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FE AT 5, N TR M4 (Artificial
neural network, ANN ) W FHi ik, Hr,
LR w25 2% 1 222* ) ( Back propagation neural
network, BPNN ) 7£ W 2% FH ¢ FIPE: 68 5 T 32 %88 il
B, (HBPNN-#2J 1S, 5 AR/ IME, &
SEA A RMAEERTE, DURE & w3

FIRT, 25 RhE JRs Wit s b g e or 127
ESB R R TR T MR ICR e ¥ TR
MR B >, B RSt R ERBOLIEE R, AN
THER T H ISR N ER, MR 2, A
TEFEBREARBMEE (Santalum album L.)
RS R, RTEPAMRIUEMR AT ), AR
BRMWpaE TR LA R AR O -, [l
AL S FYBPNNHEAT S, 5 1E N2 SR A Y il it
JCER E SIS W S WIS e . N R BR R
Ik

1 MRS .

1.1 IR

M5 X WA B TSR MK
% (19° 43’ 58" ~19° 44’ 58" N,
110° 57" 34" ~110° 57’ 50" E) . %M
T R A, RS ~ 10 m, J&@ AT g
Z R, AFEYIRE23.9°C, AR K E
1 808.8 mm, HXEZ, W2 ~3%, F1HiE
JEHN86% ., FE IR GYE + + Wi
+, ¥ L HEpH 5.0~ 6.6, AAAKA98.3~114.8
mg-kg ', ARW3.38~4.56 mg-kg ', HEHH
69.9 ~78.2 mg-kg', AEL2.33 ~4.89 mgkg .
X A B 2R R B AR, AN T B WA E
BB AKME ( Casuarina equisetifolia Forst ) . i
F ( Cocos nucifera L) . ¥LEWFHE ( Calophyllum
inophyllum L) FI¥E# ( Eucalyptus robusta
Smith ) %,
1.2 Rt REERERE

R AR AR F B, ffEK45a
J& . BEHUER BIPRS00 . ASBHE ST
FHARIR R & — e — AR ¥R I K 2 1R ( EDDHA-
FeNa) , SRAVMRAMEGETL, BRZLEEIT, W4
APFeUk KT, 4p B0, 10, 15, 20 ¢,
ICHNCK ( ANjiiFe ) . Fel (IR ) | Fe2 (Hik

FE) . Fe3 (mMkEE) , BANUBEAKE F Rl 8 A
o IS KA E 5520 vl 1938 2 P i vk B /K
PEE AN AL ITE , RAIIEiE, it
AR 200 mg.

F20174E2 7 (i Z a0 ) W& 7R v e i
(wo, ) FMFEFILER (wy,) , ZEEBDNHH#ET K
BRih e, b A 5 R0 A 3B, HAE IR T
RN . A R AR [ 25201 7424—12 1,
B WA~ T BEAT R . iR . R EE AR, S
W, BB 1604 o EHR AR IBGE B R SUIE [ D
=D AT, A8 10 00—14: 00, 471
BEPEES K 1.5 m, f§ifilCanon ESO700DAHLIAHE,
B K/INAS 184 x 3 45618 . ARELEIRAT, 43R
B/ N1 I = I | LV R oy B e S ) = i R
KFE, k. BAM RN AN TN FAR
Lo Zk, BHMEELRENLS git o (HHME
FEXFE 0 5E {L (Reflectoquant RQflex, [ )
PEAT RS BIE , AT 10 8RS E UG
D, A IE ARG o U X AN R RT3k
WsE, FrA BRI 2 R B3R Z N
1.3 HeRFENITE

gr4kdi (RGB) . (FEEIRAIEE SR (HSI) |
SEEAE (Lab) W R MBI, Hr,
RGBEAH A, & —F 5 AWM 3R 5 % ) AH
FERRR Ul TR RO R [ 4  E
MIRBA, A SCHE ST LR B RS AS rE
PR, R ek S R R B R,

1.4 BERERHEMM X

A B EGEE AL B Y5 7E Matlab R2012a 15K
B T Fe® il ai Xt R B S R R, AT
R A 7 2 i 3R B0 i A €3 25 ORI AT i
B2 BRI AR BIEAME, ABFE T 41
Jrm (AL PE. B s — kB ) L
B 1y 7 2R Bk X8, anE TR, HLR A R
mr:

T A KGR, R SR NN
B, FA2IC MR, Ci=1~4, 7P5MCEE . PG, dt
R EG ) 5 s OB E (GFEEG N TE
ﬁxkﬁmm%,MP%?;%ﬁ@%@%\ﬁ

T A s, W= :Tt R v w73 S AR A U3 6
HEOZRTY . BALIERE, W s woaee AR E— KIS
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e RACVEAR VG159 2 1 WA Jo /NN B L 2 s r AR R L —
YR 5015 2 (A8 A7 e /NAMEZ R 242 Note: R, stands for radius
of the minimum circumcircle of sandalwood obtained in this

experiment, and 7; for that in the last experiment

BT PR B T X O vk

Fig. 1 Method using images to determine new leaf area

WAFH AR . BEALRER) s B BRI A Ay, B
MG R R CAnE TR ), e 28 i it

AHY Ay

it R T ARG BN,
3K, HiA,, (AR RRAGIR A /X ) |
Ay CRR AR  F 68 A, ( BIER s
WKL) L P, ARBFSCHEAT AL AR,
VLB B T T4 9« A B B B (4
(R) . 4 (G) . 15 (B) . il (H) . WA
(S) . 5@ (1) . &8 (L) . BfhEe (a) |
PN, (b)) . A, B S € (A
B\ A F AR (FLL) . Ay,
A, S 6 (L)
15 REMERE TSR AR &5

BPNN 0 5 J52 i 28 70/ KOt T 5 B e
oo i e BRI AR, A Sl T2
B, B

n=4\n+n,+a (1)

K, n A& ZBMEITTNEG o b A 4T
DG ng BB Z PR E T a M 1~10Z A
WAL

BPNNG Bt MG FEHL, w5 H
(R Y R e e RS ) S I U O S
2 1252 ((Genetic algorithm, GA ) . R FEELAL
#yk 12 (Particle swarm optimization, PSO )
FiAdaboostik A0 120 o AR SCxf = Bl il Ak 41
% (R34 5 HGA-BPNN . PSO-BPNN |
BPNN-Adaboost ) AMlFEANS 4, HAKS % ik

(28] ~1[33],

AR 1 60 F s, FEALHE1104 2 4
BREA, FIRSON MK IAEA , [R] IFik £E 4015 0
K REA i REUR? . F¥sk e | ¥riRiR 2
RMSEX AT T4

2 ZR518

2.1 EFLabFiaBERNEER G E

AW 5% Fk T b 1 AR UM B R AT A ik
M, WE2ART R, EERGRETRESR, Rt
e, JeEhh, A HABRI R, XA FE R T AR
KAMERE . BrLA, AARIEE M TAER R R, 054
LR 1 R A B

K (Otsu) BERE19794F A A2 Kt i
4 — i [ 3 07 (L A v, LR R A
— B, e A 2R A Y S I A3 B 1
g VO ARG R 2 B FE LabiB s . Ll
. aiEiE AbiEE (E2) JEotsuik it
KR &M, LabifiiE ffi HOtsuik s H1JM, L
REKG /N R o0 1 1 S 2 (R4 X 40 TF o il 18 Flb
I B AR A R SR R X TT, (AbiliE
PR R T SE L, LI s Mgk #h Ta, bili Ay 55
A BRI RS RS Y X IT, A
Sk R 445 A b A R L A G X AR B R A
115r%

SPEVRRRARAT . (1) XbiliE #E T Otsuik
rEL, JEEATT < TRYTEDE AL, (2) HRE
PEATRE M IF 4R BRLAM 8, I D L 3 A 3 1
AR AT E . (3) 7 x TR e g
W HEAT - AL B, R S AR SR S [RDE 25 44 o
RIFMAZ KA 20K . or B RLNEB3 PR

SALE TR P B R R LA B 45 R T R B o AR K
FIXT LM G AR BN A 2. M IRIE X4 BBk
%05, i FHPhotoshop CSSHIF M REMER T,
H (MY T HEHAMEE) FahnEs, s
ARV e . A SR IR (5
@) . ENVI SV SR it bl 29k (s
4@ ) HPhotoshop CSS54LFE (5 ) 1H3I A 4%
BT IR, @RMFIT R, WEHATLIEH,
AR SCHRE B R AR RO B (0 1R 22 0 T B T
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Hernm R B o RIRCREE , S BRAE, S8R MASUHE MBI GRRBORET SR N, K iR
RIRZEBK, GHIEFEME, RIEMBIET . ZPEHIE3 %2 N, MRS A T AT .

K2 Kt (Otsu) B HMEAEAFEER (A5, B.Lab, C.Li#iH, D.aifii&i, E.biliid)
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)

EI3 M RS I R 25 R (AL biEGEOtsuik /- BIZE R, B. 7 x 7oA & J5 MRS IEI4%,  C. Lid il Kok o 3
7x TR AN FRZE R, D EAFA, E. mZEE)
Fig. 3 Process and results of sandalwood image segmentation (A. Segmentation using Otsu’ s method via Channel b; B. Masked
image after 7 X 7 median filtering; C. Segmentation using Otsu’ s method via Channel L and masked image after 7 X 7 median filtering;

D. Morphological processing; and E. Finalized image)

x1 DEFTEEM

Table 1 Segmentation method evaluation proposed in this paper

B RS REHEEPxe G Bt
Number Methods number error/% R mean ER/% G mean value EG/% B mean EB/%
value value
E51 ® 2.85 177.1 1.02 220.0 1.27 97.13 2.63
Image 1 @ 4.53 179.3 2.28 217.5 2.40 101.4 1.68
6) 0.00 175.3 0.00 222.8 0.00 99.76 0.00
{52 @® 3.94 196.3 1.04 227.1 0.54 102.1 2.68
Image 2 @ 5.22 199.4 0.53 221.4 1.99 107.4 2.31
® 0.00 198.4 0.00 225.9 0.00 104.9 0.00
K143 @® 3.37 167.0 0.25 208.9 0.41 103.2 1.81
Image 3 @ 3.98 164.5 1.73 213.5 1.80 99.2 2.06
©) 0.00 167.4 0.00 209.7 0.00 101.3 0.00
K154 ® 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
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. . R¥JMAE BIH
Yii 5 BT AR FEBR 2 Pixel G
R mean ER/% EG/% B mean EB/%
Number Methods number error/% G mean value
value value
145 @ 4.53 185.6 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

TE: OFTA M A OMEFFm N ; @K Photoshop CS54b¥E; ER. EG. EB4iltER. G, Bl iy H
P ZNote: (D 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 HIEHAR S RAIERFREL
K2R A REA R 4 Bk 8 DA AR A R
RGB L E S HHE B o 56 R 4 /9 I ik 1R 5

PE S RGB=/liA, WL R E T, &
ZEFR, G, B, H. S. I. L. a. bILo/NliBany

RERIERS

x2 EEMR2HAERRGBEREESRITER

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

) . RifiE Gifli iH Bifli il
4k 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, M,

PIAHIEY  204.1 131.9 569.5 33.91

WEEIE® 2019 128.9 521.9 32.13

154.9 33.43 199.6 91.71

156.9 30.82 201.3 94.29

183.8 39.62 236.4 108.1 85.94 16.26 112.2 54.14

181.5 36.04 2394 103.6 83.94 14.29 109.5 57.39

. MBERMME; SDERTZ; M FERRKME; MZFERE/ME Note: M stands for mean value; SD for standard deviation; M, for

maximum value; M; for minimum value; @Fitting data; Validation data

AR B 5 4 35 I 4804 50HE HE 100 kB B R 43
NOH, JERFFBME, /- Hr A 48 Xt
TR SRR, WEAT R, ATLLE L, R
B fH e MR EJF, MGHEEMELE ETHET
B o XULEA, k& bRl T s R
Waom, mb R A gk AR AL I RS kT Lk
g, MR FIRRSE, ULWIRE A A2 F) Tk
TER, MaRMs Tk, ARKBSZ 2
R
2.3 ERSDRINLER

M T ORIt [H F Z [ A7 7 3 K B A G, R
T 4 Je A ] P R AR AORE B, X AT T
BG4 AT, 45 SR A 30 D s 14 AT U A B R 1
ZTTRR IR F99% ,  FT LAAS SCHEFE AT YA 3 AL
SHENEA T IR AR 2 WA, S
& 530y . BPNNfiI4-10- 119 28 554, I

A . i 2 A8 pR K5 ) i Tansig Ml Purelin, 3l
ZrR B HL-MILAR R, AR ECN100; PSO-
BPNNH A HERL 78020, REASRL TR R R4,
AR BRI IR L 100; GA-BPNNFHEER /NN
20, MAEARECH100, 2 XHEHR K06, ZEFMERN
0.005. BPNN-AdaboostH #ilill £ N #E 10, T
DB %A R R 20

XF 4 40 3R 50 A5 2 1) 45 RAEAT o AT, A5 R k3
Fiso ATRAE W, B PR 48 AR 6 A Rl 56 G 2
VBRI, filtn, BPNNAEAI | 38562 1 bk iE &
BRmTiEw 1, (HPik2Ee m Tk, AL
B RS VR AR, ASHIE ST 43 5l ok AR R 56 HIF £
WAFR M E RECR? . PGk 2Ee | Wz
RMSE# AT 53, fabrmLiichl, &ZEmich
4, 1oAY RIS T 5 . HER AR N3
Ja —FN s
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43.5¢ 60.0 37.0r

= © 590} =

g 43.0r 2 ssof g 3651
gé gé 57.0F gé:gé_o_
i S 425 = S s60) =
CE = = i B = 355+
2% gg 50 23

4] 5 1 1 ) 520 L 1 ) 345 1 1 J
0 200 400 600 0 200 400 600 0 200 400 600

- 4x8%4 & Content of total iron in

leaves/(mg - kg™')

K4 gt

484/ Content of total iron in 4848 Content of total iron in
leaves/(mg - kg™') leaves/(mg - kg™')

(RGB ) (0 {F AR A 0 7 A 55 H R P A 3

Fig. 4 Variation of RGB color value with content of total iron in sandalwood leaves

R3  FEHE W R B RN R IR I A T 45 R

Table 3 Prediction results of different neural network models and different tests

TR i 0 14 Hfi Fitting data K96 £ 9in Validation data HE4
Neural network Test type R2 e RMSE R? e RMSE Range

S 10 % i 2 T 2% 3 1 Test 1 0.611 19.98 76.48 0.589 21.49 78.37 3

Back propagation neural network A2 Test 2 0.619 2049  76.50 0.612 2198  78.48 4

(BPNN) I3 Test 3 0.644 16.49  71.48 0.582 19.85  78.49 2

K4 Test 4 0.648 15.04  72.98 0.589  20.19  76.99 1

BT RERA AL S ) L 15 1 22 X 4% P 1 Test 1 0.684 29.54 73.60 0.678 31.60 76.40 4

Particle swarm optimization-Back B2 Test 2 0.691 26.48 71.39 0.683 2895  73.50 3

propagation neural network K3 Test 3 0711 1550  69.39 0.706  18.49  71.50 2
(PSO-BPNN) ‘

XY 4 Test 4 0.739 13.05  66.38 0.712 15.98  69.40 1

WAL TR S 1) A5 4 i 245 I 2% RE 1 Test 1 0.699 24.59 71.50 0.683 22.39 67.69 3

Genetic algorithm-back propagation B2 Test 2 0.699 25.50 70.38 0.679  23.84  68.40 4

neural network I3 Test 3 0.743 1439  61.29 0.722 1749  65.94 2
(GA-BPNN) ‘

IR ¥4 Test 4 0.751 11.10  57.87 0.709 1459  62.53 1

AdaboostF LA R MBI 2L 4% 50 1 Test 1 0.706 28.86 76.94 0.697 30.74 78.09 4

Back propagation neural network- IR 2 Test 2 0.711 29.75 75.98 0.704  31.01  78.84 3

Adaboost B3 Test 3 0.741 1750  69.27 0710  19.48  71.49 2
(BPNN-Adaboost) -

IR ¥ 4Test 4 0.751 14.01 66.73 0.714 1837  68.49 1

TE: bR, 20 [ A5 A,

A1 5 5E
USSR A, S5 A HSEIE A LU . RMCRIE RAL,

TE A AT DY s RIS [ AR i A, S A B R E A L R4
eRFE R 2, RMSEMRFEY 7 fili%2 Note: The independent variables of

Test 1 and 2 are the first four principal components of single channel color values of 4;, and 4;,,.,, and the independent variable of Test

3 is the single channel color ratio of A, and 4, and the independent variable of Test 4 is the single channel color ratio of 4,,; and

A,,. R* stands for coefficient of determination; & for mean residual; and RMSE for root mean square error

H 30, BUE 1 RHAR 2 68 7 LA A0 B D
T RS BE 7 T A 22 R W, HAEfE FIBPNN A
GA-BPNNHY, R56 125 B0 T8 2, mie (s H

PSO-BPNNHIBPNN-Adaboostf &I fif

,H%*H)io

(B 3 A B 4 0 45 SRAE A TR R A D I 3 vy

http:

IS, A R g 4 4 R e, RIVEE T
55 2 I A (0 L (L5 SR T3 i 5 B AR R B L
B, XRERAERPORAR, Brmhksg, Zrfisr
R, FHTPEOBREE, W M RO Rk 22
W MTERRRRE LT, HERRZ BN, Hit i
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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 ] 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 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. [ Result ] (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 cither 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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