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Table 2 Spectral locations and scales of powdery

mildew and yellow rust wavelet features

1 Ref(ckiz)  Ref{ckos)
Fig 1 Ratio curve for normalization based on wavelet scale wavelengths 7]
feature threshold
Refcki2) and Refckos) WEL 92 T19—750(2)
WE2 22 958~961(4)
1 WF3 2 476~478(3)
Tablel Sensitive spectral bands to PM and YR WF4 23 747 ~T48(2)
- WEF5S A 1036~1 037(2)
spectral bands/nm thrl:}‘lold tli)r::f;?d ™M W 28 1 250~1 252(3) 0. 03
536~566(PM), 706~734(PM), WE7 2 1 142~1 148(7)
623~638(YR), 658~688(YR), 03 0. 01 WE8 2° 516~519(4)
740~799(PY) ., 850~884(PY) WF9 26 962~979(18)
. PM . YR . WF10 27 738~768(31)
PY N . WF1 22 571~571(1)
Note: PM stands for the band only sensitive to powdery mildew; YR WE2 2?2 704~713(10)
stands for the band only sensitive to yellow rust and PY both WE3 23 572~574(3)
sensitive to powdery mildew and yellow rust WEF4 23 627~631(5)
YR WF5 28 710~713(4) 0. 88
23 WF6 24 578~581(4)
2, ) WE7 24 615~631(17)
WES 2° 431~449(19)
|r|>0.6; ’ WF9 26 476~488(13)
(22 ~2%), (2°~2%),
( 2 ° 33 N
’ » WFL SBs, WFs  SBs & WFs  Fisher80-55
WEF3, WF6 , WF2, WF4, WF5, WF7 , 3. )
WES; 5 Fisher R
T g Fisher s Fish-
. Cheng ™ CwT er80-55 Fisher L
’ 2 (a), (b, ()] SBs, WFs  SBs & WFs
; WF5  WF9 o ).
3
Table 3 Confusion matrix and classification accuracies
Fisher80-55 Fisher
PM YR CK sum U . vy OAcy, Kappa PM YR CK sum U . (v OAcy, Kappa
PM 11 0 4 15 73. 3 65. 5 0. 47 22 0 10 32 68 8 6L 5 0. 41
YR 1 17 7 25 68 0 5 46 21 72 63. 9
CK 3 4 8 15 533 9 7 15 31 48 4
sum 15 21 19 55 36 53 46 135

P oh 733 8L 0O 421 6.1 868 326
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3
PM 14 0 1 15 93. 3 92. 7 0. 89 26 0 6 32 84. 3 90. 4 0. 84
YR 0 25 0 25 100 0 72 0 72 100
CK 3 0 12 15 80. 0 7 0 24 31 77 4
sum 17 25 13 55 33 72 30 135
P b 74. 3 100 80. 7 74. 3 100 80. 7
PM 14 0 1 15 93 3 94, 6 0. 92 28 0 4 32 87. 5 9L 1 0. 85
YR 0 25 0 25 100 0 72 0 72 100
CK 2 0 13 15 86. 7 8 0 23 31 74. 2
sum 16 25 14 55 36 72 27 135
P o o 87. 5 100 92. 9 77. 8 100 85. 2
&I, Cheng CWA
; Fisher80-55
70% )
s OA, AA Kappa
; Fisher80-55 s SBs & WFs
WFs
10% i 2(0) PM CK
WFEs  SBs & WFs
, 100%
s SBs &. WFs Fisher80-55 .
90 % .
4
b N T
2 Fisher80-55 ' (91. 67
isher
9L 1%); (92. 7%
(a): 5 (b)) 5 (o) 90, 4%) (65, 5% 61 5%)
90. 5. & 0 ;
Fig 2 Group distribution in Fisher80-55 according ’ > ’
. L, . s WFs SBs & WFs
to canonical discriminant function
, 100% ,

(a): SBs; (b): WFs; (¢): SBs & WFs

’

, OAA 92. 7%, 90. 4% 65 5%, 61. 5%,
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Quantitative Identification of Yellow Rust and Powdery Mildew in Winter
Wheat Based on Wavelet Feature
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Abstract Powdery mildew (Blumeria graminis) and stripe rust (Puccinia striiformis {. sp. Tritici) are two of the most prevalent
and serious winter wheat diseases in the field, which caused heavy yield loss of winter wheat all over the world. It is necessary to
quantitatively identify different diseases for spraying specific fungicides. This study examined the potential of quantitative dis-
tinction of powdery mildew and yellow rust by using hyperspectral data with continuous wavelet transform at canopy level. Spec-
tral normalization was processing prior to other data analysis, given the differences of the groups in cultivars and soil environ-
ment. Then, continuous wavelet features were extracted from normalized spectral bands using continuous wavelet transform.
Correlation analysis and independent t-test were used conjunctively to obtain sensitive spectral bands and continuous wavelet fea-
tures of 350~1 300 nm, and then, principal component analysis was done to eliminate the redundancy of the spectral features.
After that, Fisher linear discriminant models of powdery mildew, stripe rust and normal sample were built based on the principal
components of SBs, WFs, and the combination of SBs & WFs, respectively. Finally, the methods of leave-one-out and 55 sam-
ples which have no share in model building were used to validate the models. The accuracies of classification were analyzed, it
was indicated that the overall accuracies with 92. 7% and 90. 4% of the models based on WFs, were superior to those of SFs
with 65. 5% and 61. 5% ; However, the classification accuracies of Fisher 80-55 were higher but no different than leave-one-out
cross validation model, which was possibly related to randomness of training samples selection. The overall accuracies with
94. 6% and 91. 1% of the models based on SBs & WFs were the highest; The producer’ accuracies of powdery mildew and
healthy samples based on SBs & WFs were improved more than 10% than those of WFs in Fisher 80-55. Focusing on the dis-
criminant accuracy of different disease, yellow rust can be discriminated in the model based on both WFs and SBs & WFs with
higher accuracy; the user’ accuracy and producer’ accuracy were all up to 100%. The results show great potential of continuous
wavelet features in discriminating different disease stresses, and provide theoretical basis for crop disease identification in wide

range using remote sensing image.
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