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Abstract; The IoT monitoring products are widely used in greenhouse production, which could generate
massive data. The existing data fusion algorithms for greenhouses had low fusion accuracy and weak
generalization capability for high-dimensional features and mixed features ( combined with sparse features
and continuous features). It was rare to use the deep learning model to top-level fusion of greenhouse
data and provide accurate decision information. Aiming at the above problems, a two-level greenhouse
environment data fusion algorithm was proposed based on wide-deep neural network ( WDNN). Firstly,
integrating multi-point multi-features mixed data in the greenhouse and marking the data categories. Then
the constructed training set and test set were input into the WDNN deep learning model for 2000-step
iteration training. The model structure was set as 7 —100 —50 —7, the output form was multi-point single
feature , which was the first-level fusion result as decision information of each area of the greenhouse, and
then the output data was second-level fusion according to the minority obeyed majority principle, and the
overall evaluation decision of the greenhouse environmental state was obtained. For comparison purposes,
the other three fusion models were trained as deep neutral network ( DNN) , BP neural network ( BPNN)
and random forest (RF). The experimental results showed that the loss value of the initial segment of the
WDNN network was higher than that of DNN network, but the loss function curve had a faster rate of
decline and the model parameters were better. The accuracy of the model after training was 4.32
percentage points higher than that of DNN | but the training time was increased by 21. 36% ; the accuracy
of BPNN model was 82% and its parameter optimization was the slowest, parameter optimization required

more iteration steps; RF model training speed was the fastest, but its model fusion accuracy was 3. 39
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percentage points lower than that of WDNN. The fusion accuracy was insufficient; above comparison

results proved that it was feasible and excellent to use the WDNN model to fuse the mixed data in the

greenhouse. Inputting the mixed situation information contained the sensor anomaly and meteorological

data under various conditions into the fusion system, then the context decision rate reached 98. 90% . The

realization of the WDNN fusion system could be used to monitor greenhouses with more parameters and

more complex environments, and enrich the fusion feature categories while ensuring the accuracy of

decision-making. It could further improve the intelligence degree of the greenhouse fusion system.

Key words: greenhouse; data fusion; wireless sensor networks; deep learning; wide-deep neural

network
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Tab.3 Performance evaluation of four models

1A WERmsE] /s MHER R/ % UK BB
DNN 12.20 94.58 0.16
WDNN 14. 80 98.90 0.01
BPNN 15.32 82.00 18.13
RF 3.00 95.51
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Fig.8 Charts of fusion result
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Tab.4 Verification of model generalization >

A A IERfa AR REA B
2 40 39 1
3 40 39 1
4 40 37 3
5 40 38 2
6 40 37 3
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