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Inversion model of chlorophyll content in japonica rice canopy based
on PSO-ELM and hyper-spectral remote sensing

YU Fenghua'?, FENG Shuai', ZHAO Yiran', WANG Dingkang', XING Simin', XU Tongyu'?
(1 College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China;
2 Liaoning Agricultural Information Engineering Technology Research Center, Shenyang 110866, China)

Abstract: [Objective] Chlorophyll content is an important indicator of the growth status of japonica rice. This
study was aimed at obtaining chlorophyll content of japonica rice in a regional scale in time with UAV hyper-
spectral remote sensing technology. [ Method] This study was based on the UAV remote sensing test data of
Japonica rice in Liaozhong Experiment Station of Shenyang Agricultural University from 2016 to 2017. The
successive projection algorithm (SPA) was used to extract the effective bands including 410, 481, 533, 702 and
798 nm. The extracted characteristic bands were used as the input, and the inversion models of chlorophyll
contents in japonica rice canopy were established respectively using the extreme learning machine (ELM) and
particle swarm optimization-extreme learning machine (PSO-ELM). In the PSO-ELM model, five parameters of

PSO algorithm including proportion of population (p), inertial weight (w), learning factors (C;, C,), and velocity
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position correlation coefficient (1) were optimized. [Result] The optimal parameters were determined: p was

80, w was from 0.9 to 0.3 with a linear decline, C; and C, were 2.80 and 1.10 respectively, and m was 0.60. For

the established models of chlorophyll content in japonica rice using the optimized ELM and PSO-ELM, the

determination coefficients were 0.734 and 0.887 respectively, and the mean square error were 1.824 and 0.783

respectively. [ Conclusion] The inversion model for chlorophyll content in japonica rice based on the optimized

PSO-ELM has higher precision compared with the model based on ELM, and has better inversion ability of

chlorophyll content in japonica rice. This study provides data support and application basis for the diagnosis of

chlorophyll content in japonica rice by UAV hyper-spectral remote sensing technology in Northeast China.

Key words: UAV; chlorophyll content; japonica rice; hyperspectral remote sensing; PSO-ELM
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Fig. 2 UAY hyperspectral imaging system
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Table 1 Statistical characteristics of chlorophyll content in japonica rice in experimental plot

FEAAE FEA B p(M43%)/(mg-L™") Chlorophyll content A5 2 AK/Y%
Sample set No. of samples Max. Min. X SD CV
HAK Overall 780 15.92 1.01 6.76 2.86 42.3
4 Modeling set 702 15.92 1.01 6.74 2.85 422
I51F4E Validation set 78 15.48 1.11 6.82 2.91 4.7
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# 2 ELM #1 PSO-ELM EIFFEM R RS B RORIER
Table 2 Inversion models of chlorophyll contents in japonica rice established by ELM and PSO-ELM

Frs BEERG K FREFRLRS BRI T2 A AR FR L
Serial Model Level Population Inertia Learning Learning Speed position R
number category size (p) weight(w)  factor 1(C;)  factor 2(C,)  correlation coefficient(m)
1 ELM 0.734
2 PSO-ELM 1 40 0.3 2.80 1.30 1.00 0.852
3 PSO-ELM 2 40 0.9 1.30 1.30 0.02 0.867
4 PSO-ELM 3 40 1.5 2.80 1.10 0.06 0.807
5 PSO-ELM 4 40 0.9~0.3 3.50 3.50 0.20 0.873
6 PSO-ELM 5 40 0.3~1.5 1.65 1.65 0.60 0.872
7 PSO-ELM 1 50 0.3 2.80 1.30 1.00 0.873
8 PSO-ELM 2 50 0.9 1.30 1.30 0.02 0.858
9 PSO-ELM 3 50 1.5 2.80 1.10 0.06 0.821
10 PSO-ELM 4 50 0.9~0.3 3.50 3.50 0.20 0.873
11 PSO-ELM 5 50 0.3~1.5 1.65 1.65 0.60 0.873
12 PSO-ELM 1 60 0.3 2.80 1.30 1.00 0.873
13 PSO-ELM 2 60 0.9 1.30 1.30 0.02 0.865
14 PSO-ELM 3 60 1.5 2.80 1.10 0.06 0.821
15 PSO-ELM 4 60 0.9~0.3 3.50 3.50 0.20 0.873
16 PSO-ELM 5 60 0.3~1.5 1.65 1.65 0.60 0.873
17 PSO-ELM 1 70 0.3 2.80 1.30 1.00 0.873
18 PSO-ELM 2 70 0.9 1.30 1.30 0.02 0.873
19 PSO-ELM 3 70 1.5 2.80 1.10 0.06 0.838
20 PSO-ELM 4 70 0.9~0.3 3.50 3.50 0.20 0.873
21 PSO-ELM 5 70 0.3~1.5 1.65 1.65 0.60 0.873
22 PSO-ELM 1 80 0.3 2.80 1.30 1.00 0.873
23 PSO-ELM 2 80 0.9 1.30 1.30 0.02 0.862
24 PSO-ELM 3 80 1.5 2.80 1.10 0.06 0.833
25 PSO-ELM 4 80 0.9~0.3 3.50 3.50 0.20 0.873
26 PSO-ELM 5 80 0.3~1.5 1.65 1.65 0.60 0.873

#3 9 PSO-ELM ZHE MR AAR, 3 AR,
oW B I KR R e R AR R
B T AR 2 A, DLV, A 7, A, i W R RARAREARE. b

#*3 PSO-ELM SHIEXZRAB SR
Table 3 Analysis results of orthogonal test of PSO-ELM parameters

24 Parameter W, Wy Wy W Ws;
FhEERIIE (/=1) Population size (p) 4271 4299 4307 4332 4315
5 A (=2) Inertia weight (w) 4.345 4325 4.120 4.367 4.365
2# 2] K F1(j=3) Learning factor 1 (C;) 4.299 4.320 4.285 4.306 4313
2% 2] A -¥-2(j=4) Learning factor 2 (C,) 4297 4.309 4.300 4316 4.301
T A B AH I R BU(7=5) Speed position correlation coefficient (1) 4.293 4326 4292 4303 4309

1) Wk Bdi et ik 3 it ot 4 83 RO AL e B L o 3 R (R X A=
1) W is the sum of the model determination coefficient (R?) of the chlorophyll content inversion model corresponding to the i

level of the parameter j
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and PSO-ELM
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