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Fig.1 Land use types of study area and spatial distribution of soil
samples
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1.2 TEMAMNIHREARLESNSTANIE

K H Z[E Analytical Spectral Devices 2 ] 42 7= [
FieldSpec 3 ) 64T T80 A8 IS 20 15 &
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KAENAIRE 1 nmo (B TR B A, KAb 3y 1) 1 1%
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SETE . BENMFES RN 10 R Z6E 5 IR AR T8y, &
MR 10 I FEASHEAT 1 IRFRIE ETARR IE .
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performance to standard deviation, RPD) X 3 MEFRKAS
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7E: KS A Kennard-Stone (KS) 2%, SPXY “Jy sample set partitioning based on joint X-Y distance (SPXY) i, RKS 4 Rank-KS i%; 10, 20, ==+ 90 RN LA 10%-

20%:++++-90% I LG AR IESR PR REAZH B TR IESR , HAEAK 1500 08: 8. 154 234 31, 39. 46, 54. 62, 69. FId.
Note: KS is Kennard-Stone (KS), SPXY is sample set partitioning based on joint X-Y distance (SPXY), RKS is Rank-KS; 10, 20---90 indicate that 10%, 20%-+-90% of
samples were selected from total calibration set, forming different calibration subsets, and the samples number of calibration subsets was 8, 15, 23, 31, 39, 46, 54, 69,

respectively. The same as below.
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Fig.2 Box plots of SOM content from calibration subsets
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Fig.3 Histograms of SOM content from part of calibration subsets
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Table 1 Descriptive statistics of SOM content
TIEAEHLFF S 2 SOM content(gkg™) y .
% - TR U R
A R » , I Stownes Ko
Sample set Number IEON | FME Yot Standard i i
Max value Min value Mean value Deviation coefficient coefficient
SRS IE4E Total calibration set 77 50.50 16.70 33.92 7.30 0.09 -0.32
ISAIFEE Validation set 20 53.63 17.34 34.28 8.48 0.29 0.04
£ FEA Whole sample set 97 53.63 16.70 34.00 7.51 0.15 0.17

A 97T ANFEAMLEERNE S =L 1670 ~ CLR DY o3 i B S et fe b AP R 2 57, R F PR IE4E
53.63 g/kg 2 18], HIME N 34.00 g/kg, SiE )1 E I A TR 2= S RS TEAE A WL & B A AR fiE« 4T T KS
KHERIKRBBEEIR & & (35.7 g/kg) FHZEARK, BEAK HiE, T RIEEREA LG SR EEER] 20%F1 10%[1)
T U9 148 I Uk 115 [B] Je SE AR A A 1 KRS B LR & = W, WA S BEAAERCR RS, 7E W E T e
(41.8 g/kg) P, B1E 2, [ 3 W40, KS ¥ RS v:5 SPXY  SILBH S GuR (fifF 2% sk=—0.53) : %I SPXY &
TEFE HEAS [R) B A A B TR R A Bk 1 TS IE R FE A 1, BTRIEEREARLEIN 10%K, B R 2B -TIER
WUB & S48 . AL PrrEZE . ImIE R WEE REL FEAE, DY 7 BE B B KT HAh TR IESE . 7E BRI Hr
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Table 2 Performance of PLSR models calibrated from different
calibration subsets

FEALE

EHBT g, PO o, PEED LB 7H
A T‘ﬁ{”ﬂ{% W7 Principal

MR 2

iR %

)

PLE, BPRIEEEAECN SR IESE 40%0 (FRIIESE
SPXY40) , RZIEF| T i 0.949, XKWL E R
2 ) 5 BV S 2 TR PR AR T SRR A B 5 VR AN 45
7 55 U A R )R IR SRR AR Bk Ik U7 vk R VB TR A
PE o ERTRBRUE T, TR IE R AL S IE A 50%
HIEHE CFARZIESE SPXYS0) , FTEE A RPD A F)
KA 2,557, mTERIEER 2.184; HHEAZD TR
R IESE 50% i {5, RPD FF46 T .

X F RKS A TR IESE, SFEAREUR 2 8 IE
£ 70% & LR, O RPFRETE 0.84 DL, REABAING
AR IS AR R . fERAIGIE 7, f#H RKS
I T ESE AT L B RPD (AR ETE 2.1 Fidds
YR IEEREARBON SR IEE 30% KI5 (TR IESE
RKS30) , ZEMERRILH T M TR, J RPD
N 2.212,R,? 9 0.802, . KS30 55 SPXY30 /(¥ RPD
H5RMH.

HHE 2 AIAL, KS APk 1 42 1 s pkdk b ) 2
70% (BEI-TAZIESE KS70) , XFMiff) RPD N 2.097, R
fKF KS90 A1 KS80 1 2.170 1 2.120, {HAJ LLLE (R UF AR 7Y
TS BEIR B “IRUF” FrdE (RPD>2.0) MIRTHRE R, (Nf#F
R ELE 70% FIRE AR AT LA B 5 SR 1F 4 Bl i 3 A5
RUM I (O BUNAS 2 SPXY V& B Bk Bl 50%
(SPXY50), fEHE = 1 A2 TR 52 1 [RI (RPD HH 2.184
PEFFE 2.557) 5 AHEL B IESENRAD T 50% 0 AR A
RKS A% 171 IE 42 Fr A 2 B AR TE TS B e
BERRTE, (HR R IE A AL A 5L IR
TEASE Y FROIRE B 5 AR AR A Y, 00 45 R B
Z Lk % 70% BB AR, RN FE A H SR IR 4R
30%HIFEA (RKS30)

2.3 FUNAEBREERE A

X A IE4E VK S50 A2 1IE4E . SPXY50 £ 1E£E 5 RKS50

RIEAREAT PLSR #2455, it VIP fh& &, Wil 4 fis.

—VIP{EL VIP scores

Sample set RMSEC/ Eg‘f& RMSEP/ Eg‘}& iRzl factor
@ke) " @keh ® RPD  number
Total 3.586  0.755 3926 0813  2.184 6
calibration set
KS90 3.563  0.769  3.888  0.825  2.170 6
KS80 3513 0794 4000  0.807  2.120 6
KS70 3.604  0.797 4188  0.797  2.097 6
KS60 3794 0775 4291 0757  1.994 5
KS50 3965  0.756 4427  0.731 1.886 5
KS40 4272 0716 4649 0714  1.791 5
KS30 4086 0755 5337 0588  1.555 4
KS20 6.089 0.536  6.617 0417 1259 2
KS10 5923 0.639  7.069 0433  1.285 2
SPXY90 3322 0.803  4.064 0787  2.151 8
SPXY80 3336 0.818 4209 0772  2.086 8
SPXY70 3.179  0.847 4264 0779 2111 8
SPXY60 2718 0901 4008 0799 2229 8
SPXY50 2499 0922  3.555  0.848  2.557 8
SPXY40 2116 0949 4312 0765  2.042 8
SPXY30 4603 0.787 5219  0.609  1.598 4
SPXY20 3716 0.845  6.168  0.521 1.435 4
SPXY10 3.695 0.887 8180 0333  1.088 3
RKS90 4171  0.694 4202 0777  2.033 5
RKS80 4187 0709  4.174 0780  2.038 5
RKS70 3.158  0.850  4.140  0.780  2.091 7
RKS60 2972 0878 4283 0776  2.088 7
RKS50 2766  0.899 4273 0779  2.120 7
RKS40 3.539  0.847 4117 0775 2107 5
RKS30 3313 0872 4219 0802 2212 5
RKS20 2025 0954  6.145  0.554  1.482 5

KT KS VA TR IEEE, BEMEARZH B,
AL IR 1% Z (root mean square error of calibration,
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Fig.4 VIP scores of PLSR models from different calibration
subsets
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Optimization method of calibration dataset for VIS-NIR spectral inversion
model of soil organic matter content
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Abstract: Soil organic matter (SOM) is not only an important indicator of soil fertility but also an important source and sink of
the global carbon cycle. Therefore, it is essential to acquire the information of SOM for soil management. Visible and
near-infrared (VIS-NIR) reflectance spectroscopy, known as a novel, rapid, accurate, environment-friendly and efficient
approach compared with conventional laboratory analyses, has proven to be promising in the acquisition of various soil
properties. Construction of a calibration set is key to the VIS-NIR quantitative analysis in building up a prediction model of
high quality. The aim of this paper was to explore how the sample selection method and the number of samples may affect the
accuracy of VIS-NIR models for SOM estimation. A total of 100 paddy soil samples (0-15 cm) were collected from the
Honghu City, which is located in the Jianghan Plain, China. After air drying, grinding and sieving (0.25 mm), reflectance of
these pretreated samples was measured with FieldSpec3 (Analytical Spectral Devices Inc., America). Three samples were
neglected after outlier detections of spectra and SOM content. Out of the remaining 97 samples, 20 samples were selected by
means of concentration gradient, which then formed the validation sample set. The remaining 77 samples formed the total
calibration set. With SOM content or soil spectral information as inputs, 3 sample selection methods, namely Kennard-Stone
(KS), sample set partitioning based on joint X-Y distance (SPXY) and Rank-KS, were used in the construction of calibration
subsets with different proportions of the samples in total calibration set, such as 10% and 20%. Based on the different
calibration subsets, partial least squares regression (PLSR) was used for model calibrations. Results showed that the calibration
set selected by KS approach could not improve model predictive capability compared with the total calibration set. The KS
approach, however, could reduce as many as 30% samples of the total calibration set while the ratio of performance to standard
deviation (RPD) was retained above 2.0. The SPXY approach performed the best when 50% samples of the total calibration set
were selected in the model calibration. The determination coefficient for calibration (R(.z) reached 0.922, the determination
coefficient for prediction (R,,z) was 0.848, and the RPD reached 2.557. This was because the SPXY approach took into account
both SOM content and soil spectra in the sample selection process. With only 30% samples of the total calibration set selected
by the Rank-KS method, it had the lowest cost of calibration with satisfactory performance (R.*=0.872, R,,2:0.802 and
RPD=2.212). Overall, such results indicate that it is possible to reduce the number of calibration samples while retaining or
even improving the predictive capacity of VIS-NIR models for SOM estimation. All the 3 calibration selection approaches
have been proven to be useful for the improvement of model practicability.

Keywords: soils; models; organic matter; visible and near-infrared reflectance spectrum; partial least squares regression;
optimization of calibration set



