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CWSI Prediction Model of Greenhouse Tomato Canopy
Based on LightGBM Algorithm

SUN Quan' GENG Lei® ZHAO Qihui' YANG Jiahao® LU Ping’ LI Li'
(1. Key Laboratory of Agricultural Information Acquisition Technology, Ministry of Agriculture and Rural Affairs,
China Agricultural University, Betjing 100083, China
2. Key Laboratory of Smart Agriculture System Integration, Ministry of Education,
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3. Zhejiang SLA Engineering Design Co. , Lid. , Hangzhou 310000, China)

Abstract; In order to study the prediction of crop water stress index ( CWSI) of tomato canopy in
greenhouse, through the deployment of multi parameter sensors, the environmental parameter inside and
outside the greenhouse can be obtained in real time. Using gray correlation analysis, the correlation
degree between environmental parameters and tomato canopy CWSI and the sub factor correlation
coefficient between environmental parameters was calculated, the environmental parameters were sorted
according to the correlation degree, and the impact on the accuracy of the model was considered.
Finally, a total of seven parameters from nine environmental parameters were selected as the model input,
and a prediction model of greenhouse tomato canopy crop water stress index ( CWSI) based on LightGBM
was established. Combined with Bayesian algorithm to optimize the key parameters, the correlation
between the prediction results of the model and the CWSI value calculated by Jones empirical formula was
analyzed. Under the same computing environment, it was compared with GBRT and SVR models
respectively. The experimental results showed that the coefficient of determination ( R*), mean absolute
error (MAE) , root mean square error (RMSE) and operation time of the Bayesian optimized LightGBM
model were 0.960 1, 0.021 8, 0.031 4 and 0.051 8 s, respectively. Compared with GBRT and SVR
models, R* was increased by 2.14% and 14.05% respectively, MAE was reduced by 0.009 3 and
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0. 061 2 respectively, RMSE was reduced by 0. 009 7 and 0. 059 1 respectively, and the time was shortened
by 0.0459 s and 0. 061 2 s respectively. It was showed that the LightGBM model proposed had better

performance, which could effectively improve the prediction accuracy of greenhouse tomato canopy

CWSI, and provide a strategy for realizing greenhouse tomato on-demand irrigation and a reference for

waler requirement research.

Key words: greenhouse tomato; CWSI; prediction model; LightGBM; thermal infrared
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Fig.1 Field diagram and schematic of thermal
infrared image acquisition system
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Tab.6 Result of model prediction accuracy

and running time
15 5 RMSE MAE R? /s
LightGBM 0.0314 0.0218 0.960 1 0.0518
GBRT 0.0411 0.0311 0.9387 0.0977
SVR 0.0905 0.0830 0.8196 0.1130

AT, BT LA 5 iE 25 18] ) 50 H A AR 4 19 & R
[l i, = 2% e LA A rp B AN 5 B — 4K AR Y
TR R 20 2809 i, i 19 a5 B (5 R AR (TR 5
JEAR T — A I AN B2 Wi W T (E AR R T R
B LightGBM 54 R & GBRT #8714 {4k, 5% Al 1
GOSS Fl EFB Jy i , (A4 B2 A B 15 3 E— P e

AR R BT LightGBM /91 = % i i )2
CWST il 452 784w L $ O 38 19 o1 J= AR AL, 3R 4%
WAL G T 1 A Al S R BIE I OR 7R — E TR
JE L fe v 1k RORS BE R AR BE 1, 7R AR R B
Z RS R B R MR IE = T BE ST .

3 Hig

(1) I FH B 8 S 16 B3 vk i 1ok o 5 7R == 2 i et )2
CWSI B Ky Ta,Rh,CO, Ms,Ts To,Rho 7 4~
FRAEZ B i A, D/ T R A R A A AR = A
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B RRAR TS 2 B B TR TR TOIORG B

()t T —F B TR E AR SR E F
jeb )7 CWSTHUM 77 vk . 2l 50 38 I, X 5 A Re ik 5k
O T BT LG LightGBM A5 AU 75 il i 4
h i) R* . MAE . RMSE 4} %] % 0.960 1.0.021 8

B 2. 14% F1 14.05% , MAE 43 31| B& {15 0. 009 3
F10.061 2, RMSE 43 B K& 4% 0.009 7 1 0. 059 1, K}
M) 4> 5 45 %5 7 0.045 9 s fI 0.061 2 s, 3 B
LightGBM #5458 % A % $2 5 W % 75 i 7 )2 CWSI
(R TIUIDORG B, 3 UE T 2 T DUt B O Ak LightGBM A5 74

0.0314., 5 GBRT Ml SVR £ #1 ¥ 47 % b, H R* 4y

TE TR 2 7 e )= CWST A Rk .
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