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ABSTRACT

In this study, surface data of minimum and maximum temperature, relative humidity, and wind speed were used as input
variables to create, trainand validate the network in which global solar radiation serves as a target. These surface data were
obtained from the archives of the Era-interim database of the European center for M edium-Range weather forecast (ECMWF)
ataresolution of 0.250 x 0.250. The dataspan36 years (1980-2015) for the four climatic regions of Nigeriatheviz Sahel, Guinea
Savannah, Derived Savannah, and Coastal regions. The research aims to evaluate the predictive ability of the Nonlinear
Autoregressive Neural Network with Exogenous Input (NARX) model compared with the Multivariate Linear Regression
(MLR) model. Theefficiency of the two modelswas compared using the statistical metrics such as correlation coefficient (CC),
coefficient of determination (CD), index of agreement (IA), mean bias errors (MBE), root mean square errors (RMSE) and t-
statistics (T-test). Analyses showthat in the Sahel region, for instance, the NARX and MLR model have values of 0.876 and
0.450 for CC, 0.767 and 0.240for CD, 0.813and 0.763 for |A, 0.081 and 0.846 for MBE, 14.192 and 17.234 for RM SE and 0.4230
and 2.135 for t-test respectively. The statistical metricsfor other regionsfollowed similar patterns. Therefore, it can beinferred
from these metrics thatthe NARX model gives a better prediction of global solar radiation than the traditional common MLR

modelsin all thezonesin Nigeria.

INTRODUCTION

Solar radiation astheradiant energy fromthesunis
acrucia component of theglobal energy balancethat
drivesdifferent earth surface sysemssuch asthecdlimatic
and hydrologic systemd. It passes through the
amosphereto theground surfaceand it can bemodified
through scattering, reflection, and absorption by the
atmospheric constituentslikeair molecul es, aerosols,
water vapour, ozone, and the clouds?. Global solar
radiation includes both the direct solar radiation and
thediffuseradiation resulting fromreflected or scattered
sunlight. It isneeded to build areliable solar energy
system in alocation. The cost of installing actual
measuring equipment is high which may make it
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impossibleto haveitin many locations. Therefore, there
isaneed for thedevel opment of alternativetechniques
for precise modeling, forecasting, and prediction of
globa solar irradiance dueto theincreasinginterestin
renewable energy systemimplementationin Nigeria
Severa dternative models have been devel oped by
many researchersfor predicting global solar radiation
in Nigeria. However, the artificialneural network
techniquesfor global prediction have not beenfully
utilized for this purpose especialy in Nigeria. These
techniquesoffer apromising dterndiveto conventiona
modeling techni ques becausethey havebeenusedina
number of solar energy applications by several
researchersin many deve oped countriesand they found
that thetechniquessarveasaccuratedternativesto direct
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measurement. Tymvios et al.l¥ trained seven ANN
model sto estimate the solar radiation on ahorizontal
surface using the back-propagation feed-forward
method with tangent Ssgmoid asan activation function
at Athaassa, Cyprus. They found that the mean biased
error (MBE) and root mean square error (RMSE)
vaueswere0.12% and 5.67% respectively better than
other estimated models. Ahmad and Anderson® used
the nonlinear autoregressiverecurrent neural networks
with exogenousinput (NARX) to predict global solar
radiation acrossNew Zealand. Thepredicted values of
hourly global solar radiation were compared with the
messured val ues, and it wasfound that themean squared
error (MSE) and regression (R) vauesshowed avery
good correlation. Other researchersinclude Moustris
etal.®, Mubiru et a.'®, Ghanbrazadeh et a.[®, Mdllit,
and Pavan.¥l, Deng et al.l’9, Wang et a.*¥, and
Alharbit®™ predicted globa solar radiation using different
formsof artificid neurd network mode sand found that
the predicted values compared well with the direct
measurements. This present research uses minimum
temperature, maximum temperature, relaive humidity,
and wind speed asinput variablesto cresate, train and

networkwith exogenous input (NARX) forthe
prediction of global solar radiation (GSR) over four
climaticregionsin Nigeria Thegenerated outputsfrom
thenetwork (GSR) werecompared withthemultivariate
linear regression predicted GSR and observed GSR
using the statistical metricssuch as the correlation
coefficient (CC), coefficient of determination (CD),
index of agreement (dr), mean biaserrors(MBE), root
mean square errors (RM SE) and t-statistics (T-test).

MATERIALSAND METHOD

Data acquisition and treatment

The surfacedata of the minimum and maximum
temperature, relative humidity, and wind speed were
retrieved from theArchivesof the Era-Interim database
of the European Centrefor M edium-Range Weather
forecast (ECMWEF) at grid point of 0.25x0.25. The
dataspan the period of 1980-2015for twelve stations
averagedintofour climatic regionsin Nigeriaasshown
in Figure 1. The datawas obtained in the NETCDF
format and they were extracted into readable Excel

vaidate the nonlinear autoregressiverecurrent neural  format using ferret software.
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Figure 1. Amap of Nigeria showingfour climaticregionsand the studied stations.
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Artificial neural network mode theory

Artificia neural network (ANNS) isa powerful
forecasting tool that hasled to atremendoussurgein
research activitiesin the past decade. Theinterestin
ANNSsislargdly dueto their ability to mimic natural
inteligenceinitslearning from experience”. They learn
from examplesby congtructing aninput-output mapping
without explicit derivation of themode equation. ANNs
have been used in a broad range of applications
including pattern classification[*, function
gpproximeation, optimization, prediction, and automatic
control*® and many others. Additionally, ANNs have
been used extensively for meteorol ogical applications.
Artificial neural network (ANN) consists of many
interconnected identical Smpleprocessing unitscalled
neurons. It wasdevel oped to mimicthebasicbiologica
neura systems-the human brain. Each neuronreceives
aninput signa from other neuronsasshowninFigure
2. Thisprocessesthesignd localy through anactivation
or transfer function and produces atransformed output
signa to other external output'®.

For forecasting problem, theinputsto an artificia
neura network are usudly theindependent or predictor
variableswith functiond relationship estimated written
&

Y =f(X X, X5 X0y XP) @
wherex1, X2,..., xpispindependent variables, and y is

adependent variable. Inthisarticle, globd solar radiation
was used as an output signal while minimum and

Hidden
layer 1

Input
layer

Tmin

Tmax

WS

maximumtemperature, rdativehumidity, andwind speed
sarved asaninput ignal. TheNARX modd wascreated
and trained with 80% of the dataset (1980 — 2009)
and the remaining 20% (2010 — 2015) was used to
validatethemodel. On the other hand, the multivariate
linear regressonmodel (MLRM) of theform shownin
the Equation 2 was devel oped and compared with the
NARX model to ascertain its performance for the
estimation of global solar radiation;

H=a+pT_ +8T +pRH+BWS )
whereH istheglobal solar radiation, 1, 2, B3, and
4 are the parameter estimates of minimum (Tmin),
maximum (Tmax) temperaturesand rel ative humidity
(RH) and wind speed (WS) respectively and a is the
multivariate intercept to be determined using theleast
square method.

Model testing and assessment

Themodel swerevalidated using the surface data
of minimum and maximum temperatures; relative
humidity and wind speed span 2010-2015 as input
variables. The performance of the devel oped models
wastested with the coefficient of determination (CD),
root meanssquareerror (RM SE), and meansbiaserror
(MBE), t-datistics (t-test), correl aion coefficient (CC)
and index of agreement (1A) using Equations3—6.

1 n
MBE = EZ(HP —H,) €)
Hidden Output
layer 2 layer

» GSR

Figure2: ANARX model architecture
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Z=1([Hp - Ha] + [Ha - Ha])
where Hp andHaarethe predicted and measured va ues
of solar radiation and n is the total number of
observations, i isthe mean of the measure of values.
MBE indicates underestimation and overestimation if
itsvauesarenegativeand positiverespectively. RMSE
showsterm by term relationship. Low vauescloseto
zero aredesirablefor MBE, RM SE, and t-test!*1214,
Meanwhile, CC which shows how predicted and
observed valuesarerelated and CD and | Athat shows
thepredictiveability of themode srequiresvaluesclose
to unity:1617,

IA=1-

RESULTSAND DISCUSSION

M odel development and evaluation
TABLE 1 showstheva uesof parameter estimates

(PE) of themultivariatelinear regressonmodd (MLR)
shownin Equation 2 and their sgnificant propertiesover
Sahd, GuineaSavannah, Derived Savannah and Coestal
climateregionsin Nigeria Each of the PE indicatesthe
relationship of each studied meteorologicd variablewith
the measured values of global solar radiation. For the
fact thet the probability values (p-vaue) werelessthan
0.05 dphadatistical level (p <0.05) showed that all
the parameter estimatesof themeteorologicd variables
and other properties have a very goodsignificant
relationship with globalsolar radiation. It can be
observed from thetabl e that minimum and maximum
temperatureshaveasignificant positive or increasing
relaionshipwithglobdwarmingsolar radiationinadl the
regionsexcept inthe Sahd region wherethe maximum
temperature hasanegative or decreasing relationship
with global solar radiation. On the other hand, relative
humidity (RH) and wind peed haveas gnificant negaive
relaionshipwithglobasolar radiationindl theregions
except inthe Sahel region wherewind speed showed a
positiverdationship.

Also, thesignificanceof thesevariables’ parameter
estimates makestheir combination asthe multivariate
linear regression modelsshownin Equations (7 —10)
suitablefor theprediction of globasolar radiationinthe
studied regionsand their environs.

TABLE 1: Multivariatelinear regression model parameter estimatesand their propertiesover four climaticregionsin

Nigeria.
Sati P . Par ameter Estimates Estimates Test
ation r operties b1 52 53 52 = ™ M SE

Sahd Estimate -743.33 6.066 -2.751 -0.772 0.412 0.621 0.385 18.600
SE 17.725 0.313 0.323 0.032 0.142
t-stat -41.936 -9.364 -8.526 -24.47 -29
p-vaue 0.000 0.000 0.000 0.000 0.004

Guinea Estimate -1133.3 2576 2111 -1.13 -2523 0.668 0.446 26.100
SE 36.055 0471 0.436 0.050 0.216
t-stat -31.433 5.713 4839 -22.428 -11.685
p-vaue 0.000 0.000 0.000 0.000 0.000

Derived Estimate -1931.8 2549 4516 -0.307 -3.805 0.603 0.363 25.900
SE 50.559 0.488 0.428 0.0671 0.221
t-stat -38.209 5.223 10.563 -4573 -17.193
p-vaue 0.000 0.000 0.000 0.000 0.000

Coastal Estimate -2188.9 4145 3.777 -0.283 -3.886 0.560 0.313 25.000
SE 60.796 0531 0.456 0.088 0.214
t-stat -36.004 7.803 8.278 -3.238 -18.16
p-vaue 0.000 0.000 0.000 0.0012 0.000

Note: SE:Sandard Error, t-stat: t-statistics and p-value: significant value at 0.05 alpha levels (95%).
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Sahe zonemode

H = - 743.33 + 6.066T,, - 2.751T, - 0.772RH + 0.412W,  (7)
Guinea Savannah model

H = - 1133.3 + 2.576T, + 2.111T,_ - 1.13RH - 2.523W, )
Derived Savannah model

H = - 1931.8 + 2.549T _+ 4.516T __ - 0.307RH - 3.805W_ (9)
Coastal zonemodel

H = - 2188.9 + 4.145T _+ 3.777T__ - 0.283RH - 3.886W, (10)

Themultivariadtemodds(MLR) wereusad to predict
globd solar radiation (GSR) for each of theregionsfor
aperiod of six years (2010 — 2015) on a daily and
monthly basis. The MLR predicted GSR was then
correlated with the observed GSR using scatterplotsas
shown in Figure 3. The results showed that the
correlations have coefficient values of 0.6221 for the
Sahdianregion, 0.6317 for the GuineaSavannahregion,
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0.5797 for the Guinea Savannah region and 0.5779for
the Coasta Zone. They also have positivedopesinal
theregions. Meanwhile, the global solar radiation was
equally predicted for the same period of yearsusing the
NARX modd inwhich minimumtemperature, maximum
temperature, relative humidity, and wind speed served
asinput variables. TheNARX modd ’spredicted GSR
valueswere then correlated with the observed GSR
vauesusing thescatterplotsasshowninFigure4. The
results showed that the correl ations have coefficient
valuesof 0.8758 for the Sahelian region, 0.8462 for
the Guinea Savannah region, 0.7599 for the Guinea
Savannahregion, and 0.7788 for the Coastd Zone. They
also have positive slopes in all the regions.
Comparatively, theNARX modd predicted GSR hasa
stronger relationship with observed GSR than MLR
predicted GSR.
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Figure3: Scatter plotsof relationship between M LR predicted and obser ved global solar radiation (GSR) over four climatic

regionsin Nigeria.
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Figure4: Scatter plotsof relationship between NARX predicted and observed global solar radiation (GSR) over four climatic

regionsin Nigeria.
Model assessment test

The predictiveperformanceof NARX and MLR
mode sfor global solarradiation waseva uated usingthe
coefficient of determination (CD), root mean square
error (RM SE) and mean biaserror (MBE), t-statistics
(T-TEST), correlation coefficient (CC) and index of
agreement (Al) asshownin Figure5. In comparison,
thevaluesof CC, CD, and IA for the NARX model
arecloser tounity indl thefour climatic regionsmore
than those of theMLR modedl.

Also, thevaluesof MBE, RMSE, T-TEST were
smaller for the NARX model than those of the MLR
mode inal theregions. Condderingtheva uesof MBE,
cases of underestimation were observed in Guineaand
Derived savannah region for thetwo modelsbut only
theNARX modd dightly underestimatedinthe Coastd
region. Theresultsof thegtatistica test further confirmed

thesuitability of theNARX mode for the prediction of
globa solar radiation over theMLR empirica model in
dl theclimaticregionsof Nigeria

Daily aver ageand interannual monthly variations
of the predicted and observed global solar
radiation

Figures6-7 show thedaily averageandinterannua
monthlyvariationsof observed and predicted globd solar
radiation (GSR) in the Sahel, Guinea, Derived, and
Coastal Regionsof Nigeriafor 2010-2015. It can be
observed from thefiguresthat both MLR and NARX
predicted va uesof GSR followed similar patternswith
the observed valuesof GSR acrosstheyear.

The predicted valuesa so monitored the observed
valuesclosdly but dight cases of underestimation and
overestimation were observed from the two models.
However, the underestimation and overestimation of
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Figure5: Satigtical testsof artificial neural network (ANN) and multi-linear regression (M LR) modelsover four climatic
regionsin Nigeria.
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Figure®6: Daily variationsof observed and predicted global solar radiation (GSR) over four climaticregionsin Nigeria.
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Figure7: Inter-annual variationsof observed and predicted global solar radiation (GSR) over four climaticregionsin

Nigeria.

GSR weremore conspicuousfortheMLR mode than
the NARX model. Thismay be attributed to the fact
that MLR predicted GSR wasmore sengitiveto outliers
than to observations near the mean leading to abias
toward extreme events. It can be concluded that the
NARX modd gave more accurate predictionsof GSR
thantheMLR modd.

CONCLUSON

Thereanalysisdataretrieved from thearchive of
the Era-Interim database of the European Centrefor
Medium-Range Weather forecast (ECMWF) were
used to predict global solar radiation over the Sahel,
Guinea Savannah, Derived Savannah and Coastal
regionsof NigeriausngtheNARX and MLR models
for 2010 — 2015. Surface data of minimum and
maximum temperatures; rel ative humidity and wind
speed wereused asinput variables. Multivariatelinear
regress on andys sshowed that minimum and maximum
temperaureshaveasgnificant postiverdaionshipwhile
relative humidity and wind speed have a negative
relationship with global solar radiationinal thethree

climaticregionsof Nigeria. However, minimum and
maximum temperatures have asignificant negative
relationshipwhilerd ative humidity and wind speed have
apositiverdationshipwith globa solar radiationin Sahel
region only. The results of the correlation analysis
between the predicted and observed global solar
radiation showed that the NARX moded had astronger
correlation than the MLR model. Finally, the
comparativeandysesusing thestatistical performance
testsconfirmthat the NARX artificid intdligencemodd
issuitablefor thepredictionof global solar radiationto
greater accuracy than thetraditiona regression model
over Nigeria
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