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The mathematical modeling of chlorophyll content in rice
in view of computer vision

CHEN Cheng, LIAO Gui-ping*, SHI Xiao-hui, LI Jin-wei

(Agricultural Information Institute, Hunan Agricultural University, Changsha 410128, China)

Abstract: DGCI, Hy, 12, 13, (2G-R-B)/L* and Hv*Diff, which are the color index of leaves, were acquired by using
computer vision technology. Combining those indexes with BP network, multiple regression models and genetic
algorithms, the predictive model for chlorophyll relative content was established The value of SPAD for leaves is
simulated by mathematics, and the mathematical expressions of model is Y=purelin[Ws* tansig(W,* X, By), Bs]. Using
the established model to predict the value of SPAD, relative error rate is 3.355 7 % between the results and measured data
in field.

Key words: computer vision; chlorophyll relative content; BP neural network; multiple regressions; genetic algorithm;
cluster analysis; rice
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NO N1 60 kg/hm? DGCI Hv 12 13 (2G-R-B)/L*
N2 120 kg/hm* N3 180 kg/hm? N4 240 kg/hm? Hv*Diff 6
N5 300 kg/hm? 6
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Table 1 Training data
DGCI Hv 12 13 (2G-R-B)/L* Hv*Diff SPAD
1 0.449 16 82.079 70 0.136 36 0.148 49 0.007 14 36.157 59 38.00
2 0.456 95 82.383 39 0.129 46 0.160 56 0.006 94 36.934 36 40.20
3 0.448 40 81.842 90 0.129 68 0.136 74 0.006 99 30.817 84 34.00
4 0.432 25 80.266 68 0.139 45 0.137 32 0.007 05 33.436 27 36.10
81 0515 07 86.758 16 010075 0.144 00 0.006 41 39.760 01 3775
82 0.492 02 83.926 62 0.111 05 012511 0.006 33 39.027 32 40.25
83 0.496 32 84.746 05 0.106 89 0.144 61 0.006 41 39.905 63 39.75
84 0.500 71 86.657 26 0.107 33 0.165 10 0.007 07 38.424 72 42,65
F2 N EE
Table 2 Test data
DGCI Hv 12 13 (2G-R-B)/L* Hv*Diff SPAD
1 0.437 86 81.410 06 0.138 56 0.144 72 0.007 30 34.732 64 38.70
2 0.437 98 79.896 40 0.136 20 0.134 03 0.006 94 32.168 10 36.85
4 0490 67 83.874 46 011127 0.125 26 0.006 35 3006128 38.85
42 0.497 09 84.927 93 0.106 25 0.124 63 0.006 43 29.912 39 39.90
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Matlab DGClI Hv 12 (2G-R-B)/L* SPAD
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VAR7 | VAR1 VAR?7 | VAR1 VAR7 | VAR1
IVAR7 Pearson 1 .109 /AR7  Pearson 1 .080 IVAR7 Pearson 1 —.068
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Fig. 2 The chart results of correlation analysis
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Table 3 Relative errors between predicted and actual values
1%
BP BP GA-BP GA- BP
4.873 4 4.065 2 2.9328 2.6053
7.9435 6.8720 48322 3.3557
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Fig.3 The fitting results
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Table 4 The results of test
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