G AR
TEAE B SRIG S5 6 388 7K 3R FH R f5e /0y = 3 2 2 37 70000 AL
L, AT R R® A E A E] T 0. 988, IE W% T I W] A7
SUERE . (RS0 R 5 R X T 5 K O
Wi . Thamasopinkul™ 258 55 7 38 BF XF e % 3 21 41 % 3% 10 5%
Wl o ) A e /0> — 3Fe [l 9 D vk g ST = AN E R (25, 35 T 45
CHERBEIM R AF T 0.95, 48 FFFR, T E0R T
TR Xt A 398 K 3 30T £ 40 ST 6 R (RO T IR 38 1) R
TEH EL /N (220 0 °C L kD ST TRLBE T Bl LA B A 3 34 B
1 T AR LR A B ST AR T

FETFIELLAN GRS, B xd b 7 JE i L 4, O 52 R TR IR
(—20~40 “COHpaft T+ BE I 21 SN 1 5+ 58 K 3R ] (1 36
R AT AT LT AN 6 A TR B0 % A HE A K 5 10 AR
U7 AR 5% o % 4 U B DR g B . 45 G £ ou HU R O i
(MSC) , #r#EIEBA R IERL (SNV) . — -S40 (DD, —
[ 5 $h vk (D2) FF 1 AL BE(S_G) LA 5 1, #r T AN I
JUp 38T 4K 43 1Y) BP B 40 46 B L H Ak SRR LA
(SVM) #1175 BB (GP) , % H 40 BF T 18 Fl A 260 g g 48
AR AR . B T R AL, W 4%t dE y b o i
e A 5 20 21 A0 4 3 7K 38 P I i (AR R 2 A

1 SEg ko

1.1 #&

R Ry B R VTN — AR B R A R A R 0 B i PR
4, HP 2K h 5\ 2+ (ordinary chernoze) , fiti + 358 494 HL
ek 52.8 g~ kg ', pHAH R 5. 75, BAR A A &R 190
mg - kg ', FRABEEG RN 41.5 mg - kg, HACH G RN
182.6 mg + kg™', SRAEREE NZE FFEFRZ HHEF 1~15 cm,
He R EUM + e BE T b B, IF R R BEALET R, SRS T BT
B, HJa A 50 B M AL #E . 3 # H A2 K /N 0,355 mm
R AR AT T — 25 A FE 15 B0 Y A A R R A A
BB IMALEOKT R, TR BRI 5T AR T & BAS [R]
JE (¥ S BRI T SRR R U B A [ R AR 1Y
B R O R R R O, AR A RV B 1 R R R RE A R
TEAERE T & b R T R — 80, IR b S BR 4% 1
5% ARG T 15% ~50% 3 8 Bl A [ 2 B A9 £ S AE
W T A T O R 23 0 R R AR AR R A P
Sy E T LS C Ryl b KN — 20~40 °C 3% 13 ik B 35 8%
U B A A R R L A b R A A B
mk 1P,

1.2 {us8

PEHR 48 [ Bruker 23 8 7 4 3 19 TANGO %135 21 4h 56 3%
PRI TR o ALAS 4r BE o 8 em ™, b I B0 LA
11 520~4 000 cm ', Fil#5 T —A4~ IN311/C T 5 [ Jig i &
FLAEN 50 mm [y IN311-S MRLEE AR, 00 O 288 18 5 4t
5 325 R A BYAU-2019-1 5 (% 4 3 B 53 1 T £ 17 4 il

R, BSHIREBE SN £0.5 °C . 1580 B e R R 7 IM-
KO A # () TRIM-PICO 1§ £ 38K 534 M4k 4 R H Un-
scramblerX10. 3(64 {7) 1 Matlab2019b,

x1 TERFEEERER

Table 1 Basic information of soil moisture
ARG AR H/MVE ISP T E bRt 2
A 69 15. 000 50. 000 32. 609 11. 408
3k £ 35 15. 000 50. 000 32. 286 11. 548
BREA 104 15. 000 50. 000 32.500 11. 456

1.3 NiEHIEmAE
T IEREA B AR S I 1 BTR .
1.87
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B1 TERBELDEIEE
Fig. 1 Original near infrared spectra of soil
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2 ZdTAbER RN E
(a): MSC fiAb¥E; (b): SNV Fi4b ¥ ; (o) : —Fr FE AL ;
() ZBr FEAL I s (o)« F- T4k 2
Fig. 2 Preprocessed near infrared spectra of soil
(a) ; Preprocessed by MSC; (b): Preprocessed by SNV
(c): Preprocessed by first derivative;
(d) : Preprocessed by second derivative;

(e): Preprocessed by smoothing

e SRR O T O 52 22 S A e i BURHE B RO i £k )
14 5 £ i B FIABRE S5 M P OS2 . O SR RDOLIE R MR L, X T
TEA [R) IR 2% 1F T ORI AN [R) K S 40 40 6 1 B, R 2
FobJr i HEAT T AL BE . LA AT LA B D't 3 B 2800 Y 22 0
REIE J7 0 (MISC) 5 i L B B 55 36 Ao R K/ 7 A 1Y
RO Rk 0 S 6 R i 3T AT B G 0 bR E TE 25 R OE
(SNV); AT LAY BR 2 26 B 8% M 2 1 551k 09 T 40 i — B &

BAk B s RERS AR R 20 HE A A6 R AU I HE VR T 58T 0 5
oAt PR 51k AR 22 19 B S B0 B 5 LR FT LU BR O 6 1R
S AL A P A By . Ak RS B OEIE AN E] 2 (a—e)
PR
1.4 BEFE

K 104 DEEARRL I 2+ 1 B9 L AT BEML R 23 69
AR O AR . 35 D REAE B i SR K . A
FIEA 4y JE WL S RE 19 BP W 4% . RE 45 75 2503 A D 408 43
A e i 2 R AE [0 U5 B T RS ) AL (SVMD i IR 4 £
S5 LA R/ AR 4[] 0 ] e LB A S i Y R Y R 0 A AR
(GP) =y i AT A A58 B JoU 0 k=

2 #ZRHHE

2.1 AEAHBBEEENGHHR
2.1.1 DBPAZ2M%ER %HLR

5 H ] MATLAB %t 57 5 F BP, MSC-BP, SNV-BP,
D1-BP, D2-BP, S_G-BP iy 6 Fh WM&, Sy T fin PR fiit
BRI, K BRI . 104 LB EREP N =02
(69 4D HIE @ BRI . X BP M2 R 4 A 6 B Bk AT %
B HAREIR R A 3] S B R R 22 A I K Ik B0 B R
0.05, 0.000 1 1 5 000, st % bl B, 5 1l 22 I 45 N B
JZBRITTIAN BN 20 AT P ROR S A, @R ST S BP B
I R 4y B2k 0.958 7, 0.958 2, 0.958 9, 0.950 9,
0.958 1#1 0.960 9, RMSEC 4} %] 2 2.356 0, 2.3729,
2.429 0, 2.563 0, 2.425 5 f1 2. 379 7, % BP #1 £ W 245 Il %k
MR ERERLN BT S_G i/ BP M & M BERL, ZCRME 3(a)
FiR . B R g 0.960 9, RMSE Jy 2.379 7,
2.1.2 SVM R 9| 25 R

69 4 £ M A 4 5 £ SVM, MSC-SVM, SNV-
SVM, DI1-SVM, D2-SVM F1 S_G-SVM 7 Fp i # vh i)l 45, 12
I 5 oA B3 T 420 1T LA B — SRR AIE W S 3 — A 0 95 2 1
TEZS ], AR TSR0 Bk LLAR 1) 5 o6 S0P S 4% o 8
) 4. I F) ] leave-one-out cross validation {ifk T & 51 =
B #E T RESECY 0.87, RS TRBIM B . @
BI7SFP SVM BRI RS R® 43 512 0.989 8, 0.990 0, 0.991 1,
0.988 2, 0.988 4 Al 0.989 5, RMSEC 4 % 4 1.166 2,
1.143 6, 1.081 5, 1.221 2, 1.218 2 f1 1.202 7, & %
SVM Yl 2 iy foe A B O B T SNV Y SVM LAY, RO 0 K]
3(b) TR, MR R? 3 0.991 1, RMSE Jy 1. 081 5,
2.1.3 GP#AE 4R

oy FE T g GP, MSC-GP, SNV-GP, DI-GP,
D2-GP #1 S_G-GP W/ P, SBR[ R* 43 5 k0. 920 7,
0.907 3, 0.912 2, 0.919 1, 0.907 1 I 0. 920 8, RMSEC 4
W4 3.300 1, 3.509 5, 3.433 8, 3.348 6, 3.314 4 Al
3.258 1. AHEORUIE T S_G Y GP A AL R iR by, BEAL Y
R* #0.928, RMSE Y 3. 258 1, YR E 3() iR, M
Bl L A BB AR R g R, HAUR 5 T BP
25 W 2% F1 SVM Il i 180
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a): S G-BP#H; (b): SNV-SVM M ; (¢): S_G-GP #H
Fig. 3 The best training effects based on different algorithms
(a): S_G-BP model; (b): SNV-SVM model; (¢): S G-GP model
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ARG 6 JIT R S AR A RS M R R SR L R R A =4y
Z— (35 41) 0y 4 S il B ke aE AT 45 B R B ORS B2 5 TN &%
HIeSE . 7€ BT & 57 19 BP, MSC-BP, SNV-BP, D1-BP, D2-
BP, S G-BP, SVM, MSC-SVM, SNV-SVM, DI-SVM, D2-
SVM, S G-SVM, GP, MSC-GP, SNV-GP, DI-GP, D2-GP
FlS_G-GP 3t 18 i+ 3K 4y F BB AL R A, A A 35 41+
HEREAS B, A BT 0 B AR AT R I IR AR 43 i An T 4 Ca—o)
Fros, MW AR Rr LUK B, SVM T A5 B A4 %R B Lb BP #&
Mg Mm@ g S L, P S Gy SVM = 7 %

I HoRE R B0 I RER 22 40 M35 5 1 0.992 1 A0
0.736 9.
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(a): S_G-SVM %l ; (b): BP i ; (c): MSC-GP f%#1
Fig. 4 The best prediction fitting effects based on
different algorithms
(a): S_G-SVM model; (b): BP model; (¢): MSC-GP model

2.3 AEEBERLLERS T
WNEL 5 7R » Ao L 43 A AS ) 5 32 5 R4 ) 5000 1 5 552 Bk 114
TEAR . A5 R, 3T 4R B0 LA B R AS 8] 19040 24 7 %
18 SV ML AR TR 0 A (1 00300 2% 2R A Al v o 5 325 B0 D o
P 3 FE 5 BRI AL, 25/ K2 MR M
RMSE 280k B, JCie 76 3 T 4 515 1) B A 4 30 J2 71 00 4
e, R SVM R R B . HoP S SNV iy SVM
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(a) o T JFARBOHE 19 & B R TOI 25 R 5 (b))« BT MSC Fildb £  2 BEBI TN 25 5, 5 (o) kT SNV T 2 i1 4% 45 B 5000 25 2R 5
(d) s HeF— B S ECTAL P 2 BTN 45 50, 5 (o) T Z I SECTIAL B A A A B T 45 28 5 (D)« &7 38 A0 B0 1% 2% 52 280 T30 285
Fig. 5 Comparison of prediction results

(a): Based on original data; (b): Based on MSC preprocessing;

() : Based on SNV preprocessing; (d): Based on first derivative preprocessing;

(e): Based on the preprocessing of second derivative; (f): Based on smoothing preprocessing

E AR A A 2 AL ORDIRAS X RS K AR
Ti AR R 22 /IR 0. 901 1, (EBIF 5 00308 B2 I 30 Y8 FELAR /DN AN

AIEAT T B SEHUN BB B D R HO 0. 981, BT

SETE 5~ 30 °C i [l A A4 3L 2 I 38 A e/ 3 s i AL

S M1 i 22 A TR 10 90 0 AR G AR IR R 0 0. 988 7, 8

A Tl AR D36 T () S B I B0 . A AR R R R 0
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x2 AEEERSHIILL BOKRAE 000 ~ 1706 Wy 38R B A B /s = 30 15 30 47 2 A5 73
Table 2 Comparison of different model parameters M, 538 A AR R A He i RBCH 0. 978 7, TN TR IR 22 N
ey L i g 1021, AW S5 HERE R e R BOAH) 0,992 1, FLFE B j1
R RMSEC R} RMSEP N 5t PRI B, AT b 9T A ) e A ORGP s . e A
SVM 0.9898 1.1662 0.9911  0.786 8 P
MSC-SVM 0.9900  1.1436  0.9903  0.8104 25 LR, AR AR R LT S R TR . IR HE
SNV-SVM 0.9911 1.0815 0.9881 0.8771 TRLRE T 38 0 1B A R A M0 R 9 LR X R U BE O, RAR T LA
DI-SVM 0.9882 1.2212 0.9918  0.745 8 B 30T 2L 40 - 9 K 2B ) A e s
D2-SVM 0.9884 1.2182  0.9923  0.737 6
S_G-SVM 0.9895 1.2027  0.9921  0.7369 3 4 8
BP 0.958 7 2.3560 0.9697  1.544 8
MSC-BP 0.9582  2.3729 0.9621 1.6271 ) I £ A0 6 18 S0 b T 7€ 0 306 R FEDIR B ki R
SNV-BP 0.9589 2.4290 0.9598 1.7136 (—20~40 C) L HEM SRR AL IEITH 5T . DL 4B B
DI1-BP 0.9509  2.5630 0.9649  1.546 1 TR S BE R, 25 A AR LA i WAL 3 7 i, HEST T
D2-BP 0.958 1  2.4255 0.9555  1.787 5 A EREE 3 T A K R B AL, A BP P&
S G-BP 0.9609  2.3797  0.9570 1.6820 MR 2% . SRR AL (SVMD F s 357 5 B2 (GP) 36 18 F 7T il A%
GP 0.9207 3.3001 0.9252  2.2192 A, AR EET S_ G SVM BRI e E#EA, BT S_G
MSC-GP 0.9073  3.5095 0.9348  2.148 6 9 SVM F 5 0 1) P o R 40 R® RIS J7 M5 25 RMSE 43 )1
SNV-GP 0.9122 3.4338 0.9113  2.5120 KFN T 0.992 1 F10.736 9, fLFIHAMBIAR . b ] LUE Ry
DI-GP 0.9191  3.3486  0.9127  2.6300 R LR 30 25 4 T (b JE ) 438 5 K BRI A A
D2-GP 0.9071 3.3144 0.9219  2.503 2 P AELR VRN T B BT LT Ah - A K S ) A T AR
S G-GP 0.9280 3.2581 0.9093 2.7829 P BE 30 B 50K B e . BT e A % G 404 R3S K
P RS
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Prediction Model of Soil Moisture Content in Northern Cold Region Based
on Near-Infrared Spectroscopy

SHI Wen-giang' » XU Xiu-ying'* , ZHANG Wei', ZHANG Ping*, SUN Hai-tian'*, HU Jun'

1. College of Engineering, Heilongjiang Bayi Agricultural University, Daqing 163319, China

2. College of Science, Heilongjiang Bayi Agricultural University, Daqing 163319, China

3. South Subtropical Crops Research Institute of Chinese Academy of Tropical Agriculture Sciences, Zhanjiang 524091, China

Abstract There is a large temperature difference between summer and winter in northern China. Soil temperature difference
greatly influences the measurement of soil moisture by NIR (Near-Infrared). A prediction model for soil NIR spectrum and soil
moisture content under a wide range of temperature stress (—20~40 ‘C) was introduced. Soil samples were collected in the
experimental field of Heilongjiang Bayi Agricultural University. After drying and sieving, soil samples were dampened to
moisture content ranging from 15% to 50%. Prediction model for NIR and soil moisture content under different temperature
stress was built. 69 groups of spectral data was used as training set to build model based on the full-band spectral data and five
different spectral signal preprocessing methods. BP (Back-propagation) neural network, optimized support vector machine
(SVM) algorithm and Gaussian process algorithm (GP) were used to establish the prediction model of soil near-infrared
spectrum and moisture content in northern cold areas,and verify the effect of the model. The learning rate for BP neural network
was 0. 05, the maximum training time was 5 000, and the number of hidden layer units was 20. SVM used the radial basis
function and Leave-One-Out Cross-Validation to determine the optimal penalty parameter (0. 87), which improved the accuracy
of the model prediction. Marton kernel internally was used for the GP model. GP model was evaluated by the coefficient of
determination (R*), and root mean square error (RMSE). Results show that the S_G-BP neural network model has the best
performance among the BP neural network models, with R* of 0. 960 9 and RMSE of 2. 379 7. The SNV-SVM model has the
best performance among the SVM models with R* of 0. 991 1 and RMSE of 1. 081 5. The GP models, S_G-GP model has the
best performance among GP models, with R* of 0. 928 and RMSE of 3.258 1. In conclusion, the SVM model based on SNV
preprocessing has the best training performance. 35 groups of spectral data were used as a prediction set to verify the model
performance. According to the model comparison and analysis, the prediction model based on the SVM algorithm is better than
the other two algorithms, among which the S_G-based SVM model has the best performance. R* and RMSE are 0. 992 1 and
0. 736 9. respectively. Combining the parameters of modeling set and prediction set, the SVM model based on S_G has the best
performance in this study. This model can predict soil moisture content under a wide range of temperature stress in cold regions,
providing a theoretical foundation for the design and optimization of portable NIR soil moisture rapid measurement instruments in

the cold region.
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