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Abstract; It was vitally important to effectively obtain the spatial distribution of temperature and humidity
of the greenhouse mushroom house in advance for optimizing environmental stress of edible fungi, early
warning of disease and pre-regulation of the mushroom house. The traditional single-point prediction
could not well meet the demand of evaluation of overall environmental performance for the mushroom
house. According to the characteristics of time series, non-linear and different spatial distribution of
temperature and humidity in mushroom house, a multi-point prediction method of temperature and
humidity for the mushroom house based on convolutional neural network ( CNN) and gated recurrent unit
neural network ( GRU) was proposed, which took the historical outdoor meteorological data of the
greenhouse, the indoor microclimate environmental data, environmental distribution characteristics, the
ventilation information and the humidification information as input by constructing a two-dimensional
matrix according to the time series. Firstly, CNN was used to mine the effective information contained in
the data to extract the high-dimensional features reflecting the interrelation of greenhouse environmental
data, and then the extracted feature vectors were constructed as time series and input to the GRU network

for multi-point prediction of temperature and humidity. The prediction model proposed was applied to the
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multi-point prediction of temperature and humidity in the mushroom house of a solar greenhouse in Beijing
Academy of Agricultural and Forestry Sciences, and the experimental results showed that the averaged
RMSE and MAE were 0.211°C and 0. 140°C , respectively, for the temperature prediction at each point
in the mushroom house, and the average proportion of error control within +0.5%C was 97.57% . For the
humidity prediction at each point in the mushroom house, the averaged RMSE and MAE were 2. 731%
and 1. 713% , respectively, and the average proportion of error control within + 5% was 92.62%.
Comparing with traditional BP neural network, long short-term memory neural network ( LSTM), and

gated recurrent unit neural network ( GRU), the prediction model proposed had higher prediction

accuracy.
Key words; greenhouse mushroom house; environmental distribution; temperature and humidity
prediction; convolutional neural network; gated recurrent unit neural network
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Tab.2 Analysis of prediction accuracy of each model from January 2th to 6th
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CNN - GRU 0.183 0.127 98. 86 2.283 1. 580 94. 86
BP 0.319 0.204 92.57 3.015 1.907 93. 14
LSTM 0.263 0. 165 93.43 2.788 1. 675 91.43
g GRU 0.248 0. 158 94.29 2.755 1. 650 92. 86
CNN - GRU 0.243 0. 159 96.57 2.432 1. 475 94. 57
BP 0.336 0.222 91.43 3.247 2.035 90. 29
LSTM 0.252 0. 149 94.57 3.114 1. 884 91.71
: GRU 0.250 0. 146 95. 14 3.091 1.773 91.43
CNN - GRU 0.224 0. 138 97.71 2.795 1. 656 91.71
BP 0.290 0.197 92.29 3. 065 1.992 91. 14
LSTM 0.238 0. 148 94.29 2.919 1.816 92.57
! GRU 0.238 0.139 95.43 2.876 1.736 92.57
CNN - GRU 0.204 0.132 98. 00 2.715 1. 603 92. 86
BP 0.285 0.207 92.00 3.703 2.335 88.57
LSTM 0. 196 0.129 95.43 3.729 2.260 89. 14
i GRU 0.188 0.134 96.57 3.687 2.281 89. 14
CNN - GRU 0.184 0.139 98.29 3.365 2.131 89.43
BP 0. 344 0.239 87.43 3.297 2.074 89.71
LSTM 0.234 0. 148 94.57 3. 064 1.869 92.00
¥ GRU 0.237 0. 166 94. 86 3.054 1.883 92.29
CNN - GRU 0.226 0. 144 96. 00 2.794 1. 835 92.29
BP 0.308 0.210 91.38 3.238 2.051 90. 86
S LSTM 0.234 0. 148 94. 67 3.091 1. 881 91.52
A GRU 0.226 0. 146 95.43 3. 060 1. 852 91.72
CNN - GRU 0.211 0. 140 97.57 2.731 1.713 92. 62

&3 BERAPTMRELLR
Tab.3 Comparison of prediction efficiency

of each model

B IR ] /s Pk {E
BP 140. 64 0. 002 2
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