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Prediction of CO, Concentration in Xinjiang Breeding Environment
of Mutton Sheep Based on LightGBM — SSA - ELM

YIN Hang' LU Jiawei'? CHEN Yaocong'’ CEN Honglei' LI Jingbin® LIU Shuangyin'"’
(1. College of Information Science and Technology, Zhongkai University of Agriculture and Engineering, Guangzhou 510225, China
2. Information Technology Research Center, Beijing Academy of Agricultural and Forestry Sciences, Beijing 100097, China
3. Guangdong Provincial Agricultural Products Safety Big Data Engineering Technology Research Center, Guangzhou 510225, China
4. College of Mechanical and Electric Engineering, Shihezi University, Shihezi 832003, China
5. Guangzhou Key Laboratory of Agricultural Products Quality and Safety Traceability Information Technology,
Zhongkai University of Agriculture and Engineering , Guangzhou 510225, China)

Abstract; Air quality plays an important role in mutton sheep breeding environment, in order to reduce
the stress response of CO, to the growth of large-scale mutton sheep and ensure the healthy growth of
mutton sheep in the appropriate environment, the key is to accurately control the CO, in the mutton sheep
breeding environment. A CO, prediction model of mutton sheep breeding environment was proposed based
on light gradient boosting machine (LightGBM) , sparrow search algorithm (SSA) and extreme learning
machine ( ELM ). Firstly, LightGBM was used to screen out the important characteristics of carbon
dioxide concentration and reduce the input dimension of the prediction model. Then, ELM neural
network algorithm with single hidden layer with strong nonlinear processing ability was used to build the
CO, prediction model. Finally, through the sparrow intelligent optimization algorithm, the super

parameters needed in ELM model were optimized to obtain the best prediction model. The prediction
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model was applied to a large-scale mutton sheep breeding base in Manas County,

Changji Hui

Autonomous Prefecture, Xinjiang Uygur Autonomous Region, and good prediction results were obtained.

The experimental results showed that the prediction model had good prediction effect, and the root mean
square error ( RMSE) of ELM was higher than that of SVR, BPNN, LSTM, GRU and LightGBM. The
RMSE, mean absolute error ( MAE) and R’ were 0.021 3 mg/L, 0.013 6 mg/L and 0.988 6,

respectively. The results showed that the combined model can not only achieve accurate control of carbon

dioxide in sheep house, but also meet the needs of fine decision-making for mutton sheep breeding. It

also can help farmers make decisions and reduce farming risks.

Key words: sheep house; intensive culture; CO, concentration prediction; extreme learning machine;

sparrow search algorithm; light gradient boosting machine
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Tab.1 Technical data of sensors
AIEEE [y i 71328
2R IRE/C -40~105 0.4 11C
238 SRR/ % 0 ~ 100 +5 11C

CO, T/ (pug-m ) 0~50000  +50 PWM

PM, JRRWEIE/ (pgm ™) 0~999.9 +7%  Modbus
PM,, B BEVR S/ (pgem ) 0~999.9 +7%  Modbus
3 WE B B /1 0~65535 %5 1c
I 7 / dB 30 ~ 120 +5 1c
BRI TR/ (pgom ™) 0~999.9  £7% PWM
H,S Rk g/ (pg-m ) 0~10 +3%  PWM

2 Ik WS 5 A

Fig.2 Topology structure diagram of Internet

of things monitoring platform
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Tab.2 Partial data collected from February 8 to March 26, 2021
A co, PM, 5 PM,, L REREAY H,S
S = W icho) L L L JeiRE MR/ o L
) s [ . PR/ IR/ TR/ I5i8iie71d;- ¥4 JoT e v B/
/T RE/ % FE/1x dB B
(pg'm™®)  (pg'm™®)  (pgrm™?) (pg m™") (pg-m™?)
2021 -02-08 17:.10 4.2 78.0 1355 16.3 81.3 146 31. 1 120.7 5.2
2021 -02-08 17.20 3.9 78. 4 1330 26.5 107. 1 97 72.7 165.3 5.2
2021 -02-08 17:30 3.7 78.5 1130 28.9 115.0 134 73.7 178. 1 1.7
2021 -02-08 17.40 3.4 78.7 1100 25.5 94.5 122 74. 4 148. 6 2.3
2021 -03 -26 23.20 14.9 86. 5 2135 3.0 7.8 0 30. 1 10. 8 0
2021 -03 —26 23.30 14.9 87.0 2175 3.2 4.3 0 32.4 9.3 0
2021 -03 - 26 23.40 15.0 87.2 2125 3.7 52.6 0 32.0 69.3 0
2021 -03 -26 23.50 15.0 87.9 2180 5.1 9.6 0 37.9 18.2 0
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Fig.4 Flow chart of sparrow search algorithm
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Fig.6 Variation curve of original CO, concentration data
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Tab.3 Importance scores of eight parameters based on

LightGBM model

& EHET ZH FEAF 1R 4
1 J; B B 362. 677 986
2 AR I B2 78.038 279
3 PM, s J5 it ¢ i 51.039 347
4 LR 42.590 839
5 H, S Jo &t ik i 21.586 573
6 PM, o [ 43k V¢ 20. 824 779
7 M 7 19. 595 671
8 S B T UKL 49 T A VA 11.987 807
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Fig.7 RMSE variation curve of different characteristic

numbers
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Tab.4 Accuracy analysis of prediction model

with different number of neurons
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