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Time-series Regression Model for Prediction
of Monthly and Daily Average Global Solar
Radiation in Al Ain City —UAE
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Abstract — This study addresses the use of classical regression techniques for predicting the monthly average global solar
radiation in the city of Al-Ain, UAE. The mean daily recorded data used were supplied by the National Center of
Meteorology and Seismology (NCMS) in Abu Dhabi , UAE or the years of 1995 till 2007. Available weather data
included the mean air temperature (°C), mean wind speed (knots), daily sunshine hours, and percent relative humidity in
addition to the daily global solar radiation (kWh/m?®). The data was divided into two groups: one data group from 1995-
2004 for the prediction model and the second group (2005-2007) for testing the model. The correlation between mean
daily global solar radiation (GSR) and the other four variables suggested using all four variables for building the prediction

model, although the GSR is highly correlated to the mean temperature and sunshine-hours variations.

The resulting model was tested using the three-year data of the period 2005-2007 yielding a deterministic coefficient R =
90.77 % and RMSE= 0.417 as well as low MBE values. The model was also tested with Artificial Neural Network (ANN)

model data yielding very favorable results.
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1 INTRODUCTION

The world is adopting more stringent strategic policies
to increase dependence on rencwable and sustainable
energy sources paralleled by a reduction of its
dependence on fossil fuel resources to power its
domestic and industrial needs. The Arab world and
specifically, the gulf region, has witnessed a surge in
research endeavours related to the arcas of solar
energy, abundant in the region, and to less extent on
wind energy, bio-fuels and nuclear energy. The
establishment of MASDAR in the UAE and the
hosting of International Renewable Energy Agency
(IRENA) have triggered the interest of the industrial
and academic community in energy research. The
potential of solar energy harvesting in the UAE is
significant, with an average annual sunshine hours of
3568 h (ie. 9.7 h/day), which corresponds to an
average annual solar radiation of approximately 2285
kWh/m2 (i.e. 6.3 kWh/m2 per day) [1].

Numerous authors developed empirical regression
models to predict the monthly average daily global
solar radiation in their region using various parameters
[2- 20]. The mean daily sunshine duration was the
most commonly used and available parameter. The
most popular model was the linear model by
Angstrom-Prescott [2, 21] which establishes a linear
relationship between global radiation and sunshine
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duration with knowledge of extra-terrestrial solar
radiation and the theoretical maximum daily solar
hours. Many studies with empirical regression models
were done for diverse regions around the world.

Menges et al. [18] reviewed 50 global radiation
empirical models available in literature for computing
the monthly average daily global radiation on a
horizontal surface. They tested the models on data
recorded in Konya, Turkey for comparison of model
accuracy. The number of weather parameters varied
between models. The diverse regression models used
include linear, logarithmic, quadratic, third order
polynomial, logarithmic-linear and exponential and
power models relating the normalized GSR to
normalized sunshine hours. Other models included in
Menges work used direct regression models involving
various weather parameters in addition to geographical
data (altitude, latitude) and other weather parameters
such as precipitation, cloud cover, etc. Sahin [19]
presented a novel method for estimating the solar
irradiation and sunshine duration by incorporating the
atmospheric effects due to extra-terrestrial solar
irradiation and length of day. The author compares
his model with Angstrém’s equation with favourable
advantages as his method does not use Least Square
Method in addition to having no procedural
restrictions or assumptions.  Ulgen et al. [20]
developed two empirical correlations to estimate the
monthly average daily global solar radiation on a
horizontal surface for Izmir, Turkey. Their models
resemble Angstrom type equations. They compared
their models with 25 models previously reported in
literature on the basis of statistical error test (MBE,
RMSE, MPE, and R?) with favourable results.
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The main limitation of using many weather
parameters is the difficulty of obtaining this data due
to the high expense and availability of recording
equipment. Some of the regression models are more
accurate for monthly data than daily data and most
published work only shows monthly data comparison
results as the daily mean data are less accurate.

Other authors worked on prediction models based
on artificial neural network techniques and most
specifically Multi-Layer Perceptron (MLP) and
Radial-Basis Function (RBF) methods [22- 33]. The
advantage of the ANN models is their ability to handle
large amounts of data as well as the ability to handle
random data without worry of incomplete, inaccurate
or noise-contaminated data.

Our work follows a similar approach to work done
by researchers such as Boland [34], Sulaiman et al.
[35]. Reikard [36], Zeroual et al. [37], Goh et al. [38]
and Zaharim et al. [39] who employ the time-series
modeling using regression for the deterministic
component and Box-Jenkins  Auto-Regressive
Integrated Moving Average (ARIMA) modeling [40-
41] for the stochastic residual component.

Sulaiman et al. [35] and Zaharim et al. [39] use the
ARMA Box-Jenkins method to model GSR data in
Malaysia. They model the data using non-seasonal
autoregressive models where the model adequacy is
checked using the Ljung-Box statistic for diagnostic
data. However, only shortterm data was used for
testing their model. Reikard [36] employs a
combination of logarithmic regression and ARIMA
modeling to predict solar radiation at high resolution
and compares his models with other forecast methods
such as ANN and considered the 24-hour daily
seasonality not taken into account in most modeling
approaches. Boland [34] and Zeroual et al. [37] use a
combination of regression model with Fourier series
for the deterministic part and ARMA modeling for the
residual stochastic part.

This paper uses time-series techniques to predict
the monthly average daily global solar radiation data
in Al-Ain, UAE. The deterministic component was
modelled by decomposing it into a multiple linear
regression component as a function of the available
weather variables plus a cyclical component
accounting for the annual periodicity and a linear
trend. Work is underway to study the residual error
using Box-Jenkins ARIMA modeling techniques [40-
41] for the sake of further enhancing the predicted
solar radiation data.

Section 2 explains the time-series regression
modeling approach and results are shown and
discussed in section 3 followed by conclusions.

2 METHODOLOGY

The database (meteorological data provided by
NCMS in Abu Dhabi for the periods between 1995
and 2007 used was divided into two sets: A model
data set with daily record of the variables: air

temperature, wind speed, sunshine hours and relative
humidity for the years 1995- 2004 (10 years), and a
test data set for the years of 2005-2007. The missing
values were replaced by the average of values from
same week. The regression modeling and simulation
work were done using SPSS [42] and MATLAB [43].
The correlation between the four independent
weather data variables (temperature, wind, sunshine,
relative humidity) with the global solar radiation
parameter (dependent variable) is shown in Table 1.

Table 1.Correlation between the measured weather data
parameters for the city of Al-Ain (years 1995-2004)

Variable T w SH RH
T
w 0.191
SH 0453 | -0.110
RH 0742 | -0217 | -0.456
GSR 0.795 | 0143 | 0.697 | o676

Table 1 implies that the temperature and sunshine
hours have dominant effect on the GSR parameter
followed closely by relative humidity and with less
influence by wind speed. The latter low wind
correlation could be attributed to the fact that the
wind energy in the UAE is not significant to affect
temperatures. The RH has a negative correlation as
the sun radiation decreases with increase of RH
values. Table 2 show the descriptive data statistics
for the Al-Ain weather data.

Table 2- Descriptive data statistics for measured
weather parameters for Al-Ain (years 1995-2004)

Variable T W SH RH GSR
Mean 36.501 7.531 9.947 44.045 6.333
SE Mean 0.128 0.033 0.262 0.278 0.023
StdDev 7.725 1.990 1.585 16.816 1.396
Variance 59.669 3.959 2.512 | 282.766 | 1.949
CoefVar 21.16 26.420 15.93 38.18 22.05
Min 16.2 208.4e-3 0.80 7.375 1.135
Median 37.6 7.251 10.20 43.417 6.554
Max 49.1 22.794 12.80 97.23 8.821
Skewness -0.30 1.60 -1.52 0.20 -0.36
Kurtosis -1.21 5.73 3.77 -0.70 -0.90
MSSD 1.665 2.094 1.079 42.719 0.155

The skewness test (o) measures the asymmetry
of the four weather independent variables data around
their mean. For o =0 , the data have a Gaussian
distribution, while o, < 0 indicates that data arc
spread out more to the left of the mean than to its
right, and oy > O indicates that data are spread out
more to the right .

Results shown in Table 2 imply that T, SH and
GSR data are spread out to the left of their mean
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while W and RH data are spread to the right. Temp,
RH and GSR data scem to have a quasi-Gaussian
distribution. The W and SH data are more divergent
away from normal distribution.

The Kurtosis test also measures the degree of
normality of each variable. We can clearly see that
variables RH, GSR, and T are, simultancously, closer
to normality than the other variables (k, closer to
Z€r10).

Fig. 1 shows the time-series plot of the mean
daily GSR for years 1995-2004 with leap days
excluded. The plot shows a clear periodicity of one
year (365 days).
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Fig, 1. Daily mean Global Solar Radiation (GSR) in
Al-Ain, UAE for years 1995-2004 (leap days
excluded)

2.1 Multiple Linear Regression model between
GSR and four weather variables

We first use partial least square regression to model
the relation between GSR data for ten years (1995-
2004) and the four aforementioned dependent
weather variables. The resulting relation obtained
with SPSS is given by:

GSR(t) =a, +a, *T({t)+ a3 *W(E) + a, *
SH(t) + as * RH(t) + GSRresidue (t) (1)

where GSR .ique(t) is the residue error and the
regression coefficients are given in Table 3.

Table 3.Regression coefficients of eq. (1)

Coefficient Value
a; -1.197
a 0.097
a; 0.051
ay 0.385
as - 0.005

The regression model of eq. (1) has a deterministic
coefficient R*= 0.7824 and MSE= 0.424657.
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2,2 Trend and Seasonality components of the
residual regression error

The residual component GSRieigue(t) was then
sketched to examine its trends and/or scasonality.
We used SPSS and MATLAB to find the trend and
secasonality of the residual error yielding the
following equation:

GSRresidue (t) = GSRtrend (t) + GSRseaszmal (t) +
GSRresidueZ (t) (2)

where the linear trend equation is given by:
GSR,,0q(t) = 0.07705 — 0.000042211 <t (3)

The mathematical model for the seasonal component
data obtained from SPSS was reconstructed using
MATLAB with FFT algorithm using a period of
NT=365 days. The resulting model is:

N.

GSRseaszmal(t) = Zﬁ [ak cos (% k t) +
besin(Z kt)| @

The resulting refined regression model including the
variable dependence, trend and seasonal components
yields the following equation:

GSRregression (t) =a T(t) + a; W(t) +
as SH(t) +a, RH(t) + GSRyyeng(t) +
GSRseasonal (t) + GSRresidueZ (t) (5)

The residual error of the regression model is shown in
Fig. 2. Note that the residual error appears to be
stationary. The residual statistics from SPSS yield a
zero mean and a standard deviation of 0.6484
kWh/m®. The predicted GSR using regression has a
mean of 6.3357 kWh/m® and standard deviation of
1.2325 kWh/m®. A further enhancement of the
residual error is underway using Box-Jenkins
Methods with ARIMA modeling [40-41].

Mean Daily Residual GSR
(kWh/m?)

0 365

730 1095 1460 1825 2190 2555 2920 3285 3650
Day

Fig.2. Residual error plot of the mean daily global

solar radiation for Al-Ain, UAE over the model

period 1995-2004 (10 years or 3650 points with leap

year days removed)
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3 RESULTS AND DISCUSSION FOR REGRESSION
MODEL DATA
3.1 Model data analysis results (1995-2004)

The statistics of the measured and predicted GSR data
for years 1995-2004 are given in Table 4.

Table 4.Descriptive statistics of measured and
predicted GSR data for years 1995-2004 in Al-Ain

Statistic GSRyueasured | GSRyredicted
Mean 6.336 6.336
Variance (n-1) 1.939 2.020
Std. Deviation (n-1) 1.393 1.421

The correlation between the predicted and measured
mean daily data is shown in Fig. 3 which indicates a
deterministic coefficient of R’= 92.4 % implying a
good regression model.
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Fig.3. Correlation between predicted and measured
mean daily GSR data for Al-Ain, UAE for years
1995-2004

The mean monthly data comparison for the modeling
years is shown in Fig. 4. Note the excellent agreement
between measured and predicted data.
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Fig.4. Measured and predicted mean daily GSR for
Al-Ain, UAE during the model period 1995-2004.

The results of statistical error calculations between
the measured and predicted GSR data for years 1995-

2004 are given in Table 5 for daily and monthly mean
data, respectively. The statistical parameters used in
comparing our model data to other available data are
defined in [1]. They are mainly RMSE, MBE,
MABE, MAPE, and R®. The definition of the
deterministic coefficient and nomenclatures of some
variables are found in the Appendix.

Table 5. Statistical error data for the comparison of
mean daily and monthly predicted and measured GSR
data for years 1995-2004

Mean GSR Data RMSE MBE
Comparison
Daily 0.393 -1.10 E-06
Monthly 0.023 -1.47 E-04

Table 5 shows even higher accuracy for monthly
mean data with R* nearly 100 % (99.98 %) which
implies a very strong correlation between the
measured data and the regression model data. The
low MBE values (-1.10x10°° and -1.47x10™ kWh/m?
for daily and monthly means) indicate a good long
term performance. The low RMSE values (0.393 and
0.023 kWh/m®) confirm the good accuracy of our
estimation model. It is also a good indicator of short-
term performance and how close are the predicted
values from measured data. The low MABE values
assure the goodness of the regression model fit. The
model forecast accuracy is implied by the low MAPE
values (4.85 % and 0.26 % for mean daily and
monthly data).

3.2 Model testing results (2005-2007)

The validation of the regression model is done by
testing it with measured data during years 2005-2007
in the city of Al-Ain, UAE. We employed MATLAB
to generate the code for the regression model. The
output results for the mean daily global solar
radiation data (3 years= 1095 points) were also used
to generate the mean monthly GSR data. Results of
comparison between measured test data and
regression fit data are displayed in Fig. 5 with very
good agreement.

Test Data 2005 -2007

—Predicted

B Measured

Mean Monthly GSR (kWh/m?)
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JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC
Month

Fig.5. Mecan monthly predicted and measured test
data for years 2005-2007 in Al-Ain, UAE
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Fig. 5 also compares the regression model fit data
with that obtained using MLP and RBF ANN
methods [44]. Results shown in Fig. 5 show better
agreement of the regression model results in
comparison to the ANN techniques used. The error
statistics resulting from the test data for years 2005-
2007 for mean daily and monthly data are displayed
in Table 6.

Table 6. Statistical error data for validation of the
mean daily and monthly GSR data for the predicted
regression model (2005-2007)

Mean GSR Data Daily Monthly
Comparison
RMSE 0.416 0.068
MBE -0.046 -0.048
MABE 0.308 0.053
MAPE 5.37 % 0.92 %
R? 90.77 % 99.85 %

Table 6 shows a much better accuracy for the
monthly mean data with R* = 99.85% which validates
the use of the regression model obtained in eq. (5) for
forecasting the global solar radiation monthly data in
the city of Al-Ain. All error statistics obtained
confirm the wvalidity for short and long term
performance. The correlation between the regression
model data and the test mean daily GSR data set for
years 2005-2007 is also shown in Fig. 6 with the
corresponding 95% prediction error bounds.
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Fig. 6. Correlation between predicted and measured
mean daily GSR data for Al-Ain, UAE for years
2005-2007.

4 CONCLUSION

The global solar radiation can be adequately predicted
using regression models using the daily recorded
weather variables of maximum temperature, mean
wind speed, sunshine hours, and relative humidity.
The model obtained compares favourably to the ANN
techniques used by other authors. The only problem
is that the regression model data are strongly

11-14 July, 2011, Lisbon, Portugal

dependent on the knowledge of the weather data
variables in contrast to other methods used such as
Box Jenkins methods and ANN methods that tolerate
contaminated, incomplete and random data.
Regression models are, however, easy to produce and
require less learning curve.

Model validation results for test data in years
2005-2007 yield a deterministic coefficient for mean
daily GSR data R*=99.85 % in addition low MBE,
MABE, MPE and RMSE data. These error statistics
support the use of the prediction model in forecasting
the global solar radiation in the city of Al-Ain, UAE.
Other models are being developed for other UAE
cities targeting a unified UAE weather model.

5 APPENDIX

The statistical parameters used in comparing our
model and test data are defined in [1]. They are
mainly RMSE, MBE, MABE, MAPE, and R2. The
correlation coefficient is computed from:

N . .
z(GSR}n - GSRmXGSRIC - GSRC)
i=1

\/ g(GSRin - GSRim)z gj(GSRiC - GTRC)2
5

1=1 =1

where GSR:, and GSR. are the mean measured and
calculated (predicted) global solar radiation values,
respectively.  GSR,, and GSR. are the mean
measured and calculated GSR values, respectively.

Nomenclatures

T = Mean Daily temperature ("C)

W= Mean wind speed (knots)

SSH= Mean daily Sunshine Hours

RH= Mean daily relative humidity

GSR= Mean Daily Global Solar Radiation (kWh/m?)

RMSE= Root-Mean Square Error

MBE= Mean Bias Error

MABE= Mean Absolute Bias Error

MAPE= Mean Absolute Percentage Error

R= Correlation coefficient

R’= Deterministic Coefficient

ANN-= Artificial Neural Network

MLP= Multi-Layer Perceptron

RBF= Radial-Basis Function

ARIMA=Auto-Regressive Integrated Moving
Average
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