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Fig. 1  Distribution of sampling sites
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Table 1 Statistics of organic matter content in calibration and prediction sets
. RKRMHE e/ME ¥HE T e 2 B 5 R
) Maximum Minimum Mean Standard deviation Variation coefficient
Sample set . . . .
(gkg™) (gkg™) (gkg™) (gkg™) (%)
K IE 4R
25. 60 16. 20 21.57 1.69 7.83
Calibration set
T 4
24. 80 18. 60 20. 65 1.31 6.34

Prediction set

AR H AR A SR AL, PR R R,
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ICA, 73 31| 4 B 1 1 A B A S 1% Y 2 43 ( Princi-
pal component, PC) {fx/» — A& (Latent var-
iable, LV) HIl 57 i 43 ( Independent component,
1C) AE g 34 ) B AL A, DT 37 = Fh A TE B
. PC-SVM | LV-SVM fll IC-SVM, SVM & #I =g H
nu-SVM, 2 o8 % dE 26 M 0 42 11 B (Radial basis
function, RBF) pR%L, ST SVM #% 251, HlI
TETT 280 ¢ A RBF A% pR AL v, 1S 45 1] 5 LA
43 PC LV 1 IC (4B, X AR R0 T 00 B8 ) 52 ma AR K .
ARTOR ] ZHE PR 8 R B, T 45 6 58 IR U7
M 1% 22 (Root-mean-square error of cross validation,
RMSECV) W5 feflf) SVM B &5 4. PC FI LV
A Ed i RMSECY # %€ o 58 X3 ik >k H B 9%
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Fig. 2 Infrared photoacoustic spectra of soil samples
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Fig. 3 Scatter plot of reference versus predicted values from a: PLS model; b: PC-SVM model; c¢: LV-SVM model; d: IC-SVM model
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Table 2 Prediction of soil organic matter content by different support vector machine model

5 Model S E Parameters R? RMSEP (g kg™ ") RPD
PLS LVN = 12 0.755 0. 650 2.02
PC-SVM PCN = 17, ¢ = 10, y = 0.0100 0. 624 0. 806 1.63
LV-SVM LVN = 14, ¢ = 100, y = 0.0010 0.786 0. 608 2.16
1C-SVM ICN = 150, ¢ = 100, y = 0.3162 0. 808 0.575 2.28

: LVN Sy i e /s 3 v A8 BEE; PON Sl 3 543 8805 TON S 200 ST BG40 885 ¢ O SCHE 1) AL ST S 8005y O S8 1) DL AR 1) 2k R B0 4% S5
RMSEP . Fi #4175 #3i% 22 5 RPD i UKL A 2 2% {8 10 A5 Ui 22 15 LA RMSEP 15545 % Note: LVN.: latent variable number of partial least squares;

PCN: principal component number; ICN: independent component number; c¢: penalty parameter of SVM; y: kernel parameter of radial basis function in

support vector machines; RMSEP: root-mean-square error of prediction; RPD: the ration of performance to standard deviation, which is calculated by div-

ing RMSEP with the standard deviation of reference values in prediction set

2.4 EFLV-SVM &1 +IEFHRTN

P& MU 1E B i o /N 3 1 Wk AR o AR SR SR )
LI A S &, #7 LV-SVM [a] 9 B &1 S 4 1
EHE S ¢ = 100 fly = 0.001, fifH/h T
A RON 14 B, 15 B i AR A RS IE B R L T R AR
Xif B A AT 0, 73 2] RMSEP Rl RPD 43 51 Ky
0.608 F12.16 (W3 2) ., W5 RPD {8 , iz 45 Y i
PEREAR L7 . FUI A s AN 1] 3¢ R o

5 PLS %1 f1 PC-SVM #5541 [t , LV-SVM 4
BRI TN &5 S A Fril 3. F K3 R W], LV-SVM

I PLS 46 B[] 22 5% A 2 3%, 1 PC-SVM 5 LV 7Y
225 % (K 3), XUl LV-SVM #5781 2 4f
T PC-SVM #1115 PLS #EAUOCR M Y , of LLA
I N R S0 N B ) N T S L DR
T RE J7 , BE$2 i A6 28 1) TIUIORG 2, TR D i A/ — 3
BRI T RO ER, WS T AR
AR R o SO B LR N B/ TR AT TR Y
T RE J1, (53X Bl 22 52 30 W AT B B K P
S, KB R B, LV-SVM KRS Y 700 45 2R 15 1k~
ik A R Z WA BETE R (R 4).

£3 FRBEBENIEVRBMEENE F @K LR

Table 3  F-test of the models for in capability of predicting soil organic matter content

B L PLS 5 PLS 5 PLS & PC-SVM 5 PC-SVM 15 LV-SVM 5
Model comparison PC-SVM LV-SVM IC-SVM LV-SVM 1C-SVM 1C-SVM
Ifi ¢ F {8 Critical F value 1. 60 1. 60 1. 60 1. 60 1. 60 1. 60
PHE F O Caleulated F value 1.54 1. 14 1.28 1.76 1.96 112

e BEKEY 0,05, HFEAEK TG FE, 5L 22 5 1 % Note: The significant level is 0. 05. The difference is significant when calculated F

value is larger than the critical F value

http : //pedologica. issas. ac. cn



6 1)

JALAE < L LT A0S 75 5 18 AR B SCFg 1) B LB 00 7 = S A5 BIL o o5 & 1267

2.5 EFIC-SVM #RHEBTIEFHYRHN

XA IE SERE AR HEAT 0 57 AT 43 At (ICA) |, 4 B
W AER A ST B A (1C) 363t 150 4. RAgh ST % 4 1R
J SR AL A, By IC-SVM BRI 7 4 )
MBS BHE N ¢ =100,y = 0.3162 W, K15 AL
MEIEAL R, LRI 25 R 0L 2, ARYE RPD {H AL
RUTUIN R AR 4, H 4 LV-SVM B2 A0 3 — 25 Bl 3%
Pl 3 2l 2 A5 TR X 93000 A A 000 7 235 2R 1 WU R, X
Kl 3a [& 3b F1I& 3¢ AT LLA i, IC-SVM 5 5 (1) F i
GRS LW o A de Ry R, TR IR R () RM-
SEP it /N, F K5 F B, IC-SVM £1 AL i 2 fit
PC-SVM %1 1fij 55 LV-SVM #55 #1 fl PLS 55 #1 22 57
AN (W3 FHEHL, K5 R, IC-SVM A Al

SAETERMES R ERARE (F4).

P SZ R i A S FR 1) B HILBE FR A5 il 5 ) T
INEE R o KA 57 oy 0 A B B, R A S 3 o
SR I A% 3 37 8 o3 XoF TR AS 2 03 1 DB TS
T Al 3% 7 A8 A R o3 Al A /s 3R o L B T BE
ST RE A DAY 8 1 Al 2 M s DR T R4 Y 2 S
JR A HEAT 1 UF 43, AT LB A R T RS
SR, JAE TC-SVM BERYARAT 1 5 e 19 000 45 2R, {H
RS N A RN S B S R N U NG
B ik 150 X AR, A7 15 2k — 2 2R S i 1 8
0 0, st A B 12 1] 0 2R B e 12 2 x il ST
O REATRE T, S — 2 IO A R T P i o

F4 FREHEVNRFNESHEZNZNED LB HER

Table 4  i-test of predicted value and measured value of soil organic matter content relative to model

PLS 54L2A07 %

Ik g
PLS Versus

Method comparison
chemical method

PC-SVM 5 k2% )5 ik
PC-SVM Versus

chemical method

LV-SVM 51k2¢J5 i
LV-SVM Versus

IC-SVM 5 {24 )5 ik
IC-SVM Versus

chemical method chemical method

Il 7L ¢ {& Critical ¢ value 2.01

T3 ¢ {H Calculated ¢ value 1. 64

2.01 2.01 2.01

0.28 1.50 1. 16

e BEFEKEY R O0.05, B K TG A, Ui 22 5 B % Note: The significant level is 0. 05. The difference is significant when calculated ¢

value is larger than the critical ¢ value
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APPLYING INFRARED PHOTOACOUSTIC SPECTROSCOPY AND SUPPORT
VECTOR MACHINE MODEL TO QUANTIFY SOIL ORGANIC MATTER CONTENT

Zeng Yin Lu Yuzhen Du Changwen' Zhou Jianmin

( State Key Laboraiory of Soil and Sustainable Agriculiure, Institute of Soil Science, Chinese Academy of Sciences, Nanjing 210008, China)

Abstract Fast qualification of soil organic matter ( SOM) is important to crop production and evaluation of soil
quality. Fourier transform infrared photoacoustic spectroscopy ( FTIR-PAS) makes it feasible to quantify soil organic mat-
ter content in a rapid way. In this study, FTIR-PAS was applied to measure SOM in the soils collected from paddy fields
in Lishui District of Jiangsu Province. Support vector machine (SVM) was utilized to build calibration models. Principal
component analysis (PCA) , partial least squares (PLS) and independent component analysis (ICA) were performed sep-
arately to extract principal components ( PCs) , latent variables of PLS (LVPLS) and independent components (ICs) from
the soil spectra as input of support vector machine (SVM). Hence, three SVM calibration models were built up. Mean-
while, PLS was also used to form a calibration model as control. Results show that the ICs-based SVM model performed
best in prediction of SOM, with correlation coefficient (RY), root-mean-square error ( RMSEP) and ratio of performance
to standard deviation ( RPD) being 0. 808, 0. 575 and 2. 28 respectively. Furthermore, F-test demonstrates that this mod-
el was significantly superior over the PCs-based SVM model, but was quite similar to the LVPLS-based SVM model and
the classic PLS-based SVM model. Besides, no significant difference was observed between the predictions using the cali-
bration models and the determination using the chemical method, as was demonstrated by i-test. It can, therefore, be con-
cluded that the technology of infrared photoacoustic spectroscopy can be used as a new means for rapid determination of
soil organic matter content.

Key words Soil organic matter; Infrared photoacoustic spectroscopy; Support vector machines; Quantitative predic-
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