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Hyperspectral qualitative identification on latent period of wheat stripe rust
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Abstract: Wheat stripe rust seriously affects the safety of wheat production. The early monitoring and
warning of this disease is of great significance to control the disease epidemic and ensure the quality
and safety of wheat production. It is available to use the canopy hyperspectral reflectance which ob-
tained from spectrograph HandHeld 2 to differentiate the different Pst concentrations in latent period.
The effects of different inoculation days, different modeling ratios and different spectral features were
assessed with the DPLS, ANN and SVM methods. The results showed that in the spectral region of
325-1 075 nm, the models accuracy based on ANN was better than the DPLS, and the SVM was the
best. The model with the spectral feature of 1st derivative of reflectance had better accuracy than others,
and the accuracy rate could be up to 100.00%.

Key words: latent period; Puccinia striiformis f. sp. tritici; wheat stripe rust; hyperspectral remote
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Table 1 Prediction accuracies of models resulting from different spectral characteristics and different ratios of training set to
testing set based on DPLS in all band

eV fc /N —3f Discriminant partial least squares (DPLS)

AR A4 L Modeling ratio F AR WER % Accuracy (%)
Spectra feature (UNZRAE AR ) Number of principal e MR AR
(training set: testing set) components Training set Testing set
F—ZOIERHE The 1st spectra feature

R 1:1 4 97.33 84.00

2:1 4 98.00 78.00

3:1 4 96.46 89.19

4:1 4 96.67 90.00

5% Mean - 97.12 85.30

R Ist.dv 1:1 3 98.67 80.00

2:1 3 100.00 78.00

3:1 3 99.12 78.38

4:1 3 98.33 80.00

% Mean - 99.03 79.10

R_2nd.dv 1:1 3 97.33 78.67

2:1 3 98.00 76.00

3:1 4 95.58 89.19

4:1 4 96.67 93.33

T34 Mean - 96.90 84.30

logiw(1/R) 1:1 8 100.00 83.67

2:1 8 98.00 74.00

3:1 7 95.58 83.73

4:1 10 97.50 96.67

1% Mean - 97.77 84.52

log,,(1/R)_Ist.dv 1:1 7 98.67 92.00

2:1 9 99.00 88.00

3:1 8 98.23 94.59

4:1 10 96.67 90.00

5% Mean - 98.14 91.15

logio(1/R) 2nd.dv 1:1 7 96.00 93.33

2:1 10 99.00 94.00

3:1 8 98.23 94.59

4:1 11 98.33 90.00

SEHH Mean - 97.89 92.98

BRI 1:1 20 90.67 72.00

The 2nd spectra feature 2:1 20 83.00 70.00

3:1 20 85.84 59.46

4:1 20 85.83 70.00

4% Mean - 86.34 67.87
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Table 2 Prediction accuracies of models resulting from different spectral characteristics and different ratios of training set to
testing set based on ANN in all band

B2 AT AR Artificial neural networks (ANN) 2 N T2 M4 Artificial neural networks (ANN)
FEiEARAE EAR HE Modeling ratio  #EHf12% Accuracy (%) FEERHE AL Modeling ratio  #Effi % Accuracy (%)
The 1st (1J|.l?%n%:?)ﬂﬂlit%) It kA The 1st (UIF?}?&%:‘{M&%) Vg W
spectra (training set: testing . . spectra (training set: testing . .
Training set Testing set Training set Testing set
feature set) feature set)
R 1:1 98.80 92.80 logi(1/R) 1:1 99.20 90.80
2:1 99.70 96.39 2:1 98.20 93.37
3:1 100.00 98.40 3:1 99.73 92.80
4:1 99.00 96.00 4:1 95.50 89.00
% Mean 99.38 95.90 F-EIE Mean 98.16 91.49
R Ist.dv 1:1 100.00 100.00 logi(1/R)_Ist.dv 1:1 100.00 98.80
2:1 100.00 100.00 2:1 100.00 100.00
3:1 100.00 100.00 3:1 100.00 98.40
4:1 100.00 100.00 4:1 100.00 100.00
SEI% Mean 100.00 100.00 SEIE Mean 100.00 99.30
R _2nd.dv 1:1 100.00 100.00 logi(1/R) 2nd.dv 1:1 100.00 99.20
2:1 100.00 100.00 2:1 100.00 100.00
3:1 100.00 100.00 3:1 100.00 99.20
4:1 100.00 100.00 4:1 100.00 98.00
F-15% Mean 100.00 100.00 F-1% Mean 100.00 99.10

T SVM J5 ik g T AR R PR IR, 285 S 3
Fis o RIS — SR R R AR EE 7 i A A B 3]
YR AR ST I E R 5 M 100.00% , T34 S 24 R N
98.05% . 6 FSVEHERHIE T LA R _1st.dv FT AR R 14 -
PR AR e i, VI R4 B 4 - 24 >R 3458
1 100.00% , H HEAR H A1) 3o T4 AR 400308 S0 1 A 5
M, PR, R_1st.dv AT PR SEAE R A58 BT 7 1) 4 1B A8
T RIS O AR ST 0 A AR I
YR AR HERR R N 77.90% , I 5 S 24 VR R O
68.90% , N @A L L2 /b MR AER RIS A,
B, 5 2RI R IE AN GE TR B 1 £ 18 S
o FTF SVM Jr vk r 37 (A AL 3 4R 7 4 v 1
R T ANN 5 ik BTy AR B T8
L SRIORIAVHING (B9
22 =MEBEFENERIER

ZE4 FLE DPLS \ANN Fll SVM = F 5 ik fir A5
TR ) 1 247 U A0 30 e LB R ) o R, A SR
4R o TEABEBINAI 2 ZO6IERFE 4 FPafi L |
ST 3R L AT T ONNE B N AR AR
RURSCR A T 22 5, BUIRCR LA SVM T ANN
i F DPLS, o LI R 1st.dv . SVM Jy i i i
IR e ELAR O, AR 2R 4 A i 4 1y

K[ 35 100.00% , HE 47 7F 42 i1k By N 1 kg 2 57 3R
RIS S B B T R e A AR T 7 o
3 it

A B0 45 R R B, R e 2 615 (5 8 HE A
RS W N SR R T AT Y, Ak B
325~1 075 nm P, SVM 5 PRI ERG F fe i
H LA A G5 — B RO ST RHE T d A A )
ORI 5 255 LU 3 P B 7 i, SVM T ik LA
A AERA B e FE AN AR HOR R R ik
100.00% , {H -t 4747 B , %o i {2 BoR ey B e |
BEFOLT IS | P RLCPE 22 55 5 111 DPLS Jy XA 125K
I R AT B ABEADL R R, (HL Y Aff BE AR AR
ANN AR T Lk 2 Fhor vk 2 1a] (HE— s
R W B HLA BRI AR T -

FES—JOGIERRE P A R BRSO3
W EETERRAE R Ist.dv, FJF ANN FI SVM J7 k]
FEAT AR LU, BT AR () )1 B Bl A
HRIAKAE]100.00% , WEHIE T — - FHOGIE AT LAY
AT RS AN R R S 1 T, 2 E AR
T BOR R R RAIE S i (R 4AE,2015) 5 M7
55 T 2OERAE T AR AL | SR SVM Tk BT AR
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RUMERR AL T DPLS J5 ik, (HUR 2 5 vk T AR 1Y
SERHER IR T 70.00% , BEVIRI RS O =i
ARSI R/ N2 5545 AL T I I OO A
WA, Tk 26 B g UGB R B R KT i S T T
U A HRRATIS AR R HSUE T HE AR

AL P VNIl I e % o S K SR 1 PP = S5 € SO
Zhao et al. (2004)Fl| /N2 550 e 261515 B b Y
NDVI) .RVIFI TVIAGHE T 7INAZ S 455055 1) )™ B 1 s 1
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SR HEST AR
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Table 3 Prediction accuracies of models resulting from different spectral characteristics and different ratios of training set to
testing set based on SVM in all band

Y551 Support vector machine (SVM)

T RRIE @*ﬁ 54 MO(Viel‘in‘g ratio *ﬁﬂﬂaﬂjﬁ%ﬁ WER 2 Accuracy (%)
Spectra feature (N ZRAE - ) Model optimal parameters
(training set: testing set) bestc bestg Y Z54E Training set I {4E Testing set
F—ZOEHRE The 1st spectra feature
R 1:1 588.1336 0.0052 100.00 97.33
2:1 588.1336 0.0030 100.00 96.00
3:1 1 024.0000 0.0030 100.00 97.30
4:1 111.4305 0.0156 100.00 93.33
SFHIE Mean — — 100.00 95.99
R _1st.dv 1:1 1.3195 36.7583 100.00 100.00
2:1 0.7579 64.0000 100.00 100.00
3:1 0.7579 21.1121 100.00 100.00
4:1 0.7579 21.1121 100.00 100.00
V155 Mean — — 100.00 100.00
R 2nd.dv 1:1 2.2974 194.0117 100.00 100.00
2:1 0.7579 337.7940 100.00 96.00
3:1 0.4353 194.0117 100.00 97.30
4:1 0.7579 111.4305 100.00 96.67
SE-14%7 Mean — — 100.00 97.49
logi(1/R) 1:1 1 024.0000 0.0010 100.00 97.33
2:1 1 024.0000 0.0017 100.00 96.00
3:1 194.0117 0.0052 100.00 97.30
4:1 588.1336 0.0030 100.00 100.00
% Mean — — 100.00 97.66
logi(1/R)_lst.dv 1:1 0.7579 12.1257 100.00 94.67
2:1 4.0000 6.9644 100.00 98.00
3:1 36.7583 0.1436 100.00 100.00
4:1 11.4305 0.0825 100.00 100.00
SEH% Mean — — 100.00 98.17
logio(1/R) 2nd.dv 1:1 1.3195 64.0000 100.00 96.00
2:1 1.3195 36.7583 100.00 100.00
3:1 6.9644 36.7583 100.00 100.00
4:1 111.4305 0.7579 100.00 100.00
5% Mean — — 100.00 99.00
5 TR 1:1 1.3195 0.1436 77.33 69.33
The 2nd spectra feature 2:1 1 024.0000 0.0053 84.00 66.00
3:1 6.9644 0.0474 76.11 70.27
4:1 12.1257 0.0272 74.17 70.00
SFHE Mean — — 77.90 68.90
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Table 4 The average accuracy of all models and the best models with the three different modeling methods

25| Category HEIEFFE Spectra feature/#HA% J7 75 Modeling method DPLS ANN SVM
I A R4 R 85.30 95.90 95.99
jeiy e R 1st.dv 79.10 100.00 100.00
Average results R 2nd.dv 84.30 100.00 97.49
of all models logi(1/R) 84.28 91.49 97.66
logio(1/R) _1st.dv 91.15 99.30 98.17

logi,(1/R) 2nd.dv 92.98 99.10 99.00

TR EE IR % Average accuracy of the testing set (%) 86.18 97.63 98.05

IR RLF-2 R 90.00 98.40 97.33
A R 1Ist.dv 80.00 100.00 100.00
Average results of R 2nd.dv 93.33 100.00 100.00
the optimal model logi(1/R) 96.67 93.37 100.00
logio(1/R) _lst.dv 94.59 100.00 100.00

logio(1/R) 2nd.dv 94.59 100.00 100.00

TR AR B A ER % The best accuracy of the testing set (%) 91.53 98.63 99.56

TRIREESE (2010) MG ASCRIET A% O
PRI /NS S A T A e D S A T
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(4% 50 3 BE L 15 ANN DPLS 83 i HL3h 2 3% | fai i
PRIEL, IR EAR HUAT AR 22

ABEFERET 3 FOEEE RS TIE N A
B , BT AR AT B U RO BT e B AT 2
B L (E BB, IR BIUAR, Rk
S BEHR B T A /N2 A R Y UK B fof
N7 AN P I B B TRk 25 L R PR S B
e 8 T s BT B HUAL T RE MR, ARSRBETR E B
A Ry T — 2L o
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