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ABSTRACT

Prediction of the energy consumption is the most important topic for planning to build an energy power station. This energy power
station can be non-renewable sources power plants or renewable power plants like wind and solar. Prediction of the energy
consumption also figures out load modeling problem in new smart grid applications. In this study, energy consumption model is
developed for temperature control of a greenhouse. Artificial Neural Network based modeling is advanced with temperature of
inner, temperature of outer and temperature of soil. So, these temperatures are inputs in the ANN based model. In addition, the
output of the ANN is energy demand that is strongly related with temperature data.

Keywords: Artificial neural network, greenhouse, modeling, temperature control, energy consumption.

Seralarda Enerj1 Tiiketiminin ve Sicaklik Kontroliiniin
Tahmini ve Modellenmesi

oz
Bir enerji gii¢ istasyonunun kurulmasi planlanirken en dénemli konu enerji tiikketiminin tahminidir. Bu enerji gii¢ istasyonlart
yenilenemez kaynakli gii¢ sistemleri veya riizgar ve giines gibi yenilenebilir kaynakli gii¢ sistemleri olabilirler. Ustelik enerji
tiiketiminin takibi yeni akilli sebeke uygulamalarinda yiik modellemesi problemini ¢dzerler. Bu ¢alismada, enerji tiiketim modeli
sera sicaklik kontrolii igin gelistirilmistir. Yapay sinir aglari(YSA) tabanli model i¢ sicaklik, dis sicaklik ve toprak sicakligina gore
gelistirilmistir. Ek olarak, YSA nin ¢ikigi tamamen sicaklik verilerine bagli enerji talebidir.

Anahtar Kelimeler: Yapay sinir aglari, sera, modelleme, sicaklik kontrolii, enerji titkketimi.

1. INTRODUCTION measure sensors were used for measuring soil humidity.

In recent years, energy sources have been decreasingand ~ OPtimum solar panels were selected according to
demand for energy and its costs have been increasing. calculated maximum power consumption of mc_>tors. The
This is affects product cost. Moreover makes more Need of energy of BLDC Motors has been provided from
efficient and positive use of climate resources together ~ Solar panels and batteries [1], [2]. Zou et al studied a
with global warming and drought. Since the sources greenhouse climate controller for energy consumption
utilized for producing electricity are limited and their ~ under control. This controller is realized with participle
prices gradually increased, researches for new Swarm optimization for nonlinear greenhouse system in

alternatives for temperature control in greenhouse  North of China [3]. Avila-Miranda et al. studied to
system. ventilate a greenhouse during the day. Their intelligence

technique combines of a neural network and the particle
swarm optimization algorithm. In addition, Kalman
Filter is used for predictions on the dynamic behavior of
the system variables [4]. Guogi Ma et al. studied auto
regressive  moving model for naturally ventilated
greenhouse in autumn under east-central China
conditions [5]. Liu et al investigated to microclimate
controlling and monitoring in greenhouse. According to
indoor temperature and humidity, a prediction is realized

Energy of heating systems pumps used for the
agricultural irrigation is generally provided from
electrical energy or fossil fuels. Since fossil fuels
commence to annihilate besides its increasing of prices
and hazards to environment alternative energy seeking
efforts has become inevitable also in agricultural. Solar
energy that is sensitive to environment, clean and
requiring no maintenance is an alternative renewable

energy source especially for countries like Turkey having with neural network algorithm [6]. Yelmen et al.

a high amount of annual solar irradiation rate. discussed on a model of prediction of greenhouse heating

Dursun and Ozden have been studied optimal use of  requirement climate models thanks to neural networks
water resources especially in agricultural field. Soil [7].

* Sorumlu yazar (Corresponding Author) Yan and_ Yao :cumed to predict bullcyng energy
e-mail: semihozden@gmail.com consumption at different climate zones using artificial
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neural network. Thanks to ANN, the building energy
consumption predicted easily and quickly [8]. Yuce and
Rezgui addressed to difference of energy performance in
public buildings between predicted and actual. GA based
artificial neural networks generated optimized energy
saving [9]. Gezer et al studied artificial neural network
based energy consumption for a smart grid application
[10]. Ferlito et al compared to difference of actual and
predicted building’s energy demand at 3 month, 6 month
and 12 month [11].

This study continues as follows: temperature control of
greenhouse is described in Section Il. Then, Section Il
provides artificial neural network and prediction of
energy consumption with this method. In Section 1V, the
obtained results are discussed and are compared to actual
energy values. Conclusion of paper describes error
methods success of ANN in conclusion.

2. TEMPERATURE CONTROL OF
GREENHOUSE

A temperature control of greenhouse system provides to
prevent unnecessary energy losses, decrease harmful
effect of greenhouse and maintain proper environment
for crops. Thus, temperature of greenhouse has
controlled with consummating necessary energy, which
produce for demand of inner temperature make equal to
desired temperature. In the real applications, energy
consumption to keep desired temperature is related with
many parameters as temperature, humidity, wind speed
and irradiation of the sun. Developed model skipped all
other parameters except temperatures of inner, outer and
soil. In addition, this study focused only energy
consumption for the temperature control unit as air
conditioner.

The inner temperature, the outer temperature and the soil
temperature of greenhouse obtained from sensors are
used for prediction of necessary energy consumption.
Table 1 shows to average of the inner temperature, the
outer temperature and the soil temperature of greenhouse
in a year. Average consummated energy from greenhouse
temperature control in a year is given Table 1 too. In
addition, desired temperature for crops is 20 °C.

Table 1. Average temperature values

consummated energy

and average

Average values in a year

The inner temperature 16,31 C

The outer temperature 13,11 C

The soil temperature 17,06 C
Consumed energy 4300,24 W

When data in Table 1 is obtained from sensors, it can be
seen to difference between the inner temperature and
desired temperature. Thus, temperature control of
greenhouse tries to make up the difference and to
consume energy along all a year. Three temperature and
desired temperature was used, because the energy
consumption bases on all of them. Figure 1 show that the

inner temperature changes daily. Horizontal axis of the
temperature-changing figure is day of year.
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Figure 1. The Inner Temperature Changing
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Figure 2. The Outer Temperature Changing

The outer temperature changing in all year is illustrated
in Figure 2. The lowest temperature (around -5°C) was
observed at the end of year. The highest temperature was
measured in June around 30 °C. In addition, soil
temperature changing is directly shown in Figure 3. The
trend of the temperature is similar of the inner and outer
temperature. In addition, it is higher than the others and
more smoothed.
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Figure 3. The Soil Temperature Changing

In addition, the energy consumption graphics in a year is
given in Figure 4. Depending on temperatures of inner,
outer and soil, energy consumption was fluctuated.
Temperature control unit was kept 20°C that is optimum
level of the plant. This value was defined by growers.
Energy consumption during winter days is higher than
summer days. The highest consumption was measured at
the end of year and the temperature was under zero.
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Energy Consumption
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Figure 4. Energy Consumption Changing

Beside of these figures, actual temperature values and
especially actual energy consumption values are given
for a year. If these energy consumption values are known
at one year ago, energy saving can be realized according
to temperature values.

3. ANN (Artificial Neural Network)

ANNs are the most widely implemented methods in
forecasting energy consumption. In last decades, ANN’s
have been used for load and consumption modeling,
prediction and forecasting, because of their ability to
learn complex, non-linear functions with memory.

They operate like a “‘black box’’ model, and require no
detailed information about the system. Instead, they learn
the relationship between the input parameters and the
controlled and uncontrolled variables by studying
previously recorded data, in a way similar to how a non-
linear regression might be performed. Another advantage
of using ANNSs is their ability to handle large and
complex systems with many interrelated parameters [12].
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Figure 5. ANN architecture used in the proposed method

The proposed ANN architecture is given in Figure 5. The
model has three layers as input, hidden and output. Inner,
outer, soil and target temperatures were selected for input
data. The output data is energy consumption for
temperature control of greenhouse. Different algorithms
and number of hidden layers were performed. The best
results were obtained by ten hidden neurons with
Levenberg—Marquardt algorithm.

The consumption of the temperature control units at the
end of the day was measured and saved. Inner, outer and
soil temperature were achieved by Turkish State
Meteorological Service.

In this study, 365 experimental data sets were measured
for the training and testing data. The ratio for training,

validation and testing data was selected as 70%, 15% and
15%, respectively. The validation and testing data were
selected randomly. The use of the proposed ANN has
been implemented in MATLAB.

4. RESULTS
The overview of ANN are presented in Figure 6. The
network structure of the ANN is 4-10-10-1. The training
algorithm is Levenberg—Marquardt algorithm. The target
error value is evaluated by Mean Squared Error (MSE).
The number of the maximum algorithm for learning
process is one thousand. The calculation formula of the
MSE is given below.
18 N
MSE = —Z|Yk — Yk
n\a

2

1)

where, Yk and Y represent actual and predicted kth
value, respectively, in other words error of the ANN
prediction. The MSE calculated squared error with
dividing number of the samples.

The number of training, validation and test are 255, 55,
and 55, respectively. The result assessments of the ANN
with MSE and correlation coefficient (R) of training,
validation and testing are given in Figure 7. The R-values
for all data are close to one. The result of MSEs are
around 22, 26 and 49 for training, validation and test,
respectively. The output value of ANN is energy
consumption and its maximum value is around 8000
kWh. These MSEs are expected range for this
consumption data.

Neural Network

5 {Eel) fol 5

Algorithms

Data Division: Random (dividerand)
Training: Levenberg-Marguardt (rainim)
Performance:  Mean Squared Error {mse)
Calculations:  MEX

Progress

Epoch: 0 652 iterations 1000
Time: 0:00:01

Performance: 1.38e+07 223 [| 000
Gradient: 4.882+07 1.25e+03 | | 1.00e-07
Mu: 0.00100 1,00 1.00e+10
Validation Checks: 0 ] 6

Figure 6. ANN results for proposed system

Results

& samples = MsE #Rr
W Training: 255 2266635e-0 9.99992e-1
@ validation: 55 25,92334e-0 9.89992e-1
W Testing: 55 49.04901e-0 9.99983e-1

Figure 7. Error value of the ANN
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In Figure 8, error-changing graph of the validation, train
and test are given versus Epochs. The best results were
kept at the epoch 646. The loop was stopped with
evaluation of the validation data. After learning process,
the performance of the ANN was calculated with 55
number of testing data. The learning loop of the ANN
was stopped 652th iteration for the best validation
performance.

Best Validation Performance is 25.9233 at epoch 646
10

Train
Validation
Test

Best

10*

Mean Squared Error (mse)

0 100 200 300 400 500 600
652 Epochs

Figure 8. MSE value vs epochs

R-squared is a statistical measure of how close the data
are to the fitted regression line. It measures the strength
and direction of a linear relationship between actual and
predicted. The result of R is very close to one means good
prediction.

The graphs of (R) for training, validation, test and all are
given in Figure 9. It is divided to four section for analysis
of training, validation, test and all data. The graphs are
obtained for output value is energy consumption. For per
graphs, linear regression and Y=T line are graphed,
predicted data are dotted. It is expected that predicted
data be on the linear lines.
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Figure 9. Result of the coefficient of determination

4. CONCLUSION AND FUTURE WORK

The most important part of the smart grid applications is
prediction of energy consumption. In this study artificial
neural network based, prediction of energy consumption
was studied and modelled depending on temperature of
inner, outer and soil. The data was measured and used for
the temperature control of a greenhouse. The results
show that energy load modeling has correlation with the
temperature of inner, outer and soil was realized and R-
values were very close to one. Temperatures and energy
consumption are strongly correlated with developed
model.

The main aim of the study is to find solution for the
energy planning and organization for the next day. This
model helps to predict energy demand at the rural
(agricultural) area. In addition, it provides to predict
energy demand of a greenhouse with temperature
information for growers.
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