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ABSTRACT 

 
In addition to the application of modern culti-

vation techniques and technological solutions, plant 
quality and yield can be increased through heating in 
a greenhouse during the cold winter months. Within 
a greenhouse heating system, the greenhouse heat re-
quirement is the most important parameter for effi-
cient operation. Calculations of the heat requirement 
should take into consideration the long-term average 
temperature and the regional climatic conditions. 
Based on these calculations, the greenhouse heating 
system power and production costs can be predicted. 

In this study, an artificial neural network 
(ANN) model which can be used for planning, feasi-
bility studies, and automation systems was devel-
oped to estimate the heat requirement of modern 
greenhouses. In this model, the performance of the 
activation and training algorithms was determined 
with the aim to provide heat requirement estimates 
that are close to actual consumption values. 

The fuel consumption data from a commercial 
greenhouse operation in Adana for the 2015 produc-
tion year and climatic data from an official meteoro-
logical station were used to test the model. By com-
paring different activation functions and training al-
gorithms, the most suitable algorithm for the model 
was able to be determined. A total of eight models 
were then created and their performances compared 
statistically. As a result, a model that was able to pro-
duce estimates that were very close to the actual fuel 
consumption was developed. 
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INTRODUCTION 
 
Artificial intelligence (AI) can be defined as the 

mathematical imitation of the learning and decision-
making characteristics of the human brain. Various 
models have been employed in artificial intelligence 
applications; one of these is artificial neural net-
works (ANNs), an AI system that provides a 

mathematical analysis of everyday problems using 
algorithms based on the human brain. An ANN is a 
black box model that consisting of input-output pa-
rameters and the relationships between them. This 
model does not consider the input, output, causes. 
Cognitive scientists and neuroscientists aim to un-
derstand the functioning of the brain; to achieve this, 
they build models of neural networks and conduct 
simulation studies. However, artificial intelligence is 
a component of computer science and the primary 
objective here is to build useful systems, as in any 
domain of engineering [1]. 

In its most general form, a neural network is a 
machine that is designed to model the way in which 
the brain performs a particular task or function of in-
terest; the network is usually implemented by using 
electronic components or is simulated in software on 
a digital computer [2]. Machine learning is the act of 
programming computers in a way that optimizes a 
performance criterion using example data or past ex-
perience [1]. The main attraction of troubleshooting 
using ANNs is the ability to generalize learning and 
learned information. The ability to engage in net-
work capacity learning with a small set of samples 
and the provision of consistent answers for unknown 
data is proof that ANN's abilities have gone beyond 
mapping only the input and output relationships. 
ANNs can remove information that is not expressly 
granted by the samples.  

In previous applications, ANNs have been em-
ployed to generate hourly temperature estimates [3], 
recognize species of butterflies and insects [4, 5], de-
termine precipitation and spatial distributions [6], 
predict natural disasters using climate data [7], pre-
dict soil temperatures in different regions and at dif-
ferent depths [8], estimate water levels in lakes using 
hydrological data [9], classify farmland [10], esti-
mate the yield of crops [11], completion of missing 
data in soil property measurement data [12], spatially 
model soil salinity using wetness indices [13], con-
trol weeds in sugar beet crops using an intelligent 
spraying robot based on image processing [14], de-
termine the level of underground water [15, 16], pre-
dict the number of flowers in fruit trees [17], predict 
fungal infections in pumpkin plants [18], predict ni-
trate pollution in groundwater [19], classify the ma-
turity of tomatoes [20], estimate the impact of herbal 
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production on annual gross national turnover using 
climate data [21], classify cultivated land based on 
unmanned aerial images [22], evaluate water and en-
ergy cycles through the monitoring of long-term me-
teorological variables such as precipitation, air tem-
perature, proportional and absolute humidity, air 
pressure, wind velocity, and shortwave radiation 
[23], determine sowing patterns using images ob-
tained by remote sensing [24, 25], predict solar radi-
ation [26], estimate evapotranspiration [27], evaluate 
drought reduction options [28], predict and warn of 
frost in greenhouses [29], estimate tractor fuel con-
sumption [30], estimate the amount of energy con-
sumed in agricultural production and the production 
of greenhouse gas emissions [31], and identify soil 
erosion classes and determine sensitivity to erosion 
[32, 33].  

In the agricultural sector, greenhouses are the 
farming activity that has the highest energy require-
ments per unit area. Greenhouses are also desirable 
to be structurally durable [34]. If there is not enough 
insulation in a heated greenhouse, more heat energy 
will be needed during cold periods. For example, the 
regular heating costs of heat-protected greenhouses 
on the Mediterranean coastline account for 20% of 
overall production costs [35]. 

The greenhouse heat requirement is calculated 
according to European Union standards depending 
on the size and type of greenhouse, the equipment 
used, and the temperature required for the plants. 
However, there are different methods to determine 
the heat energy requirement in greenhouses [35]. 
Canakci, et al. [36] calculated the heat energy re-
quirement for Antalya by taking into consideration 
the temperature averages at night and the night 
length, while Damrath and Klein [37] calculated the 
heat energy requirement for Trier (Germany) using 
hourly values. Damrath [38] also determined the av-
erage of the temperature values over many years to 
calculate the annual heat energy requirement.  

The average temperature is also used to calcu-
late the heat energy requirement in greenhouses. 
However, during transition periods where average 
temperature is high and the temperature is kept low 
in the greenhouse, calculations using average tem-
perature provide incorrect results [39]. For example, 
if the average outside temperature is 16 °C and the 
target greenhouse temperature is set at 16 °C, it could 
be concluded that the greenhouse does not need heat-
ing. However, the greenhouse temperature may be 
below or above the average of 16 °C. Therefore, it 
can be calculated that heat energy is not needed even 
though heating is needed at certain times of the day 
when the temperature is high [35]. 

Von Zabeltitz [40] reported the heat energy re-
quirement for plastic greenhouses in the Mediterra-
nean countries, using the method reported by 
Hallaire [41], determining the lowest temperature 
values and the day length values depending on the 
latitude of the region and finding that the heat energy 

requirement of a greenhouse can be calculated most 
accurately from hourly climatic measures. 

Depending on the characteristics of the green-
house, some solar energy is stored in the greenhouse. 
Heat energy stored throughout the day causes the 
temperature to rise in the greenhouse. Therefore, tak-
ing into consideration the heat storage properties of 
a greenhouse in the calculations for the daytime and 
nighttime, the rise of temperature in the series to be 
taken into consideration also provides more accurate 
results [42, 43].   

In addition to many different parameters need 
to be taken into consideration when calculating the 
greenhouse heat requirement such as energy lost 
from the greenhouse, heat gain of the greenhouse, 
energy exchange resulting from the cultural activi-
ties. In order to simplify this process, an ANN model 
can be developed. 

In this study, the temperature, relative humid-
ity, and fuel consumption were measured for a com-
mercial greenhouse operation in the province of 
Adana for the 2015 production year. Meteorological 
data for the region was used as input for an ANN 
model. The main objective was to determine the op-
timal ANN transfer function and to develop a model 
for the greenhouse heat requirement for Adana cli-
mate conditions. 

 
 

MATERIALS AND METHODS 
 
The research was conducted in a 20.160 m2 

plastic-covered modern commercial greenhouse in 
Adana. The roof of the greenhouse was single-layer 
PE plastic (200 µm) and the side walls were covered 
with double-layer polycarbonate (PC 10 mm). The 
dimensions of the greenhouse are given in Table 1. 

 
TABLE 1 

Dimensions of the greenhouse used in the study 
Dimensions Value Unit 

Span number 21 pieces 
Span width 9.60 m 
Length 100.00 m 
Side wall height 5.00 m 
Roof height 2.50 m 
Ridge height  7.50 m 
Side wall area  1000.00 m2 
Roof area 23617.76 m2 
Cover area 27340.32 m2 
Ground area 20160.00 m2 
AH/AG 1.36 - 

 
The plastic greenhouse where the research was 

carried out is regularly heated by a coal boiler. The 
greenhouse heating pipes are 51 mm in diameter and 
located in plant rows and close to the greenhouse 
base. The fuel consumed during the production pe-
riod (lignite coal) was recorded daily in kg and, for 
the energy conversion, the lower heat value of the 
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coal was 8.14 kWh kg-1.  The greenhouse tempera-
ture was controlled by regulating the water tempera-
ture using three-way distributor valves. In the green-
house, tomatoes were grown in a soil-free culture at 
a density of 2.5 seedlings per square meter. Irrigation 
was conducted automatically using spaghetti drip-
pers for each seedling. XLS 15 thermal screens 
(Ludwig Svensonn) were used for the conservation 
of heat energy within the greenhouse. The thermal 
screens were closed when solar radiation was 0 
W/m2 and gradually opened over the course of 30 
minutes following sunrise.  Outside climatic varia-
bles and the temperature, humidity, and solar radia-
tion in the greenhouse were recorded as hourly aver-
ages. The greenhouse temperature was held at 16 °C 
using the control elements based on the measured 
climatic values. An official meteorological station 
(Adana 35 E 18; 37 N 01) was used for hourly tem-
perature, solar radiation, and wind velocity measure-
ments.   

Traditionally, the greenhouse heat requirement 
is calculated according to the energy balance of the 
greenhouse. In other words, the energy gains and 
losses of the greenhouse are calculated then the 
amount of heat energy required for the desired inter-
nal temperature to be reached is determined. Accord-
ingly, the greenhouse heat energy requirement can 
be calculated according to Equation 1, given by [35]: 

 
𝑄 = ∑ $%&𝜗() − 𝜗(,,-) − ∆𝜗/0)1 ∗ 𝑘4

5 ∗ 𝐴- ∗789:
;<=

(1 − 𝐸𝐸A/)C ∗ 𝑡/(E            (1) 

where Q is the heat energy (Wh), 𝜗( is the in-
door temperature (oC), 𝜗(,,-  is the actual temperature 
in the unheated greenhouse (oC), ∆𝜗/0 is the temper-
ature rise due to the features of the greenhouse (oC), 
𝑘45  is the overall heat requirement coefficient of the 
cover material (W m-2 K-1),  𝐴- is the surface area of 
the greenhouse cover (m2),  𝐸𝐸A/ is the heat savings 
from the thermal screens, n is the hours of the year, 
and 𝑡/( is the time period (1 h). 

The temperature rise (𝜗(,FG) in an unventilated 
and unheated greenhouse is calculated according to 
Equation 2 [39, 44]: 

 

𝜗(,FG =
HIJ∗KI∗ ∗LM

NOP ∗(=QAARJ)∗ST
+ 𝜗4          (2) 

where 𝜗(,FG is the theoretical temperature in 
non-ventilated and non-heated greenhouse (°C), 𝑞W/ 
is the solar radiation (W m-2), 𝐷W is the transmittance 
of the cover material (%), η is the solar energy con-
version factor (standard=0.7), AZ is the greenhouse 
floor area (m2) and 𝜗4 is the outside temperature 
(°C). 

While determining the input parameters for the 
ANN, it is necessary to analyze the effect of the input 
parameters on the output value of the proposed 

model [45]. For this purpose, the influences on the 
heat flux and the greenhouse heat balance [46] are 
summarized in Figure 1. 

 

 
FIGURE 1 

Parameters that affect the indoor temperature of 
a greenhouse 

 
As shown in Figure 1, the greenhouse indoor 

temperature is influenced by air exchange, the out-
door air temperature, solar radiation, heating, venti-
lation, and wind. The ventilation rate is not used as 
an input parameter in the ANN model because ven-
tilation cannot occur during active heating. Wind 
speeds were tested as an input parameter for the 
ANN model because heat losses from the surface of 
the greenhouse depend on the wind speed. In ANN 
applications, a multi-layer structure is widely used. 
The values are passed through an input layer, pro-
cessed in a hidden layer, and forwarded to an output 
layer [45]. Without the hidden layer, a sensor can 
only perform linear tasks.  

Figure 2 presents the general structure of the 
network tested in this paper. In most cases, ANN in-
put and output parameters will have significantly dif-
ferent values. Log-sigmoid and tan-sigmoid activa-
tion functions are sensitive within the ranges [0,1] 
and [-1,1], respectively. Therefore, it is recom-
mended that input and output data be scaled to avoid 
neuronal saturation. Scaling the data from the origi-
nal range to the normalized range ([0,1] or [-1,1]) in 
accordance with the selected neuron transfer func-
tion is known as preprocessing. Both the input and 
output data must be normalized before network 
training [45]. 

The data used in the model was normalized ac-
cording to Equation 3: 

 

𝑋𝑛 =
&]Q]^_))1	×	b

]^OcQ]^_)
+ 𝑟e(;            (3) 

where 𝑥 is the value to be normalized, 𝑥e(;	and 
𝑥e4]	are the minimum and maximum values of the 
data set, respectively, 𝑟 is the normalization range, 
and 𝑟e(;	is the initial value of the normalization 
range. 

 
 

h

Greenhouse 
temperature 

Heating 

Ventilation 
Wind 

Air ex-
change 

Solar radiation 

Temperature 

Condensation 
(Latent heat) 
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FIGURE 2 

The structure of the proposed feed-forward ANN model 
 

TABLE 2 
The ANN model parameters 

Parameters Value 
Input 6 
Hidden layer 1 
Number of neurons in the hidden layer 6 
Output 1 
Training algorithm Levenberg-Marquardt (trainlm) 
Training cycle 2000 
Hidden layer activation function Hyperbolic tangent sigmoid (tansig) 
Output layer activation function Linear (purelin) 

 
 

A multilayer feed-forward neuron network was 
used in the model. The ANN model parameters are 
given in Table 2. The MATLAB software package 
[47] was used to train the ANN model. Demuth and 
Beale [47] have recommended the use of the sigmoid 
hidden layer activation function, which produces a 
linear output. Therefore, in this study, sigmoid acti-
vation functions were tested. During the production 
season, 144 days were heated. Of these, 85 were used 
to develop the model. In total, 70% of the input data 
was used to train the ANN model, and 30% was used 
for verification and testing.  

In the ANN model, the estimated fuel con-
sumption is calculated according to Equation 4: 

 
𝑄 = ∑ ( g

=hijk&l_1
− 1) × 𝑙(N

(<= + 	𝜃,          (4) 
where 𝑘 is the number of neurons in the hidden 

layer, 𝑙( is the weight vector of the connections be-
tween the hidden and output layer,  𝜃  is the output 
layer bias (threshold), and 𝑁( is the calculated neuron 
value. 

In this study, sigmoid (logsig) and tangent hy-
perbolic sigmoid (tansig) activation functions in the 
hidden layer and a linear (purelin) activation func-
tion in the output layer were used. The general form 
of these activation functions are as follows: 

 

𝑓(𝑥) = =
=hijc

                                                                          (5) 

𝑓(𝑥) = % g
=hijkc

C − 1                                                           (6) 
𝑓(𝑥) = 𝑥 .                                                                 (7) 

The tansig transfer function (Equation 6) used 
in ANN applications is associated with a bipolar sig-
moid with an output between -1 and +1, and this is 
mathematically equivalent to tanh (x). Although 
there are very small numerical differences in the re-
sults, this function is faster. Therefore, it is a suitable 
option for neural networks where speed is more im-
portant than the exact form of the transfer function 
[48]. 

In an ANN model, the value of the neurons in 
the hidden layer is determined by adding the bias 
(threshold) to the weighted totals of the input vec-
tors. This is expressed in Equation 8: 

 
𝑁 = ∑ 𝑥( ×;

(<= 𝑤( + 𝜃(,                                         (8) 
where 𝑛 is the input parameter number, 𝑤( is 

the input vector of the connections between the input 
and hidden layer, 𝑥( is the input vector, and, 𝜃( is the 
bias (threshold) of the first neuron in the hidden 
layer. 

Ten different training algorithms for the log-
sigmoid and tan-sigmoid activation functions were 
tested to determine the optimal activation function 
for the ANN model. In the tests, fuel consumption 

Input layer Hidden layer Output layer 

Heat requirement 1- Daily max temperature 

3- Inside temperature 
4- Wind speed/Relative humidity 
5- Vapor pressure 
6- Solar radiation 

2- Daily min temperature 

Bias 
Bias 
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was used as the output parameter with one hidden 
layer and six input parameters. The maximum num-
ber of iterations was 1000, the error value was 
0.00001, and the epoch value was 100. 

After determining the optimal activation func-
tion and training algorithm, eight different models 
were created. In these models, climatic parameters 
such as ambient temperature, wind velocity, propor-
tional humidity, solar radiation, and steam pressure 
were used in different combinations as input vectors. 
The training cycle was repeated 2000 times for each 
model. At the end of the training cycle, the model 
with the smallest mean square error (MSE) was cho-
sen as the best performing model. The best perfor-
mance model was then determined by comparing the 
root mean square error (RMSE), mean absolute per-
centage error (MAPE), mean absolute error (MAE), 
and determination coefficient (R2) for the eight mod-
els. Accordingly, the model with a higher R2 (Equa-
tion 10) and lower RMSE (Equation 9) and MAE 
(Equation 12) was chosen as the optimal model.  

 

RMSE = v∑ &wx,y	j	wx,z1
k{

x|}
~

                        (9) 

Rg = 1 −
∑ &wx,y	Qwx,z1

k{
x|}

∑ &wx,y	Qw�1
k{

x|}
                      (10) 

MAPE = =
~
	
∑ �

(�x,y	j�x,z)
�x,y	

�{
x|} 	

;
                     (11) 

MAE = =
~
	∑ �X�,L	 − X�,��~

�<=                      (12) 
 

In the equations above, 𝑛 represents the number 
of observations, X�,�	 is the predicted output value, 
X�,L	 is the actual fuel consumption value, and X�		is 
the mean of the actual fuel consumption. MATLAB 
7.12.0 software was used for the analysis on a com-
puter running the Microsoft Windows 10 operating 
system with a 2.53 GHz Intel i5 CPU and 6 GB of 
RAM. 

 
 

RESULTS AND DISCUSSION 
 
In this study, the daily fuel consumption and 

climatic values for the 2015 growing season were 
used.  According to the fuel consumption data (Fig-
ure 3), heating took place on 144 days between No-
vember 8, 2014 and March 31, 2015.  

The results of the tests performed to determine 
the optimal activation function for the ANN model 
are provided in Tables 3 and 4. 

For the log-sigmoid transfer function (Table 3), 
the most suitable training algorithm was the Leven-
berg-Marquardt (trainlm), which had the lowest 
RMSE and highest R². This algorithm is a modified 
Gauss-Newton algorithm that has been successfully 
used to solve non-linear smallest squares problems, 
including neural network training. In each iteration, 
it significantly outperforms variations with higher 
computational and memory requirements, basic 
back-propagation, and variable learning rates (e.g., 
education accuracy, convergence characteristics, 
general training period [49]. 

 

 
FIGURE 3 

Fuel consumption for the greenhouse under investigation 
 

TABLE 3 
The performance of the training algorithms employing the log-sigmoid transfer function 

Function RMSE R² Duration (s) Number of iterations 
Trainlm 0.20376 0.6752 1 229 
Trainrp 0.21395 0.6065 1 290 
Traingdm 0.24856 0.2396 26 25000 
Traincgp 0.21858 0.5866 1 216 
Trainscg 0.22713 0.4157 1 266 
Trainbfg 0.21340 0.5484 1 344 
Traincgb 0.21601 0.5841 1 258 
Trainoss 0.21576 0.5836 1 365 
Traincgf 0.23411 0.5101 1 290 
Traingdx 0.21897 0.5384 1 773 
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TABLE 4 
The performance of training algorithms employing the tan-sigmoid transfer function 

Function RMSE R² Duration (s) Number of iterations 
Trainlm 0.11059 0.8350 1 208 
Trainrp 0.11385 0.8239 1 333 
Traingdm 0.13650 0.7491 27 25000 
Traincgp 0.15038 0.6918 1 209 
Trainscg 0.14466 0.7333 1 225 
Trainbfg 0.14239 0.7235 1 232 
Traincgb 0.13313 0.7698 1 242 
Trainoss 0.11556 0.8213 1 326 
Traincgf 0.14502 0.7156 1 222 
Traingdx 0.16217 0.6443 1 334 

 
TABLE 5 

Performance of the model according to the number of hidden layers 
Number of hidden layers  RMSE R² 

Single layer 

Training 0.06202 0.9411 
Validation 0.14293 0.8212 

Test 0.16358 0.6777 
All* 0.09543 0.8658 

Two layers 

Training 0.06695 0.9454 
Validation 0.15190 0.7869 

Test 0.13640 0.5718 
All 0.09968 0.8651 

Three layers 

Training 0.03837 0.9791 
Validation 0.16430 0.713 

Test 0.21500 0.6668 
All 0.11050 0.8501 

 
In Table 4, the performances of 10 training al-

gorithms using the tan-sigmoid transfer function are 
summarized. It can be observed that the optimal 
training algorithm is trainlm, which has the lowest 
RMSE and the highest R². When both transfer func-
tions are evaluated together, the most suitable trans-
fer function is tan-sigmoid, and the most suitable 
training algorithm is trainlm. The effect of increas-
ing the number of hidden layers on the performance 
of the model was then tested using the tan-sigmoid 
transfer function and the trainlm training algorithm; 
the resulting RMSE and R² values are given in Table 
5. It was found that increasing the number of hidden 
layers had no effect on the performance of the model. 
The best performance was observed in the single-
layer model with six neurons.  

The relationship between fuel consumption and 
the values used as input parameters is very important 
for the success of the model.  

Figure 4 presents the regression graphs used to 
determine the relationship between the input and 
output parameters. 

The R² for the relationships between fuel con-
sumption and indoor temperature, daily minimum 
temperature, and atmospheric vapor pressure were 
0.43, 0.35, and 0.30, respectively, while the R² for 
the relationship between fuel consumption and at-
mospheric relative humidity, solar radiation, and 
wind speed was 0.0005, 0.0266, and 0.0016, 

respectively. Descriptive statistics for the data set 
used for the ANN model are provided in Table 6, 
while the correlation analysis results for fuel con-
sumption and other input parameters are summa-
rized in Table 7. 

According to these values, the climatic param-
eters that had the most significant effect on fuel con-
sumption were daily minimum temperature, atmos-
pheric vapor pressure, and daily maximum tempera-
ture value (P<0.01). The correlations between green-
house fuel consumption and solar radiation and 
greenhouse indoor ambient temperature were also 
significant (P<0.05), while the correlations with out-
door ambient relative humidity and wind speed val-
ues were not significant (P>0.05).  

The effect of some input parameters on fuel 
consumption may have been low due to the effective 
thermal insulation, the use of thermal screens, and 
the maximum wind speed in the region of 3 m/s. In-
deed, Tantau [50] found that, for well-insulated 
greenhouses, wind has no effect on the heat require-
ment. In the proposed ANN model, using only the 
temperature parameters and vapor pressure as input 
parameters would be sufficient. However, to im-
prove model performance, eight different models 
were created using all of the climatic parameters 
mentioned above and their performances compared. 
The results of these models are summarized in         
Table 8.  
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FIGURE 4 

Relationships between key input and output parameters 
 

TABLE 6 
Descriptive statistics for the data set used in the study 

Parameters Minimum Maximum Average Std. dev. 
Daily maximum temperature (°C) 5.20 27.00 17.61 4.52 
Daily minimum temperature (°C) -3.20 15.10 7.30 4.05 
Indoor temperature (°C) 13.85 22.45 17.21 1.21 
Solar radiation (W/m²) 21.10 329.80 184.11 81.95 
Relative humidity (%) 32.64 91.92 69.02 14.23 
Vapor pressure (hPa) 2.40 14.20 9.73 2.44 
Average wind speed (m/s) 0.80 3.00 1.41 0.46 
Heat consumption (kWh/m²) 0.08 1.24 0.62 0.27 

 
TABLE 7 

Correlation analysis for the input and output parameters used in the ANN model 

(** P<0.001) 
Daily  

maximum 
temperature 

Daily  
minimum  

temperature 

Indoor  
temperature 

Solar  
radiation 

Relative  
humidity 

Vapor  
pressure 

Average  
wind speed 

Pearson correlation 
coefficient -0.439** -0.698** -0.245* 0.219* -0.098 -0.640** -0.005 

Sig. (2-tailed) 0.000 0.000 0.024 0.044 0.373 0.000 0.962 
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TABLE 8 
ANN model results (best of the 2000-run cycle) 

Model Independent variables R2 RMSE MAPE 

M1 Daily minimum temperature 
Indoor temperature 0.666 0.2677 25.5 

M2 
Daily minimum temperature 
Indoor temperature 
Vapor pressure 

0.773 0.2207 21.3 

M3 
Daily maximum temperature 
Indoor temperature 
Vapor pressure 

0.845 0.1827 15.9 

M4 

Daily minimum temperature 
Daily maximum temperature 
Indoor temperature 
Solar radiation 

0.797 0.2094 24 

M5 

Daily minimum temperature 
Daily maximum temperature 
Indoor temperature 
Solar radiation 
Relative humidity 

0.874 0.165 13.4 

M6 

Daily minimum temperature 
Daily maximum temperature 
Indoor temperature 
Solar radiation 
Vapor pressure 

0.899 0.1485 13.4 

M7 (*) 

Daily minimum temperature 
Daily maximum temperature 
Indoor temperature 
Solar radiation 
Vapor pressure 
Relative humidity 

0.945 0.1106 10.7 

M8 

Daily minimum temperature 
Daily maximum temperature 
Indoor temperature 
Solar radiation 
Vapor pressure 
Average wind speed 

0.893 0.1534 18.2 

 
TABLE 9 

The results of the ANN model 
 Train. Valid. Test All 

RMSE 0.103 0.129 0.122 0.111 
MAPE (%) 9.118 13.719 14.609 10.662 

MAE 0.045 0.056 0.058 0.049 
R2 0.947 0.929 0.947 0.945 

 
 

As shown in Table 8, the M7 model, which was 
built using six inputs and the single output network 
structure presented in Figure 2, produced the best 
performance. Although the effects of relative humid-
ity and solar radiation on fuel consumption are sta-
tistically very low (Table 7), the use of these param-
eters increased the performance of the model. The 
detailed results of the M7 model for the training, val-
idation, and test data sets are given in Table 9, show-
ing that its performance falls within acceptable lim-
its.  

The regression graphs of the estimated values 
found in the testing, training and verification stages 
of the model and the actual fuel consumption values 
are presented in Figure 5 and the actual and predicted 
greenhouse fuel consumption values are presented in 
Figure 6. 

The weights for the input values used to calcu-
late the neuron values between the input layer and 
the hidden layer are given in Table 10, while the 
weight values between the hidden layer and the out-
put layer are given in Table 11. 
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FIGURE 5 

ANN model results 
 

 
FIGURE 6 

Actual and predicted greenhouse heat consumption 
 

TABLE 10 
Weight values between the input and hidden layers 

 Weights 
Neurons in the input layer (i) W1i W2i W3i W4i W5i W6i Bias1 

1 -10.278 8.342 -28.792 -9.804 10.979 -7.673 -3.069 
2 10.973 -1.985 24.011 -3.670 3.131 14.297 -4.714 
3 19.052 -2.395 -14.309 -16.908 -20.005 11.510 -9.050 
4 5.260 1.967 3.575 -0.488 9.229 -10.402 -2.256 
5 0.840 -0.397 1.165 -0.045 -1.181 0.775 1.090 
6 1.554 4.359 -16.987 -3.415 2.603 -8.274 -10.906 

 
TABLE 11 

Weight values between the hidden and output layers 
Neurons in the input layer (i) Weights (Wi) 

1 0.3276 
2 -0.2724 
3 -0.2716 
4 0.6206 
5 1.1833 
6 0.7517 

Bias2 0.1856 
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The weight values in Tables 10 and 11 and the 
output activations obtained from Equation 8 are 
given in Equations 13-18. According to these results, 
the model for estimating fuel consumption is given 
in Equation 19. The input and output (i.e., fuel con-
sumption estimation) values must be normalized us-
ing Equation 3. 

 
N₁ = -10,278X₁+8,342X₂-28,792X₃-
9,804X₄+10,979X₅-7,673X₆-3,069                      (13) 
N₂ = 10,973X₁-1,985X₂+24,011X₃-
3,67X₄+3,131X₅+14,297X₆-4,714                       (14) 
N₃ = 19,052X₁-2,395X₂-14,309X₃-16,908X₄-
20,005X₅+11,51X₆-9,05                                      (15) 
N₄ = 5,26X₁+1,967X₂+3,575X₃-0,488X₄+9,229X₅-
10,402X₆-2,256                                                   (16) 
N₅ = 0,84X₁-0,397X₂+1,165X₃-0,045X₄-
1,181X₅+0,775X₆+1,09                                      (17) 
N₆ = 1,554X₁+4,359X₂-16,987X₃-
3,415X₄+2,603X₅-8,274X₆-10,906                       (18) 

Equation 19 is obtained by replacing the output 
activations in accordance with Equation 4. The 
greenhouse heat requirement estimate can then be 
calculated using Equation 19: 

 
𝑄 = $% g

=hijk(l})
− 1C ∗ 0.3276 + % g

=hijk(lk)
− 1C ∗

−0.2724 + % g
=hijk(l�)

− 1C ∗ −0.2716 +

% g
=hijk(l�)

− 1C ∗ 0.6206 + % g
=hijk(l�)

− 1C ∗

1.1833 + % g
=hijk(l�)

− 1C ∗ 0.7517 + 0.1856E
                                  (19) 
 
 
CONCLUSION 
 

In this study, a prediction model for fuel con-
sumption in a soilless tomato greenhouse was devel-
oped for the province of Adana using regional mete-
orological climatic data. An ANN model, variations 
of which have been successfully applied in many ar-
eas, can be used to estimate the greenhouse heat re-
quirement. By adapting this method to specific 
greenhouse automation and control systems, it may 
be possible to both optimize fuel savings and plant 
climatic requirements. However, depending on the 
type of input data used, the proposed ANN model 
may not be valid in greenhouses with various spatial 
and structural arrangements. Therefore, heat require-
ment estimation models can be developed for green-
houses of different types or characteristics by fol-
lowing the methodology of this study. 
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