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Abstract: Aiming at real-time temperature data missing caused by communication and equipment failure in intelligent
greenhouse control model, this paperiproposes an interpolation method based on conventional neural network model and
fuzzy control for compensation. An intelligent monitoring system built in the greenhouse is used to collect temperature
parameters in the artificial greenhouse; and the measured data is used to perform an interpolation verification experiment on
the above model. The experimental results show that: compared with the general model, the proposed fuzzy neural network
interpolation model.improves the precision of interpolation data in traditional processing methods, provides an effective
processing method for real-time temperature data missing, and lays a data foundation for the establishment of intelligent
greenhouse model.
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2 FEIKENSERIEE 37 (Data acquisition and model
building)
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Fig.1 Structure diagram of intelligent greenhouse control
model

3 FeEREE BB HIEBIM AR (Research

on data interpolation technology of.intelligent

greenhouse control model)
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Fig.2 Structure diagram of BP neural network
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Fig.3 Flow chart of standard BP\neural network
learning algorithm
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Tab.1 Training data table(Take 24 hours a day as an

example)

IN1 IN2 IN3 IN4 01
20 21 21 20 21
20 19 18 20 19
20 17 14 20 17
20 20 20 20 20
17 19 18 20 19
2 23 24 21 23
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Fig.4 Neural network test results
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Tab.2 Historical temperature membership table for the

same period

Bt -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6

NB 1 0.5
NM 0.5 1 0.5
NS 0.5 1 0.5
70 0.5 1 0.5
PS 0.5 21 0.5
PM 0.5 1 0.5
PB 1 0.5
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Tab.3 Membership table of control law

X, X, Y
NB NB -2
NB NS -1
NB Z0O 0
NB PS 1
NB PB 2

A AR 2 T T LR IR R T MR & N 4 TG YR B A
RLFEY, FFIXHB 5 i AE A i 22 9 2% A Y b
%, BT DAYE B SPGBl 3 & KA, AL
P 3 BRAR A
4 SCIGEHE 4 #T(Experimental data analysis)
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Tab.4 Comparison table of two insertion effects

Febafi RIERT WEEPR2 HDYBEL HIXEBiE2
20 20 20 0 0
19 17.2095 18.2095 ~1.7905 0.07905
19 16.3927 18.3927 ~2.6073 —0.6073
21 22.8733 21.8733 1.8733 0.8733
18 15.6910 17.6910 —2.309 —0.309
23 22.9866 22.9866 —0.0134 —0.0134

5 #5if(Conclusion)
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