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AN APPLICATION OF NEURAL NETWORKS FOR WEATHER 
TEMPERATURE FORECASTING 

Abstract 
Weather temperature forecasting has become an important field of research in the last few 

decades. In this study, temperature will be forecasted using Artificial Neural Networks(ANN) 

approach. It is determined like parameters wind speed, atmospheric pressure and relative 

humidity as input values. Output value is also the data of temperature. This values are 

collected from Turkish State Meteorological Service. Weather temperature has been estimated 

for Adana city with artificial neural networks for the application part. The productivity of 

model has been compared in regard to statistical techniques like MSE and MAPE. The model 

has been normalized to analyze on Matlab software. 

Keywords: Artificial neural networks, Temperature forecasting 

1 INTRODUCTION 
 

Weather simply refer to the condition of air on earth at a given place and time .The 

application of science and technology are to predict the state of the atmosphere in future time 

for a given location is so important due to its effectiveness in human life. Today, weather 

forecasts are made by collecting quantitative data about the current state of the atmosphere 

and using scientific understanding of atmospheric processes to project how the atmosphere 

will evolve. The chaotic nature of the atmosphere implies the need of massive computational 

power required to solve the equations that describe the atmospheric conditions. This is 

resulted from incomplete understanding of atmospheric processes which mean that forecasts 

become less accurate as the difference in time between the present moment and the time for 

which the forecast is being made increases.  

 

Weather is a continuous, data-intensive, multidimensional, dynamic and chaotic process and 

these properties make weather prediction a big challenge. Generally, two methods are used for 

weather forecasting  (a) the empirical approach and  (b) the dynamical approach. The first 

approach is based on the occurrence of analogs and is often referred by meteorologists as 

analog forecasting. This approach is useful for predicting local-scale weather if recorded datas 

are plentiful. The second approach is based on equations and forward simulations of the 

atmosphere and is often referred to as computer modeling. The dynamical approach is only 

useful for modeling large-scale weather phenomena and may not forecast short-term weather 

efficiently. (Devi, 2012) 

 

ANN research techniques are applied to various fields such as classification, optimization, 

forecasting, recognition, modeling and learning. ANNs provide a methodology for solving 

many types of nonlinear problems that are difficult to solve by traditional techniques. Most 

meteorological processes often exhibit temporal and spatial variability, and are further 

plagued by issues of nonlinearity of physical processes, conflicting spatial and temporal scale 

and uncertainty in parameter estimates. The ANNs exist capability to extract the relationship 

between the inputs and outputs of a process, without the physics being explicitly provided 



(Zurada, 1992). Thus, these properties of ANNs are well suited to the problem of weather 

forecasting under consideration. (Maqsood, 2004)  

 

This study will be based on develop the most suitable ANN method and its associated training 

technique for weather prediction.  Performance quantification of the developed model will be 

comparison of the regression models based on a number of statistical measures.  

2 LITERATURE REVIEW 
 

The idea of numerical weather forecasting-predicting the weather by solving mathematical 

equations was formulated in 1904 by Vilhelm Bjerknes (1862-1951, Norwegian) and 

developed by British mathematician Lewis Fry Richardson (1881-1 953, British). In the late 

1940s, using one of the earliest modern computers, significant progress toward more practical 

numerical weather forecasts was made by a team of meteorologists and mathematicians at the 

Institute for Advanced Study (IAS) in Princeton New Jersey. Mathematician John volt 

Neumann (1903-1957, Hungarian -American) directed the construction of the computer and 

put together a team of scientists led by Jule Charney (1917-1981, American) to apply the 

computer to weather forecasting. In April 1950, Charney's group made a series of successful 

2d -hour forecasts over North America and by the mid -1950s, numerical forecasts were being 

made on a regular basis. Modern technology, particularly computers and weather satellites 

and the availability of data provided by coordinated meteorological observing Networks, has 

resulted in enormous improvements in the accuacy of weather forecasting. 

A neural network is a powerful data modeling tool  that is able to capture and represent 

complex input/output relationships. During last four decades various complex problems like 

weather prediction, heat transfer prediction, short term load forecasting, numerical simulation 

of nonlinear equations, etc has been proved to be areas with ample scope of application of this 

sophisticated mathematical tool. (Hayati,2007)  

Several works has been done and different artificial neural networks (ANN) models have been 

tested. Kaur(2011) and Maqsood(2004) describes a model that predicts the hourly 

temperature, wind speed and relative humidity 24 hour ahead. Training and Testing is done 

separately for winter, spring, and summer and fall season. The authors have made a 

comparison of Multilayer Perceptron Networks (MLP), Elman Recurrent Neural Network 

(ERNN), Radial Basis Function Network (RBFN) and the Hopfield Model (HFM) and 

ensembles of these networks. MLP was trained by back propagation. The authors have 

suggested one hidden layer and 72 neurons for the MLP network and 2 hidden layers with 180 

neurons for RBFN as the optimal architecture. The log-sigmoid is the activation function for 

the hidden layer unit of MLP network. In RBFN they use a Gaussian activation function. The 

output is pure line in both cases. The accuracy measure used is the mean absolute percentage 

error (MAPE). RBFN has the best performance. RBFN and MLP have about the same 

accuracy, but the MLP learning process is more time consuming.  

 

The work described by Sanjay Mathur (2007), focuses on maximum and minimum 

temperature forecasting and relative humidity prediction using time series analysis. The 

network model used is a Multilayer feedforward ANN with back propagation learning. Direct 

and statistical input parameters and the period are compared. For minimum/maximum 

temperature forecasting the optimum seems to be a 15 week period of input data. Input 

features were features of maximum and minimum, respectively. Namely these features are 



moving average, exponential moving average, oscillator, rate of change and the third moment. 

For the 15 week period the error was less than 3%. The main result is that in general statistical 

parameters can be used to extract trends. Good parameters are moving average, exponential 

moving average, oscillator, rate of change and moments. Skewness and kurtosis did not 

perform well. 

Another short term temperature forecasting system is described by Hayati(2007). A three 

layer MLP network with 6 hidden neurons, a sigmoid transfer function for the hidden layer 

and a pure linear function for the output layer was found to yield the best performance. The 

scaled conjugate gradient algorithm was used for training. The following input parameters 

were measured every three hours: wind speed, wind direction, dry bulb, temperature, wet bulb 

temperature, relative humidity, dew point, pressure, visibility, amount of cloud. The other 

input parameters were measured daily: gust wind, mean temperature, maximum temperature, 

minimum temperature, precipitation, mean humidity, mean pressure, sunshine, radiation, 

evaporation. 

 

A fully connected, feed forward 3 layer MLP network for temperature prediction is also  

presented by Santhosh Baboo (2010). The error is said to be "very less". The set of input 

differs. Atmospheric pressure, atmospheric temperature, relative humidity, wind velocity and 

wind direction are chosen. The training is done by back propagation. The predictions are 

restricted by an upper bound, which can be considered as reducing the transferability to other 

locations. 

 

Most of the approaches mentioned above use MLP networks. Caltagirone (2011) uses 

evolutionary neural networks in combination with generic algorithms to predict the maximum 

temperature per day. The suggested input parameters are month, day, daily precipitation, max 

temperature, min temperature, max soil temperature, min soil temperature, max relative 

humidity, min relative humidity, solar radiation, and wind speed. The accuracy is 79.49 for a 

2-degree error bound. Training was done by back propagation. The author assumes that 

accuracy could be increased by using a larger training set, different training algorithms and 

more atmospheric values. The most often used architecture is MLP. Also a recurrent 

architecture (RBFN) has been used and yielded good results. Ensembles of ANNs also seem 

to be promising. The parameters differ slightly between the approaches. (Abhishek,2012) 

 

The project that approximation air temperature with artificial neural network made by 

Erkaymaz (2011) was used feed forward neural network model. In his project, it was used 

four input parameters including vapor pressure, relative humidity, wind speed, air pressure; 

one output parameters including temperature. Weather temperature has been estimated for 

Karabuk city with artificial neural networks for the application part. Tha datas related these 

parameters was acquired 66 training datas from Karabuk Meteorological Station. For 

prediction, 17 of them were used as test training datas. The temperature has been measured 

with lowest error using Matlab program. And also for the system, Simulink model of feed 

forward ANN was performed from input to output.  

 

 

 

 

 

 

 

 



3 MATERIAL AND METHOD 
 

An Artificial Neural Network (ANN) is an information processing paradigm that is inspired 

by the way biological nervous systems, such as the brain, process information. The key 

element of this paradigm is the new structure of the information processing system. It is 

composed of a huge number of highly interconnected processing elements (neurons) working 

together to solve specific problems. ANNs, like people, learn by example. An ANN is 

configured for a particular application, such as pattern recognition or data classification, 

through a learning process. Learning in biological systems adds adjustments to the synaptic 

connections that exist between the neurons. 

 

The ANN has capability to extract the relationship between the inputs and outputs of a 

process, without the physics being explicitly provided .Thus, these properties of ANN are 

well suited to the problem of weather forecasting. The main purpose is to develop the most 

suitable ANN architecture and its associated training technique for weather prediction.  

Components of a modern weather forecasting system include the following modules: data 

collection, data assimilation and numerical weather prediction. 

 

a) Data collection: Observations of atmospheric pressure, temperature, wind speed, wind 

direction, humidity and precipitation are made near the earth’s surface by trained 

observers, automatic weather stations. The World Meteorological Organization acts to 

standardize the instrumentation, observing practices and timing of these observations 

worldwide. 

 

b) Data assimilation: During the data assimilation process, information gained from the 

observations is used in conjunction with a numerical model most recent forecast for 

the time that observations were made to produce the meteorological analysis. This is 

the best estimate of the current state of the atmosphere. It is a three dimensional 

representation of the distribution of temperature, moisture and wind. The features 

considered in this study are bar temperature, bar reading, sea level pressure, mean sea 

level pressure, dry bulb temperature, wet bulb temperature, due point temperature, 

vapor pressure, wind speed, humidity, cloudiness, precipitation, wind direction, wind 

speed and for prediction of rain. It is easy to implement and produces desirable 

forecasting result by training the given data set. 

 

c) Numerical weather prediction: Numerical Weather Prediction (NWP) uses the power 

of computers to make a forecast. Complex computer programs, also known as forecast 

models, run on supercomputers and provide predictions on many atmospheric 

variables such as temperature, pressure, wind and rainfall. A forecaster examines how 

the features predicted by the computer will interact to produce the day’s weather.  

 

 

 

 

 

 

 

 

 



3.1 THE NEURAL NETWORK MODELS 
A neural network is a powerful data modeling tool that is able to capture and represent 

complex input/output relationships .The motivation for the development of neural network 

technology stemmed from the desire to develop an artificial system that could perform 

"intelligent" tasks similar to those performed by the human brain. Neural Networks resemble 

the human brain in the following two ways: 

 

synaptic weights. 

The true power and advantage of neural networks lies in their ability to represent both linear 

and non-linear relationships and in their ability to learn these relationships directly from the 

data being modeled. Traditional linear models are simply inadequate when it comes to 

modeling data that contains nonlinear characteristics. In this paper, one model of neural 

network is selected among the main network architectures used in engineering. The basis of 

the model is neuron structure as shown in Fig. 1. These neurons act like paralel processing 

units. An artificial neuron is a unit that performs a simple mathematical operation on its inputs 

and imitates the functions of biological neurons and their unique process of learning.  

 
Figure 1. Neuron model (Hayati and Mohebi, 2007) 

 

3.1.1 FEED FORWARD NEURAL NETWORKS 

A typical neural network consists of layers. In a single layered network there is an input layer 

of source nodes and an output layer of neurons. A multi-layer network has in addition one or 

more hidden layers. A multi layer neural network is displayed in Fig. 2. Extra hidden neurons 

raise the network’s ability to extract higher order statistics from (input) data. Furthermore a 

network is said to be fully connected if every node in each layer of the network is connected 

to every other node in the adjacent forward layer .The network “learns” by adjusting the 

interconnections (called weights) between layers. When the network is adequately trained, it 

is able to generalize relevant output for a set of input data. A valuable property of neural 

networks is that of generalization, whereby a trained neural network is able to provide a 

correct matching in the form of output data for a set of previously unseen input data.  



                                                           
Figure 2. Feed forward network 

3.1.2 BACK PROPAGATION LEARNING ALGORITHM 

Back propagation learning algorithm is a common method of teaching artificial neural 

networks how to perform a given task. It is a supervised learning method, and is a 

generalization of the delta rule. It requires a teacher that knows, or can calculate, the desired 

output for any input in the training set. It is most useful for feed-forward networks The term is 

an abbreviation for "backward propagation of errors". Back propagation requires that the 

activation function used by the artificial neurons (or "nodes") be differentiable.  

 

Figure 3. The structure of back propagation learning algorithm 



 
Figure 4. Log-Sigmoid Transfer Function 

 

For better understanding, the back propagation learning algorithm can be divided into two 

phases: propagation and weight update. 

 

Phase 1: Propagation 

Each propagation involves the following steps:  

1. Forward propagation of a training pattern's input through the neural network in order to 

generate the propagation's output activations. 

2. Backward propagation of the propagation's output activations through the neural network 

using the training pattern's target in order to generate the deltas of all output and hidden 

neurons. 

 

Phase 2: Weight update 

For each weight-synapse: 

1. Multiply its output delta and input activation to get the gradient of the weight. 

2. Bring the weight in the opposite direction of the gradient by subtracting a ratio of it from 

the weight.  

 

This ratio influences the speed and quality of learning; it is called the learning rate. The sign 

of the gradient of a weight indicates where the error is increasing; this is why the weight must 

be updated in the opposite direction. 

Repeat phase 1 and 2 until the performance of the network is trained. Once the network is 

trained, it will provide the desired output for any of the input patterns. 

 

The network is first initialized by setting up all its weights to be small random numbers – say 

between –1 and +1. Next, the input pattern is applied and the output calculated (this is called 

the forward pass). The calculation gives an output which is completely different to what you 

want (the Target), since all the weights are random. We then calculate the Error of each 

neuron, which is essentially: Target – Actual Output. This error is then used mathematically 

to change the weights in such a way that the error will get smaller. In other words, the Output 

of each neuron will get closer to its Target (this part is called the reverse pass. The process is 

repeated again and again until the error is minimal. Let’s do an example with an actual 

network to see how the process works. We’ll just look at one connection initially, between a 

neuron in the output layer and one in the hidden layer. 

 



 
Figure 5. A single connection learning in a backpropagation 

 

The connection we’re interested in is between neuron A (a hidden layer neuron) and neuron B 

(an output neuron) and has the weight WAB. The diagram also shows another connection, 

between neuron A and C, but we’ll return to that later. The algorithm works like this: 

 

ALGORITHM 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1. First apply the inputs to the network and work out the output – remember this 

initial output could be anything, as the initial weights were random numbers. 

 

2. Next work out the error for neuron B. The error is What you want – What you 

actually get, in other words: 

 

ErrorB = OutputB (1-OutputB)(TargetB – OutputB) 

 

The “Output(1-Output)” term is necessary in the equation because of the 

Sigmoid Function – if we were only using a threshold neuron it would just be 

(Target –Output). 

 

3. Change the weight. Let W+ AB be the new (trained) weight and WAB be the 

initial weight.  

 

W+AB = WAB + (ErrorB x OutputA) 

 

Notice that it is the output of the connecting neuron (neuron A) we use (not B). 

We update all the weights in the output layer in this way. 

 

4. Calculate the Errors for the hidden layer neurons. Unlike the output layer we 

can’t calculate these directly (because we don’t have a Target), so we Back 

Propagate them from the output layer This is done by taking the Errors from 

the output neurons and running them back through the weights to get the hidden 

layer errors. 

For example if neuron A is connected as shown to B and C then we take the 

errors from B and C to generate an error for A. 

 

ErrorA = Output A (1 - Output A)(ErrorB WAB + ErrorC WAC) 

 

Again, the factor “Output (1 - Output )” is present because of the sigmoid 

squashing function. 

 

5. Having obtained the Error for the hidden layer neurons now proceed as in 

stage 3 to change the hidden layer weights. 

By repeating this method we can train a network of any number of layers. 



This may well have left some doubt in your mind about the operation, so let’s clear that up by 

explicitly showing all the calculations for a full sized network with 2 inputs, 3 hidden layer 

neurons and 2 output neurons as shown in figure 6. W+ represents the new, recalculated, 

weight, whereas W represents the old weight. 

 
Figure 6. Notation for the three-layered network 

 

 
The constant η (called the learning rate, and nominally equal to one) is put in to speedup or 

slow down the learning if required.  



The main advantage of the Back Propagation learning method is that it can fairly approximate 

a large class of functions. This method is more efficient than numerical differentiation. The 

simple meaning of this term is that our model has potential to capture the complex 

relationships between many factors that contribute to certain temperature. After input datas is 

arranged in chronological order to model which was established, the model is 

trainined.(Devi,2012) 

 

3.2 WEATHER TEMPERATURE FORECASTING WITH ANN 

In this study, weather temperature was forecasted with artificial neural Networks. The datas 

being used in forecasting were determined as daily max temperature, min temperature, mean 

temperature, cloudless, relative humidity, solar radiation, wind speed, sunshine etc. It was 

proposed a ANN model as this datas. The general structure of the designed system has been 

shown in Figure 7. 

 

 

Max Temperature 

                                  

Min Temperature 

Radiation  

Humidity                                                                                    Mean Temperature 

Wind Speed  

Sunshine                                                                    

Pressure 

Figure 7. General structure of input/output for ANN models 

 

For system of proposed, input parameters were defined seven parameters, including of daily 

pressure, wind speed, humidity, maximum temperature, minimum temperature, sunshine and 

radiation. It was determined daily available temperature as output parameter. 

 

Weather temperature was estimated for Adana city in the application part. In forecasting of 

valuables, the daily datas recorded between 2000 and 2013 years were received from Turkish 

State Meteorological Service. It was shown  received datas at Table 1. While the datas of 

2000-2010 years were training data, the datas of between 2011-2013 were used for testing 

data.  

 
 

 

 

 

 

 

ARTIFICIAL 

NEURAL 

NETWORK 

MODEL 



Day Max 

Temperature 

(°C)  

Min 

Temperature 

(°C) 

Humidity     

 

(%) 

Wind 

Speed 

(m/sec) 

Sunshine 

 

  (hour)    

Pressure  

 

(hPa) 

Radiation  

 

(cal/cm²)  

Mean 

Temperature 

(°C) - 
Output 

1 20.0 6.6 76.7 0.0 4.5 1013.7 180.00 12.1 

2 15.0 7.6 82.7 0.2 0.5 1012.5 145.20 12.3 

3 14.0 10.4 89.3 0.1 0.0 1006.7 57.30 11.1 

4 13.0 7.0 86.7 0.4 1.7 1003.3 124.65 8.6 

5 9.5 6.3 92.0 2.4 0.0 1003.7 33.60 7.4 

6 15.4 6.0 76.3 0.0 4.1 1011.3 198.10 9.1 

7 11.0 5.6 93.3 1.8 0.1 1014.1 51.60 8.6 

8 11.0 5.0 93.0 1.6 1.2 1015.6 113.10 7.0 

9 9.6 4.2 87.7 0.8 1.6 1016.6 121.80 5.9 

10 9.5 2.8 69.0 1.7 0.0 1018.5 96.60 6.3 

11 14.5 -0.4 65.0 0.2 8.0 1020.7 261.00 5.5 

12 10.7 2.0 45.7 3.0 2.8 1021.4 207.45 6.0 

13 11.8 1.2 44.7 1.7 8.0 1022.9 271.00 5.2 

14 12.4 0.2 51.0 1.8 7.9 1022.5 248.75 5.8 

.         

.         

.         

.         

.         

5108 16.7 9.3 80.0 2.7 0.0 1015.6 28.89 10.6 

5109 12.3 8.8 75.7 2.2 0.0 1013.1 53.89 11.4 

5110 17.6 6.8 71.0 1.1 7.9 1015.9 226.65 10.1 

Table 1. Meteorological Variables 

Output parameters of network were calculated as input parameters. As looking to training 

data, output datas were forecasted. The most important occurence in feed forward was 

forecasted output values with the lowest error. Already, it is the most important rule of ANN. 

Input parameters of ANN was shown at Table 2. 

Network Type  Feed-Forward Backprop  

Train Function Traınlm  

Learning Function  Learngdm  

Performance Function  MSE, MAPE 

Activation Function  Tansig, Logsig  

Number of neuron 10-20 

Number of layer 3 

Table 2. Input parameters of ANN 

Model was analyzed on Matlab software. ANN  architecture designed for system  was shown 

at Figure 8. 



 

Figure 8. ANN  architecture designed for system.  

 

For train of network, training parameters were entered on Matlab is shown Figure 9. 

 

Figure 9. Training Parameters 

 

After training to network, the following window was taken. (Figure 10)  



 

Figure 10. The end of NN trained 

 

As shown, model was ended on 11 seconds and with 57 iterations. If we tried with more data, 

number of iteration would be more than this value. 

 

 

 

 

 



4 RESULTS AND DISCUSSION 
 

Test results was shown at Figure 11,12 and 13. 

 

Figure 11. Performance of Network 



 

Figure 12. Plot of Network 

 



 

Figure 13. Regression of Network 

 

 

 

 

 

 

 

 



After data was trained, data selected for the test was imported as input and target on Matlab 

software. With “nntool” toolbox, test data was simulated like shown at Figure 14. 

 

Figure 14. Simulated Network 

Output values of test data were export from Matlab to Excel. They are compared with the 

actual values. Comparison of estimated values with the actual values was shown at Figure 15. 

According to this result,  neural networks are thought to show similar results to the actual 

results. In other words,wheather temperature was forecated succesfully.  

 

Figure 15. Comparison of estimated and actual values 

 

 



5 CONCLUSION 
 

In this study, temperature was forecasted using Artificial Neural Networks(ANN) approach. It 

is determined like parameters wind speed, atmospheric pressure and relative humidity as input 

values. Output value is also the data of temperature. Model was develop feed forward back 

propagation learning algorithm. The forecasting process was performed with the lowest error 

using data sets collected for Adana city. Performance quantification of the developed model 

was comparison of the regression models based on a number of statistical measures. The 

results was shown as graphical. According to this result,  neural networks are thought to show 

similar results to the actual results. In future studys, this model can be developed the other 

ANN models. Moreover, data can be divided to monthly or seasonal.  
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