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Analysis and Back Propagation Neural Network
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Abstract: To address the limitations of conventional techniques, a method of principal component analysis
and BP neural network was discussed to diagnose and classify citrus HuanglLongBing. Data was obtained
by a hyperspectral imaging system with the wavelength range of 370 ~988 nm, its high dimension data
was reduced by principal component analysis, and then BP neural network was used to model for
classification. The results showed that the first four principal components cumulative variance
contribution rate achieved 97.42%. On one hand, BP neural network classification accuracy rate achieved
85% or more; on the other hand, after the principal component analysis, classification of BP neural
network accuracy substantially was more than 90%. This method for nondestructive testing of citrus

Huangl.ongBing is feasible.
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Fig. 3 The hyperspectral reflectance effect on the

citrus samples
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Fig. 5 The principal components variance histogram
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Table 1 Component score coefficient matrix
Wave band x X k&) Xy e Xs10 Ts11 Xs12
Componentl  0.028 6 0.0311 0.030 4  eeeees 0.045 1 0.045 2 0.045 2
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x2 EMHES
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Sample m m m, my eeeees My248 Mz Mi250
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Factor3 —5.750 6 —5.888 1 —3.8514  eeeees 3.5397 12.875 5 3.836 7
Factor4 5.9711 6.074 7 —2.9195  eeeees 2.247 7 1.154 6 1.100 4
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Fig. 6 The influence on output of different principal component number
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Table 3 Comparison between BPNN and PCA-BPNN

Result
Representative  Trace  Zinc-deficiency Health  Yellow
Representative 96 % 4% 0 0 0
Trace 0 88% 8% 4% 0
BPNN Zinc-Deficiency 0 6% 92 % 2% 0
Health 0 0 0 100% 0
Yellow 2% 0 0 12%  86%
Representative 98 % 0 0 0 2%
Trace 0 92%8% 0 0
PCA-BPNN  Zinc-Deficiency 0 18% 66 % 0 6%
Health 0 0 0 98% 2%
Yellow 0 0 0 0 100 %
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