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Abstract—This paper presents the prediction of tothAC power output from a grid-connected photovoltac (PV) system using
two-variate artificial neural network (ANN) models. In this study, multi-layer feedforward ANN modelsfor the prediction of total
AC power output from a grid-connected PV system habeen considered. Three ANN models were developedsed on different
sets of two-variate ANN inputs. The first ANN modelutilizes solar radiation and ambient temperature & its inputs while the
second model uses solar radiation and wind speed s inputs. On the other hand, the third model usg solar radiation and PV
module temperature as its inputs. However, all thehree models utilize similar type of output which s the total AC power
produced from the grid-connected PV system. Data Ifering process was introduced to choose quality da patterns to be
processed during training. Thus, only informative atures were available for the prediction. In addibn, the performance of each
ANN model was characterized by the correlation coétient (R) and root mean square error RMSE) of the prediction. After
training process was completed, testing process waerformed to decide whether the training processhould be repeated or
stopped. Besides selecting the best prediction madthis study also exhibits some of the experimenitaesults which illustrate the
effectiveness of the data filtering in predicting e total AC power output from a grid-PV system. Fuly trained ANN models are
expected to be able to predict the AC power outpdtom a set of un-seen data patterns in the future.

Keywords — artificial neural network (ANN), photovoltaic (PV), correlation coefficient (R), root mean square error RMSE),
prediction.

more decentralized rooftop grid-PV systems to redthe
I. INTRODUCTION capital, operating and maintenance costs of theallpower
Photovoltaic involves solar electricity producednr utilities.

solar energy. As solar energy can be obtainedyfiaghany Similar to other off-grid PV system, the implemeiuta of
places most of the time, solar power generatiorersff grid-PV systems can be also undermined by the issue

significant advantages compared to other sources umipredictability. Despite having all the benefits solar

renewable energy. While the amount of solar rauliatipower generation, the performance of a grid-PVesgsis
absorbed by PV module is proved to influence tteontrolled by a few limitations. First and foremadsie power

performance of a PV system, the AC PV power output 9enerated by PV array may not meet the load derathtide

usually measured as PV system performance. time due to the variations of sun position and atim

Besides having the ability to operate as standealofonditions [1]. As the apparent motion of the ssidifferent
systems, PV technology is often coupled with otypes of throughou_t th_e year, the amount o_f light intentiigt reaches
energy technology such as wind generator, fuel géoe the earth is diverse in place and time. Seconbfypresence

micro-hydro power generator as well as the conoeati

electricity grid network. Thus, the overall poweupsly irradiation delivered to a particular site due ¢attering and

L L . absorption [2]. Thirdly, the tilt angle and orietiva of the

performance and reliability can be &gmﬁcantl;pmyed. PV array would equally restrict the amount of saaergy
One _Of t_he most _popular type of Pv'hyb”d POWEhat can be absorbed by the array [2]. This falbemomes a
generation is the grid-PV system. This system maifyior problem in rooftop grid-PV system installatio

requires PV arrays to be connected to the conweaitionid pecayse the available area and orientation of apoéire

of clouds and rains would also reduce the amount of

set up by the power utility. The grid will provideower
back-up to the loads if the PV arrays fail to meet load
demand. Grid-PV system can be configured as aaled
system or a decentralized system, depending ocasts and
suitability. Nevertheless, many countries have poamoted
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normally fixed for a building. In addition, the p@mance of
PV array is substantially influenced by surrounding
temperature and solar cell temperature [2]-[3].

Due to the unpredictability in PV system, Artificideural
Network (ANN) is employed to predict PV system
parameters. It has been proved to be useful beciuse
requires no prior knowledge of the internal pararseand
also involves minimal computations [4].

Firstly, a research on the unpredictability of &lieal
loads was done using ANN [5]. Later, similar tecjug was
used in predicting electrical energy consumptioh [Ehe
two studies utilized ANN as a tool to predict efeal load
variations. On the other hand, the same technigue be
employed in predicting the amount of solar radiatio
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received at a site [7]. Moreover, ANN is also a8l to size the total AC power in kilowatts. Apart form th&R forms

PV system parameters with minimum input data [8]. the core type of input in each ANN model since Hié
In relation with PV system output prediction, feaafard system is heavily dependent on the amount of suinfadling

back-propagation ANN models were developed to ptedpnto the PV modules.

the energy (in kwWh) output of a grid-PV system gsin

different combination of solar radiation, modulenfeerature A. ANN Model 1

and clearness index [9]. Likewise, the output penince of ~ The first ANN model utilizesSRandAT as its inputs and

150W monocrystalline module had specifically modeletotal AC power as its output. Since the ambientpterature

using the same architecture but with a two-lay@ould also cool down the PV modules and henceénttes

configuration and different inputs [4]. The ANN ligzes the performance of PV array#T is selected to be the

solar irradiance, ambient temperature and modwiecond input to the ANN besid€R The proposed model is

temperature as its inputs while voltage and curram illustrated in Fig. 1.

identified at its outputs. These studies have prdiat ANN

is capable of predicting the output of PV systeAithough Input Output

these ANN-related studies have produced satisfacesults

in terms of accuracy and convergence speed, notigesé [ \ [—A—\

efforts had demonstrated the capability of predgtiotal

AC power output from the inverters of a grid-PV tsys, Solar Radiation, Total AC

justifying this work. _ _ _ SR(KW/n) — M'?)';I(I;II 1 Power Output
ThIS study presents the |mpleme_ntat|on_o1_‘ two-varia oo Temperature, —> (kW)

multilayer feedforward ANN models in predicting theC AT(°C) —»

power output from a grid-connected photovoltaic PV

system. Three models have been developed for this
investigation Fig. 1. ANN Model 1 based dBRandAT as inputs

Il. DEVELOPMENTOFTWO-VARIATE ANN MODELS B. ANN Model 2

The second model utilizé8RandWSas its input and total
AC power as its output. As flowing of wind could
significantly cool down the PV modules and hence
influences the performance of solar cells insiderttodules,
WS is chosen to be one of the input in the second ANN
model. The second ANN model is illustrated in FAg.

ANN is a generalization process for mathematicatiet®
based on biological nervous system [10]. The furefaeai
processing element of an ANN is called neuron. &sib
computational model, the neuron collect input sigrieom
other neurons or sources and merge them. It wiinth
perform necessary computation before mapping tremnt

output.

Although a few ANN architectures and training altfons Input Output
have been introduced for predicting purposes, thiitayer A
feedforward neural network with Levenberg-Marquardt ( \
backpropagation training algorithm has been widedgd in o
solving many engineering problems due to its good Solar Radiation, ANN Total AC
generalization capability and simplicity. Therefotigis type SR(KW/’) — Model 2 Power Output
of ANN has been employed in this study. Generailly, Wind SpeedWS(m/s) —> (kw)
consists of one input layer, one hidden layer ama@tput
layer. However, it can also be realized with mdrant one
hidden layer. In this work, the different input doimations ) )
are tested with the feedforward ANN model of twolden Fig. 2. ANN Model 2 based dBRandWSas inputs

layers.

The main objective of this study is to develop AN
models that can accurately predict the total AC grosutput '\& ANN Model 3
from a rooftop grid-connected PV system using mldti
inverters. Secondly, this research is also aimdthptoving
the training process through data filtering.

The third model utilizeSRandMT as its input and total
AC power as its output.

The ANN data consists of solar radiati@R (in kW/mZ) Input Output
falling on horizontal plane, ambient temperatue,(in °C), A
wind speed WS (in m/s), module temperatur#T (in °C) [_A_\
and total AC power output (in kW) that have beelected o
from the 42kW grid-PV system mounted on the roof of ~ Solar Radiation, ANN Total AC
Quadrangle Building, University of New South Wales, SR(KW/nT) —— Model 3 Power Output
Australia. The data patterns obtained are basetbeninute Module Temperature, — (kw)
interval. MT (°C) —¥

In general, three two-variate ANN models have been
developed based on different types of input coméitian in
order to predict the total AC power output from tréed-PV
system. However, all models have a single outputhwis

Fig. 3. ANN Model 3 based dBRandMT as inputs
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Since the module temperature directly affects theOn the other hand, the testing process is conducted
performance of PV moduledT has become one of theconsecutively after obtaining the best trained ANlgdel.
inputs in the third model. The third model is ilieged in The overall procedure for the prediction programngi&ANN

Fig. 3.

can be summarized as follows:

i.
[Il. DEVELOPMENT OF TRAINING AND TESTING .
PROGRAM iii.
The neural network program is written using MATLAB iv.
software package (Version R2006a). The trainingtasting
are implemented in a single program so that thtbopeance  v.
from each process can be easily monitored and cadpa
Besides that, data filtering is introduced to immrothe
regression coefficient and root mean square eRMSE
performance in training process. This new featuoald
improve the performance of ANN by discarding poorly vii.
related input and output data during training. tdidon,
number of poor data to be eliminated could be chkdng

Vi.

depending on the assigned maximum absolute errowiii.

performance allowed from each data pattern dumaiging.

Start training process by loading training data.

Adjust ANN architecture and training parameters.
Perform training process.

If the training converges, proceed to the next.step
Otherwise, return to step ii.

Determine absolute errorkE,,s for each training
pattern, regression coefficienR and Root Mean
Square ErrorRMSE

If R of training is greater or equal to 0.99, procezd t
the next step. If not, return to step ii.

If the prediction produces patterns witk,s greater or
equal to 2kW, proceed to the next step. Othervwgse,
to step ix.

Perform data filtering. Remove data patterns which
produceE,ys greater or equal to 2kW. Then, return to

In this study, the absolute error performance olethishould
be less than 2kW. This value is initially chosesdzhon the  ix.
maximum of 5% error in the prediction of output myvirom X.
the 42kW grid-PV system. The absolute erferand root

step iii.

Save trained ANN.

Start testing process by loading testing data and
recalling the trained ANN in training process.

mean square errdRMSEare computed as xi. Perform testing process using the successfullperii
ANN.
E =|a—t| 1) xii. If the testing converges, proceed to the next step.
Otherwise, return to step ii.
xiii. Determine the regression coefficier® and Root
z(a_t)Z Mean Square ErroRMSEfor testing.
RMSE=,|—— (2) xiv. If R is greater than or equal to 0.99, the testing

n process is stopped. Otherwise, return to step ii.
wherea is the actual output of the training data ansl the
target output of the training data. In additians the number  After determining the best ANN architecture andniray
of data patterns for training. parameters for each ANN model, the best prediatimalel
The training process is performed using a threerlayfor this study is chosen based on the model thatiymes

feedforward ANN trained by Levenberg-MarquardiowestRMSEand highesR during training and testing.
backpropagation algorithm,trainlm. With  supervised

learning capability, the Levenberg-Marquardt algon has IV. RESULTSAND DISCUSSIONS
the combination of the advantage found in graddsscent The results of this work can be cateqorized int@dh
backpropagation technique and the advantage of dtewt 9

- . . sections. The first section describes the besitaatbre and
method. As it only operates with sum squared dtnoction, S . .
o o ; o training parameters for all the three different wisd while
it is popularly utlized in many prediction task41].

the second section illustrates the prediction perémce of
Therefore,

selected in trll';v;zzergjgigqlijtzrdﬁovtéﬁ'?rlggk wzlggrﬁgr: 'each model. The final section eventually reveaks blest
y P Y model for the prediction of total AC power outpubrh a

predicting tasks based on regression model [9]. grid-connected PV system.

Before the training algorithm is applied, the da&t is After extensive investigation, the best ANN arctiitee
normalized such that all input and output parame&dues . - ’
lie within a range from -1 to 1. The normalizatiof a gnd °p“”?“m training parameters for each mode! are
. . . illustrated in Table I. In Table I, all the threeodels obtain
particular data value is calculated using the fdamu T . - -
similar best configuration of transfer function wéaeurely
linear transfer function has been found to be thestm
suitable transfer function in each layer. Despigwihg the
same configuration of transfer function, furthevestigation
shows that the three models require different rfeura
configuration. Model 1 and Model 2 have neural
where Xy,om is the normalized data value amgha is the configuration of (3,5,1) and (2,3,1) respectiven the
actual data value to be normalized,,, is the minimum ,iher hand, Model 2 has a configuration of (2,9,1).
actual data value whil®nay is the maximum actual dataTherefore, Model 2 can be implemented using a small
value. In additionMax,om is the predetermined maximumperal configuration compared to Model 1 and Mc&lelith
normalized data value which is equal to 1 wheM&BomiS 4 5 number of nodes in total. In contrast, Moddia3 the
the predetermined minimum normalized data valueckviig highest neural configuration with total of 11 noddhe
equal to -1. number of nodes signifies the complexity of an ANNM is
going to be realized as hardware.

mrm=(Ma>sorm—Mier){W}+Minm ©)

max min
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value of 1.3085kW. The highe®®RMSE of 1.4206kW is

TABLE I: ANN ARCHITECTURE AND TRAINING PARAMETERS attained by Model 3.
OF TWO-VARIATE MODELS

ANN ANN ANN TABLE Ill: ROOT MEAN SQUARE ERROR PERFORMANCE

Parameters / Results| "0 | vl | vodel 3 o TWO—VAQRlATE NN
;LVFL‘?[SI;fe?'emems N | sre AT | SR& WS | SR& MT Performance Type | ANN ANN ANN
Np A 4 o [in kw] Model 1 | Model 2 | Model 3

umper ot training

patterns before filtering 1000 1000 1000 RMS.E before o 1.2722 1.2919 1.2873
Number of training 638 632 838 filtering for trgmmg
patterns atfter fitering ;’:"t?aEinei‘:ger filtering | 5708 | 0.5853| 0.5972
Number of testing 1000 1000 1000 o
pattern % Difference of 5513 | 54.69 | 53.61
Number of neurons in 3 5 2 RMSEfor training ) ’ ’
first hidden layer .

Number of neurons in . 3 9 RMSE for testing 1.3085| 1.3768  1.4206
second hidden layer
Number of elements in 1 1 1 The prediction results for each model in testingcpss
output layer . . . are depicted in Fig. 4 to Fig. 6. All three modstsows
Type of transfer pai::g pﬂi::ﬂ pﬂ:g::ﬂ satisfactory prediction with most actual forecastagput
function pureti pureti purel data match the targeted data.

purelin purelin purelin
TABLE Il: REGRESSION PERFORMANCE OF TWO-VARIATE I T S
MODELS L ?E ﬁ r 1 p P f
ANN | ANN | ANN i { l :

Performance Type | ;. 4el 1| Model 2 | Model 3 T+ HI T } 1!“ ]] i |
Rbefore filtering for | ; 99285 0.99264 0.992711 ] ail l L ]l
training HI H .1+ ffl |
ﬁa?:ﬁ];f"te””g for | 0.99859| 099852 0.99846 B “ tf ]f Hm f[i H

Sl ¥ H
0, I - ¥ H l
% Difference oRfor | g 0.59 0.58 : “ ﬂ tl f fl I tf 1’1 ]JL’
training P I .. "i s
R for testing 0.99362 0.99350 0.99332 :F E‘ w é g h ﬁ b d h v

In Table II, during training process, Model 2 expaced
the highest improvement of 0.59% Rvalue from 0.99266
to 0.99852 after filtering. Apart from that, aftéitering
process, Model 1 has experienced an increase 8¥0d@ R
value from 0.99288 to 0.99859 while Model 3 haseieed
an improvement of 0.58% iR value from 0.99271 to . . . T . — . T
0.99846. However, Model 1 has the high@stalue before
and after filtering during training process. Thed®abyields
R value of 0.99288 before filtering and 0.99859 mafte
filtering. Similarly, in testing process, the high® value of
0.99362 is achieved in Model 1. In short, Modelxhibits
the best regression performance among the threeelmod
despite having a slightly lower percentage of regjmn
improvement after filtering compared to other madel

In terms ofRMSE performance as illustrated in Table
lll, besides producing the lowe®®MSE before filtering,
Model 1 obtains the highest reduction BMSE after
filtering. The RMSE is reduced from 1.2722kW to
0.5708kW after filtering. On the other hand, Mo@&ehnd
Model 3 exhibit slightly lowelRMSEreduction of 54.69%
and 54.13% respectively. THRIMSEof Model 2 is reduced
from 1.2919kW to 0.5853kW where®MSEof Model 3 is
reduced from 1.2873kW to 0.5972kW. Although Model 2 After the correlation coefficient anAMSEperformance
has the highesRMSEvalue before filtering, th &R MSEvalue are considered, it is obviously found that Modedrbduces
has been significantly reduced after filtering.téasl, Model the most accurate ANN for predicting the total AGwer
3 exhibits the highedRMSEvalue after filtering. In testing output from grid-connected PV system. The seconst be
process, the lowe®MSEis still achieved in Model 1 with a model is Model 2 where the and RMSEperformance are

significantly improved after data filtering proce3ie worst
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performing model is Model 3 as the model yields dstiR Multivariate Approaches Int. Journal of Energy Researchol. 26,
value in training and testing. It also produceshbEfRMSE pp. 67-68, 2002.

i .. . R [71 A.S.S. Dorvlo, J.A. Jervase, and A. Al-Lawati, “&olRadiation
during training and testing. In short, ANN Modelwhich Estimation Using Atrtificial Neural Networks Applied Energy vol.

utilizes SR and AT as its input is found to be the best 71, pp. 307-319, 2002.

performing two-variate ANN models in this study. [8] A. Mellit, M. Benghanem, A. Hadj Arab, and A. Guesm,
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Artificial Neural Network”, in Proc. IEEE Control Applications

' ' ' § ' ' ' ' § Conf, vol. 1, pp.353-357, 2003.

[9] I Ashraf and A. Chandra, “Artificial Neural NetwoBased Models

for Forecasting Electricity Generation of Grid Cented Solar PV

Power Plant”Int. Journal of Global Energy Issuegol. 21, no. 1/2,

pp. 119-130, 2004.

S. Kumar, Neural Networks A Classroom ApproacBingapore:

McGraw-Hill, 2005, p. 61.K.L Priddy and P.E. KelleArtificial

Neural Networks: An IntroductigiNew Delhi: Prentice Hall of India,

2007, p. 121.
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