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Abstract
The main purpose of this research is maximum temperature prediction using neural network techniques. For this purpose, 70% of
the data were allocated for network training and 30% of the data were devoted for testing and validation. The most appropriate
neural network structure for predicting Tehran maximum winter temperature is a model with three neurons in the input layer, and
a hidden layer with 9 neurons and the use of a hyperbolic tangent function in the hidden layer, that is, 3–9-1 arrangement in which
the root mean of square error, correlation coefficient and the mean of absolute error for the training phase and the testing phase are
respectively 0.001, 0.997, 0.61 and 0.104, 0.997, 0.311. The determination coefficient and correlation coefficients for both
training and testing periods equal 0.99 and 0.99 and the correlation coefficient is significant at the level of 1%.
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1 Introduction

The process of climate change, particularly changes in tem-
perature and rainfall is the most important issue in the field of
environmental sciences. Climate change has increasing im-
portance due to its scientific and practical aspects (environ-
mental, economic-social impacts). The earth temperature
change in the report of the Intergovernmental Panel on
Climate Change has been calculated between 0.3 to 0.6 °C
for 1900 to 1995 (Intergovernmental Panel on Climate
Change, 2001). Most climatologists believe the main reason
for the increase in temperature of the Earth is human activity,
which through excessive increase in greenhouse gases in-
creases the temperature of the planet in the last century
(Alijani 2011).

Shumway et al. (1988) also showed that temperature has a
major role in Los Angeles death rate. The stressful effect of
climate on death rate (mortality) has been proved which
means that the farther the temperature from the human com-
fort zone, the further the stress, resulting in increased death
rate (Marmor 1975; Ramlow et al., 1990). A significant rela-
tionship has been determined between temperature and death
rate for some world cities. Deaths that are directly related to
the temperature such as increased body temperature can be the
result of cardio-respiratory diseases or poor functioning of the
vessels that transfer nutrients and blood to the body (Kalkstein
1991; Martens 1998).

Since climate has a wonderful effect on human’s social and
individual life, climatic weather forecast is performed based on
current and predicted values of atmospheric parameters
(Teshnehlab & Monshi., 2003). The role of maximum temper-
ature is quite clear in increasing the evaporation and transpira-
tion, reduction of surface and underground water, the spread of
various diseases, forest fires, the process of melting glaciers,
and drought and water shortages in other areas (Hosseini,
2009). Significant changes in global temperatures or global
warming are considered as the most important aspects of cli-
mate change in the present century. If estimating and predicting
methods have enough accuracy, they can be used in planning
and management (Karamooz et al. 2006). High temperature
can also cause many disasters in road transportation. Direct
impact on the vehicle through evaporation of gasoline and wa-
ter (Keay and Simonda 2005) and driver fatigue (Eriksoon and
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Lindqvist 2003) are among these cases. Nowadays, one of the
efficient methods that has many uses in the science of climate is
the artificial neural networks. According to the researchers, its
power and high-speed in simulating the processes that are not
properly understood or checking them with other methods is
time-consuming and difficult is the main reason for its accep-
tance and growing use. Generally, it can be said that artificial
neural network is a high-capability robust model that can be
positively viewed on climate and hydrological issues.
Specially, this network can extract the law the data even the
noisy data (Dehghani and Ahmadi 2008).

Jain (2003) predicted the temperature of South Georgia for
the next one to twelve hours using the artificial neural network.
Rahman and Mohandas (2008) showed that neural network
could estimate the solar radiation of Saudi Arabia through
temperature and relative humidity during the statistical
period of 1998 to 2000. Cadenas and Rivera (2009) could
predict wind speed in Lamenta, Osaka, and Mexico for short
periods of time with good precision. Ahmadi (2005) classified
Boushehr rainfall changes using artificial neural network
based on his self-organizing map model (SOM). SoheiliKhah
and Teshnehlab (2004) predicted daily maximum temperature
using a new dynamic structure of neuro-fuzzy network. They
could increase the accuracy of prediction using their self-
proposed algorithm. Rahmani and Teshnehlab (2005) pro-
posed a new structure based on artificial neural network named
TD-CAMC which is an expansion of cerebellum or CAMC
model and used it for predicting dailymaximum andminimum
values. Alijani and Ghavidel Rahimi (2005) predicted and
compared Tabriz annual temperature changes with global
temperature anomalies using artificial neural network and

linear regression. Khosravi et al. (2010) considered the use
of artificial neural network in the field of atmospheric sciences
and calculating climatological parameters. They used variables
such as relative humidity, average wind speed, average hours
of sunshine, and the difference between the average minimum
temperature and the average maximum temperature as
Perceptron multilayer neural network input.

Artificial neural networks are effective tools for modeling
nonlinear systems. Because these networks do not consider
mathematical relationships for complex phenomenon (Kumar
et al. 2002). Today, researchers developed sciences like intel-
ligent methods that are flexible and powerful tool, looking for
ways beyond the usual methods for understanding and fore-
casting important meteorological parameters. Artificial neural
networks are one of themethods able to calculate the arithmetic
and logical functions (Sharma and Bose 2014). Hence, model-
ing of temperature variables is important in water resources
management and agriculture, especially in arid and semi-arid
regions. Due to climate change and global warming in recent
decades and the importance of simulating and forecasting cli-
mate parameters and also given the power and speed of artifi-
cial neural network, this article considers and estimates Tehran
maximum temperature in winter using neural network model.

2 Materials and Methods

2.1 Study Area

Tehran is located in 35 N and 51 E in the southern foothills of
Alborz Mountains (Fig. 1). Tehran’s area is about 800 Km2.

Fig. 1 Position of the studied
station in Tehran city
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City height in south in Mehrabad airport is 1200 m and in
north is 2000 m. Figure 1 shows the area under study.
Monthly data of maximum temperature of Tehran Mehrabad
Synoptic station during the periods of 1951 to 2010 are used in
order to predict winter maximum temperature. Just the men-
tioned Synoptic station has above 50 years, data from other
stations are not used. Concerning the general climate divi-
sions, this region is among semi-arid climate, from June to
August is almost dry, and the rest of the months of the year
is wet. Average annual rainfall and average annual tempera-
ture during a period of 55 years are 333 mm and 17.2 °C
respectively. An important part of rainfall pour during
December to May. Average temperature of January as the
coldest month of the year is 3.3 °C.

In the present paper; monthly average of maximum tem-
perature (Tmax), difference between maximum and minimum
temperatures (Rtempt), sunny hours (n), wind speed (U2),
mean relative humidity (RH mean), and mean temperatures
(T mean) of Tehran Mehrabad synoptic station during the
statistical period of 1951 to 2010 has been used to predict
Tehran maximum temperature in winter. As shown in Fig. 2,
Tehran maximum temperature process is nonlinear. Therefore,
it is not possible to use statistical models applied to predict the
linear processes. To avoid this problem, it is better to use
models that have the predictive ability for nonlinear processes.

With respect to the length of the statistical period used,
70% (43 years) of the statistical period was considered for
network training and 30% (17 years) of this used for the test
period. Qnet 2000 software was used to design the artificial
neural network (ANN). Cross validation method was used in
this research to perform a sensitivity analysis on the results of
the model.

One of the models for forecasting nonlinear processes is
artificial neural networks. Neural network technique includes
two phases: training phase and testing phase. For this purpose,
70% of the data was allocated for network training and 30% of
the data was used for testing and validation. The fact that what

percentage of the data is sufficient for network training and
whether there is a threshold below which the network is not
useful, depends on the complexity of the problem and the
quality of the data. In addition, error rate during network train-
ing depends on the number of examples used for training
network. If the number of patterns and the number of neurons
in the middle layer is low, Network cannot realize the connec-
tions between the outputs and inputs. Moreover, if the number
of neurons in the middle layer is more than necessary, network
maintains patterns. So, the data which is good during the
training phase is weak for the testing phase and has no gener-
alizability. It must be mentioned that in this study, the hyper-
bolic tangent activation function in the hidden layer and the
hyperbolic tangent activation function in the output layer are
used. Finally, cross validation method was used to assess the
accuracy of the appropriate selected model. In this study, the
number of input parameters in designing models gradually
decreased to evaluate the ability of neural networks in the lack
of climate data. For this propose, 5 input vector compositions
were considered as described in Table 1.

In order to obtain the best network layout, designing
models begins with one hidden layer and then two and three
hidden layers. Three values of 0.6, 0.7, and 0.8 were consid-
ered to study the effect of momentum. Since changes in the
number of the hidden layer nodes can have a significant im-
pact on the accuracy of the network output, the number of
nodes was changed between 1 and 10 to determine the best

Table 1 The combination of input variables in the designed models

Model name Input parameters

Model 1 Tmean Rtemp RHmean n U2

Model 2 Tmean Rtemp RHmean n

Model 3 Tmean Rtemp RHmean

Model 4 Tmean Rtemp n

Model 5 Tmean Rtemp
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Fig. 2 Tehran maximum
temperature time series in winter
in the statistical period of 1951 to
2010
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number of hidden layer nodes. Due to the above, to estimate
the maximum temperature using Artificial Neural Networks,
450models (5 combinations of input vector × a number of 1–3
hidden layer × 3 momentum states × a number of 1–10 nodes
in the hidden layer) were designed to achieve the most suitable
combination and arrangement of the network.

2.2 Artificial Neural Network

Artificial neural network like natural neural network is
composed of elements called neurons. As in natural neu-
ral networks, in which some cells are responsible for the
effects of external stimuli, some are responsible for in-
formation processing and some are responsible for the
transmission of response to the target member, also in
an artificial neural network, a number of cells are respon-
sible for receiving the details of the issue, some are re-
sponsible for information processing and some also pro-
vide answers to the question. The neural network con-
sists sequentially of an input layer, a hidden layer and an
output layer. There are an input layer, an output layer
and some hidden layer in all artificial neural networks.
A set of data are used as neuron (which may be the
output of other neurons) in mathematical neuron model-
ing. Each input is multiplied by its corresponding weight
and then all the weighted inputs are added to determine

the level of neuron activity. Figure 3 shows the model of
a multi-input neuron (a multi-input neuron model).

In Fig. 2; some inputs x1, x2, x3, …, xn enter the neuron
which are briefly represented by vector x. Each neuron
input belongs to one of the input signals. Each signal is
mul t ip l ied by a cor responding re la ted weight
includingwi1, wi2, wi3, …, wij which is briefly shown
as vector W. The values obtained are added inside the
neurons and the output value is calculated:

NET ¼ x:w
NET ¼ x1:wi1 þ x2:wi2 þ…xK :wij ¼ ∑

n

i¼1
xiwij

ð1Þ

The total obtained is more evaluated by a function called ac-
tivation function and determines the output of the neuron:

yi ¼ g NETð Þ ð2Þ
(g) is the activation function. The way and the shape of the
connectivity of neurons in different layers create different
structures in the artificial neural network.

The data used to evaluate and compare the performance of
the models were not involved in the training process. Indices
such as Root Mean Square Error (RMSE), coefficient of de-
termination (R2), and the Maximum Absolute Error (MAE)
were used to determine the best type of network arrangement.
The appropriate method is the one that has the lowest RMSE

Table 2 Network performance
evaluation for the designed
models

The network
name

Optimized
structure

Momentum
term

RMSE R2 MAE

Train Test Train Test Train Test

Model 1 5–4-1 0.8 0.0105 0.112 0.999 0.996 0.6 0.285

Model 2 4–6-1 0.8 0.009 0.109 0.997 0.996 0.586 0.265

Model 3 3–7-1 0.8 0.1 0.107 0.997 0.996 0.589 0.3

Model 4 3–9-1 0.8 0.001 0.104 0.997 0.997 0.61 0.275

Model 5 2–8-1 0.8 0.01 0.109 0.997 0.996 0.586 0.311

Numbers network structure, respectively from left to right, the number of nodes in the input layer, hidden layer
and output layer

Fig. 3 The model of a multi-input
neural network (Ramirez et al.
2005)
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and MAE. The smaller the value of RMSE and MAE, the
closer the calculated values by the model to the true values.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑
N

i¼1
Oi−Eið Þ2

N

v

u

u

u

t ð3Þ

R ¼
∑
N

i¼1
Oi−O

� �

Ei−E
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑
N

i¼1
Oi−O

� �2
:∑ Ei−E
� �2

s ð4Þ

MAE ¼
∑
N

i¼1
Oi−Eij j
N

ð5Þ

In which O is the observed values, E is the predicted max-
imum temperature to observe i … n. O and E are also the

average observed values and the average predicted values re-
spectively and N is the number of observations.

3 Results and Discussion

The obtained results for 5 basic compositions are listed in
Table 2. As indicated in this Table, model 4 with three neurons
in the input layer, a hidden layer with 9 neurons, and hyper-
bolic tangent function in the hidden layer and output layer,
learning coefficient of 0.01, Momentum of 0.8, and in the case
of regular arrangement of samples provides a better model.
Network performance evaluation (Table 2) showed that the
root mean square error and maximum absolute error of
Model 4 were 0.001 and 0.61 °C respectively which were
the best performance during training phase. Whatever closer
these values to zero, the better the performance of the network.
The coefficient of determination and correlation coefficients
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Fig. 5 Comparison of observed
and predicted maximum
temperature by the model 4
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Fig. 4 The regression equation
between the observed and
predicted maximum temperature
in the training phase by the model
4
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for both training and testing phases are equal to 0.99 which is
significant at level of 1% (Fig. 4). And given that the other
network assessment criteria were also within acceptable limits

and estimated maximum temperature is closer to the actual
values (Fig. 5), it can be said that the designed network has
a good performance.

To assess the accuracy of the selected model, cross valida-
tion method is used (Table 3). This method is used for consid-
ering the goodness of parameters estimation and forecasts, as
well as the selection of appropriate model for the data and
outlier’s detection. The basic idea is removing the data and
using other data to predict the deleted one. Then, the amount
of the deleted data will be returned to its place. This procedure
is repeated for the next data. Thus, all data will be forecasted
and as a result, the accuracy of the model can be calculated.

To evaluate the methods used in this study, the cor-
relation coefficient, Root Mean Square Error (RMSE),
and Mean Absolute Error (MAE), of the models have
been calculated using (Cadenas and Rivera 2009),
(Chauhan and Shrivastava 2009) and (Dehghani and
Ahmadi 2008) relationships. RMSE and MAE values
for validation period are 0.01 and 0.127 respectively.
And the obtained Mean of Bias Error is −0.005. The
obtained results suggest that the average amount of ob-
served and estimated values has fewer differences which
results in predicting the maximum temperature of the
area under study with less deviation by the model.

Changes in the input neurons combination and creation of
5 different models provide the chance of selecting the best
network structure in each model and finally, considering the
results of 5 models’ best structure and selecting the best model
with the least error.

The results generally show that the increase of mo-
mentum term decreases the amount of error. In
performing the above models, increasing momentum
term from 0.7 to 0.8 decreases the amount of error in
the network but increasing the momentum term from
0.8 to 0.9 increases each model’s amount of error. On
the other hand, the obtained results from changing the
number of the designed network hidden layers show
that increasing the number of hidden layer from one
to two increases the amount of network error. In many
studies, just one hidden layer has been used due to
higher efficiency and also faster performance of the
model (Sudheer et al. 2002; Wang et al., 2008;
Chauhan and Shrivastava 2009).

The assessment of network performance indicates that
the Root Mean Square Error and the Maximum
Absolute Error of model 4 equal 0.10 ° C and 0.275 °
C respectively which has the best performance in the
testing phase. The closer these values to zero, the better
the performance of the network. The determination co-
efficient and the correlation coefficient of both training
and testing phases are 0.99 and 0.99 while the correla-
tion coefficient is significant at 1% level (Fig. 6). And
as the other assessment criteria of the network were also

Table 3 Validation of the training data by cross-validation method

Year Observed values Simulated values Validation values

1951 7.83 7.75 7.74

1952 10.83 10.89 10.87

1953 10.10 10.14 10.15

1954 9.90 9.93 9.90

1955 12.10 12.08 12.05

1956 9.97 10.06 10.07

1957 8.13 8.08 8.02

1958 10.97 11.02 11.01

1959 7.57 7.44 7.45

1960 12.93 12.77 12.75

1961 9.80 9.90 9.92

1962 10.93 10.98 10.99

1963 11.70 11.76 11.75

1964 6.10 6.01 6.00

1965 8.93 8.97 9.03

1966 13.83 13.36 12.98

1967 9.63 9.65 9.72

1968 9.60 9.61 9.62

1969 7.30 7.16 7.12

1970 10.47 10.56 10.55

1971 10.07 10.11 10.14

1972 3.63 4.24 4.85

1973 8.60 8.65 8.69

1974 5.10 5.12 5.08

1975 7.17 7.10 7.07

1976 8.70 8.69 8.69

1977 7.90 7.78 7.77

1978 10.87 11.02 11.01

1979 10.23 10.39 10.36

1980 8.53 8.46 8.43

1981 11.70 11.70 11.71

1982 7.00 6.86 7.42

1983 7.53 7.42 7.42

1984 6.43 6.31 6.27

1985 9.90 10.00 10.01

1986 9.80 9.94 9.97

1987 11.87 11.90 11.88

1988 9.97 10.08 10.10

1989 7.40 7.35 7.37

1990 8.47 8.45 8.47

1991 8.13 8.04 8.03

1992 7.60 7.50 7.53

1993 8.53 8.50 8.55
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acceptable and the predicted maximum temperature
values of testing phase in Table 4 has a little difference
with true values (Fig. 7), therefore, it can be said that
the designed network performs very well. The remain-
ing is the difference between the observed values and
the predicted values. The Scatter plot of the remaining
against the independent variable can be drawn to con-
sider the edited model more. The remaining must be
scattered around the Zero Axis. As it is shown in
Fig. 8, the distribution of remaining is random and the

best condition is the scattering of the remaining
randomly.

Qnet 2000 can calculate the relative importance of present
variables in different models. The importance of each of the
input parameter can be determined by considering these
values (Table 5).

Two parameters from the 5 input climate parameters, that is,
the difference between maximum and minimum temperature
and the mean temperature have the most influence on the out-
put model (the maximum temperature). The combination and
the number of parameters have been changed in designing each
model. The results of the model show that more number of
input parameters does not increase the accuracy of the model.

4 Final Results

Estimating temperature as one of the important climate factors
which is a nonlinear, temporal-spatial phenomenon influenced
by many climatic and geographical factors is of great impor-
tance. In this research, neural network has been used as a
powerful tool in modeling nonlinear and undetermined pro-
cesses to predict Tehran maximum temperature in winter.
Considering the influence of using climate variable for model
input shows that model 4 with three variables of the mean
temperature, sunny hours and the difference between maxi-
mum and minimum temperature is the most accurate model
because it can predict Tehran maximum temperature in winter
with the least error and the most correlation coefficient. The
most suitable structure to predict Tehran maximum tempera-
ture in winter showed that a model with three neurons in the
input layer, a hidden layer with nine neurons and using hyper-
bolic tangent function in the hidden layer, that is, 1–9-3

y = 0.9872x + 0.1625
R2 = 0.994
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Fig. 6 The regression equation
between the simulated and
observed value of maximum
temperature in the test period by
the model 4

Table 4 The comparison of observed and predicted maximum
temperature during testing phase

Year Observed values Simulated values

1994 8.53 8.53

1995 9.47 9.57

1996 11.03 11.11

1997 9.97 10.03

1998 10.70 10.72

1999 10.00 10.10

2000 9.90 9.89

2001 11.20 11.26

2002 10.03 10.19

2003 10.40 10.52

2004 11.17 11.26

2005 10.20 10.29

2006 9.13 9.11

2007 10.03 10.10

2008 7.20 7.07

2009 11.33 11.36

2010 13.43 13.15
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arrangement in which the amount of Root Mean Square Error,
correlation coefficient, and theMean Absolute Error is respec-
tively 0.61, 0.997, 0.001 for the training phase and 0.104,
0.997, 0.311 for the testing phase. The determination coeffi-
cient and the correlation coefficient for both training and
testing phases equal 0.99 and 0.99 and the correlation
coefficient is significant at the level of 1%. Given that
the other network assessment criteria is acceptable and

the estimated maximum temperature is closest to true
values (Fig. 7), it can be said that the designed network
has a very good performance. Neural network is of
more importance relative to classical models because
of having nonlinear and undetermined characteristics.
Of course, it should be mentioned that neural networks
consist linear models inside them, which are more com-
prehensive in relation to other classical methods.

Fig. 8 The scatter plot of
residuals in the testing period
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Fig. 7 Comparison of the
simulated and observed value of
maximum temperature in the test
period by the model 4

Table 5 The relative importance
of the input variables in the best
structure of each the composition
(percent)

The network name Optimized structure Momentum term Tmean RHmean U2 n Rtemp

Model 1 5–4-1 0.8 64 0.97 0.57 0.31 34.16

Model 2 4–6-1 0.8 64.34 1.22 0.33 34.11

Model 3 3–7-1 0.8 64.9 0.96 34.14

Model 4 3–9-1 0.8 65.56 0.04 34.4

Model 5 2–8-1 0.8 64.53 34.47
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Generally, it can be concluded that artificial neural
network model is a powerful model which can be
viewed positively in predicting climatic and hydrologi-
cal issues. Specially, the ability of this network in
extracting the law governing the data, even the noisy
data, is one of the outstanding characteristics of this
model in comparison with other models. The results of
predicting maximum temperature can be used in envi-
ronmental planning such as controlling pests and dis-
eases, water resources management, ecological studies,
and etc.
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