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Estimation of Apple leaf SPAD Value Based on Hyperspectrum and BP Neural Network

YU Jiao-yang, CHANG Qing-rui* , YOU Ming-ming,ZHANG Zhuo-ran, LUO Dan

(College of Resources and Environment s Northwest A&F University ,Yangling » Shaanzi 712100, China)

Abstract: Growth status of vegetation was characterized by leaf chlorophyll content. In order to provide a
scientific basis for the growth monitoring of large scale coverage,lossless and real-time processing of apple
trees at northwest region,the models for estimating chlorophyll content of apple leaves at different growth
stages based on hyperspectrum were constructed. The field experiments were conducted in Shaozhai Village
of Fufeng, Shaanxi Province. During different growth periods, the hyperspectral reflectance of apple leaf
measurements was collected by SVC HR-10241 field-portable spectroradiometer,and at the same time, chlo-
rophyll relative content (soil and plant analyzer development, SPAD) of apple leaves was obtained by using
SPAD-502. There were totally 120 samples collected at different period, three fourths of which were utilized
as the training set and the remaining one quarter as validation set. The model constructed relied on the
training set and the validation set was evaluated,respectively. We analyzed the rules between the different
growth stages and SPAD value, hyper-spectral reflectance,the correlations between spectral reflectance, 17
spectral characteristic parameters and SPAD values of apple leaves at different growth stages. Then single

factor regression models and multiple stepwise regression models based on spectral characteristic parame-
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ters were established respectively to estimate SPAD value. And 17 spectral characteristic parameters select-
ed by stepwise regression analysis as the input parameters,the measured SPAD values as the output param-
eters, BP neural network model for each stage was respectively built. Then we compared the predictive
power of traditional regression models and multiple stepwise regression models to BP neural network mod-
el. The results showed that 1) from shoot-growing stage to fruit maturity stage, SPAD value of apple leaves
rose in the first stage,and then decreased. At the same time, the leaf spectral reflectance was gradually get-
ting smaller in the visible light region with the increase of SPAD value, while the leaf spectral reflectance
rose in the near infrared region. 2) The single factor regression models, multiple stepwise regression models
based on spectral characteristic parameters and BP neural network based on stepwise regression analysis
were approved by significant testing, which had the highest modeling precision and validation precision at
autumn shoot pause growth period. 3) The single factor regression models based on blue edge amplitude
and green peak area respectively had the highest modeling and prediction accuracy at different growth sta-
ges. 4) Compared to single factor regression models, multiple stepwise regression models, BP neural net-
work model had the best modeling and verification accuracy in each growth period. The coefficient of deter-
mination (R?) for the modeling was higher than 0. 90,and the coefficient of determination was greater than
0. 84 for the validation set, the corresponding value of root mean square error (RMSE) were lower than
4. 41, the relative error (RE) was less than 8. 42%. Therefore, BP neural network model is an optimal mod-
el for the estimation of apple leaf SPAD value and may provide a theoretical basis for the improvement of
remote sensing inversion accuracy of apple chlorophyll content.

Key words: apple; SPAD value; hyperspectrum; spectral characteristic parameter; stepwise regression

analysis; BP neural network
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Table 1  Spectral characteristic parameters and description
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Fig. 1 The SPAD values of apple leaves at different stages
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Fig. 2 Spectral reflectance of apple leaves at different growth stages
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Fig. 3 Coorelation coefficient between spectral reflectance and
SPAD values of apple leaves at different growth stages
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Table 2 Correlation coefficient between Spectral characteristic

variables and SPAD values of apple leaves at different growth stages
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Table 3 Single factor regression models of SPAD values based on spectral characteristic parameters at different growth stages
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Ar y=—0.046 3222467.155 61x—24 278. 860 35 0.82 0.81 5.29 9.99 0.71 5.81 9.85

R, y=263.508 2522 —267. 346 84x+76.413 59 0.82 0.81 4,71 8.25 0.70 5.90 9.82

SD;, y=2373.242 0722 —301. 909 182+65. 057 91 0.83 0.83 4.51 7.66 0.69 6.02 9.73

SD, y=49.327 5627 —299. 697 47x+65. 214 22 0.84 0.83 4.45 7.71 0.69 6.03 10.07

SR, y=0552.074 5922 —398. 684 81x+66. 887 31 0.84 0.83 4,44 7.90 0.71 5.82 8.96
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Table 4 Stepwise regression models at different growth stages
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Table 5 BP(Back Propagation) neural network models

at different growth stages

. M I 2k R 2K Bl Levenberg  Marquardt i 7 25 10 il
‘ s . -
BP 43 U1 45 66 3 Tainlm. 19 % 2% 33 B 5CR J 45 3) M AR RMSE RER
— " . A K 0.90 0.90 2.91 5.65
IR BP % 2 FLN learngdm, B 2% F3 % 2 9 s f% R A K 0.96 0.95 2.21 3.15
B EREL K ] Transig tREL. ANFEAEFH BP #& M BB 12 112 130 0.95 0.95 2.33 3.43
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Table 6 Validation precision of different models at different growth stages
0 F A B
EEM T A iR R R E Y= iy

R? RMSE RE%

TR A K SR, y=0.854x+5.026 0.84 3.69 7.08

EweLAnlE y=0.9112+4.913 0.87 3.53 6.65

Bp y=0.965x+2. 596 0. 90 3.11 5.90

B IR A K Dy, y=0.7992+9. 680 0.78 4.63 8.06

Eym LAnlE y=0.903x+4. 367 0.83 4.18 6.66

Bp y=0.8952+5.153 0.88 3.55 5. 86

BOR 45 1 2R K Dy, y=0.977x+1. 283 0.92 3. 14 5. 86

ZI0i% [ IH y=0.949x+2. 532 0.92 2.99 5.02

Bp y=1.0012+0. 643 0.94 2.76 4.84

i | SR, y=0.7142+13.05 0.71 5.82 8.96

En LAl =] y=1.077x—3.023 0. 80 4.97 9.05

Bp y=0.9572+2. 993 0. 84 4.41 8. 42
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