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a b s t r a c t

The static, clean and movement free characteristics of solar energy along with its contribution towards
global warming mitigation, enhanced stability and increased efficiency advocates solar power systems as
one of the most feasible energy generation resources. Considering the influence of stochastic weather
conditions over the output power of photovoltaic (PV) systems, the necessity of a sophisticated fore-
casting model is increased rapidly. A genetic algorithm-based support vector machine (GASVM) model
for short-term power forecasting of residential scale PV system is proposed in this manuscript. The
GASVM model classifies the historical weather data using an SVM classifier initially and later it is
optimized by the genetic algorithm using an ensemble technique. In this research, a local weather station
was installed along with the PV system at Deakin University for accurately monitoring the immediate
surrounding environment avoiding the inaccuracy caused by the remote collection of weather param-
eters (Bureau of Meteorology). The forecasting accuracy of the proposed GASVM model is evaluated
based on the root mean square error (RMSE) and mean absolute percentage error (MAPE). Experimental
results demonstrated that the proposed GASVM model outperforms the conventional SVM model by the
difference of about 669.624W in the RMSE value and 98.7648% of the MAPE error.

© 2019 Published by Elsevier Ltd.
1. Introduction

The rapidly advancing evolution of technology and the increase
in population density creates an increasing demand for energy
resources, both renewable and non-renewable. The use of non-
renewable energy sources, such as coal or other fossil fuels, not
only cause a significant amount of pollution but also ultimately
result in the depletion of the limited resources. Therefore, the use of
renewable energy (RE) sources is further encouraged across the
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world. Among diverse RE sources, photovoltaic (PV) systems are
considered as one of the fastest growing technologies that address
the energy demand subsequently [1]. Studies showed that there is a
3% increase in the level of carbon emissions within the last decade
[2,3] when observed under extreme weather conditions, such as
heat waves, droughts, thunderstorms, and flooding [2]. Global
warming phenomenon and the increasing rate of emissions from
the electrical and heating sectors directly affect the environment
and advocates the widespread use of RE in the energy generation
sector.

In a few south Asian countries like India, the government has
encouraged the use of the RE sector by setting the deadline for 80%
emission-free target for the year 2030 [4]. These policies have
resulted in the exponential growth of PV installations in the resi-
dential-, commercial-, and utility-scale sectors [5]. Despite the
large investments and technological advancements administered
by themeasure taken by the governments across the world the cost
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of the PV system is comparatively expensive [6] emphasizing the
inverse relationship between the cost of the PV systems and the
increase in demand. Thus, to reduce costs, the demand should
significantly increase. Therefore, companies with government
support provide neutral cost solutions that are tailored to the
household income and circumstances [7]. A competitive marketing
campaign within the National Energy Market encourages inde-
pendent power-producing companies to use mathematical tools,
such as forecasting strategies and meta-heuristic energy manage-
ment methods [8].

Sophisticated stochastic systems are modelled considering the
influence of external environmental factors affecting the fore-
casting of PV systems sensitivity [9]. The two primary factors that
influence the PV forecasting include solar irradiance and air tem-
perature. In addition, the climate pattern also plays a major role in
PV forecasting. The climate pattern varies depending on the
geographical location, thereby directly influencing the forecasting
of the PV systems. Therefore, customized PV models for new and
desired locations are essential for an optimum outcome.

A few different approaches are used to track down the envi-
ronmental parameters such as solar radiation, air temperature, etc.,
which is then utilized by the forecasting model of the PV system.
Remote sensing is the most commonly used method for trapping
environmental data [10]. In addition to this, few hybrid machine
learning technique were used for prediction of weather parameters
like solar radiation based on historical meteorological data moni-
tored involving techniques like linear auto-regression [11], support
vector machine-firefly model [12], etc.,

In this paper, the proposed method for the forecasting of PV
Power uses a hybrid ensemble method that utilizes both GA and
SVM to form a hybrid GASVMmodel. The proposedmodel has been
developed to address the forecasting of the rapid and multifaceted
changing weather patterns. The use of real-world environmental
data from a city like Geelong with diversified weather patterns
helps in evaluating and improving the accuracy of modelling the
GASVM ensemble technique. Real-world experimental analysis
greatly increases the accuracy of the results by removing unfore-
seen influences that may be present otherwise. In addition to this,
the inclusion of the PV power data gathered allows us to validate
the results under real-world conditions.

The rest of the paper is organized as follows. Section 2 presents a
review on the existing works related to the objectives of the
manuscript, followed by Section 3 which gives a brief overview of
the support vector machines model used for classification. Section
4 describes the theory of a genetic algorithm. Section 5 presents the
methodology of the proposed GASVM technique. Followed by
which, Section 6 deliberately explains the results of the experi-
mental analysis done on evaluating the proposed system, and
finally, Section 7 elaborates on the advantage of using the proposed
GASVM technique for forecasting of PV power output.

2. Related works

Observations from the extensive literature review indicated that
a significant number of models used in forecasting of PV solar
output power lagged in terms of the quality of environmental data
used in the process of predicting the PV output power. It was
evident that the two common classifiers used for PV forecasting
included neural network (NN) and support vector machine (SVM).
In the absence of the preliminary assessment made on the quality
of the data used to train the system, the performance indicators of
the classifier used in the forecasting region cannot be easily justi-
fied. The following section critically evaluates the performance of
the various other techniques used for forecasting and explains why
the proposed GASVM approach was considered.
Many hybrid algorithms integrating the predominant classifiers
with other evolution algorithms were proposed for optimizing the
performance of the classifiers. Both NN and SVM classifier have
their own advantages and disadvantages which makes them
distinctly different from each other. Nevertheless, despite their
differences, they are both considered strong classifiers, which are
often paired up with weaker classifiers like k-nearest neighbor (k-
NN), decision tree, and nave bayes (NB) to increase the accuracy of
the classification.

In addition, many other approaches can be used to strengthen
the performance of the classifier. A potentially stronger classifier is
obtained using an ensemble of classifiers. Multiple classifiers are
used to combine their classification attributes to obtain a comple-
mentary pair of classifiers. Some examples of popular ensemble
methods include bagging and AdaBoosting [13]. These techniques
are generally used with classifiers, such as discriminant or decision
tree classifiers.

Optimization techniques like Bayes optimization [14] and ge-
netic algorithms (GA's) [15] were used to increase the accuracy of
the classifiers/ensembles used for forecasting tasks. Both methods
follow a similar principle, in which they iteratively test each
parameter associated with the classifiers until the fitness value
converges into a single optimized classification model. However,
GA is prone to issues associated with local minima and therefore
produce different results under multiple iterations.

The persistence model commonly known as the nave predictor
model is widely considered as the benchmark for other consider-
ably complex forecasting models [16]. The main shortcoming of the
model is that the accuracy of the model decreases strongly with an
increase in cloud cover and the forecasting tasks which is carried
out for a longer duration greater than one hour [17] which rules out
its preference to be used as a forecasting model. However, it pro-
vides a benchmark that can be used to standardize forecasting
performance with the other methods.

In general, forecastingmethodswhich predict the PV output one
hour in advance with minimal error are achieved by learning from
20 years of historical environmental data as highlighted by Gan-
doman in 2016 [18]. Themost significant parameter for PV output is
solar irradiance; thus, the Oktas scale is used to predict cloud cover
to forecast solar irradiance. The Oktas scale can be combined with
fuzzy logic (FL) to allow inputs, which are bound to uncertainty, to
be classified into the predefined framework of the Oktas scale. The
importance of considering the cloud cover effect and the forecasted
climate type is emphasized in this study [18].

Another common method used is Autoregressive moving
average (ARMA) which is a linear method for statistical modelling
to correlate time series data. This method can incorporate different
types of time series data and extract their statistical properties.
However, the time series data has to be stationary. The ARMA
method was improved with the introduction of the autoregressive
integrated moving average (ARIMA) method. In this method, an
extension of ARMA with an added capability to handle non-
stationary time series data and capture sharp transitions in irradi-
ance with greater accuracy was proposed [17,19]. The capability to
capture irregular data is favourablewhen the climate pattern highly
fluctuates, such as in Melbourne and Geelong. The drawback of
ARIMA, contrary to ARMA, is that it is more computationally
intensive due to the inclusion of a summation/integration function
in the method. In addition, ARIMA does not outperform the SVM
models with regard to time series data, although both models are
extremely powerful and popular in various fields [20].

The other method widely presented in the literature is the
Artificial neural network (ANN) which was developed to shift from
linear algorithm to nonlinear solution. This method is extremely
popular due to its capability to learn on its own from the training



Fig. 1. The pictorial representation of the SVM model.
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data set, thereby obtaining greater accuracy. ANN has self-
adaptation, fault tolerance, robustness, and strong inference capa-
bility [17]. ANN-based models outperform conventional mathe-
matical models in terms of accuracy and adaptability [8]. ANN-
based forecasting model that forecasts 48 h in advance; under a
clear sky model was proposed in this research which highlighted
the use of training phase to adjust weights [21]. The study showed
that clear sky index is random in nature and therefore adds no
significant value to the training of ANN [17]. The drawback of ANN
is that it greatly increases the complexity of the system due to the
nature of using multi-layered network architecture. In addition,
NNs require a random initial data set that may reduce the reliability
of the output.

An integrated model of ANN creates the wavelet neural network
(WNN) which let the time-frequency localization and focal features
that help in more accurate forecasting. The extension of WNN
which integrated the recurrent neural networks into the WNN
model to form a diagonal recurrent wavelet neural network
(DRWNN) [17]. Therefore, fuzzification of parameters can be used
with DRWNN, which lead to a better back-propagation model
(BPN) compared to the other BPN models [22]. Similar approaches
combining WNN with radial basis function neural network
(RBFNN) aiming to capture the relationship among PV, solar radi-
ation, and temperature to forecast PV power output are also
highlighted in the literature [23]. RBFNN is a two-layered network
that optimizes the weights found in the second layer. The use of the
wavelet method increases the computational intensity and the
accuracy of predictionmodels. However, this increase in accuracy is
still rivalled by methods, such as SVM, which outperforms the
wavelet method in relation to the computational intensity involved
[24]. Decisively, wavelet transform method can be used as one of
the kernel computing an SVM model; which combines the advan-
tages of both the SVM and wavelet transform methods to classify
between data sets.

Few other methods highlighted in the literature include the use
of national weather prediction (NWP) models to utilize the non-
exogenous input data to predict the weather up to 15 days ahead
[23]. NWPs are used by companies, such as global forecast System
and the European centre for medium-range weather forecasts [17].
The NWP models perform better when predicting in a lower scale,
say five hours ahead due to the inclusion of the cloud motion
vectors, cloud motions, formations, and dissolutions [25].

Inference rule-based fuzzy logic (FL) models are one of the other
commonly used predictive approaches. FL provides a robust and
advantageous method of modelling parameters, and it has been
used for medium-term models because it handles the uncertainty
of real-world data. Fuzzy rules are linguistic-based and allow a
statistical approach in the process of decisionmaking. However, the
other models use crisp values, which are detracted from the
capability to portray a real-world representation [26]. In one of the
other study, the FL method was combined with NN to produce an
adaptive neuro-fuzzy inference method [25]. The FL is combined
with the self-adaptive training of NN, resulting in a 95% improve-
ment in the accuracy level, compared to the standard FL method.
However, the FLmethod requires long execution time, in contrast to
SVMmodels. Also, FL based forecasting models have numerous test
nodes that limit its performance of the system [27].

SVM which is a simple, powerful, highly flexible, nonlinear and
computationally less expensive model is mainly used in wind and
PV output power forecasting systems. SVMs can learn without
being heavily dependent on prior knowledge, contrary to ANN [28].
In contrast with NNs, SVMs can overcome the issues regarding the
local minima. SVM simplifies the complex mathematical problems
of PV forecasting [29] and is also used in conjunctionwith methods
such as wavelet, radial basis function and firefly algorithm for more
optimized accurate results. However, SVM is highly sensitive to the
parameters, which are used to classify the data. Therefore, in many
cases, optimization techniques are used to find the optimal balance
between the different parameters [27].

SVM method aims to solve the optimal hyper-plane that dif-
ferentiates between classification areas. It also allows for the
greatest distance between points, which increases the reliability of
the classifier. This mathematical problem is solved using Equations
(1)e(3), where a represents the weighting factors in the definition
of the final hyper-plane used [30]:

f ðaÞ ¼ 1
2
aTQa� eTa; (1)

0 � ai � C; i ¼ 1/N; (2)

yTa ¼ 0; (3)

GA is a type of evolution algorithm that can be used to optimize
weights and other features within a base classifier. This algorithm is
used to optimize NNs, such as convolution neural networks, deep
neural networks, and SVM [27,31]. GA mimics the use of chromo-
somes to develop new DNA strings that combine elements from
two different chromosome strands [32]. GA can be highly versatile
in their application given that the chromosomes reflect a data array,
which can be used to represent as many attributes/weights as
required by the base classifier. GA is susceptible to local minima and
therefore may need to be tested iteratively for better and reliable
results. Thus, in the proposed GSVM model the GA optimizer is
programmed to run on the ensemble classifier multiple times in
parallel and arithmetic mean is taken to determine the weights of
the classifier.
3. Support vector machines

SVM is based on the principle of creating a hyperplane that has
the greatest margin of separation between the two types of clas-
sifications beingmade over the dataset. This margin of separation is
governed by the support vectors that are used to classify the data. A
pictorial representation of the SVM model is clearly explained in
Fig. 1 which helps the reader to get a clear idea of the hyper-planes
in the search space. The primary relationship governing the
mathematical relationship of the hyperplane is expressed in
Equation (4).



Fig. 2. The generic overview of the genetic algorithm.

W. VanDeventer et al. / Renewable Energy 140 (2019) 367e379370
f ðxÞ ¼ x‘bþ b ¼ 0;
b2Rd

�
d ¼ nthDimensions

�
; b2R; (4)

The margin of the separation can be written as a function of the
difference between the positive and negative support vectors
which is expressed in Equation (5).

margin ¼ g ¼ ðx0þ � x0�Þ: b

kbk (5)

b is a non-linear function which maps the input space into a
higher dimensional space. We obtain the largest margin of sepa-
ration between the planes using the structural risk minimization
principle, this risk bound is minimized by the use of the optimi-
zation techniques resulting in Equation (6).

margin ¼ g ¼ 2
kbk (6)

The Lagrange multipliers are used to rewrite the equations in-
clusive of the constraints that define the property of the hyperplane
which classifies the data which is expressed in Equation (7). In
order to find the local minimumwith respect to b, differentiation is
applied to the Lagrangian multiplier expressed in Equation (7).

L ¼ 1
2
ðkbkÞ2 �

X
j

aj

�
yj
�
x0jbþ b

�� 1
�

(7)

The box constraints are used to limit for aj that changes in order
to increase the boundary size. This is seen below in Equation (8).

vL
vb

¼
X
j

ajyj ¼ 0;C � aj � 0 (8)

The Gaussian kernel that is used in the proposed GASVM is
defined as expressed in Equation (9).

KG
�
xj; xi

� ¼ e�xj�xi2 (9)

Using Equation (9), the final equation for obtaining the optimal
hyperplane of the Gaussian kernel is derived as expressed in
Equation (10).

X
j

ajyj:e
�jjxj�xijj2 þ b � 0; thenþ0

ve sample (10)

To adapt the standard SVM handling non-separable data, con-
stants are injected into the formula to construct a soft margin. This
relates to the use of a constant such as the box constraint (C) as
expressed in Equation (11).

min
b;b;x

0
@1
2
jjbjj2 þ C

X
j

xj

1
A (11)
Fig. 3. Mutation operation of the GA.
4. Genetic algorithm

Generic Algorithm is based on the theory of evolution which
considers the fitness level of elements with regards to survival of
those elements into the next generation. This algorithm includes
three main processes such as generation, mutation and crossover.
The generic overview of the genetic algorithm is expressed in Fig. 2
shown below.
4.1. Generation

Each generation consists of a population size that represents a
configuration of a parameter set which determines the architecture
or weight matrix of the proposed system. At each new Generation,
an elite group of previous generation candidate (parents) are cho-
sen into the next generation. The mathematical representation of
this stage is indicated in Equation (12).

Giðpfx0;…; xbgÞ ¼8<
:

p0
«
pn

9=
; ¼

8<
:

x0 / x0b
« 1 «

xn0 / xnb

9=
; (12)

where i represents the number of iterations, p representing the
person or candidate in that current generation, n representing the
total population of the current generation and the b indicating the
parameter size of the person.

4.2. Mutation

The mutation occurs in each new generation and creates genetic
diversity within the children of each parent. Each of the children is
mutated based on a Gaussian distribution with a predefined to the
mean of zero. The standard deviation, however, is determined by
the shrink factor and the number of generations. As the generations
increase the deviations within the children decrease causing the
algorithm to comprehend to a single parent configuration. This
process is repeated for each parameter within each child, and the
mathematical representation is expressed in Equation (13). Fig. 3
indicates the visual representation of the mutation operation in GA.

sbk ¼ sbk�1

�
1� Shrink:

k
Generations

�
(13)

4.3. Crossover

The crossover causes a swap of parameter values to construct a
hybrid child of the parents. This is achieved by choosing random
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parents and generating a random series of binary points that equal
the number of parameters within each parent. This binary matrix is
then used to swap all parameters that correlate to the binarymatrix
as expressed in Equation (14). Fig. 4 indicates the visual represen-
tation of the crossover operation in GA.

parenta ¼ fxa1; xa2; xa3; xa4g
parentb ¼ fxb1; xb2; xb3; xb4g
Binrnd ¼ ½0 1 0 1�
childab ¼ fxa1; xb2; xa3; xb4g
childba ¼ fxb1; xa2; xb3; xa4g

(14)

The classifier is trained using the training data set, and then the
validation set is used to predict and formulate an accuracy for that
given GA configuration. The fitness value of the generation after the
evaluation of the validation results is expressed in Equation (15).
The number of parents need not to equate to the population size
since there is the possibility that the children will be derived from
the parents to make up the difference.

fi ¼ MAPEi ¼
100
N

XN
j¼1

��Aj � Fj
��

Aj
(15)

Thus, the general overview of the SVM model used for classifi-
cation and the GA algorithm used for optimization in the proposed
Fig. 4. Crossover operation of the GA.

Fig. 5. The operational flow of th
concept is explained. The following section explains the operational
flow of the proposed methodology for performing short-term
forecasting of PV output power using the GASVM technique.
5. Methodology

Fig. 5 depicts the operational flow of the proposed methodology
for performing short-term forecasting of PV output power using the
GASVM technique. The method involves the process of data
collection, data preprocessing and optimization of the SVM classi-
fier using GA that will lead to the formation of the proposed
GASVM.

One of the most important drawbacks of many forecasting al-
gorithms proposed in the literature is the lack of reliable and trust-
able data collected on-site for training the forecasting model. The
accurate recording of meteorological data from the location close to
the PV system helps in enhancing the performance of the fore-
casting algorithm. For this reason, the data collection was con-
ducted using a local weather station installed close to the PV
system situated on the rooftop of the School of Engineering, Deakin
University, Victoria, Australia. Fig. 6 indicates the setup in the
rooftop of Deakin University. The recorded climatic data include air
temperature and solar irradiance.

The data collection included the hourly samples obtained from
the Envirodata WeatherMaster 2000 weather station and the
output power obtained from the PV system. The PV system has
about 12 PV modules, and the peak power is near to 3 kW, and the
individual specification of the PV modules is expressed in Table 1.

In addition to the climatic data, the PV output power was also
measured to train/verify the results obtained from the proposed
GASVM technique based on the real-world data. The data used in
developing the forecasting model consist of three parameters.
These parameters include the PV power, solar irradiance, and air
temperature. The data has been collected over a span of 278 days is
used for training the proposed GASVM model. The raw data
recorded is represented in a scatter plot representing all the three
parameters in Fig. 7a. Fig. 7b and c represents the relationship of
the air temperature (+C), and solar radiance (W=m2) with the
e proposed GASVM method.



Fig. 6. Images of weather station and PV system located at Deakin University, Australia.

Table 1
PV specifications.

Parameters Values

Solar module type CS6P-250M
Number of modules 12
Module rated power output 250W
Open circuit voltage (Voc) 37.5 V
Short circuit current 8.74 A
Optimum operating voltage (Vmp) 30.4 V
Optimum operating current (Imp) 8.22 A

Note: All parameters are based on the standard testing condition (STC) in
which the ambient temperature is 25+C and irradiance level is 1000 W=m2.
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output power generated.
The raw data obtained from Fig. 7 was used to develop the

density plot which is shown in Fig. 8. The density plot shows that a
relatively high density of data is collected for low solar irradiance
and an air temperature of 14.93 +C. On the contrary, a high cross-
over between classification outcomes is not specific to this region.
These high classification crossover regions exist in the areas of low
data collection, causing exceeding difficulty in these areas to fore-
cast PV output.

The discrepancy found between the two outputs and their
variations is indicated in Fig. 9. This discrepancy can be explained
by evaluating the variation in the raw data of the PV power output.
The plot in Fig. 9 highlights the nonlinearity of the data variation in
terms of PV power. The air temperature has a lower variation than
solar irradiance. However, the low variation does not necessarily
result in a better classifier given that the air temperature is
significantly lagging the solar irradiance. Furthermore, given that
solar irradiance is a critical factor to classifiers, this variant can
greatly affect the classification of PV power.

The dataset gathered has been divided into three subsets of the
initial raw data to obtain acceptable and accurate prediction data
which was then preprocessed. The first subset includes the training
data that are used to train the classifier. This dataset is allocated to
80% of the total data. The second subset is the validation set, which
is used in conjunction with the training data to optimize and
configure the classifier which used another 10% of the total data.
Finally, the last subset of data is used for testing the end result of
the training data. This dataset is assigned to the remaining 10% of
the total data. The reason for the segmentation of the initial dataset
is to obtain an accurate assessment of the classifier without risk of
using test data in the training process.
The training data used in the design of the classifiers are plotted

over a seven-day period as shown in Fig. 10. Fig. 11 is a normalized
plot where the percentage of a max of the recorded parameters
illustrates that the solar radiance is a primary indicator for pre-
dicting the PV output power. These results show that the training
data are not consistent in shape or intensity when compared,
because of the unknown environmental factors that skewed the
results and diminished the overall PV power. However, these fac-
tors are not considered destructive to the classifier given that the
classifier does not regard the prior PV outcome. Instead, it classifies
based solely on the two factors of air temperature and solar
irradiance.

In order to increase the amount of data used by the classifier,
other aspects of the initial data have been exposed to the data pre-
processing. Themain features extracted from the dataset included a
differential and a moving average feature representing the pattern
of the data captured. This data, however, was carefully shifted
whenever it was out of phase to not expose the outfalls of the
prediction that is required by the classifier.

Further data manipulation was conducted by removing the
period in between, where the PV power and the solar irradiance are
equal to zero and low PV values (below 20W). This measure was
required to remove bias from the evaluation of accuracy using
MAPE and provide greater focus on the primary concern. The sys-
tems hourly weather data and power output during this period
were recorded using the self-energized data logger system that
added the above-mentioned bias in the system.

5.1. Proposed GASVM into PV solar forecasting

The proposed GASVM consists of two core techniques namely,
classification and optimization. The classification technique uses
SVM whereas the optimization technique is carried out using GA.
The GA is used to optimize the SVM core architecture, therefore,
defining the scaffolding of the SVM classifier. GA is then used again
in defining the weight/cost matrix which enables the optimization
of the support vectors to get the best fit of the validation data that is
used in the process.

5.1.1. Parameter optimization of GASVM
The parameter optimization was conducted on the SVM classi-

fier that included the kernel function, kernel scale and box



Fig. 7. Graphical representation of raw data.
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constraint. The optimization of the parameters was carried out to
reduce the MAPE error of the classifier. This optimization is used to
find the best structure for the classifier by varying the parameters,
that dictate how the internal classification method will learn and
predict the test data. Fig. 5 highlights this process and shows how
GA's are used to optimize the parameters iteratively until the error/
fitness value is at its lowest. This method of optimization of the
internal parameters provides variations within the classifier re-
sponses with regards to the training process. The parameters have
been tabulated in Table 2.

After the optimization of the classifier architecture, the weight
matrix needs to be optimized next. GASVMhas aweightmatrix that
determines the amount of bias within themodel that exists for each
PV power region separately. This is achieved by GASVM through its
one vs one model that allows for an ensemble of SVM classifiers
that exists as a supervisory model. The ensemble creates a separate
classifier for each PV Range and then polls all the classifiers at once
with regards to their respective designated PV Ranges.

A single supervisory SVM classifier learns this behaviour
amongst the other ensemble of classifiers and then reduces the
polling to a single predicted result which is the aggregated mean of
the outputs of the individual classifiers as illustrated in the Fig. 13.
The weight matrix allows for a bias term to be assigned to each
classifier giving it precedence over other classifiers. The optimiza-
tion of the weight matrix is important in reducing error because it
allows the increase of attention to certain points with greater
impact on the accuracy of the classifier. Fig. 12 indicates the ar-
chitecture of the optimization method and Fig. 13 depicts the stage



Fig. 8. 3D Density Plot (top) 3D Classification crossover per grid region (bottom).

Fig. 9. Variance plot of measured data.

Fig. 10. Training data over seven-day period.

Fig. 11. Representation of the percentage of max.

Table 2
Optimized parameters.

Parameters Range of values

Kernel scale ∞>Kernel scale>0
Box constraint ∞>Box constraint >0
Solver � Sequential Minimal Optimization (SMO)

� L1 Soft Margin optimization
� Iterative Single Data Algorithm

Singular - supervisory � One vs All
� One vs One

Kernel functions � Linear:Kðxj;xiÞ ¼ x0 jxi
� Polynomial:Kðxj;xiÞ ¼ ð1þ x0 jxiÞn
� Gaussian:Kðxj;xiÞ ¼ ejjxj�xijj2

Fig. 12. Architectural optimization methodology.
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2 of the optimization method illustrating the supervisory SVM
classifier.

5.2. Performance evaluation methods

In this section, the strength of the optimization techniques
employed throughout the process is explained. The measure used
in evaluating the classification model includes the root mean
square error (RMSE) and mean absolute percentage error (MAPE).
These performance metrics are selected to be evaluated because of
thewide use in the existing literature and are also considered as the
primary measures to establish the strength of the classifiers.
5.2.1. Mean absolute percentage error
The MAPE approach is common in the industry and involves

considering the mean of all accuracies on a per point basis to
evaluate the total mean accuracy. While mathematically simple,
this approach has its limitations. The MAPE approach fails in its
evaluation when the actual value is equal to zero. Despite the sig-
nificance of this limitation, it is often eliminated due to the filtering
of the results that tend to approach zero. The effect of this limita-
tion is proportional to the percentage of actual values of the data set
being zero. The mathematical presentation is as shown in Equation
(16)



Fig. 13. Supervisory SVM classifier.

Table 3
Optimized SVM architecture.

Parameters Values

Kernel Gaussian
Solver Iterative single data algorithm
Kernel scale 21
Box constraint 155

Table 4
Performance after architectural optimization.

SVM GASVM

RMSE (W) 680.85 11.226
MAPE (%) 100.47 1.7052
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MAPE% ¼ 100
N

XN
i¼1

jAi � Fij
Ai

(16)

where Ai represents the actual PV power, ðAis0Þ, Fi represents the
forecasted PV power and N indicates the number of values. Corre-
spondingly accuracy of the proposed approach depends on the
MAPE error according to the following relationship. Correspond-
ingly the accuracy is given by the following Equation (17).

Accuracy ¼ 100�MAPE% (17)

5.2.2. Root mean square error
RMSE is another common approach used in the evaluation of the

accuracy of the classifier. RMSE provides a means of assessingmean
error with regards to PV power. This indication is important since
methods such as MAPE does capture the accuracy in terms of the
output power value which is the main objective of the optimization
and therefore can present good accuracy with high losses in the
system. Correspondingly the RMSE of the system is given by the
following Equation (18).

RMSE% ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

ðAt � FtÞ2
vuut (18)

6. Results and discussion

6.1. Numerical results

The performance of the proposed method is verified by
comparing the outputs with the original SVM and the proposed
GASVM. The results obtained from the performance evaluation
allow a performance measure to be established by comparing SVM
without optimization and the proposed method which includes
optimization. The final SVM architecture obtained from the su-
pervisory SVM classifier in the GASVM is shown in Table 3. The
Gaussian kernel is the most accurate and preferred over the
polynomial-based kernels, which ranged from linear to quadratic
kernel functions. Also, the Gaussian kernel is generally more ac-
curate in terms of the data used. It again outperformed the other
kernels. The solver used was the iterative single data algorithm
(ISDA). The selected kernel scale obtains a finer grammatrix, which
essentially controls the scale of the space where the data resides.
This scale factor allows the space to be expanded or shrunk to
construct a hyperplane with freedom between points. The box
constraint controls the maximum penalty incurred when mis-
classified points exist past their respective boundaries.

GASVM are based on a predefined envelope of modifications
within the internal classifier of the supervisory SVM classifier has
been tabulated in Table 3. The GA systematically proceeds through
the parameters and attempts to change individual clusters instead
of changing all at once. Therefore, by this process, the target
parameter is determined. The decrease in error is evident, as shown
in the results. Illustrations of the responsewhen the GA determines
a target area clearly stand by this observation. The results also show
that, at this early point in the process, the accuracy is relatively poor
and then rapidly improves until it converges to the local minima.
Table 4 indicated the performance comparison of the SVM and
proposed GASVM model.

The predictions from GASVM after optimization through Step 1
are shown in Fig.14. These results show that the evaluation of RMSE
and MAPE differ with a performance at different regions of PV
Power. The RMSE is worst in the higher region of PV Power and
therefore more greatly affects the net power prediction. Whereas,
MAPE is worst in the lower regions and causes the accuracy to drop
more significantly in those regions. In addition to this, Fig. 15 shows
that most of the peaks of error are due to the region of PV Power
that can be approximated to 0 Watts. Therefore, to illuminate these
spikes, a filter was used at the 20 Watts mark that had an insig-
nificant effect on the net PV power whilst drastically increase the
accuracy of the results.

Fig. 16 shows the comparison of the SVM and GASVM results
which clearly indicate that the GASVM outputs are the closest to
the actual outputs of the PV system indicating the accuracy of the
proposed forecasting method which predicts the output with a
forecasting horizon on an hour. Furthermore, the results of the
architecture of each classifier are outlined individually for each
algorithm. These results are based on the optimized classification
for a given uniform weight, which is optimized through GA.
6.2. Weight matrix results

The SVM weight matrix was generated through GA that opti-
mized it to fit the testing and validation data. Prior to these results,
the weight matrix was uniform. The GA Optimized weight matrix
results can be seen in Fig.17. Eachweightmatrix point was tested to
remove points that had no bearing on the accuracy of the classifier.
These results highlight the rigidity of the GASVM weight matrix. In
addition to this, the results from GASVM at this point is quite



Fig. 14. GASVM genetic algorithm results.

Fig. 15. GASVM prediction error (%) results.

Fig. 16. Comparison of SVM and GASVM output results.
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accurate, and no clear relationship between the weights and their
properties was found.

The mean weighting factor was calculated from the results and
plotted against the PV power. The constraint of the training data has
mostly unique PV output throughout the data set. Thus, the PV
power should be divided into 20W segments, where the mean
weight of the segments can be calculated. Fig. 17 also shows that
the mean weighting factor becomes increasingly dispersed with
the increase of PV power due to the reduction in data density for
the middle and higher bands, contrary to the low PV power band.
Furthermore, the trend line in the figure shows that a higher mean
weighting factor is given to the higher PV power data points. Fig. 18
show a different trend due to the significant reduction in the
effectual weighting factors.

At either end of the trend line of the weighting matrix, relatively
higher mean weighting factors exist for the PV data. The reason is
believed to be unrelated to each other. The first low values of PV
data are a result of the limitations imposed by using MAPE as the
fitness value in the GA. MAPE is sensitive to low values of accuracy.
As the actual value approaches 0W the MAPE value approaches



Fig. 17. Weight distribution results GASVM.

Fig. 18. Mean weight results GASVM support vector machines.
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infinity. In addition, the low values of PV power should be filtered
out because it represents an insignificant amount compared with
the maximum power of the PV panel. On the other end of the trend
line, as shown in Fig. 18, the mean weight is caused by consistently
predicting lower values than the actual values. The low density of
data for higher values of PV increases the dispersal of the points in
that region, which also holds a greater tendency of increasing
MAPE. Therefore, ideally, a high volume of data would be desirable
in calculating MAPE accurately. Furthermore, MAPE converges to a
static mean as the volume of data is increased.

The improvement of these results, as opposed to that seen prior
to the weight matrix optimization, highlights the need to optimize
for further accuracy beyond the architectural design.

The raw data obtained from the self-energized data logger
system is used to understand the relationship between the output
power and weather parameters in order to classify the PV power.
These two parameters are used because they are closely connected
to PV power. The PV power is more effectively classified using more
data from the environmental factors associated with the PV power
which is then used to train the classifier. The assumption is that the
other environmental factors, such as humidity, wind direction, and
wind speed can limit the ability of the classifiers. They are dis-
regarded in this experiment due to lack of proper data related to
these environmental factors highlighting the restriction of the
scope of this study.

The methodology of this study divides the process of con-
structing a classifier in key steps. The hypothesis was that the
optimization of the architecture and weight matrix are indepen-
dent of each other and can be combined to form the most optimal
configuration. This assumption was developed to obtain a
manageable problem in terms of time and processing power. This
simplification allows feasible solutions to the complex problem.
However, the impact of the premise statements should be evalu-
ated to ensure that it is not destructive to the result. However, the
measurement is desirable to justify the assumption.

The GA has been used as the primary optimization technique
throughout this proposed method. The optimization of the archi-
tecture was conducted by utilizing the discrete nature of GA to
change the discrete property within the classifier. This discrete
property changes enabled the architecture to be modified drasti-
cally between modes of operation. However, the changes are not
well-suited to an optimization technique that responds better in a
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continuous space.
GA method of optimization uses random initial values values

and therefore the results are not exactly reproducible with regards
to the training of the GASVM model. During the iterative training
process, GA illustrated the tendency in finding local minima that
reduced the optimization effectiveness until it finds its way out of
the local minima.

MAPE is the primary performance metric used in the present
study. This performance metric, however, had limitations due to
the actual data used in the calculation of MAPE. The data increased
the MAPE value, introducing bias into the metric results. This bias
was imposed through low values of actual data, which exponen-
tially increased the error or the inclusion of low density of points
that reduced the convergence and increased the MAPE for those
areas of the dataset.

RMSE was at times a better metric in terms of low actual values,
where MAPE struggled to provide reliable results. MAPE was a
better metric for high RMSE values given that the percentage of the
RMSE and the actual data was low. Thus, the inclusion of both
factors is beneficial to allow the distinction between the qualities of
the performance metrics.

Another method is adjusting the training data to enable more
accurate evaluations of the performance metrics. This adjustment
would be in the form of removing low values of PV power. Its
benefit to RMSE is that the lower PV values add the insignificant
amount to the total RMSE value. The removal also eliminates bias
from the MAPE value by reducing the increase that is directly
related to low values of the actual PV power. Thus, the accuracy of
MAPE results significantly increases. But, the expected result would
be a significant reduction in MAPE for each classifier.

A limitation, which is related to the platform that was used in
training the classifiers, was identified. This limitation was imposed
through lack of flexibility within the toolboxes that was used,
creating an irregular response to accuracy and processing time,
contrary to the nature of the classificationmodels. To overcome this
drawback, the package that initially suits the nature of the classi-
fication problem should be identified or code the entire classifier
from scratch. The lack of control reduced the ability to solve the
problem and manipulate the classifier to produce more accurate
results.

The outcomes of this study strongly highlight the improvements
in the classification models by the use of the proposed GASVM
optimization techniques. An appropriate model has also been
highlighted and should be considered in conjunction with the
optimization technique. Table 5 clearly highlights that the GASVM
model proposed in this paper outperforms the conventional SVM
model by the margin of about 669.624W in the RMSE value and
98.7648% of the MAPE error.
7. Conclusion

From the analysis made on the results of the proposed GASVM
model used in short-term forecasting of residential PV systems to
predict an hour ahead values, the accuracy of the individual clas-
sifiers is greatly improved. The optimization through GA was the
key step in increasing accuracy. The performance indexes of GASVM
model indicates that it outperforms the conventional SVM model
Table 5
Statistical performance values.

SVM GASVM D

RMSE (W) 680.85 11.226 669.624
MAPE (%) 100.47 1.7052 98.7648
by a difference of about 669.624W in the RMSE value and 98.7648%
of the MAPE error. However, increasing the accuracy to an accept-
able level is insufficient, which points toward greater efforts with
optimization. The limiting factors, such as software and the lack of
training data for optimization, significantly reduced the accuracy to
less than its perceived actual value. The future implications of this
study include identifying prediction models for PV power predic-
tion that focus on the comparative study of classification models
and optimization techniques. The method of predicting PV power
also contributes to the prediction of bypassing factors, such as ef-
ficiency of the PV panel and influence of other environmental fac-
tors. The environmental factors that are considered for alternative
modelling techniques contribute to the reliability and accuracy of
the system. The proposed model greatly simplifies the problem for
future evaluations of different locations without requiring a
detailed study on the relationships of the PV panel, local environ-
ment, and climatic pattern.
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