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Fig.2. The location of temperature, humidity, solar and wind sensors inside and outside of greenhouse
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Table 1- The results of MLP and RBF model with two different data set for training and two training algorithms

P90 ohele! Egoe
() o515 5301 JUESH Jse Train Test Total
Size of data (%) Variable Model”
RMSE MAPE RMSE MAPE RMSE MAPE

T MLP1 0.83£0.25 1.62+0.46 0.88+0.30 1.73+0.48 0.85+0.24 1.65+0.45

" MLP2 1.42+0.44 2.89+0.93 1.49+0.40 2.96+0.87 1.44+0.42 2.91+0.92

Rh MLP1 1.00£0.34 1.59+0.60 1.11+0.38 1.75+0.64 1.04+0.31 1.62+0.60

80 ! MLP2 1.90+0.51 3.32+0.99 1.93+0.58 3.38+1.06 1.91+0.52 3.33+1.00
T MLP1 0.31£0.04 0.74+0.09 0.35+0.05 0.83+0.11 0.32+0.03 0.76+0.75

@ MLP2 0.37£0.08 0.92+0.21 0.39+0.08 0.94+0.19 0.38+0.07 0.92+0.20

T MLP1 0.87£0.05 1.61+0.05 0.96+0.13 1.80+0.19 0.89+0.04 1.65+0.15

P a MLP2 1.07£0.07 2.35+0.20 1.06+0.15 2.35+0.23 1.07+0.05 2.35%+0.19

T 3‘ MLP1 0.76+0.39 1.54+0.85 1.05+0.31 2.03+0.76 0.95+0.33 1.83+0.78

" MLP2 0.79£0.29 1.60+0.65 1.04+0.25 1.97+0.62 0.95+0.24 1.83+0.62

Rh MLP1 0.77#0.22 1.23+0.30 1.21+0.16 1.81+0.24 1.06+0.14 1.57+0.24

40 ! MLP2 0.98+0.27 1.55+0.42 1.36+x0.23 1.98+0.37 1.81+0.37 1.23+0.20
T MLP1 0.29+0.03 0.69+0.07 0.38+0.05 0.87+0.08 0.35+0.03 0.79+0.06

@ MLP2 0.35+£0.05 0.85+0.13 0.39+0.04 0.95+0.11 0.37£0.04 0.92+0.12

T MLP1 0.89+0.09 1.71+0.23 1.03+0.14 2.07+0.21 0.98+0.09 1.92+0.18

P MLP2 1.03+0.12 2.19+0.33 1.05+0.07 2.32+0.87 1.05+0.06 2.27+0.25

T RBF1 0.26+0.01 0.66£0.03 0.26+0.03 0.64+0.06 0.26£0.01 0.66+0.03

" RBF2 0.26+£0.01 0.67+0.03 0.26+0.02 0.68+0.06 0.26+0.01 0.68+0.03

Rh; RBF1 0.38+0.01 0.64+0.03 0.38+0.02 0.65+0.03 0.38+0.01 0.65+0.02

80 RBF2 0.38+0.02 0.66+0.03 0.38+0.03 0.66+£0.05 0.38+0.01 0.66%0.02
T RBF1 0.25+0.01 0.59+0.02 0.25+0.03 0.60+0.05 0.25+0.01 0.60+0.02

@ RBF2 0.26+£0.02 0.61+0.03 0.26+0.03 0.63+0.06 0.26+0.01 0.62+0.01

T RBF1 0.59+0.09 1.09+0.14 0.60+0.15 1.14+0.16 0.59+0.08 1.10+0.08

P % RBF2 0.68+0.08 1.28+0.10 0.69+0.14 1.31+0.18 0.69+0.07 1.29+0.10

T ® RBF1 0.27£0.03 0.67+0.04 0.27£0.02 0.67+0.04 0.27+0.02 0.67+0.03

" RBF2 0.27+0.02 0.69+0.04 0.27£0.01 0.69+0.04 0.27+0.01 0.69%0.02

Rh: RBF1 0.38+0.02 0.65+0.04 0.38+0.02 0.65+0.03 0.38+0.01 0.65+0.03

40 ! RBF2 0.37+0.02 0.65+0.03 0.38+0.03 0.65+0.04 0.38+0.01 0.65%0.02
T RBF1 0.25+0.02 0.59+0.05 0.25+0.01 0.59+0.02 0.25+0.01 0.59+0.01

@ RBF2 0.26x0.01 0.61+0.04 0.26+0.02 0.64+0.05 0.25+0.02 0.62+0.02

T RBF1 0.62+0.13 1.13+0.14 0.57+0.08 1.08+0.09 0.59+0.08 1.10+0.08

P RBF2 0.73+0.12 1.32+0.16 0.69+0.13 1.31+0.19 0.71+0.11 1.32+0.16
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Number 1 and 2 next to RBF and MLP models show the Trainlm and Trainbr, respectively. Also the bold rows have )
“(the best results.
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Table 2- Comparison between RBF and MLP for prediction the inside variables in glass greenhouse

J.. 2
Joo Variable
Model
T Rh; Ta T
MLP MAPE 1.65+0.45 1.57+£0.24 0.76%0.75 1.65+0.15
RMSE 0.85+0.24 1.06+0.14 0.32+0.03 0.89+0.04
RBF MAPE 0.66+0.03 0.65+0.02 0.60+0.02 1.10+0.08
RMSE 0.26+0.01 0.38+0.01 0.25+0.01 0.59+0.08
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Table 3- Sensitivity analysis for MLP and RBF models relative to the 3 variables

o *Jae MLP RBE
Variable Model RMSE MAPE R? RMSE MAPE R?

All 0.62 1.23 0.99 0.25 0.66 0.99

T All exclude x1 1.02 1.84 0.97 0.75 1.25 0.98

n All exclude x2 0.87 1.69 0.98 0.56 1.01 0.99

All exclude x3 0.84 1.65 0.98 0.56 1.18 0.99

All 0.81 1.24 0.99 0.36 0.61 0.99

Rh, All exclude x1 1.66 2.72 0.95 0.84 1.07 0.99

All exclude x2 0.90 1.29 0.98 0.67 0.89 0.99

All exclude x3 1.39 2.19 0.96 0.56 0.99 0.99

All 0.34 0.83 0.99 0.24 0.59 0.99

T All exclude x1 0.34 0.85 0.99 0.32 0.77 0.99

a All exclude x2 0.32 0.76 0.99 0.29 0.70 0.99

All exclude x3 0.37 0.91 0.98 0.32 0.76 0.99

All 0.87 1.59 0.92 0.48 1.04 0.97

All exclude x1 0.89 1.68 0.92 0.79 1.31 0.93

T All exclude x2 1.06 1.99 0.88 0.63 1.27 0.96

All exclude x3 1.03 1.64 0.89 0.60 1.26 0.96

Rho 9 To o )l M)L& o ds X3 9 X2 X1 d?ﬁ LSLQ’JJ‘" g
(In above models, x;, X, and Xz are: lo, T, and Rh,, respectively)
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Introduction

Controlling greenhouse microclimate not only influences the growth of plants, but is also critical in the

spread of diseases inside the greenhouse. The microclimate parameters are inside air, roof, crop and soil
temperature, relative humidity, light intensity, and carbon dioxide concentration. Predicting the microclimate
conditions inside a greenhouse and enabling the use of automatic control systems are the two main objectives of
greenhouse climate model. The microclimate inside a greenhouse can be predicted by conducting experiments or
by using simulation. Static and dynamic models and also artificial neural networks (ANNs) are used for this
purpose as a function of the metrological conditions and the parameters of the greenhouse components. Usually
thermal simulation has a lot of problems to predict the inside climate of greenhouse and the error of simulation is
higher in literature. So the main objective of this paper is comparison between two types of artificial neural
networks (MLP and RBF) for prediction 4 inside variables in an even-span glass greenhouse and help the
development of simulation science in estimating the inside variables of intelligent greenhouses.

Materials and Methods

In this research, different sensors were used for collecting the temperature, radiation, humidity and wind data.
These sensors were used in different positions inside the greenhouse. After collecting the data, two types of
ANNs were used with LM and Br training algorithms for predicting the inside variables in an even-span glass
greenhouse in Mollasani, Ahvaz. MLP is a feed-forward layered network with one input layer, one output layer,
and some hidden layers. Every node computes a weighted sum of its inputs and passes the sum through a soft
nonlinearity. The soft nonlinearity or activity function of neurons should be non-decreasing and differentiable.
One type of ANN is the radial basis function (RBF) neural network which uses radial basis functions as
activation functions. An RBF has a single hidden layer. Each node of the hidden layer has a parameter vector
called center. This center is used to compare with the network input vector to produce a radially symmetrical
response. Responses of the hidden layer are scaled by the connection weights of the output layer and then
combined to produce the network output. There are many types of cross-validation, such as repeated random
sub-sampling validation, K-fold cross-validation, Kx2 cross-validation, leave-one-out cross-validation and so on.
In this study, we pick up K-fold cross- validation for selecting parameters of model. The K-fold cross-validation
is a technique of dividing the original sample randomly into K sub-samples. Different performance criteria have
been used in the literature to assess model’s predictive ability. The mean absolute percentage error (MAPE), root
means square error (RMSE) and coefficient of determination (R?) are selected to evaluate the forecast accuracy
of the models in this study.

Results and Discussion

The results of neural network optimization models with different networks, dependent on the initial random
values of the synaptic weights. Thus, the results in general will not be the same in two different trials, even if the
same training data have been used. Therefore, in this research K-fold cross validation was used and different data
samples were made for train and test of ANN models. The results showed that Trainlm for both of MLP and
RBF models has the lower error than Trainbr. Also MLP and RBF were trained with 40 and 80% of total data
and results indicated that RBF has the lowest sensitivity to the size data. Comparison between RBF and MLP
model showed that, RBF has the lowest error for prediction all the inside variables in the greenhouse (Ta, Tp,
Tri, Rha). In this paper, we tried to indicate the fact that innovative methods are simpler and more accurate than
physical heat and mass transfer method to predict the environment changes. Moreover, this method can use to
predict other changes in greenhouse such as final yield, evapotranspiration, humidity, cracking on the fruit, CO2
emission and so on. So the future research will focus on the other soft computing models such as ANFIS, GPR,
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Time Series and select the best one for modeling and finally online control of greenhouse in all climate and
different environment.

Conclusions

This research presents a comparison between two models of Artificial Neural Network (RBF-MLP) to predict
4 inside variables (Ta, Tp, Tri, Rha) in an even-span glass greenhouse. Comparison of the models indicated that
RBF has lower error. The range of RMSE and MAPE factors for RBF model to predict all inside variables were
between 0.25-0.55 and 0.60-1.10, respectively. Besides the results showed that RBF model can estimate all the
inside variables with small size of data for training. Such forecasts can be used by farmers as an appropriate
advanced notice for changes in temperatures. Thus, they can apply preventative measures to avoid damage
caused by extreme temperatures. More specifically, predicting a greenhouse temperature can not only provide a
basis for greenhouse environmental management decisions that can reduce the planting risks, but also could be
as a basic research for the feedback-feed-forward type of climate control strategy.
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