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1.1 HARESHE

e Bk el R 2 ) b 9 34 R A A B 3
/NI o 32U R 2 R T O SROK BUK RS
(Bl £) , f A 5 Ak S s MoK & BB o H Riy
F2 B A R O =, Gk el RS b 22 H AR 2
T, MR AR BRAS — o HORBERE SECH 178 A4, 1
A HRE A 45 A4S BEFE AR L 67 A, SEHIAE i 66 4>
RERZ 0 ~20 cm T, AR MR E S B,
RA WA VR A SRR . FEGAT M N, A
SR, PR HE AR 28 25 LAl 2% o, T B it 100 H i ik
B BERE IS BORE S 2 o WAy, — O AR SR o S
e o b, — 1y AR = OG5 0 Ar e A AL 5 R
JHEEB& R B0 2 fe— A I B, 4 B D 7€ R ] NaOH
L BB P ik
1.2 SEiEMNE

KA ASD A ] P2 /Y FieldSpec 3 Hi-Res (350 ~
2 500 nm) Xt /KFF £ KT R AEFEAT T & N OGS D
T, KA A B 23 51 29 1.4 nm (350 ~ 1 050 nm) F
2nm(1 000 ~2 500 nm), YiEr ¥ E K 3 nm
(350 ~700 nm) .8.5 nm (700 ~1 400 nm) 1 6. 5 nm
(1400 ~2 100 nm) , 5 75 Fl & 350 ~2 500 nm, 5
KA 250, % N IBDG IR H 5 OG UL &
2 A 14.5W b0 AT o FF i 4 4 09 - 3R AE L 2 )
P T HARZY 6.7 em HEL 0.8 cm YA, &
SKEE - HERE R 2 13 em o PRKAG A 90°, N
JCIR A A Ry 450 BEROLIE I 5E I 45 AT P AR
IE BAREAC A S U, O B AR S B O3

¥R 5L
R E .

1.3 iEEBE T KR IEIE

1.3.1 it ab B ik HIETEAL A A

Viewspec 1 splice correction ZfRE X Y i gl 48 47
W S PR, FE 2B 350 ~380 nm A1 2 400 ~2 500 nm
W P BE . FH Unscrambler 0 X5 3% il 42 #E 47
S MR AL PR SF- 3 U7 1 0 moving average, fig Jm bf
G TR EAT 10 nm FRAE
1.3.2 il d a7 i ARSI 5E 43 0] e FH A £ /)
— [ (PLSR) BP i 2 [ % ( Back Propagation
Neural Network, BPNN) .J X [a] 9 #i1 28 M 4% ( Gener-
alized Regression Neural Network, GRNN) ) &z PLSR
5N T2 W 2% A0 45 & 19 J7 75 (PLSR + BPNN Al
PLSR + GRNN) 73 il /45, PLSR R H [ 4k 7Y JEUAH
TEANZ R BAEAR B R R RS 7 f 2 & OBigE ),
FRR MR R K A B A L 0T 5 T R R R SR )
FrE (R BRI T R b R IR 1 M IR 43 FDG 1 B s )
MR OGO R, i MRS B T AF & HE Pk . A B
REEEB LR AP R T B — & WAL W I,
BPNN 2 H i A Iz /Y — T 22 2 1) 151 28
g Mg BT — T MR T B P B
JHCJZ T B R BP 2 0 45 b A A G B, Y
SRR A T R 22 43 BER, 1 e B R, I 2% 52
SR, S B A R A &t
SSRAXS L, I A R B RURUZ  RRZ T R T,
kR %N Levenberg-Marquardt 2. ¥ f{) trainlm, &
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B A5 7 T B A SR A0, OF HAE B B = AL
Pt Bl 2 L ARWFSS IR GRNN Of i 57 4878
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1.3.3 R 530 B AL 2 SRR L Bk
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A ARXT 22 5 0 E AR R — BRI T 2R A B, XF
F RMSE ., WAz . 255 8k, 2 8 + H ) H 7 X
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PLSR 43 #7#£ Unscrambler9. 7 F 47, A T #H &

™ 2% 43 T 7F Matlab2010a H 3847 . F) ] Excel 1 Sig-
maplot10. 0 EATFEIR

2 45 R

2.1 AELHFAAARTLIEZSCERRRE
ST R E R

T B S v A AL S5 A W e 2 LA
BB A (1) o o Bk BE A PR A R
B, RME AT 3k 64, 67g kg™, 3k 55 0k el it A K 5 (1
AHUIEA X, B8 A0S A LR K F AR Y . R IF 4
R 7 T R A i ik 25 S K, S M A
TN 113 g kg ™', U S pk I, B AL, A2
A 0.38 g kgt LI T A2 AT D RS L Bk
IS 3 (49 A WL AN A & i AT B IES M. [ 1
SRR R T 380 ~2 400 nm T A H LAk BE A3 Hb 1
SEREAR (9 ) 1 7 24 18 K HoAS AL JE .l T AL, 3
Fob b Hb R 7 3 D 3 ath 46 TR 25 0 e K s AL, B 3k
By B 25 K (9 38 00 52 S SR LT, 7E 1400 nm
1 900 nm Al 2 200 nm =47 BT 3 A B A 0% ik
25 o R HRISE B 1 OG5 B2 5 2R v Tk el
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Table 1 Basic information of soil samples
A i o oAl M FH 2
LA REOES RAK 4 o ‘ o i it
Maximum Minimum Mean Standarddeviation

Land use Soil nutrient Sample size . . . . Skewness Kurtosis

(gkg™) (gkg™) (gkg™) (gkg™')
g H AL OM 45 48.20 4.41 31. 64 11.90 -0.79%4 -0.312
Paddy field 4T TP 45 0.74 0.02 0.38 0.22 -0.015 -1.379
kel AHLF OM 67 64. 67 18.95 36.79 9.74 0. 649 0. 655
Peach orchard 4 TP 67 1.24 0.09 0.58 0.33 0.263 -0.999
St A HLFE OM 66 47.04 8.39 29. 86 9.03 -0. 660 -0.024
Vegetable garden 4 TP 66 2.43 0.16 1.13 0.62 0.494 -1.014

2.2 @FEEFEMNTBEFVRMEBENR L RENZIG

HI 3R 2 AT L, X T A TC 18 SR AR i A
T3, R H A LT ' % S T8 45 SR 1 AR T Bk Tl
b, SR X B 2% . AN TR RS 5 ik rf PLSR T PLSR
+BPNN 8t . R4 R, 35 0.92 LI |-, RM-
SE, 3510 3.44 F1 3.23g kg™, RPD /> Hh 3.5
F3.7,R, 4351 0.82 F10.75, RMSEp,, J3 5. 03
6.26 g kg™, LI AS B 5% 57 A RS HLA HL OGS R
R AR S, 7E PLSR R, Bkl MISEHLRY RS, 1
fE0.75 L b, 2 B A Bl A5 M %) PLSR AR U s, 7] )

A5 T i T A ML

X}t BPNN F1 GRNN Py Fp #f 28 X 2%, %& 8
GRNN 7 BB ] 2 BLmS L T BPNN  {H Fill Bf GRNN
xR T P R AL R, XA 0.19, RMSE,, 3k
9.08g kg ', RUIH B Tt MIA PG, L PLSR H9fx
WA R GRNN (14 AR W5, ok LA 1) 44
2 T A R B, PLSR + GRNN B T Bk il (9 R,
X 0.78 ,RMSE  [BfKZE 7.74g kg™'o BP M4
) T 8 SR 38 A R, PLSR + BPNN A58 784 g il Y b5
EREAKR,
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Fig. 1 Mean value and standard deviation of soil spectrum relative to land use( a:Paddy field; b:Peach orchard; c:Vegetable garden)

SAPLR AR, T B, e

R, 0.77,RMSE 2} 0.07g kg ' ,RPD ik %] 3.2,

R AT R A7 15 , B OGS SO AOR KA LIRS R2, M 0.76 ,RMSE, 3 0. 11g kg ™' ,RPD, 3 2.0, %

FE i 2, B el R0 358 M 22 ) A W (% 3) o S ) A s
J7 ¥ PLSR \PLSR + BPNN J¢ PLSR + GRNN ff) 34
REAT, 5 PLSR AL, PLSR 5 A T 0 48 W 2% 25 &
XS 2R B 4R v AR T ARXS AT R o PLSR T, 7

pre

pre

HH 2R Y R B ) 3t XF A P 4 8 4wl 0 A S 3 5 Bk Pl
I Mo g A A 36 R R 500 4 ok R Rl B ok T
0.6,RPD ¥ KT 1.5, FWFIH] PLSR a] LIt Bk el £
SR M F) 4 e R AT B ML T

x2 ARELIHABAXTEMEETZN LEEVFLIE REH M

Table 2 Spectral inversion of soil organic matter using 5 different modeling methods relative to land use

AR + ) T @ BL Calibration Fill Prediction

Regressionmodel Land use R, RMSE (g kg™") RPD R, RMSE . (gkg™") RPD,,

f& H Paddy field 0.92 3.44 3.5 0.82 5.03 2.4

PLSR #kEl Peach orchard 0.74 4.69 2.1 0.82 4.71 2.3

F M Vegetable garden 0.68 5.22 1.7 0.75 4.79 1.9

6 H Paddy field 0.87 3.99 3.0 0.76 5.89 2.0

BPNN #kFE Peach orchard 0.72 5.35 1.9 0.63 6. 34 1.7

FHh Vegetable garden 0. 64 5.68 1.6 0.51 8.77 1.0

5 Hl Paddy field 0.96 3.79 3.2 0. 82 6.79 1.8

GRNN ki Peach orchard 0. 81 5.89 1.7 0.19 9.08 1.2

M Vegetable garden 0.88 4.47 2.0 0.61 7.16 1.3

f& H Paddy field 0.93 3.23 3.7 0.75 6.26 1.9

PLSR + BPNN  BkJ&d Peach orchard 0.74 5.58 1.8 0. 66 6.62 1.6

ML Vegetable garden 0.70 5.39 1.7 0.57 7.47 1.2

f& M Paddy field 0.94 7.57 1.6 0.71 8.97 1.3

PLSR + GRNN Bk [E Peach orchard 0. 82 7.18 1.4 0.78 7.74 1.4

ML Vegetable garden 0. 80 6.83 1.3 0.73 7.85 1.2

7 PLSR, f B /N . 7€ [0] 9 3% s BPNN | JiZ [A] (& % # 28 W 2% s GRNN, | S [0] ) 4 28 [ 4% 5 °F 6] Note: PLSR, Partial least square regression; BPNN

Back propagation neural network ; GRNN, Generalized regression neural network. The same below
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[, GRNN £ FJpt bl £ 8 A me AR AR th B R PLSR 6 iy 3 ml 23 AT LA 7E A7 28048 X 3 2245
THEHMEHRR, A BPMERARE. Y LR [ R 9 B M A E 0, N T M 2R R 4 A 4
PLSR FH&S & W FT LAZE I ol s X — B R, Wiy S RRREA AR 1k 85 BL R, SCRE 4R i B 0 A Ry
A AR R S R P AT T B e X R IE T T JE FAR E o

®3 ARLHAAAXTEMEEAFEZVLELBHMNLERELER

Table 3  Spectral inversion of soil total phosphorus using 5 different modeling methods relative to land uses

Ay + b ) 7 A5 Calibration il Prediction
Regression model Land use R, RMSE (g kg™ ") RPD,, R, RMSE,, (gkg™") RPD,,,

f& M Paddy field 0.77 0.07 3.2 0.76 0.11 2.0

PLSR #Ek FEl Peach orchard 0.61 0.21 1.6 0. 60 0.22 1.5
ML Vegetable garden 0. 60 0.40 1.6 0. 64 0.40 1.6

& M Paddy field 0.82 0.10 2.3 0. 62 0.14 1.5

BPNN #k i Peach orchard 0.76 0.17 2.0 0.58 0.23 1.4
FHb Vegetable garden 0.74 0.31 2.0 0. 40 0.62 1.0

& Hl Paddy field 0.91 0.10 2.2 0.62 0.17 1.3

GRNN #k el Peach orchard 0.89 0.17 2.0 0.15 0.33 1.0
FHb Vegetable garden 0.81 0.39 1.6 0.30 0.58 1.1

f& M Paddy field 0. 88 0.08 2.7 0.76 0.12 1.7

PLSR + BPNN Bk [ Peach orchard 0.77 0.17 2.0 0.63 0.24 1.4
b Vegetable garden 0.72 0.37 1.7 0.44 0.56 1.1

& H Paddy field 0.91 0.12 1.8 0. 80 0.15 1.4

PLSR + GRNN  HkFd Peach orchard 0. 80 0.24 1.4 0.77 0.27 1.2
b Vegetable garden 0.75 0.43 1.4 0.58 0.50 1.2

2.3 TFMABAAAMTEANRMEBIERE  EBKE N 0.77, RMSE,, 73 5] i 5.09 #l 5.15
AT g kg ' LRPDSPHI 2.1 F12.0(38 4) , RIZLS
XMEAPUBN RGPS AR A BB R e T e HL

0.61 ~0.77 Z[d], Lk BPNN J PLSR + BPNN #; #f-,

x4 ZATHARAAXTIEANRNEBAREZERBERLER

Table 4 Precisions of the five spectral modeling methods for prediction of soil SOM and TP of fields under comprehensive land uses(n =119)

TSR GiitdE e :
PLSR BPNN GRNN PLSR + BPNN PLSR + GRNN
Soil parameter Statistic index
R, 0. 69 0.77 0.61 0.77 0.73
AL OM RMSE (g kg™") 5.86 5.09 8.84 5.15 9.54
RPD 2.6 2.1 1.2 2.0 1.1
R, 0.35 0. 67 0.50 0. 62 0.50
e . .
p RMSE (g kg™ ") 0.43 0.32 0.48 0.34 0.52
RPD 1.2 1.7 1.1 1.6 1.0

A TR T R R SRS R, TR o GRNN B i T B L
RMSE , M RPD | SEbRIARXS 22 50 (WAL BL (K 2) L5 QA BN 22 57 80K MifE PLSR + BPNN @477
—BIALAE GRNN J% PLSR + GRNN @7 i TR 3T, oA — AL RO 0 AR F 42 B BEALL R, T
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W T 18%~21% ,RMSE, SN T 24% ~43% , 3 Hu i)
RPD ., FFET 75% . 78 PLSR T, B — 5 AU AV A H 1
UG FE s A i, 3 N T 15%

PE£E PLSR T Ay 25 45 450 L 0 B — 53 0 23 4

HLBE S I {EL -5 T 1 A FER I (B 3) R BRLER B B

R AE L S Hb R0 Bk Bl Y 00 SR S B — AR
S SR S WA 38 51 0 A T 10 1 ZRERHIT L R 4301
7 0.82 F10.83, FM A F FH 7 0 + 58 A P
i 2 TR D (1 A M R i R R K, A R HE AT AT BL
JOE % 52 T B AT AR 6 25 5 A R O 3 5

100 s 5 ] Paddy field 1007 1or
y 1ie RMSE RPD
® 80 [== Bl Pcach orchard Ry 80 re 80 pre
T 60 @ 3K Vegetable garden 60 60 I
5 4ol 40 401
S L
% 20 a l 8 20 20
o T If) 0 0
B 201 -20 -20
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2 -100 Y @ & @ ! -100 < S él* élé ! -100 : ; ' ' '
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S S A\
PN PN P P
B J7 ¥ Calibration method B J7 ¥k Calibration method B J7 ¥k Calibration method
K12 B — AR TR R 25 G AR TR ) - A AL T T A0SR 1 B
Fig. 2 Comparison between simple and integrated models in prediction of soil organic matter
70 70
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B0 - o HklE Peach orchard B 10 F o Bk Peach orchard
A A SEHE Vegetable %arden A SEHI Vegetable garden
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P13 PLSR T — A (a) HLEERA (b) Xf + A ML 1 000 2R
Fig. 3 Scatter plot of measured and predicted soil organic matter using simple PLSR model and integrated model, separately(n =59)

PR E IR G FE AL A RSO A
M(F4),R, 7 0.35 ~0.67 Z i ,RPD £ 1.0 ~
1.7 Z i), AR #7536 v, B PLSR + BPNN Al
BPNN #HXT #4555 A BB A H], PLSR J7 iy
BORE 2T N T AWML, X Al g & i T PLSR Xf
TREFHIRZNIL TR A MWLM, hT
STl A RRAE 09 016 15 W AT U, O R A 1 1% {F B Y
Dl R 2 N 7 N i e o LS 5 = W O = 2 N
TR A B, JC 581G I T AE A 1 e 75, DT o A5 A A
K BE T B o

Xof R 5 vk R B — A5 AR 25 5 A Y
R, .RMSE  Fl RPD &4 I AR 22 5 o 55 % B (A

pre ™

4) 5 HT A 000 20 SR S S G Bk e S M, 5O ML
e AN, B T BPNN fil PLSR + BPNN £; & i
R0 X 3 i ) 00 2 S s R — AR AN A R
N RPD (4 AH X 22 5 ¥ R 1EAH , RMSE |, ¥} 1 {f
T L5 A B R R RO B — R 2 R
5 — A B AR 25 5 R AR TE 10% L) 1, JCH 2 R
M, #2255 e K AT ik 100%

[ A 16 4 PLSR T 1) 25 4 A5 R R B — A5 AR 43 5]
VTR0 R A A - 1 4 9 S 00 (8 5 78000 6 A9 I A IR
(L 5) , K IRE5 A R S0 25 5L BE i 2% T B — A58
HARAL T3+ EREA, B m A TR R AR
T 5 3505 T {5 9000 £ 0 A R4 0. 57 Gz AI
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Fig.4 Comparison between simple and integrated models in prediction of soil total phosphorus
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Fig. 5 Scatter plot of measured and predicted soil total phosphorus using single PLSR model and integrated model, separately(n =59)
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PREDICTION OF SOIL ORGANIC MATTER AND TOTAL PHOSPHORUS WITH
VIS-NIR HYPERSPECTRAL INVERSION RELATIVE TO LAND USE
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Abstract

Effects of spectral modeling methods and land use patterns were explored on hyperspectral inversion of soil

organic matter (SOM) and total phosphorus( TP) in soil samples collected from paddy fields, peach orchards and vegeta-

ble gardens in the Zhihugang catchment, Taihu Lake Region. Results show that the PLSR ( Partial least square regres-

sion) model was quite high and stable in modeling and prediction precision; the GRNN ( General regression neural net-

work ) of ANN ( Artificial neural network ) was also quite high in prediction precision, but prone to overfitting; the BPNN

(Back Propagaton Neural Network) was relatively stable, but slightly low in precision; and the combined PLSR-ANN

model improved in prediction precision by combining the advantages of the two in handling complicated samples. The

spectral inversion of SOM was better than that of TP, and among the three patterns of land use, paddy fields were fitter
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than the other two for use of the models in prediction of SOM and TP. In the current study zone, patterns of land use did
not have much effect on spectral inversion of SOM, but did much on that of soil TP. It is, therefore, essential to calibrate
the models in light of land use patterns in conducting spectral inversion of soil TP.

Key words Hyperspectrum; PLSR( Partial least square regression) ; ANN( Artificial neural network ) ; Soil organic

matter; Total phosphorus; Land use
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