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' ONMRAR SRR TR S EEIE, $H T R T R G A Ak S R T vk . i
Ko aEGE (Lab) REPHFZESE (L MF6SE (b) 5REE. FEHER. HA¥EHMEE
ETTE, SEORN AR E], A7 RN T SR LB, B RIRETE 5% N, HEIRZETE
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E AR E 2 TCHAE I AR B MOV AR iU, IR KR CER (B IND. B (P,
BOCKD) BHE T OGS AE D B o R, FE RN T (A B ARk, [ A2
HOL TR Fek ot e o KU G A A B, 5 A R A m AN ET, BAE R
TEPFRERAE, SV Z RGN, HA RIS R A A, TSI i 2
NBLZ B Gk, HH 2 BB RC, s, KREE T el B i,
ek S SN, DG S A T G BT [F S B R A KRR AR R AR,
BEAR T Rt A - R S B, Fok R ARk s A, SERERT . GIeh B,
YLINERS, HLERI6 I S 0 5 20300 WA A MR A 8 o v A,

TEYEFRTIEW L2 R, (57 EUR AL B AR R FLARGE 58 . AR BRI R 215 2
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SR AL 3w 2 R 452224 (Back propagation neural network, BPNN) 7 [ £& B 1 #1475 T 35
B, {H BPNN 43158 EE, GFaNRMMR/IME, Taa S RMABOEREE, DS
TRIHER R

HAl, 25 fhEIsis it ks r e, (A Es kB nRdT. METEME N
Ko TR 7B B, HL N SEae S 3RO S B, AR T MM sk m %,
PR 2 o A T 7 BEH R T (Santalum album L) P48k &8, S8 AR3R
WG AT 20 5, FEARY R 8 N R A L B (R AR I [N 7, {3 B AR AL 5 1Y) BPNN
AT i, BTENE MR ME O R E RIS S IR AL e e . R MR R AR T ik

1 #RES 5k

1.1 IR

W X AR AR S T S 5K (19°43'58"~19°44'58"N,110°57'34"~110°57'50"E ).
GO TR IR A, W 5~10 m, BHGIFEVER SR, FTHIEE 23.9C, 4T
BB KE 1808.8 mm, 5 XEZ, WK 2~3 %, FFRNREN 86%. B THERACHYIE
D+, 56 14 pH 5.0~6.6, H A% 98.3~114.8 mg kg™, AU 3.38~4.56
mg kg™, JEZAH 69.9~78.2 mg kg™, ARk 2.33~4.89 mg kgt. 1% X ISR A g B 2
AR, N T A KB (Casuarina equisetifolia Forst.). -7~ (Cocos nucifera L.)-
B S (Calophyllum inophyllum L.) A% (Eucalyptus robusta Smith.) %%,

1.2 R RBIERES &

WAMHAKEERAMTEY, FEK45 a5, EIAEK BT R .
KT & e Z AR R IR R4 (EDDHA-FeNa), KA EYL . HH
RGBT, AIE 4D Fe IRFEAKSE, 23514 04 10, 15, 20 g #E™Y, i28 CK Ot Fe).
Fel (fRIREE). Fe2 (FFiREE). Fe3 (FRikEE), MAMREEASE FAE 8 #E & . (A mEX
TPE 72 AT B BT i B K Ve A R N FeAth e 25, SRF IS, i i &9 200 mg
Bt

T 2017 422 A (BRBEZ /0D MEARTEEE (We) MEEILRNE (W), ZJERAHIE
T, AR R SV R, HAE R U R AT B SRR (A 2017
412 A, BREHEASAEATEG. WiE. R8I, E 5 R, R EEA 160 4.
PG FRBUE TR A E B /D 2 /b U347, 43S [ 10: 00—14: 00, H\#EEEE N 1.5m,
f# ] Canon ESO700D AIMLIATEE, EEK/INA 51843456 15K . SREUEIER, 72 N7, 6.
F ACPUANTT AT . ZRIHATI R, e B AR AL AN RS R
6 NER, BIREELREL 159 M. EHEREAFES N EI (Reflectogquant RQflex,
ED AT TENE, SR 10 AR IEMIOLRNE, WRIESdREREE . it
REANRE ST 3 WKIGE, BT A 178 53 R AEUATE 3% 2 .

1.3 BB RGMITE

ZL4kE (RGB). tEEAIERE (HSD. mEGE (Lab) &% i =Rt
Hr, RGB HAW M, BR M5 AN RGHE AL, AR, R
A4y EX BRI RIR A, A SCE T LRI R G50 BB E [, R 48k a Ext
AN REN: A
1.4 BEfgEEMITXE

BT 1 G B0 A BRI 7E Matlab R2012a sz, 1T Fe? Fipac xof 37 i A0 52 - (0 S i AN
[, FIARYE B Z I R f il 2= BRI E SRS B BHEEEEKAFAMAE, A5
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R E 4T RS P B bS8k BB RO E I 7 ksl g # X 38, 4n
K1 PR, BARDERINT.

T R AARAVGREAT B A o MMER AR n AR E— ORI As 2 AR & i/ N MER 42 Note: R;
stands for radius of the minimum circumcircle of sandalwood obtained in this experiment, and r; for that in the last
experiment
B 1 B B X vk
Fig.1 Method using images to determine new leaf area

HIEE A B G E, )5 FEREADNIMER, FRICN R (=1~4, 2 RIfARAR. 78

Fa AR EED; BERLOE nfE CGEzEEOER . L7 Edmek, W, :%Ri;

AR

FIZEGAEAR . TR, W z%Ri W sy W73 AUREAR UG MG K AR PG 7

LEd

ALTEiE, Woams W RF_E— VORI AR PE . FEALEIE): BRI Arir BE S A

4
B SRECE T CanlE 1 ), %?@%ﬁ”f%ﬂﬁj\yﬂz%i_n o
=

IS FRTTERE TN ELO I RN, R3S 3 AN IXIE, B Ari CGEARN R [ it
F XL A CEEN v BRI A X380 A Arid CRIFRERIH X0 Kk, A 5T
1T 4 26 ELRES, B XA R 520 0N A BB TEETEE (41 (R). 4% (G). ¥ (B).
B (H. \BAE (S, 5 (D, E (L. BEEE (. AHETE (b)), Agir B
BEHEE (R | Ajn 5 Ar FHRIEESEIE (A B, Agig 5 Aa FRIEEZUE L
i (A D
1.5 NEIFRE ML TR M RS

BPNN [R5 JZ A 2 70 00 BN RS BE s ok, it 23/ 382 R BONGRBUR A, &

g mARK, B
n=.,n+n, +a (1)

Kb, n oS EMZITTNEG 0 VR ANERE TG n vt Z e oo 4G a v 1-10

2 A B H

BPNN 5 L A 2515, FTLLH 5 A S0 sl s Sk a5 A0 o 3 DL 1A% 4
321 (Genetic algorithm, GA) . i FREAEAL 5% (Particle swarm optimization, PSO) il
Adaboost AP, Ao =R LS (RS040 51455 9 GA-BPNN. PSO-BPNN.
BPNN-Adaboost) AHIELNNH, HAkS% CiHk[28]~[33].

WIS LR 160 MHdE, BEHLIHEL 110 N AIAFEAR, T4 50 N NIGIGREAS . AR
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P A FIRIORE A M PoE REL RS, P52 € . 7R % RMSE S HALIATITAT .

2 ZEREVHE

21 &T Lab HERBMETE RS

ASHIT FUIE b T SR IO A PR AT k5 B0 S W] 2A B, A R SRk,
BrbdE. %Ak, A H AR, X ER D FIE RR T ARKHESE . BrA, D ORAIE S5 391 A AR 5
B, A5 EHR R R BRI

Kt (Otsu) A2 1979 4 HACEH KA SE (KRl B & BVE BIMERAE 7k, HAEACJR
FLRE — BB, RS ORI A B MR A OO o AR 0K MR ) B e 2
Lab JHiE. LiHiE. aidiEM bidiE (& 2) Ff Otsu Ll JEL KRR, Lab i@
AT Otsu 70 BRI, ALBERAR/INEB 7 1) L3 Sk (Y IX 73T . a lIEA b EIEA]
KiEE A SRS EIEXDIF, (B b EIERE M Ee. LEENRe 1 a. b E@IER
IRl REEM R 5 S OEMXDIT, PrUASCESSS S b HEM L dEiEx B R
B A BEAT 7 E

B2 K (Otsw i HIEEAFEER (A JiK, B.Lab, C.LJ#IH, D.ailiif, E bifiE)
Fig. 2 Graphs of channels in Sandalwood images segmentation using Otsu’s method (A. Original image, B.
Lab, C. Channel L, D. Channel a, and E. Channel b)

SEVFERARW T (DX b @B AT Otsu 550, JEHEAT 757 (I EIEBAEHE . (2)
5 5 BT HE PR L, e R L@ iE s B s R AT E . (DER 7>
AR ) P B AT~ AL B, RS A2 9 5 I TR S5 A e RIS I &% 2 k. 2314
RnEl 3 .
L B RES T

K3 ARG EIE R LR (A bIEIE Otsu VA1, B 7X7 EIEMEMERE, C LEEKX
FEE B TXT EVEBALBISE R, D. B, E REARG

Fig.3 Process and results of sandalwood image segmentation (A. Segmentation using Otsu’s method via
Channel b; B. Masked image after 7>7 median filtering; C. Segmentation using Otsu’s method via Channel L and
masked image after 7>7 median filtering; D. Morphological processing; and E. Finalized image)

SR P AR FH RO A 5 e 2R 320 D A R R x B T 45 38 A e 0 58« N ERIE 1% 7>
FITTIERIRCR, (] Photoshop CS5 A UHEIEE R TR AT HAMIRE) T30 %)
EE, HRLERIE TR R . R AR % (Ji 5 8@) « ENVI 5.1 By
TR ENLT R (95 N@) Fl Photoshop CS5 AbEE (4 5 N@) S I 45 Rt AT L, 45
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RUNZE 1 FiR. MRATATLAE 1, A SR HRRAEAR 2 BORIG (0 1% 22 77 THH A A T 3 HF ) &
PUARFREE B, XA PR SCH I LR sy () 7 RO EE, & R H, 3
BERRZEBR, G ARG, R BMEAM B BIMETH & A SR R B R AR ZEAE 5% A,
PRI R 3% N, YL EE AT

* 1 2EAETEN
Table 1 Segmentation method evaluation proposed in this paper
iy WEUE BER¥urE RBM ER (%) G ¥l EG(%) B EB (%)
Number  Methods  Pixel number R mean G mean value B mean
error (%) value value

K1 @© 2.85 177.1 1.02 220.0 1.27 97.13 2.63
Image 1 ® 4.53 179.3 2.28 2175 2.40 101.4 1.68

® 0.00 175.3 0.00 222.8 0.00 99.76 0.00
B4 2 ® 3.94 196.3 1.04 227.1 0.54 102.1 2.68
Image 2 @ 5.22 199.4 0.53 2214 1.99 107.4 2.31

® 0.00 198.4 0.00 225.9 0.00 104.9 0.00
B4 3 ® 3.37 167.0 0.25 208.9 0.41 103.2 181
Image 3 @ 3.98 164.5 1.73 2135 1.80 99.2 2.06

® 0.00 167.4 0.00 209.7 0.00 101.3 0.00
K15 4 @ 3.09 199.6 0.87 233.2 0.88 94.1 1.72
Image 4 @ 3.85 204.6 1.59 234.0 0.52 95.3 3.07

® 0 201.4 0.00 235.2 0.00 92.5 0.00
K14 5 @® 453 185.6 1.01 199.8 1.80 102.1 2.51
Image 5 @ 4.34 181.4 1.27 201.4 2.63 101.3 3.25

® 0 183.7 0.00 196.3 0.00 104.7 0.00

T OREASHR M55 @RESCFRFHENLSE; @ Photoshop CS5 4b#E; ER. EG. EB 73 ifla& R,
G. BiiEN#MERZE Note: @ stands for the algorithm presented in this paper; @ for support vector machine
algorithm; 3 for Photoshop CS5; and ER, EG and EB for mean value error of Channel R, G and B respectively
2.2 BURHEAKXI 7 RIAE R SR

2 FoR NFEAR I 48k & 8 U A G RGB FUBIEESIHE . I RENRLG
KIEHHE 05 RGB =/MlIE, B EI0 RGN, R&SF R G, B. H. S, I L. a.
b L 9 AN I E A

*2 EBEMHR2%E&EK RCB 2R BEEKITER

Table 2 Statistical information of total iron content and RGB single channel color value

; 1 R #1E G #iE B i#1E
42k Total iron (mg kg™) R channel G channel B channel
M SD M, M; M sD M, M; M SD M, M; M SD M, Mi

MAHIE" 2041 131.9 5695 3391 1549 3343 1996 9171 1838 39.62 2364 1081 8594 1626 1122 54.14
KIGHE® 2019 1289 521.9 3213 1569 30.82 201.3 9429 1815 36.04 2394 103.6 83.94 1429 1095 57.39

M ZoRIME: SD TR 2 M, Foni KE: M; F~E/ME Note: M stands for mean value; SD for standard
deviation; M, for maximum value; M; for minimum value; Fitting data; @Validation data

AW RS SRE I A s #2100 JBRIERI 730 6 A, ISR TIIME, AR etk s &
XGRS, W 4 fo. ATUAE . R AT BEIE(E e TS ETF, 1 G EiE
S ETHE TR XU, ek E R ETHMERE 7SRRI, R Atk gL, ke
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BAYG RSN S, WRITGRS, WIS TEEIaEE, R R TR,
CA S EESL P AN
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Kl 4 20440 (RGB) B EBERT & 7 48k & Bk A 3y
Fig.4 Variation of RGB color value with content of total iron in sandalwood leaves

2.3 ERI DR TNEE

T 9 Mg N AR BOR BIAH IR, R T A g A [ . 3 s Y (R R, X
BEAT T R b, A5 ARAT 2 DU A6 AT YA 32 By 1) R T DT IE B 99%, T LA
SOERFERTIUA F R E AR T RIS 4 Mg AR, SHOBCE 70 y: BPNN
{HH 4-10-1 I 2 gty, HigN. i JE4%15 R0 308 Tansig F1 Purelin, Il 25 & £
L-M flefb 5, AR ECH 100; PSO-BPNN HFEERLF4Ch 20, BASKIF 44N 4, |
FAEAHRECY 100; GA-BPNN e R/NJy 20, 844 %CN 100, 22 XHEA N 0.6, 425
M4 0.005. BPNN-Adaboost 1 il 5 >#ik £ 10, FAHE AR ECN 20.

Xf 4 HRE 1T B &5 RkAT o0, &Rk 3 P, AR, SBATEU R A F
WA R UHIARE, F1an, BPNN R, {56 2 )ik RER? = Tille 1, (HF35%EE
m TR 1, NGREHIE SR EAR, AW T 0 AR AT 46 UE a5 2 1 P E RER?
PR ZEE . HTTRRZE RMSE BHTIT 7, $RFSERICHIICHN 1, mZERICH 4, 1508k
MR TT . HER R INE 3 &G IR,

# 3 NREIMEMEER AR TUNLE R
Table 3 Prediction results of different neural network models and different tests

T 4% et L4 %43 Fitting data 364 Validation data 4

Neural network Test type R2 g RMSE R2 g RMSE Range
I AL R N 2% & 1Test 1 0.611 1998  76.48 0589 2149 7837 3
Back propagation neural network R 2Test 2 0619 2049  76.50 0612 2198 7848 4
(BPNN) 5% 3Test 3 0.644 1649  71.48 0582  19.85  78.49 2
AR5 4Test 4 0.648  15.04  72.98 0.589  20.19  76.99 1
LT HEENERAL S AL 3 e 42 Y 2% iR 1Test 1 0.684 2954  73.60 0.678  31.60  76.40 4
Particle swarm optimization-Back 56 2Test 2 0.691 2648  71.39 0.683 28.95 7350 3
propagation neural network 56 3Test 3 0.711 15.50 69.39 0.706 18.49 71.50 2
(PSO-BPNN) A% 4Test 4 0.739 1305  66.38 0.712 1598  69.40 1
BHL FVERAL S )L e 42 N 2% R 1Test 1 0.699 2459 7150 0.683 2239  67.69 3
Genetic algorithm-back propagation AR5 2Test 2 0.699 25.50 70.38 0.679 23.84 68.40 4
neural network 4 3Test 3 0.743 14.39 61.29 0.722 17.49 65.94 2
(GA-BPNN) R ATest 4 0751 1110  57.87 0709 1459 6253 1
Adaboost BVEMRAL S AL EIE M L% 5 1Test 1 0.706  28.86  76.94 0.697 3074  78.09 4
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Back propagation neural 56 2Test 2 0.711 29.75  75.98 0.704  31.01 78.84
network-Adaboost 4 3Test 3 0.741 17.50 69.27 0.710 19.48 71.49
(BPNN-Adaboost) 36 4Test 4 0.751 14.01 66.73 0.714 18.37 68.49

e R0 1L 2 AR NN Aris Ari B ESETESUEOAE R RTIY 800 K5 3 I AR BN Agi 5 Ari 1
FOEESOIE: WK% 4 EZEN A 5 A ERIEE SO IE. R2ARRE RYL & RETIRE,
RMSE R £ #477H2 % % Note: The independent variables of Test 1 and 2 are the first four principal components of
single channel color values of Ag; and Ag;.ii, and the independent variable of Test 3 is the single channel color ratio
of Agi.ri and Ag;, and the independent variable of Test 4 is the single channel color ratio of Ag;.;j and A,;. R? stands
for coefficient of determination; & for mean residual; and RMSE for root mean square error

HI3% 3 AN, k50 1 ANRES: 2 oI el A UL EEAN RS B2 7 A 2= A B2, HAE A
BPNN 71 GA-BPNN i}, {46 1 f945 R0 Tl48 2, mifE{#H] PSO-BPNN £l BPNN-Adaboost
BRIy, 255 . HIR5: 3 AN 4 (45 RAE S T br A W R m, RNy, pra iy
o iRE 4 G5 R, RIEAT T 52 M B U 25 SR 00 T8 5 BRI Bt LU, X2
UOATESRERIRAS I, B kgk, BrORFa e, it EBREUE, WM DGR e 2 57
Y MEBREENGE LT, HERZRMIRN, W2, oy s, A5
BARPBE LA RIS T OEREZ 5, RO B MK,

M 3 ik r LA, MFHRIE T, Z5E 0 Wl S IR AR TRINRE L, 4 T 22 o] 26 45
Bt HE4 9 GA-BPNN>PSO-BPNN>BPNN-Adaboost>BPNN . X i B LA 5 (0020 X 4% 7
SN T B R A PR, R, SR EE (GALPSO) HIR S B %4 14 5% (Adaboost)
WG AR B 5 BB R I 2% TR 6 70 P4 v BE

345 it

DA 48 SCIE T By 2R MR R PR 2 Dy a6 ) R et o A )6 2 ) 28 5 ond o
ATERIE, TTHE TR RO S B SRR A 8k S R Z AR R SRR, AN
BRI IR SRR AR, RS RN, SRR E,,; il A AMH (250~300 mg
kg I, HERREREIERAD, PAERERUY . BB Lab RE R b @&, L iEiE
HRERE S THHIER A LA AIs HAM S & e B 2 B, 5 diE AR & e i e
B FE HTHE X3, R T 5 2 HOEIE S HE AR ) GA-BPNN I 1, 43 2B IR TIIN 4
Ko SETARIBIFUME, ARG B 705 AT 1 ok, S 7 B EEsE R, JF
WA, 2RI O BV O A B R 2 45 R et RIS, il Tl
P X R A, AN LSRR I 25 R 5 P AE BRI, 7R 5 IR 18 2
o

& £ X #
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Visible Light Spectrum Based Segmentation of Sandalwood

Image and Prediction of Total Iron Content in Plant

CHEN ZhuLin WANG XueFeng'
(Research Institute of Forest Resource Information Techniques in Chinese Academy of Forestry, Beijing 100091, China)

Abstract [ Objective] To explore relationship between color of sandalwood leaves and content
of total iron in the plant, a visible-light-spectrum-based sandalwood image segmentation method was
bought forth for prediction of content of total iron in the plant. [ Method] In this research, Channel L
and Channel b in the Lab system were found to have complementary effects in image segmentation
using Otsu’s method. Consequently, by making full use of the above-described features in combination
with median filtering and morphological operation, this paper accomplished image segmentation of
sandalwood in forest. First of all, Otsu’s method was used to remove the pigments of soil and the other

green plants, by segmenting Channel b, and then Channel L was extracted, and again Otsu’s method
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was used to extract the image of sandalwood out of its background. Then burrs of the image were
smoothened through median filtering and morphological operation. Based on the fact that new and old
leaves varied differently in color under iron stress, a method for determination of new and old leaf ratio
was developed. First, the minimum circumcircle of the segmented sandalwood was to be defined, and
then calculation was done of the ratio of the canopy breadth measured last time to that measured this
time, and then the ratio was multiplied by the radius of the minimum circumcircle to gain radius of the
concentric circle. The ring part between the two concentric circles represented new leaves and the rest
old leaves. Color value of each channel (R, G, B, H, S, I, L, a and b) was calculated. Then four groups
of comparison were designed (spectral value of the whole plant, spectral value of new leaves, ratio of
the spectral values of new leaves and the whole plant, and ratio of spectral values of new leaves and old
leaves). And in the end, predictions of the content of total iron were analyzed using the BP neural
network modified with different methods. [Results] (1) The segmentation algorithm proposed in this
paper is better than the support vector machine in result, with pixel error ranging within 5%, and the
errors of all RGB channels controlled within 3%. (2) The optimum content of total iron in sandalwood
leaves varies between 250~300 mg kg™. When the content of total iron in leaves is less than the
optimum value, the color value of Channel G increases while that of Channels R and B decrease with
rising content of total iron. But when the content of total iron in leaves gets beyond the optimum value,
the trend goes reversely, which indicates that being either too high or too low iron content would be a
factor causing chlorosis in leaves. (3) Comparison shows that the prediction based on the ratio of
spectral values of new leaves and old leaves is the best, while that based on the spectral value of the
whole plant, the worst, which indicates that the method, proposed in this study, of comparing new and
old leaves in spectral value is the most effective one, reflecting the content of total iron in the plant.
And (4) In terms of efficiency and effectiveness, the four kinds of neural network models exhibits an
order of GA-BPNN > PSO-BPNN > BPNN-Adaboost > BPNN, which indicates that optimization is
better than the iteration, and that appropriate initial value and threshold value have more influence on
prediction ability of the neural network models . [Conclusion] All the findings of this research have a
guiding significance for nutritional diagnosis of precious tree species in terms of micro-elements, and
provide a new way of thinking for precision forestry.

Key words Total iron; Nutritional diagnosis; Image segmentation; Visible light spectrum;
Optimization algorithm
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