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Abstract: India lies in sunny belt between 6 ° N and 32 ° N latitudes, its geographical position favors

the development and utilization of solar energy. This paper presents an artificial neural network (ANN)

approach for estimating hourly global solar radiation (HGSR) in India. The ANN models are presented

and implemented on real meteorological data. The solar radiation data from seven stations are used for

training the ANN and data from two stations are used for testing the predicted values. Multi layer feed

forward neural network with backpropagation learning is used for the modelling. Forecasting performance

parameters such as root mean square error (RMSE), mean bias error (MBE) and absolute fraction of

variance (r ) are presented for the model. The average values of MBE, RMSE and absolute fraction of2

variance (r ) for testing locations are found respectively 0.3133%, 4.61% and 0.999954. A comparison2

of estimated global solar radiation with well-known models is carried out. The ANN model predicts better

than other models. The estimated global solar radiation data are in reasonable agreement with the actual

values. The results indicate the generalization capability of the ANN technique over unseen data and its

ability to produce accurate predictions.

Key words: hourly global solar radiation, artificial neural networks, modelling, root mean square error,

mean bias error

INTRODUCTION

Solar radiation data on the earth’s surface is

required for solar engineers, agriculturists and

hydrologists in many applications. Solar energy is free,

clean, abundant and inexhaustible source of energy. Its

effective harnessing and utilization are of importance to

the world, especially at the time of rising fuel costs

and environmental effects such as depletion of the

ozone layer and green house effects. Solar radiation

data provide information on how much of the sun’s

energy strike the surface at a place on earth during a

particular period. Measured values of HGSR are

usually the best source of information and needed for

effective research into solar energy utilization. The

measurements of this parameter is done only at a few

locations.For places where no measured values are

available, a common practice has been to assess this

parameter  using appropriate correlations. The

Angstrom  correlation has served as a basic approach[1]

to  estimate  global  radiation for a long time.

Presscott  put the correlation in a convenient form as[2]

(1)

The model parameters a, and b have been

estimated so far in the literature by regression

techniques. Rietveld  examined several published[3]

values of a and b and noted that a is related linearly

and b hyperbolically to the mean values of percent

possible sunshine and presented the following relation.

Neuwirth  discussed the effect of elevation on the[4]

coefficients a and b, and developed a quadratic

relationship between the elevation of the location and

regression coefficients for Australia. Glover and

McCulloch  included the latitude effect and have[5]

proposed the following formula.
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Gopinathan  considered the effects of latitude,[6]

elevation and established the following equation to

calculate regression coefficients a and b of the

Angstrom type correlation for global radiation.

Many other attempts have been made to modify the

Angstrom equation. V ariables like humidity,

atmospheric water vapor content, temperature and

number of rainy days in a month have been introduced

in order to get fits with station independent parameters.

Hay  used the surface albedo of the earth as an extra[7]

variable and obtained station-independent regression

constants for a part of Canada. Some regression models

incorporating trigonometric functions have been

proposed by Dorvlo and Ampratwum . A simple[8]

method to estimate daily global radiation has been

proposed  as [9]

Supit and Van Kappel  proposed an empirical[10]

model by considering the cloud cover of the daytime

observations. However the estimation accuracy,

applying this model for locations in Europe is limited.

 The ANN technique is widely accepted as a

computational approach offering an alternative way for

modelling complex and ill-defined problems in many

scientific fields. Neural networks based models have

been developed in meteorological field to model

different solar radiation variables improving the existing

statistical approaches . Alawi and Ilinai  used[11,12] [13]

ANN model to predict solar radiation in areas not

covered by direct measurement instrumentation.

Mohandes et al.,  compared radial basis functions[14]

methods  with the regressional models for Saudi

stations  and  found  radial  basis method models to

be  better  than  the  regression  models.  Kemmoku

et al.,   used  a  multistage  ANN  to   predict  the[15]

insolation  of  the  next day. Most of these studies

were based on daily time series. Estimation of monthly

mean hourly and daily global solar radiation was

carried out using ANN with various meteorological

parameters for India . Hamdy et al.,  have used[16] [17]

ANN model to determine solar radiation data in

different spectrum bands from data of meteorology  for

Helwan (Egypt) monitoring station. In this paper, an

improved ANN model has been proposed by

considering an extensive data and additional

meteorological parameters. 

Ann-architecture for Global Solar Radiation: The

power of neural networks in modelling complex

mappings and in implementing system identification

demonstrated  in  various occasions by Kohonen and

Ito . Their work encouraged many researchers to[18,19]

explore the possibility of using neural network models

in real world applications such as control systems, data

classification, optimization and modelling of complex

process transformations. Artificial neural networks are

developed to model how the human brain processes

information. An  artificial neural network has a

parallel-distributed processing structure and consists of

processing elements called neurons . A neural network[20]

has an input layer to receive data from outside world

and an output layer to send information out to users or

external devices. Layers that lie between the input and

output layers are called hidden layers and have no

direct contact with the environment. All the neurons in

a layer are connected with all the neurons of the

previous and next layer.The input layer consists of the

model’s input variables and the output layer consists of

the model’s output variables.The number of hidden

layers and the total number of neurons of each layer

depends on the specific model, convergence speed,

generalization capability, the physical process and the

training data that the net work will stimulate. The

neurons are interconnected with the weighted

unidirectional connection. The inter-neuron connection

strengths known as synaptic weights are used to store

the knowledge. Figure1 illustrates how information is

processed through a neural network. Each neuron is

composed of multiple inputs; one output, local memory

and activation function. A set of inputs is applied to a

neuron. Each input is applied through links. The inputs

are multiplied by the weights associated with the

corresponding links through which they are applied.

The summation of the weighted inputs is passed

through an activation function. The output is then

distributed to other neurons as inputs. 

One of the most popular ANN configurations is the

feed  fo rward backpropagation network. T he

backpropagation  training  is  a  gradient  descent

error-correcting algorithm. The algorithm uses

generalized delta rule and trains the network with

exemplar patterns. The algorithm updates the network

weights in such away that the sum-squared error in

network’s results is minimised. A typical ANN

operation starts with the training stage, which modifies

the connection weights in some orderly fashion using

a suitable learning method. The patterns in training set

which include the respective inputs and the

corresponding desired outputs are presented to the

network one at a time and following a random

sequence  for  optimal  learning. During training, the
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Fig. 1: Information processing in a neural network

unit

Fig. 2: ANN architecture employed

Fig. 3: Comparison of hourly global radiation between

the ANN and measured values at Ahmedabad

for summer

network captures the underlying rule for associating the

inputs with the desired outputs. Owing to the

generalization capabilities of the networks, it performs

similarly on data not used in training. After the

network is properly trained, the recall stage will start.

In this stage a set of test data that was not used in the

modelling is applied to the network. Afterwards, the

performance of the network is analyzed.

 The architecture, activation function and learning

algorithm are important characteristics of the ANN

model. To estimate the hourly global solar radiation

various feed forward multilayer neural network

architectures have been investigated aiming at finding

the one that could result in the best overall

performance. The selected ANN architecture is shown

in Fig.2. The architecture consists of input layer, three

hidden layers and output layer. The input layer consists

of ten neurons; the hidden layers consist of nine, eight

and seven neurons, while the output layer has one

neuron. T en input neurons have been used

corresponding to the values of latitude, longitude,

altitude, month, time, wind speed, humidity, rainfall, air

temperature and ambient air quality of the ten element

input vectors of the training data set. The output is

single element vector corresponding to the value of

global radiation. The activation function for neurons is

sigmoid function. The learning algorithm used was the

standard back propagation with generalized delta rule.

In order to avoid undesirably long training time, a

criterion that terminates the algorithm is chosen. The

criterion was either completion of maximum number of

iterations (or) achievement of error tolerance. 

ANN Model Implementation for Solar Radiaton

Prediction in India: In this study, an attempt has been

made for implementing ANN for estimating hourly

global solar radiation. The input parameters to the

neural network are latitude, longitude, altitude, month,

time, wind speed, humidity, rainfall, air temperature

and ambient air quality. The required data for training

and testing the ANN models is taken from India

Meteorological Department, Pune and Central Pollution

Control Board, New Delhi. The study spans the time

period from 1989 to 1993.The data from three stations

from South India viz.: Hyderabad, Chennai, Trivendrum

and four stations across North India viz.: New Delhi,

Kolkata, Mumbai and Pune were considered to train

the neural networks. The geographical parameters for

the stations are given in Table 1. The training data is

a set of patterns consisting of input and corresponding

output values, so-called target values. Each city has

about 300 data sets around the year. Firstly, the

network was trained with the total training data set.

The error in mapping was found to be high. The

training data set was split into six subsets to improve

the performance of the network. Splitting the training

data set was done based on region (North India and

South India) and Seasons (winter, rainy and summer).
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Table 1: Geographical parameters for the stations
Location Latitude ( N) Longitude ( E) Altitude (m)0 0

Ahmedabad 23.07 72.63 55
Bangalore 12.97 77.58 921
Chennai 13.00 80.18 16
Hyderabad 17.50 78.50 545
Kolkata 22.65 88.45 6
Mumbai 19.02 72.90 14
New Delhi 28.58 77.20 216
Pune 18.53 73.85 559
Trivendrum 08.50 77.00 64

Table 2: MBE, RMSE, r  of ANN estimated hourly global solar2

radiation 
Station Season MBE (%) RMSE (%) r2

Ahmedabad Summer 0.14 4.08 0.999998
Winter 1.28 5.02 0.999836
Rainy -0.71 5.50 0.999949

Chennai Summer 0.1 3.86 0.999999
Winter 0.47 4.04 0.999978
Rainy 0.60 5.14 0.999964

The input and output values normalized to lie from
0 to1. The training of all the six networks is carried
out individually using the back propagation algorithm.
The initial weights are chosen randomly. The patterns
in the training set are presented to the network one at
a time, and following a random sequence for optimal
learning. For each sample, output obtained by the
network is compared with the desired output. After
entire training patterns have been processed, the
weights are updated. The iterative process of presenting
an input-output pair and updating weights continued
until the error function reaches a pre-specified value or
the weights no longer change. In that case the training
phase is done and the network is ready for testing and
operation. The performance of the trained networks is
evaluated using testing  data, which is not used in
training and test error is computed.
 

RESULTS AND DISCUSSIONS 

ANN model was developed to estimate hourly
global solar radiation that uses the back propagation
algorithm for training a MLP neural network. After the
training was completed, the developed models were
tested for Chennai (South India) and Ahmedabad
(North India) for each of the three seasons. The testing
data was not used in the training so as to give an
indication of the performance of the neural networks in
unknown locations. The performance of ANN models
was evaluated in terms of RMSE, MBE and r .To ease2

the comparison, all parameters are normalized and and
expressed as percentage of the mean measured hourly
global solar radiation. The resulting dimensionless
parameters are defined as follows:

Fig. 4: Comparison of hourly global radiation between

the ANN and measured values at Ahmedabad

for winter

Fig. 5: Comparison of hourly global radiation between

the ANN and measured values at Ahmedabad

for rainy season

Where n is the number of pairs (estimated and

measured) in the testing data set. The RMSE is a 

measure of the variation of predicted values around the
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Table 3: Comparison of mean daily global radiation (MJ/m -day) estimated from ANN and various regression models2

ANN Model Angstrom Model Hargreaves Model Gopinathan Model Glover and McCulloch Rietveld Model
Station Season Actual -------------------------- --------------------------- ------------------------ -------------------------- ------------------------------ ---------------------------

MDGR M PE MDGR MPE MDGR MPE MDGR MPE Model MDGS MPE MDGR MPE 

Ahmedabad Summer 24.36 23.91 1.87 22.63 7.13 22.47 7.73 22.46 7.79 23.25 4.56 22.94 5.82
-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Winter 16.36 15.99 2.22 16.65 1.77 17.50 6.50 18.28 11.73 18.52 16.36 17.99 9.96
-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Rainy 22.70 23.48 3.43 24.92 9.77 19.61 13.61 24.06 5.90 25.70 13.20 25.72 13.30

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Chennai Summer 24.37 23.97 1.64 23.42 2.26 24.65 2.83 22.97 5.74 24.94 2.34 24.48 0.45

-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Winter 18.60 18.04 3.01 20.47 10.05 15.96 14.19 19.80 6.45 21.68 16.56 20.89 12.31
-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Rainy 10.12 10.54 4.09 12.03 18.76 13.20 30.30 10.13 6.81 11.37 12.24 8.08 20.24

Table 4: Comparison of maximum mean percentage error in this study and the others
Study Station MPEmax  (%) Method /Algorithm-Neurons
Our Study Ahmedabad 4.09 ANN / MLFF-10
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Sozen [22] Mugla 6.73 ANN / LM-6
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Sozen [22] Sirt 6.78 ANN / SCG-6
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Reddy and Ranjan [16] Mangalore 10.20 ANN / MLFF-8
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Reddy and Ranjan [16] New Delhi 12.50 ANN / MLFF-8
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Mohandes [21] Kwash 19.1 ANN / MLFF
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Mohandes [21] Turabh 16.4 ANN / MLFF
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Gopinathan [6] Malya 7.97 Empirical models
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Torgul [23] Elazig 9.8 Regression analysis
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Angstrom [1] Mangalore 14.67 Empirical models
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
Hargreaves [9] Mangalore 19.49 Empirical models

Fig. 6: Comparison of hourly global radiation between

the  ANN  and measured values at Chennai

for summer

measured values, while the MBE is an indication of the

average deviation of the predicted values from the

measured values. The computed RMSE, MBE, r2

values   for   the   testing   locations  are  shown in

Fig. 7: Comparison of hourly global radiation between

the ANN and measured values at Chennai for

winter

Table 2.All the six networks performed very well. It is

observed that for both cities, the deviations are least in

summer followed by winter and rainy season

respectively. The predictions of ANN model compared

to measured values have a maximum MBE of 1.28 %.
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Fig. 8: Comparison of hourly global radiation between

the ANN and measured values at Ahmedabad

for rainy season

The low MBE values exhibited by the model imply

that it has a good long-term representation of the

physical problem. The RMS values lie in the range

3.86% to 5.5%, which indicates a good agreement

between measured and estimated hourly global solar

radiation. The r values are close to unity, indicating the2  

mapping of training data performed to be at a

satisfactory level.

The performance of neural network models for

testing cities of Ahmedabad and Chennai for the three

seasons is illustrated in Figs.3 -8. It is apparent that the

estimated values are close to the measured values

during summer and winter (Figs.3, 4, 6 &7). The error

for summer season was in the range of 0.014 - 78.7

kJ/m -day, while for rainy season, it was found 0.156 -2

97 kJ/m -day. Because of the climatic uncertainty,2

small deviations are observed during rainy season

(Figs.5 and 8). 

The accuracy of the estimated Mean Daily Global

Radiation (MDGR) is also tested by comparing with

models in literature  and is given in Table 3.The[1,3,5,6,9]

comparison was made by calculating mean percentage

error (MPE), which is defined as follows: 

while calculating MPE values, the sign of the

errors are neglected and the percentage errors added up

to calculate the mean. A comparison between the

results presented shows that the MPE values from the

present model are lower than those from other

models.The maximum MPE values obtained are within

1.87% and 3.01% for summer and winter respectively,

where as maximum MPE values are within 4.03 % for

rainy season. The predictions from the other empirical

models are deviating significantly.

 Maximum mean percentage error values of this study

have been compared with the published literature on

similar studies which used ANN and the other methods

and are given in Table 4.The MPE values in this study

are better than those of Mohandes , Reddy and[21]

Ranjan  and Sozen . They have carried out similar[16] [22]

studies using ANN model for Saudi Arabia

max max(MPE =19.1%) , India (MPE  =12.5%)  and[21] [16]

maxTurkey (MPE = 6.78 %) .[22]

Conclusions: An artificial neural network technique for

modelling global solar radiation has been presented.

The performance parameters such as root mean square

error (RMSE), mean bias error (MBE) and absolute

fraction of variance (r ) have been presented for the2

model. The mean MBE, RMSE and r  values are found2

to be 0.3133, 4.61 and 0.999954 respectively for the

locations tested. The estimated values are in good

agreement with the actual values. Comparison of global

radiation estimated by ANN and various regression

models show that the mean percentage error (MPE) of

the present model is lower than those of other models.

The results indicated that the neural network methods

are more suitable to predict the solar radiation as

compared to traditional regression models. The method

should be applicable to any region, provided that

samples of the solar radiation data from locations of all

types of weather conditions are included in the training

process. The ANN model shows promise for evaluating

global solar radiation in regions where a network of

monitoring stations has not been setup. The predictions

from ANN models could enable solar engineers for

locating and designing the solar energy systems in

India and identifying the best of the solar technologies.
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Nomenclature:

C ANN artificial neural network

C GDR generalized delta rule

estC H estimated global solar radiation (KW/m  )2

measC H measured global solar radiation (KW/m )2 

oC H extraterrestrial global solar radiation

(KW/m )2 
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C HGSR hourly global solar radiation (KW/m )2 

C MLP multi layer perceptron

C MBE mean bias error

C MPE mean percentage error

C RMSE root mean square error 

C S measured daily sunshine duration (h)

oC S theoretical daily sunshine duration (h)

maxC T daily maximum temperature (° C)

minC T daily minimum temperature (° C)

C Subscripts

C meas measured

C est estimated
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