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LI s R CI VB Tv i E AW EI VS B o i NS S Ty
DL — UK S 2 MR K A A OGS
B CEROGIEMEAEED b AR s, FETIIGEEE
oy AR R T AR (S RMERIEFRIGER) I
WA, BEM RO EREA N 25T,
i, Dennis %47 L H5 NDVI, GNDVI 54
FRES /N E N Bl ik 2 0, B e
¥ (R 1F 0.52~0.80 [i]. Daniela 2 Vi i 3
IRAB Gl S SFHELAE W] WG/ AT 3 21 AR XN A K
M, N5 MR AL AH R — iR 2L
(NDD , B EAEER, R 0.53.
Ty A A R (R A 22 T Rl A A,
2 R A B 2 TOHR TSR B TR R
SR 22 Eln AR, S T SEAF AT R,
SCHR[8IAI I S bs it Bt s AR, 435l 22 o4k
[H[)420251 BP #1428 4% (BP, back propagation) !'*'”!
HAGTRSE N RS RN, AR RN
0.8689. Valentina™ [ flids /N 3k (PLS, partial
least square) "7, L PGLLAIH F (T WOGAE LA
S REEIERON B HE N AR RO R, A
T E RECN 0.940 IXLEHEST R Ui B A FHAEY) G
TS ST N 2B T2 Wi vl AT, (HIX SR 5T
REBUERAERRE. e, &N EREEY .
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AR, A D5 A H G e AR AT R A B4
N2 B w4 M d R AT e g TR
P.Menesattil 45 LUES B RIS K5t %, H PLS
#y M A5 N, P, K, Ca, Mg, Fe%5 0 &5 &
REAL, Horh N B YUE RECH 0.909. F) k4
IR B T I FTN 5, ST 80 i 5 vl LA 4r
AN SR A S

ASCLL N T A b X B A R e 117 R 2
PERS ARI AT %, H ASD 24w = )61 Fieldspec3
KA A A I 2 I R e s B,
350~2 500 nm P BN OGIE ORI A O 4 22 70
SRAR A o FHHL G RO AR [ 39 R St M A -
AN Z &R, AR E RS @il 2o
RENIN 225 BB A AR R AE AN GRS X
X} e o AT PCAM A4 DL 2 4 K g 7
FOCA, R EE T 8% 1 HE 2 1t 3CHF < & 8l e
(support vector regression, SVR) "V»Hrikg 7t
T oGS B S N B A s U R, LAk
DUBFEAR N 2 2 s 7l

1 HARMEEEMIIGETERE

1.1 HBRE AR FhIE B IR

N T B B DX A ARG TR S AR TE AT
A= AR R, R R R E .
PRI 4 SEAR 117 BRVE MG RREAS, ARG
P R D8 (R 200, W 2 m, [AjE
4x3m) , AEKARBUIEAR—B. X IE A FEAR PIAAE
PEEAT IVCAL REAR A P SRS B ARG S A A K R
BREEE, e 2. RO, HAMERY I R
FHTEAAF AT B N B, B 7800 i e keAS; ik
PRy 46%I1 R % CONHL), 1E 4 N B, 4 5I4E
2011 4E2 Ay 4 H. 6 A 8 A L9 a4 N
JEEE 30%. 30%. 25%-. 15%. HIFEHHRE N
MEEAR A PEARIL, FEAREFRREM R, BAEGEN
AN P G AT T RN o M AR R A
FEAR T3 "C I 5t SR RE 7 R it s ARG el P RAIE
AP I B s 8 AR 0T P SRR AT O B ) 2 9K
Il s SAEPU, F7KER, pH EA 4~5 FIBiR
Ve IR B IL AR E RN I
1.2 JIGEIERE

FEAG R SRR T g R IE 15 KE, ek
FET 4 20114F2 H20 H. 4 H24 H. 6 H 26
HA 8 H 23 Ho AR Ampidefn BN EILR
£ 8 o R/NE S AR R B, R T TR A 17) £
(55 3 255 4 Frfeert. ] ASD Fieldspec3 SKAEH A
I 1RG0 S HE, 8 A IOl SR 3418
Y ARG B AS I 6 R 4 3h o A S IS

350~2 500 nm, JGif 5 HEEAE 350~1 000 nm i [
oA 3nm, 7E 1000~2 500 nm JEHE M A 7 nm; %
FEIRBEAE 350~1000 nm JEHE NN 1.4 nm, £F
1 000~2 500 nm Ju[F 4 2 nm; %t 2o ks ok
1 nm. K4 307 AT RS REE. T ASD
Fieldspec3 % th 2 ARG 0 1 nm, DKL, BEASHIHEG
FEA GG IR L 2151 i iy 4 % . BFRRERT IR 8
R SR JEVE N —FEA, ARGtk 22 )
LY E ZIE I S ARG R 0 N B AR
R LT B REA [P P38 w5 1 P LI 1,
N Z S5 EA R LK 1.

07
KA H

0.6 ¢ —— 2012-02-20
O e 2012-04-24
S 05 -~ 2012-06-26
2 —-= 2012-08-23
204t
%
o~
¥ 03

0.2

0.1

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
WK Wavelength/nm
B 1 RE AR 117 ARG A 097 3 R4 Lk
Fig.1 Mean reflectance spectra of 117 citrus samples during the
four different growing stages with different N fertilizer

x 1 KBREAMEH R N ZSERiHERE
Table 1 Descriptive statistics of the nitrogen content measured
in the laboratory at four different periods
%0

N Z&H 2012-02-20 2012-04-24  2012-06-26  2012-08-23
Nitrogen Feb.20 Apr.24 Jun.26 Aug.23
content 2012 2012 2012 2012
Eﬁl\;{:‘a 22.6887 23.3182 24.5453 22.5844
oL 28.2784 28.1674 28.0582 25.7624
Max
T 26.6328 26.9818 25.2578 239114
Average

2 WEHERLERS
2.1 PCARE4E

YT G W AT 5 B, AHAR BB I
SPBUR AT BOAH R M  BC 350~2 500 nm i A
BERE 1 nm (1'% SR AL RIS B4 e Dl 1 O
ik, LEOSRKEIURER. BT aE
NIEEROME, 2R B [F) I AN P S M A7 A K
Fio K, FERHATRIAIIZR T, AT ETCARAIE
W 1) o o % R PR AE AR FE . 4> 0 AT Cprinciple
component analysis, PCA) MU —Ffui F] i 4E 545
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1M W i DU RS R S RS i 7 e R 1
), POERIFEAJRINE: AR AAR A s
BT, RIBUEREYE R A AR R, PR
ZERBE R BT ARAE R, AT PR S A
&, $RmZuElA TR .
2.2 XEFREEVTDTER

SRR ( support vector regression, SVR) (3l
SN TV BREEA ) 2 I LA, LA 2
A RALUZ S50 AR e, BIERCR IR RS 52 B 3
RO AR 18] SR, DAISRAS de i O
ZALRET o SVR S HAL A ™ — R e @, AER
W B, GRIRER S 4 R LR, M T k45
S5 VA JoTR I S ) R SR AEL IR L. SVR ALALH T
W HB R T RZ R 28, 52 2 s i) R e A ke 1 2
P 2 mYERFAE s ], A8 v 2 [n) oA 2 1 p s
BRI O S I S W) PP R AR M B . AR R
HE, P Ub s e RS T SOMI e 4 = 0] 3 Blis 5
i, JFORAEAE A B (R HE) RE

5 FEBIMI A G Bl M A R N R
Z MWL SC R I AP E AR ZRPEE , RIHIE TR
OB IE 2% )50 SVR A, fE— R b
FeE TIPS, A% R AU e T R ) ek
T, AEEORIERAERNE “ARZetttl” , A sk
NE BT o

2.3 RWERESF

R R T S, Y NI AR N
FRA R e T B A N RS I G R, 01 e
1, 2 P, SeddlE 117 A, BRSREARSCH
234 A, BEANFEAR N — AN EAER () 5 HA x
RRENMIEREA AR & I SR R — AR R (1)
MRRAEBE AT AL 2 DNTFEA) = S S Eds #
BRI, BENFEAA 2151 4618500, &7t
P 350~2 500 nm i Bl P ARG S R E S
Ro y BZFFEAN BB E. GRS, b
HLIZEHL 80%MIFEA, HI 187 AN X #4 eI 254K,
TR 47 MFEARZEA BALE,  CAVPAL B[R] )
TNPERE, BAE vk A R

VAL AR (R A R, RIS AR PR
TE R R KA 1% 218 (max relative error)”,
COERIMXNRZME (average relative error) 7, “#3
J7 % MSE (mean square error) ” S5 PP FEFR.
FEFRE 7 R MATIZAT 15 Ik, HUMEREFRAR 15 IRIF
P AbRAEZE 1 R ke 45 Rl %o
2.3.1 Ak ERSEE G F T

TRIGIEPE PCA X J5Uan e vl 5l B 4 b PR, -4
B 7 22 R0 R 23 i e AL P o ot ke Aff s ik
5% IR W o 8 2 N 5% e = B oL P VR
TR EH SO AR PR RE, R4 R WK 2.

x2 FEREBLLFER T ERS B RAER EREITME

Table2 Model evaluation with different energy ratio corresponding to different number of principle components

Bt ke FXRZE (RED
i 4 Num. of 28 (R Bz (MSE) Relative error
Energy ratio/% principle components Coefficient of Mean square error O S
determination Max Average
98 3 0.965+0.0100 0.130+0.0312 0.044+0.0202 0.010+0.0008
99 5 0.971+0.0075 0.099+0.0224 0.037+0.0120 0.009+0.0010
99.9 15 0.973+0.0053 0.090+0.0168 0.030+0.0074 0.009+0.0010
99.99 39 0.968+0.0064 0.108+0.0237 0.034+0.0137 0.009+0.0010

MK 2 Fii, BE4EJaRE=ELEN 99.9%, Mz
OB 15 1, FEREA N 255 BT 45 B e,
R E R R? miik 0973, B2 MSE W
0.090, f KAHXTi%Z% (max relative error) 4 3.0%,
AN R ZE Caverage relative error) A 0.90%. #H
RS EE Ol 99%I, M7 M ECh 5, REIAE,
3 0.971, MSE W1, 24 0.099, i KAHX R ZE0E =,
N 3.7%, IX 3 APEREFRFRIOFRUEZE I o X R W] :
2T %A B H BRI, KT R I R H s 4
H), BAEMEEL . AR 2 IR LLE, HbEE
LA 99.99%, FRsr Ky 39 I, AR fE 52,
FPH gt E R g i, AR EIE N EdEE
S, IR BN T R (A7 AR AR IR Fg [ ) o
Mefig. P, RIGERAEE 15 4e80E, HEATHHE

N RS s .
2.3.2  SVR BHHAY K 6 52

SVR % —Mf 20Xt (polynomial, 2
1D . B FEKE (radial basis function, RBF, 2
X2« &Mz (inear, A 3) 4. SVR [H[IH4y
M, A% pRE P 2E BF i R S R A0 2 R) ) 40
AU 2 R BRI . 53— 51T, SVR [H]
VAR ) PR BRI e T — AL L 240, B RERE A
ZH C. %S gamma. coefy 55 . WIS H CEN
W2 C) BeMS AR 2% FE R ZhiR 22 2 (R B —
AR, AT R RE T, ARV
[ C HAA . RBF #%S8 gamma WL T
WAL W A B e, e T JRE4AR
WS o RIS R TR (grid search) FIAZ
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X EGUFI TV (S-cross validation) , 8 & &AM
ZH C MRS E. R 5 R 3,

(gammaxu'-v + coef; )" (1)
exp(—gamma x |u - v|2) 2
u'-v (3)

Hodru, v BAEEWAMEART Z J0RERIK, gamma,
coefy, degree 3% WA AL FHEAL S HL
R3 TEZEEIER TSR RS
Table 3 Model evaluation with different kernel function
e BMYUEREC Wi E A% (RE)
M8

Kernel (R» (MSE) Relative error
function  Coefficient of Mean FENE SELIEN
determination square error Max Average

Linear  0.92340.0266 0.280+0.0831 0.067+0.0202 0.016+0.0015

RBF 0.973+0.0053 0.090+0.0168 0.030+0.0074 0.009+0.0010

polynomial 0.869+0.0847 0.434+0.2364 0.116+0.0764 0.018+0.0023
¥E: Energy Ratio: 99.9%.

M 3 thalLAEH, RBF #ZBEEE ML N SVR
(Al VAR P e dp i, MRS AR O, 1T 2 T A% AR A
PERE R 2, BUPERRIRAR AR 22 N, R R
BEAS R Y R IR AE A 1) 23 5 1 B b R AR K
2.3.3 TRERitHE T AL R

T T 2 Em AL R R
P SELR AR S RN DU AR Bl LA A BEATLIE 75 (1) S n
R AT 2B AP 3R R I AR,
WA G B AT A5 TS (0 AR 2

RIG A R AR i SO B AR OB —BY
SO (RO . I RHOEE (R))  BIEE
B C(1/R)  XTEAZ e C(log(R)) LA K A5 40 1) % ¢
(log(1/R)) 540 BAZ &, LATRGR T N & AE N
RARE, F SVR @Sz Z oAb A sis . 55
Firh PCA {#¥#rfeE LU 99.9%, K% RBF. it
a4,

R4 REAEFFBETRERX T ORE LT

Table 4 Model evaluation with different transformation of hyperspectral reflectance data

MXHRZE (RED

M HE 38 N T P R % Y77 ;
JeiE ﬁ/ﬂ T4 5 Num.of B {kﬁ: R A5 Relative error
Transformation of principle components (RO (MSE) N TR
hyperspectral reflectance Coefficient of determination ~ Mean square error h
Max Average
R 15 0.973+0.0053 0.090+0.0168 0.030+0.0074 0.009+0.0010
R’ 70 0.865+0.0264 0.448+0.0650 0.079+0.0005 0.020+0.0203
(R") 56 0.756+0.0533 0.833+0.1733 0.106+0.0311 0.028+0.0038
(1/R) 25 0.833+0.0434 0.602+0.1254 0.030+0.0074 0.097+0.0126
log(R) 29 0.952+0.0143 0.166+0.0471 0.055+0.0243 0.012+0.0010
log(1/R) 29 0.950+0.0146 0.173+0.0445 0.057+0.0212 0.012+0.0009

W REEELE: 99.9%; HEREL: RBF; RGN R

Note: Energy ratio: 99.9%; Kernel function: RBF; Denote the original hyperspectral data as ‘R’

M 4 LA, A R EE '3 S ORHE 7
SVR A, KA AGRT I N 25 0 0l v g dee e o L%
AR ABIERN E et AR AT T A 1) S0
PEgE. PEAERZE A B AR I S8, R
0.756, fRr AR ZEIE 10.6%.

2.3.4 B fARo ik egrkig

BRSO RS HA LR £ 2 Je @i 7%: BP
FPRZE M 25 7775 (back propagation artificial neural
networks, BPANN) ! fi #5: /N — 3e32: (partial least
square, PLS) U7 355 %L et [FIIHYE (stepwise
multiple linear regression, SMLR) 24756 Lt
B, a2, BIhRi gt @ T2k, a—
d 4T B R STk T, 2 LA A
FEANZR 7 5 B0 SR AR Tt (B A At 0oy 4
LR o AP 1 T 0 AR e . R S 25 OR
PCAFFAR B4 18 4 5 LUk 21 S AR B TR S o
21, BPANNABEIRE AT, AR A5 20 f A Yl 1 i

(R J 0, BB 98% [ fE B L FHPC AN} R U Hir s b 4,
BB b4 b 34k . PLSHREMSES /ML SR ), 7F
(0, min(YIZRFEAL1, FEAYEE)] 124 P X T py 3
B ARPELE G 0 4E S . RIHRIC LG, B T4k 3
w2 Hncomp=9 (Matlab R2011b, plsregresstii4>
SO, HEEYEE T LR B R PLS Tl A
R SMLREAIR K FHPCAREYE, 1#45799.9% 1) AE &,
FH A SRS B R A AR A P g

IRIG S5 R, A SCHE 5 ik T Ak A
FE, LRI Yo R B0 R, MSE @iz 1 HiAth 3
AR, MILLZ R, BUREBLF 4RI BP i
W2 R, H R? Sk 0.943927, MSE 4 0.1627. 4
AN R B B 2 (0 SMLR, R AU
0.74807, MSE ik 0.862371. PLS PEfe4E 4 Fli £
JEIENEA ML R AL fE 5 3, X M ILAE IR 4E E 1
MSE Fl R* [{HUE T LA o X6 2 WA S0 )y i
(A k.
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Fig.2 Measured versus estimated nitrogen content using different modeling method
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BbE, AMRPEREE LT T B

WICHAER R PR T 4 s, (HEEL B
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FrEA O LR . AE R SRt fE T, B
B e R B (e A 0L, IF FIANATE)
2 LR G REAT AT, DRI EE 78 73 A9
Lowi)i

HHAFIUN, AR WICHBOEE, B RS R

(RIS, ARAR R B R BEA s AEIL 2T A B
L, B RS SN, B RA . RS 1
LT R AR — SR . IXR WAL
I K AR B 2R el i Fr) 3 R AR B s 5K
5 EARREG s AR IUT XAT AR . 55— Jgiid, 117
PRAT AR FEASLE 1 SR 300 o8 4 A K A R i R A Tt
R AT, BRSNS, @il TR, M, £
7 5 LT PRl s pa A, o i RE st
o

4 #Z B

1) I v 6 1% s S B A A bH A B A A 11
KRR, EEHEIT PCA FF4EAEE LAl -
AL R REPAS T (SVR) AR, HARR phiE
ZHEiL 0.9730, MSE 1224 0.090.

2% SVR [HIH 73 Aridade B4 ) 225 pR 2 (RBF)D
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PCA it SVR VAR, W T BP #p2
W25, fdse/N — v PLS A Ak PE[R])H SMLR .

(1]

(6]

(8]

(& £ x #

Dennis L Wright, V Philip Rasmussen, R Douglas
Ramsey, et al. Baker. Canopy Reflectance Estimation of
Wheat
Management[J]. GIScience and Remote Sensing, 2004,
41(4): 287—300.

Thenkabail P S, Smith R B, De Pauw E. Hyperspectral
vegetation indices and their relationships with agricultural

Nitrogen  Content for  Grain Protein

crop characteristics[J]. Remote Sens. Environ. 2000,
71(2): 158—182.

Daniela Stroppiana, Mirco Boschetti, Pietro Alessandro
Brivio Stefano Bocchi. Estimation of Plant Nitrogen
Concentration in paddy rice from field canopy spectra[J].
Rivista italiana di Telerilevamento, 2009, 41(1): 45—57.
BEAlLr, WHA, B, & ETEE R
IKFEREAA I R B RG], b AREREE, 2003,
36(7): 807—812.

Xue Lihong, Cao Weixing, Luo Weihong, et al
Diagnosis of nitrogen status in rice leaves with the

canopy spectral reflectance[J]. Scientia Agricultura
Sinica, 2003, 36(7): 807 —812. (in Chinese with English
abstract)

FER, BRadh, ¥OOT, 2% LG N &N
st A R B R S B DG A IR [T]. A TR
i, 2008, 24(1): 35—39.

Jiang Jinbao, Chen Yunhao, Huang Wenjiang, et al.
Hyperspectral estimation models for LTN content of
winter wheat canopy under stripe rust stress[J].
Transactions of the Chinese Society of Agricultural
Engineering (Transactions of the CSAE), 2008, 24(1): 35
—39. (in Chinese with English abstract)

R, RS AT BIAN G RFE XS 4%
FMREEM R NFFT[I). LR, 2008, 39(3): 586
—592.

Zhang Junhua, Zhang Jiabao. Response of winter wheat
spectr al reflectance to leaf chlorophyll, total nitrogen of
above ground[J], Chinese Journal of Soil Science, 2008,
39(3): 586—592. (in Chinese with English abstract)

Yan Zhu, Wei Wang, Xiao Yao. Estimating Leaf
Nitrogen Concentration (LNC) of Cereal Crops with
Hyperspectral Data[M]. Hyperspectral Remote Sensing
of Vegetation Alfredo Thenkabail, Prasad S. Lyon and
John G. Huete CRC Press 2011: 187—206.

Yuan Wang, Fumin Wang, Jingfeng Huang, et al.

Validation of artificial neural network techniques in the

(9]

[10]

[11]

[12]

[14]

[15]

[16]

[20]

[21]

estimation of nitrogen concentration in rape using canopy
hyperspectral reflectance data[J]. International Journal of
Remote Sensing, 2009, 30(17): 4493 —4505.

Valentina Ulissi, Francesca Antonucci, Paolo Benincasa,
et al. Nitrogen concentration estimation in tomato leaves
by VIS-NIR non-destructive spectroscopy[J]. Sensors,
2011, 11: 6411 —6424.

Hansena P M, Schjoerring J K. Reflectance measurement
of canopy biomass and nitrogen status in wheat crops
using normalized difference vegetation indices and partial
least squares regression[J]. Remote Sensing of
Environment, 2003, 86(4): 542 —553.

Menesatti P, Antonucci F, Pallottino F, et al. Estimation
of plant nutritional status by Vis-NIR spectrophotometric
analysis on orange leaves[J]. Biosystems Engineering,
2010, 105(4): 448 —454.

AR, VRURIE, WEEE. BTG Z O S
TS SRITR S EII]. AR TREAER, 2011.

Li Zhen, Hong Tiansheng, Zeng Jiemei. Soil nutrient
content estimation based on citrus tree canopy spectral
information[J]. Transactions of the Chinese Society of
Agricultural Engineering (Transactions of the CSAE),
2011. (in Chinese with English abstract)

SR, XREL, AR, A AR R B O
FAIBEFE]. P EAEEN, 2010, 43(4): 780—786.
Yi Shilai, Deng Lie, He Shaolan, et al. A spectrum based
models for monitoring leaf potassium content of citrus
sinensis (L) cv. jincheng orange[J]. Scientia Agricultura
Sinica, 2010, 43(4): 780—786. (in Chinese with English
abstract)

Abdi H, Williams L J. Principal Component Analysis[J].
Wiley Interdisciplinary Reviews: Computational Statistics,
2010, 2: 433 —459.

Vapnik V N. Statistical Learning Theory[M]. New York,
Wiley, 1998: 1 —50.

Pearson K. On lines and planes of closest fit to systems of
points in space[J]. Philosophical Magazine, 1901, 2(6):
559—572.

Wold S, Sjostrom M, Erikssonn L. PLS-regression: a
basic tool of chemometrics[J]. Chemometrics and
Intelligent Laboratory System, 2001, 58: 109—130.
Stuart Russell, Peter Norvig. Artificial Intelligence A
Modern Approach[M]. 2009.

Arthur Earl Bryson, YuChi Ho. Applied optimal control:
optimization, estimation, and control[M]. Blaisdell Publishing
Company or Xerox College Publishing. 1969: 481.
Hocking R R. The analysis and selection of variables in
linear regression[J]. Biometrics, 1976, 32(1): 1—49.
Draper N, Smith H. Applied Regression Analysis [M]. 2d
Edition, New York: John Wiley and Sons, Inc. 1981.



138 NV TRE A 2013 4F

[22] Julius B. Cohen. Practical Organic Chemistry[M]. DISC, L, 2006.
Indian Institute of Science, Bangalore, 2003. [24] Li Minzan. Spectroscopy and its Applications[M].
[23] #R#E. S EAR LKL AM]. dbat: Bl HR Beijing: Science Press, 2006.

Multiple regression analysis of citrus leaf nitrogen content using
hyperspectral technology

Huang Shuangping’*3, Hong Tiansheng%3, Yue Xuejun*****, Wu Weibin'*? , Cai Kun'*3, Xu Xing'**
(1. Key Laboratory of Key Technology on Agricultural Machine and Equipment (South China Agricultural University), Ministry of
Education, Guangzhou 510642, China; 2. Division of Citrus Machinery, China Agriculture Research System, Guangzhou 510642,
China; 3. College of Engineering, South China Agricultural University, Guangzhou 510642, China; 4. Faculty of Engineering
and Surveying, University of Southern Queensland, Toowoomba QLD 4350, Australia.)

Abstract: In order to evaluate the nitrogenous status of citrus trees, non-destructively, accurately and rapidly, the
modeling of the nitrogen (N) content prediction based on the reflectance spectra is studied in this paper. Field
experiments were conducted on 117 planted Luogang citrus trees in the Crab Village of Guangzhou. The citrus
trees were divided into several groups and 1-year standardized management was performed on them. Nitrogenous
fertilizer was applied to the citrus trees only during four phenological periods in the year, and each group was
treated with various levels of N-fertilization in order to cultivate differentiation samples with varied nitrogenous
content. 15 days after each fertilization, fresh and healthy citrus leaves were collected to gather training samples
from different growth stages. Hyper-spectrometer ASD FieldSpec was used to detect spectral reflectance while
the Kjeldahl method was used to measure the N-content of citrus leaves from the same batch. In this way, each
sample is described as an instance-label pair, where a multi-variable vector was used as the descriptor and the
ground truth of the nitrogen level was used as the label. The collected samples were used to construct a large-scale
dataset, 80% of which were used as the train set and the remaining 20% were used as the test set. PCA (Principle
Component Analysis) was applied to the original vectors for dimension reduction and noise removal and SVR
(Support Vector Regression) was adopted to build the regression analysis model for predicting the nitrogen level
of the citrus trees. The model relied on a training set and was created by mapping the multi-variable vectors to the
related ground truths label through SVR. The test set was used to evaluate the performance of the model. The
experiment on the test set resulted in reaching a square correlation coefficient (R2) of 0.9730, a mean relative
error of 0.9033%, and a mean square error (MSE) of 0.090343. Conclusions can be drawn from the experimental
results: First, compared with various deformations of spectral data, e.g. first derivative spectrum, second
derivative spectrum, reciprocal spectrum, logarithmic spectrum, logarithm of reciprocal spectrum, the original
high spectral reflectance data, as the vector-descriptor of the samples, achieved the best experimental result when
using the approach in this paper. Second, when the Radial Basis Function (RBF) is used as the kernel for SVR and
PCA determines the principal components with the cumulative contribution rate set to 99.9%, the model will
achieve the best performance and be the most robust. Third, comparative experiments between our method and
other mainstream multivariate regression analysis algorithms demonstrate the validity of using SVR and PCA to
do modeling. Experimental results show our method is obviously superior to Partial Least Squares (PLS), Back
Propagation (BP) and Stepwise Multiple Linear Regression (SMLR). Finally, using SVR to build the regression
model based on PCA-processed data successfully achieved the ideal performance index, which indicates the
effectiveness of the proposed method and provides a theoretical basis for the applications of high spectral
reflectance in non-destructive nitrogen level detection.

Key words: nitrogen, regression analysis, hyperspectral, citrus tree leaves, SVR



