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X oF? A OB OFREZR OREM FE R LS
(1. A KA P A B IR B 2, A0SR 4 9 W) 5 g 45 J S S0 5022, KT 1001935
2. A KA R B IR BRSE 2R, A AR W 5 2 A B P T SEG E, B RTE 830052;
3. REL K FFFE Y, W R FRE 475004)

WE: AFREDEZESHRBET PR et W Jam F o) f 2183 7 ik BT A THEA KRR A
EHEEE R, D EEHRA S THE R, RE LG EREHRE, 5 N E Real-time
PCR 5T AW FH AN EH 7 E A # 2, A T Logistic . IBK ¥A % Randomcommittee = FF 7 ik,
ERF B FRRAKES T ELTEMNET RO ELEROMEREA, SREAV, ELRBE
B A (325~1 075 nm) , 3 A 7 s AT AR A AL IR B 30 2 £ R 2 TATHY 2R R R A — 2
% 5+, A& T Logistic. IBK ¥A % Randomcommittee 7 7% P 22 85 A& 9 - 3 /& % & 5 5] A 83.95%~
84.51% .87.72%~88.98% .93.19%~93.46% . B #t, & F Randomcommittee 7 i P AL A 64 12 5 /& #4
R &, MR B, BEA D Z R E Iy IR A
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Qualitative identification of canopy spectra in wheat stripe rust based on Logistic,
IBk and Randomcommittee methods
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Abstract: To explore the rapid diagnosis method of wheat stripe rust during the latent period, different
varieties of wheat were artificially inoculated by the Puccinia striiformis f. sp. tritici (Pst). The canopy
hyperspectral data was collected in the latent period, and the amount of Pst was also obtained by using
the duplex Real-time PCR. Based on the three methods of Logistic, IBk and Randomcommittee, the hy-
perspectral remote sensing mathematical models were established to recognize the wheat stripe rust dur-
ing the latent period with different modeling ratio and different modeling parameters. The results
showed that within the 325-1 075 nm waveband, the mathematical models based on the methods of Lo-
gistic, IBK and Randomcommittee to discriminate wheat stripe rust in the latent period was feasible.
But a certain difference in the recognition effectiveness was also found. The average recognition accura-
cy of the Logistic, IBK and Randomcommittee methods were 83.95%—84.51%, 87.72%—- 88.98%,
93.19%-93.46%, respectively. The results indicated that the mathematical model based on Randomcom-
mittee method were more suitable for qualitative identification of wheat stripe rust during the latent period.
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BitiE N B N BT, A AR i T AR AN
Wb, A B0 LT R N R AR R
o R LA E ORI . SR AN S T /N A2 e A
Puccinia striiformis f. sp. tritici(Pst) 5| E /N 555
s e R i R /N2 e e A 7 I S L X
2002 4FALIE AR 1145 1)/ N P i i 2 29 100 7 t
(%R ,2003) o Oy T BEAR/NZE SR Xt /N2 7
BRI, TR — P RETE/INAE SR AE = i
PRI W I 35 g g B e U0 5 v C B e JE B

FESRFASE R B HArPn HA 55 Hir
Pl 38 AR RS RIS RAEAR B IE X EAR B A T
ST AIBTIE AR (EBOTHIZERE,2002) . HuEk LT h
Yyt R B v, BT DU S X G ™ A R
ARSI S R S, DRI T e B A e A ) A D
KF PR IZ YRR RAE . 18 AR
FHP A X — R AR B Bty 1045 . T SR
TG W H s g H 0 (28587 ,2001) . HAT,
/INAZ SR A SR W Ty TETRAF Y 2 A v A e SR
RN St i, DA RGE L H e s R
TSR AN ARG A T W U457 T (Wang et al.,
2011), Mewes et al.(2011) F1 Zhao et al.(2014) W57
R o, MR AR D a6 STk RERE AR
MO /INZE T EL P 3 5 3 i X KA i 743
BT, Ao T DA Fi 00 42305 75 1) & 2E A (Yoder &
Pettigrew-Crosby, 1995; Qin et al., 2011; Dutta et al.,
2014), SEGUEBAN, BGEARZIH, Rl
W R 5 3545 Gl ok (Long et al., 2005) , 11 Zhao
et al. (2014) Rl HI = GRS (14 S SR 3ok PEAl /NAZ 4%
B & B REE ; Devadas et al. (2015) #5704
TR B SURHE B SO R e R A8 L S /N
SR SRR B Z MARDCE , AT LAIX 3/ NAZ S 32 3|
SRR LR Z AR . TR RERI F BHT
AR Y A Ak Ty T E A 1R K 77 (Krishna et al.,
2014) . /N Ik (partial least squares, PLS) 2k
PE 1A 5347 i] S e G Aot b B A — R A Y
R S i (Hansen & Schjoerring, 2003) , Liu et al.
(2015) 1A A 2 P ¢ /> — 3 3¢ (discriminant partial
least squares, DPLS) J5 iEFERL UL/ INE 45 55 114) 57 1)
WD RIS R SR IE R U A S
2o 175 WU B BDRS E (Mahlein et al.,2013)

IINZZ SRR TR AR e AR, — PR 43 S A |
A BB AL 4 A s E e %

90 B LA A T R B AR,
KA B W/ N SR TR R AU A Sl s SR 1Y)
BB, 5 1 B B B AN 31 /IN2Z 25590 TR T AP AE
VR 3 X /N2 e B 2 (1 D5 55, 19835 56
FAIE 135, 1988 5 598 ,2010) . ZESEMIE T
Ay R T T, W AR AR A (2010) T AT DA /NEE
R T AP TR S U B 5 1) betaf/betar ; 2]
FESAF (201 D)5 R W o AW i vl AXT /N2
SRR B R YRR B A T 0EA i HL & A
T 175 48 4 (molecular disease index, MDI) 5 H [&]
TR T8 51 (disease index , D) Z [A) /774 0 3 I AH ¢
PR BT LI ZF e e Eio0r B 18] SR Ak
i BLIEA T H

FET I ARSI N TR/ N SR A, K
WE /N 2B S5/ N SR B R T B e
AR TR ARG IS T N SRR R
FVUIERY I — 25O A T 2 s I 7 i ) /N2
2R I B UL OB | DI /N2 SRR B
ST T ) IR
1 MRt 57%

1.1 ##

PR/ INAZ ST - /INAZ SRR 3 R AR K 195 4k
K211 b 510045 44 5% 169, v E A K F A 0s
FIAT I PR . AR B )/ INAZ SRR 1t
169 1F 0 SR 22 B, 1 S0R R RLIRL I 1 /N 22 b7
0.1% ) H,O, F132 9 12 h, $R )5 55 LI A 20 A i A 7
WEZE, 2912 h G 8 & 2F — U/ NE Rl AR B
210 em IYAEZE T, BRI AE 20~25 iFh+ , IR ZF R
FHEREBIEHES B FRKEE TR 12008
HEGR 10 000 Ix  JEEE 11~13°C 12 60%~70%FF) N\
TAMEE AT R, S . WPk CYR32,.CYR33,
V26 24 i AR K 2R AR e 5 T T e = A

TR AL A : 2% CTAB $HEHUZE w3l &5 /57 1%
P (24 1) SR 70% 5, [ 24 5 A Ak 2438
FAL AR/ F . ASD FieldSpec® HandHeld™ 2 43
SR HHEAL, S ASD 2\ ] 5 MyiQ™ 2 X £2, 5 B 2
i PCRY, 5 [H Bio-Rad A A .

1.2 7
121 AT

B RAEAE TR R - 80°CUKAH A T RR I , 78

45°CIRVBSH K 5 min, $ 3 F IR B RESE L BTR
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A, 5 0.02% 1 ik 3V WL R 2 0.05 mg/mL 1)
T BT

MR R 12 dAE AT AT R, B A Bk
FE RIS T2, SR R W S e Ak e ph L8
TR N BB IE AL B 24~48 h; 55 & W A PR B
B (T2 & T AN TAEE e 55, — s
iF 9~12 d Al P2 AT B B AT, 15 d A A AT AR R
AT X AR R R m i
I FHE BB, T TR N 3~4 d, DR/
R BIRRER R R URE N, TIUE -80°C VKA Bl
R B R 3~4 1K,
1.2.2 WX %

AR I F 2015—2016 4F (Y /N A= K Z e p
] A b K 2 FF b S G vl R AT, N A
180 kg/hm’, A< 45 e HUR K 195 R K 211 b
0045 = A>/INAZ Bl KR B2 0.05 mg/mL )/INAZ 5%
5 VR0 - B TR TR A ST AE L R W 2 /N
e b Bl S ROR SRR 55 A48, TR B S
f=(08: 00—09: 00) #2445 2 FRHEIR , 4 9 1~/ X
FIRE 1A /INZE b il , i 6 4 /N X il 2% 455 R 11
BETEW (1000 mL/IX) |, 34>/ DX Mg it 55 a2 18 /K A
XTRE S 27 /N X B/ NXTE AN 3 mx3 m, gh
IR 0.5 m HARP AT 1 m, B A1 74 3 m,
1.2.3 RiEHIEHRE

TN 5 HEA TR ] A, 25 19 Rt R A
ANFE Wt IR B M I A TR Al ) HL
MEE WA 18 do I R AR T 2O A 4 1K,
Sy B HETR TG 1 d, UK B P BTG 4~6 d 1%
o e R R R B/ D = IR KA, R
SEINHA] BEFEAE 10: 00—14: 00 Z [A] , SR AE R & 14
R 15 (RRE SR BSOS R 15 YRGS 2 -3 )5
B B /N R A 3 501 8 i)
FAEE IR B /N )R 1.3 m, B M B4R 0.5 m AR
Yiia . HEoREEOETE 1 620 2%, Horb 40 355 4 B Al 4
FRE/INZZ (DG TS U 405 5% 5 IR R 2 2B K /INE2 ok
TEEHE 405 45 5 /INAE S S TV T 01O )2 O 1S B A
810 2%, FH ViewSpecPro K {: X Yt 115 Kl 517 17 o
ALFR SEREEE Y BUAL FR T 6 Rk B s A e,
A3 AR YIS SR (R) R LRG3 — B 40
(R 1st.dv) JEIGEIE — B S48 (R 2nd.dv) |
PRI 2 B [log (1/R) ] AW IR R — B S 88 4
[logio (1/R)_1st.dv] Pk K PR W W 72 45 — B 3 45020 46
[log,(1/R)_2nd.dv].
1.2.4 DNARRIy & B 4T

DNA $#EHUT 254 Rogers & Bendich(1985) Fll

Justesen et al. (2002) $& 75 36 -0 4L , SR B 2% 19
CTAB R HEHURE i DNA . /N2 2585 1 T8 7 301 1)
FE KIS 1 BHAE (2016) 857 /) SR Real-time
PCR 1K % , 20 pL #H# Real-time PCR ) JZ W 14K %
Buffer(Mg*", Free)2.0 uL .25 mmol/L MgCl, 4.0 uL .
2.5 mmol/L dNTP 2.0 uL . 10 umol/L #%t4% 0.3 uL .
10 pmol/L | F 51414 0.4 uL.5 U/pL Tag i3 0.4 uL .
ddH,O 7.4 uL . DNA M4 2.0 uL. S 551 - 94°C i
5P 3 min; 94°C7E 1 20 s, 57°CIB k30 s, 72°C % fifi
20 s, it 40 N E I, B AE PR S5 A R 4R 5Ok
755

i i 2 0 ST« AR S VR /N2 R/ NZE 2%
S5 i DNA MR EE LU CTAH, 23 i A5 21/ NEE
AN SRR E I 2, b/ N SRR TR ISP
J7 N y=—0.2573x,+5.4837 (#=0.9739, P<0.01) , x,
FOR/INAE R CT A,y AR/ N 5P 1A DNA
e B XU (loguC ) 5 /N2 I S Pk 43 1T 5 7
1:=-0.2863x,+8.811(=0.9696, P<0.01) , Hirf x, 2718
INZZH CTAH , y» /N DNA W T8 (H (logioC) o
(] BN A5 1) /N 22 2545 0 TR DN V4 B2 7 S A 1) e/
KRR A 0.4 pg, 1M/ INAZ e/ INBHI R 47 0.5 ng

4l DNA W7 T i 54 MDI, MDI=/»
2 55509 A DNA YR/ DNAVRIE . AR4E MDA
THE/INZ W F W57 0 1 #F i i 427 1 2 (MDI-

AUDPC), AUDPC= 3 (¥, +Y,, /2% (1=t , Fir ¥
im1

TNERNEES § KRB MDUE, ¢ M e 15 i K .
1.2.5 REFERIREAL

/N VR, S R R A S 2O A
i, IERE M B TR A5 R R L SR
25 it R o RE/INAZ R e R S R VA 2R A 79
B, 5 6~7 diRI A 1, FRiR A 3 Uk, B A 100 F
W PR ES S NSRRI E GBT
15795—2011, 158%™ 5 B2 (S) MU 2 (D , i DI=
Ix8%100, K171 +6%1 (disease index, DI) , M3
Ja I 16 Btk g i 21 1 AL (DI-AUDPC) , AUDPC=

SVt Vi V2 Ctm) S Y 7 N2 525 0 5

i RIWDHE, t 3R KRG 5 i R
1.2.6 3B ik BARR ST A4S -4k 7 ik

FIFH SAS 9.0 F {4 xF /N2 4 5 v & IARAR 1)
MDI-AUDPC 5 S5 A J 6 e 9k 1 4545 DI-AUD-
PC A TAHSENE ST, SR UETE /N2 SR v & IR
43T F B3 A5 59 MDI 2 75 7T LA I 399 52 g 175 2t
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AT FH0

55 LRI MDLH % A6 5 HE S B iy
T AT IERRAE I S A mOGIEEAR 5 01w 1E
FEEONH L 73 S5 2%, 4 BEIE A (325~1 075 nm)
FEAS R A AR 7 3 RO TR T , S /INAZ 5%
B ve & W e UMY I AR B 7
INZ SRR R . ARDEY S 3 Pt
77 1% : Function-Logistic , R BRI 2P Logistic [7]
IR 7 5 Lazy-1BK, Bl k £z 1 48 43 25 %% ; Meta-Ran-
domcommittee , B FEHLAL 19342585 . % FH Matlab
2010a il Waka 3.8 #EA TRV

FEBUE AT Sz IR R vh 6 45 R T A B PP AL
SEARE HEN N . AT AGTZE 109758
SCEE T R R AL 4o 10 4, B R4 h
AT 7 LA 5 A B AR 0 L A8 93 A DR — B
FRUGE B b B — 3B o B A AR, LR
VEINZREE B I R FEAT 1000, X L3RRS 10 TR &
HOR A, 23 38— DR AR 2

2 ZR55H

2.1 MDI 5 DIHHEEIESH
%t MDI-AUDPC 5 DI-AUDPC 144 )& 47
ST R BN, T Z R A B S A M (Y =

3.435+0.831x, P<0.0001) , Ui B o] LI HI/INAZ 45559
T ARG T 3] Y MDI RS T ] /N 22 52 B 2% 5 175 1
HEATRR2E TR .
22 £FRENERIAGIHR

TEA I B N, 456 mo s B 5 08 & A
W31 %) 2% 45 1 1, Al Logistic . IBK L) )2 Random-
committee J5 i HE 37 A G ARG I LAY, 4 LR
B, 72U BLE B, AR R 9 A8 77 i iy
TIE LA SRS LU 0 R FH/INAZ SR v 7 A U 3%
RAFAE 22 5, i AR R (1) 5F 24 4 i % Random-
committee>IBK>Logistic.

FEFIFH Logistic 5 T s AR v I 254 1) °F-
1 UE B % N 100.00% , 13 4 19 7 24 e B R N
83.95%, 10 4758 SUIHIE I - A HERG 500 84.51% 5 fe
BRJE DL logio( 1/R) AR HR ST, L) 31 1 S A LL i
ST B HIZREEMER R N 100.00% , IRAEHER R
87.41% , 103728 IR TEAYHERR K 87.41%(F£ 1) .

FERIFHIBK L AT A b YIRS R
4100.00% , MR AL - 51 34 88.98%, 104158
SIAIE A Y HER RN 87.72% ; B A LA logyo
(1/R)_2nd.dv AAEHSHL, DL 3+ 1 AR L BT 7 1
R, A AR WERR N 100.00% , R SEHERT R
89.63%, 104738 LB UFAYHERTI R 1y 88.52%(#2) .

R 1 ET Logistic A2 K BSE BN F AXIEARRIEFHER A RIZRLL TR ERpiRA R 4R

Table 1 Prediction accuracies of models resulting from different spectra features and different proportion of modeling based on

Logistic method in all bands

AR (g HERRER Accuracy (%) A (45 YRR Accuracy (%)
JEHEARE S IAEE) o SRR JEIERHIE £ AR ) IR
Spectra  Modeling ratio U”%% Yﬂﬂﬁ?% (1097) Spectra Modeling ratio  {)I| R4 g (1047)
feature (training set: Training Testing Cross- feature (training set:  Training set Testing set Cross-
testing set) set St Jatidation testing set) validation
R 1:1 100.00 86.67 82.96 logi(1/R) 1:1 100.00 85.56 87.41
2:1 100.00  89.44 2:1 100.00 8722
3:1 100.00 88.15 3:1 100.00 87 41
4:1 100.00  87.04 4:1 100.00 85.19
SFHJ% Mean  100.00  87.83 F-H% Mean 100.00 86.35
R Istdv 11 10000 8556  g463 | logu(1/R)_lstdv 1:1 100.00 84,07 83.89
2:1 100.00 7722 2:1 100.00 83.80
3:1 100.00 8148 3:1 100.00 84.44
4:1 100.00  72.22 4:1 100.00 80,56
4 Mean  100.00  79.12 SEEIE Mean 100.00 83.24
R _2nd.dv 1:1 100.00 85.93 84.63 logis(1/R)_2nd.dv 1:1 100.00 85.56 83.52
2:1 100.00  84.44 2:1 100.00 %278
3:1 100.00  87.41 3:1 100.00 82 22
4:1 100.00  78.70 4:1 100.00 8148
S8 Mean 100.00  84.12 SEYA%C Mean 100.00 83.01
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Table 2 Prediction accuracy of models resulting from different spectra features and different proportion of modeling based on IBK

in all bands

U AR =8

HER 2R Accuracy (%)

HERRLE (YN Z5E -

HERR Accuracy (%)

JCHERHIE A4 ) N e SCSUEIE| OGIBARE XA ) , e SCUEIE
) T I e ; ) T g Wik
Spectra Modeling ratio o . QUE/D) Spectra Modeling ratio o ) (104r)
. Training Testing . Training Testing
feature (training set: Cross- feature (training set: Cross-
. set set Lo . set set L
testing set) validation testing set) validation
R 1:1 100.00 87.41 87.41 | logiw(1/R) 1:1 100.00  86.67 88.33
2:1 100.00 86.11 2:1 100.00  85.56
3:1 100.00  94.07 3:1 100.00  92.59
4:1 100.00 87.04 4:1 100.00  88.89
FHE Mean  100.00  88.66 FH% Mean  100.00  88.43
R Istdv 1:1 100.00  89.63 87.78 | logiw(1/R)_1Ist.dv 1:1 100.00  88.15 88.33
2:1 100.00  88.33 2:1 100.00 89.44
3:1 100.00  88.15 3:1 100.00  90.37
4:1 100.00 91.67 4:1 100.00  93.52
SEHI% Mean 100.00  89.45 S Mean 100.00  90.37
R 2nd.dv 1:1 100.00  90.37 85.93 | logiw(1/R)_2nd.dv 1:1 100.00  88.52 88.52
2:1 100.00 87.22 2:1 100.00 89.44
3:1 100.00  89.63 3:1 100.00  89.63
4:1 100.00  86.11 4:1 100.00 87.04
FH% Mean  100.00  88.33 FHE{ Mean  100.00  88.66

1E Randomcommittee J5 3 17, YI| 2R 55 B0 24 1
11234 100.00% , M A~ -4 ER) 224 93.19%, 10
P28 SUIIE B I UER %R 93.46% ; e Al 2 DA

logio(1/R) _1st.dv AALHSHL, DL 4: 1 M L T ity
AR HAIZREEHER R A 100.00% , R AL HERA Rl
93.52% , 10438 UHHIE I UERRR ] 93.70% (3£ 3) .

%3 ET Randomcommittee 75 75 7 £ i B SE Bl W I A SEIB4HE R A B L TR 2R IR A 45 R

Table 3 Prediction accuracies of models resulting from different spectra features and different proportion of modeling based on

Randomcommittee in all bands

AR LE (Y ZRAE - WERf % Accuracy (%) B OGRS YErf% Accuracy (%)
JREEE W) o ZRIE| G TS S N o SURIE
) R [ ) U g Wik
Spectra Modeling ratio o ) (10%7) Spectra Modeling ratio o ) (10%7)
. Training Testing o Training Testing
feature (training set: Cross- feature (training set: Cross-
. set set o . set set o
testing set) validation testing set ) validation
R 1:1 100.00  92.96 93.33 logi(1/R) 1:1 100.00 9222 92.96
2:1 100.00  92.78 2:1 100.00  93.33
3:1 100.00  92.59 3:1 100.00  93.33
4:1 100.00  92.59 4:1 100.00 93.52
FH% Mean  100.00  92.73 5% Mean  100.00  93.10
R 1stdv 1:1 100.00  93.70 93.52 logio(1/R) 1st.dv 1:1 100.00 9296  93.70
2:1 100.00  93.89 2:1 100.00  92.78
3:1 100.00  93.33 3:1 100.00  93.33
4:1 100.00  93.52 4:1 100.00  93.52
4% Mean  100.00  93.61 454 Mean  100.00  93.15
R 2nd. 1:1 100.00  92.96 93.70 log(1/R) 2nd.dv 1:1 100.00 93.70  93.52
dv 2:1 100.00  93.33 2:1 100.00 93.33
3:1 100.00  93.33 3:1 100.00  93.33
4:1 100.00  92.59 4:1 100.00 93.52
FEr Mean 100.00  93.05 S Mean  100.00  93.47
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| H Logistic . IBK X 2 Randomcommittee — Ffi
J7 % B 2 ST AR Y B I R SE VERA 25344 100.00% , 1
1o 4 M 0 2R DL I 10 7 38 LB I VE B R 43 ) A

FH 3 B ik BT ST ) i P AR AR A )1 2 4 UE A SR 1Y
1 100.00% , I 128 45 M i 238 LA K2 10 738 56k i
W %4 B E 87.41%~93.52% Fl 87.41%~93.70% 2.

79.12%~93.61% F1 82.96%~93.70% 2 [d] (£ 4) . F E(F£5),
F4 LHEBREENETF SR EERRRBEHE T EHAREN L

Table 4 Prediction accuracies of models resulting from different spectra features based on three modeling methods in all bands %

Logistic IBK Randomcommittee
FETEFHE g WAL gt Ik M eIk YIgkeE MhilsE SRR
Spectra feature Training  Testing Cross- Training Testing Cross- Training Testing Cross-
set set validation set set validation set set validation
R 100.00 87.83 82.96 100.00 88.66 87.41 100.00 92.73 93.33
R Ist.dv 100.00 79.12 84.63 100.00 89.45 87.78 100.00 93.61 93.52
R 2nd.dv 100.00 84.12 84.63 100.00 88.33 85.93 100.00 93.05 93.70
logi(1/R) 100.00 86.35 87.41 100.00 88.43 88.33 100.00 93.10 92.96
log,(1/R)_lst.dv 100.00 83.24 83.89 100.00 90.37 88.33 100.00 93.15 93.70
log(1/R) 2nd.dv 100.00 83.01 83.52 100.00 88.66 88.52 100.00 93.47 93.52
%L Mean 100.00 83.95 84.51 100.00 88.98 87.72 100.00 93.19 93.46
x5 2EBECENET=MA R EPRMAEDR
Table 5 Prediction accuracy of best model based on three modeling methods in all bands
i e MO MR Aceuracy (%)
Method Spectra feature ( trair]:i/[nogd::tr:l%ers?it;% set) . ks S Mikde A2 XL
raining set Testing set Cross-validation
Logistic logi(1/R) 3:1 100 87.41 87.41
IBK logio(1/R) 2nd.dv 3:1 100 89.63 88.52
Randomcommittee  logio(1/R) Ist.dv 4:1 100 93.52 93.70
3 it

ABIE 5 S N T ARFOA [F] AN 22155 R 554
W, RN SR AL TV B I /N e 2O
Hede , I-FFHXUEE Real-time PCR 43T A 927 ARGk
HAFEEE R, #T Logistic . IBK fil Random-
committee —Fl 7%, FEAR FDGIEFRFE A A A5 LT
ST B N SRR BRI AR
X N2 SR I B I R R s Te A S e e TR A
ATHASCME ST, G5 SR, — 3 Z R TEA o 2 A G
PE UL FH 23— 5 8 E50T UG I /INAZ S5 8
(SRR A T L EA T TN o PRI, AR A A T /0N
B Ny TR = R PON = dt W NI E 3 € T B TN I (5
Z ] Ay PR TR Y | {HL i 2R B 25 /IN22 SR 0 T
W E W 2 /AT Lz HOG S 4 nY 28 16 HE
PRI, W ARRE TN AR Y N2t s
BRSO T 28 EAE Y ] Ay o sl L B o T e A 2
A M 28 Ak, X IR AR I B e AR
AW FEAE 325~1 075 nm 42 I B i [l 4R 2y 2 57
TRER I T W2 SRR (H TRk D
R AFTETCR B VL B BAE TOAR A ), PRI OG- H
BOUMN M m AU B Rt — D5, JF BT 3 Fh 7

% T SRR ()RS e P RIGE MR T A TR A 6

H A, § A KT 22 B A i A5 A
AT DL SIS /N2 25 50 R0 I o 15 i 5 RS A
L IR T S AR AN NS (2005 ) 4 BR
/NZE S SR O 26 HE 930 nm B
55 48 505 56 S22 0T S R A R AR DG R A AN
ZE(2007) W58 T ANFAE B INA/INE B 20t
T B 591 15 2 18] 7F 432~582,637~701 . 715~
765 nm I B FIAT R A AR oGt Bk R AR
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