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PV Power Forecasting Using an Integrated
GA-PSO-ANFIS Approach and Gaussian Process
Regression Based Feature Selection Strategy

Yordanos Kassa Semero, Jianhua Zhang, Member, IEEE, and Dehua Zheng, Senior Member, IEEE

Abstract—This paper presents a hybrid approach for the
forecasting of electricity production in microgrids with solar
photovoltaic (PV) installations. An accurate PV power generation
forecasting tool essentially addresses the issues resulting from
the intermittent and uncertain nature of solar power to ensure
efficient and reliable system operation. A day-ahead, hourly mean
PV power generation forecasting method based on a combination
of genetic algorithm (GA), particle swarm optimization (PSO)
and adaptive neuro-fuzzy inference systems (ANFIS) is presented
in this study. Binary GA with Gaussian process regression model
based fitness function is used to determine important input
parameters that significantly influence the amount of output
power of a PV generation plant; and an integrated hybrid
algorithm combining GA and PSO is used to optimize an ANFIS
based PV power forecasting model for the plant. The proposed
modeling technique is tested based on power generation data
obtained from Goldwind microgrid system found in Beijing.
Forecasting results demonstrate the superior performance of the
proposed method as compared with commonly used forecast-
ing approaches. The proposed approach outperformed existing
artificial neural network (ANN), linear regression (LR), and
persistence based forecasting models, validating its effectiveness.

Index Terms—ANFIS, binary genetic algorithm, feature
selection, hybrid method, particle swarm optimization, PV
power forecasting.

I. INTRODUCTION

OLAR energy is one of the most promising energy

sources being free, clean and abundantly available. For
these reasons, it keeps increasing its share in electric power
generation in the face of diminishing conventional fossil
fuel energy sources and rising environmental protection con-
cerns [1]. However, the variability of solar energy poses
operational difficulties in the management of electricity supply
systems [2]. The balance between power supply and demand
is a critical condition for stable operation of electric power
systems. Increased penetration of weather-dependent energy
resources like PV into such systems makes power regulation
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more challenging. PV power generation forecasting plays
an important role in mitigating the challenges arising from
resource uncertainty in power system networks in general and
microgrid systems in particular. Microgrids typically aggregate
distributed generation systems and energy storage units with
local controllable loads. Day-ahead PV power production
forecasting in microgrids is crucial to ensure system stability
and to plan optimal unit commitment, economic generation
scheduling, energy storage dispatch, and load shedding.

The importance of the issue of solar resource forecasting has
drawn the focus of many studies worldwide. Substantial body
of studies in the field is primarily concerned with forecasting
solar radiation [3]—[5], which is the single most important pa-
rameter in solar power production. Other studies have focused
on the forecasting of solar energy production directly [6]—[8].
Several forecasting techniques targeting different forecasting
time horizons have been reported in literature [9]-[11]. The ap-
plication of time series modeling techniques for solar radiation
and PV power generation forecasting have been demonstrated
in references [1], [3], [12]. Artificial neural networks based
PV power and solar radiation forecasting methodologies have
been presented in references [13], [14] respectively. Other
techniques reported in the literature include forecast modeling
approaches based on support vector machines (SVM) [15],
adaptive neuro-fuzzy (NF) networks [16], [17], evolution-
ary optimization and other hybrid methods [18]-[22]. Ref-
erences [23]-[25] provide comprehensive review of various
photovoltaic power forecasting techniques.

One of the most important tasks in data preparation for fore-
cast modeling is variable or feature selection. Feature selection
is an optimization process with the aim of choosing a subset
of available candidate features to improve prediction perfor-
mance, by removing variables with little predictive capability.
Redundant variables with strong correlation are also removed
in the process [26]. Feature selection techniques based on
evolutionary algorithms such as particle swarm optimization
and genetic algorithms have been reported to be efficient
and flexible in various classification and pattern recognition
problems [27]-[30]. Reference [31] employs binary genetic
algorithm for dimensionality reduction to enhance modeling
performance for classification problems. A binary genetic
algorithm based feature selection technique for regression
problems is implemented in this study to enhance the per-
formance of a PV power generation forecasting model.
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This paper proposes a GA-PSO-ANFIS based hybrid ap-
proach for development of a day-ahead hourly PV power
generation forecasting tool. The study initially considers fore-
casted hourly representations of nine weather condition vari-
ables as candidate inputs. Binary genetic algorithm is used
to determine a suitable set of predictive variables to enhance
the efficiency of the PV power forecaster. An integrated
optimization algorithm that combines GA and PSO algorithms
is then used to optimize the ANFIS-based forecast model. The
proposed approach benefits from the simplicity and effective-
ness of the PSO algorithm and the strong global searching
capability of the GA to iteratively optimize the relatively
complex ANFIS structure. The superiority of the proposed
technique is demonstrated by comparing its performance with
three benchmark approaches; namely, persistence, linear re-
gression model, and BP-NN based forecasting methodologies.

The remainder of this paper is organized in three sections.
Section two presents an overview of the case study microgrid
and source of modeling data, followed by description of
the modeling approach proposed in this study. Section three
presents performance evaluation results. Finally, section four
provides conclusions drawn from training and test results.

1I. DATA AND METHODOLOGY
A. Modeling Data

The data used to develop the models in this study were
collected from a numerical weather prediction model (NWP)
and from three PV installation units in a case study microgrid
system located in Beijing. Usually, forecast horizons larger
than 6 hours exploit outputs from numerical weather predic-
tion models to generate accurate results [6]. Nine weather
variables’ forecast data obtained from Weather Research and
Forecasting (WRF) model were initially considered as can-
didate predictors. The candidate inputs include temperature,
humidity, air pressure, air density, surface temperature, short-
wave solar radiation, low cloud cover, middle cloud cover
and high cloud cover with 15 minute resolutions covering
an area of a 1 kilometer radius. The power generation data
are observations of 10 minute average output power of three
PV units installed at Goldwind Smart Microgrid system for
a period of one year from January 01, 2015 to December
31, 2015. The microgrid system is a megawatt level demon-
stration project consisting of a 2.5 MW wind turbine, PV
installations totaling 480 kWp, two 65 kW micro turbine units,
two diesel generator units of 200 kW and 300 kW capacity,
and two energy storage units rated at 200 kW. Each of the
three PV generation units considered in this study has peak
generation capacity of 100 kW. The weather forecast and
power generation data acquired from the WRF model and
the microgrid respectively were converted into hourly average
values of each variable to form the initial training dataset. The
final modeling dataset consisting of the most influential input
features and the training targets is prepared using a GA based
feature selection technique. Binary genetic algorithm with a
cost function associated with a Gaussian process regression
model as an objective function was formulated to evaluate
the relative predictive importance of the weather parameters.

Performance of the proposed model is tested on a five-day test
dataset from the first week of January 2016.

B. Adaptive Neuro Fuzzy Inference Systems (ANFIS)

ANFIS are a class of adaptive networks which are func-
tionally equivalent to fuzzy inference systems (FIS). They
are hybrid intelligent systems which integrate the princi-
ples of fuzzy logic and neural networks. These systems are
therefore functionally able to benefit from the advantages of
both neural networks and fuzzy logic in a single integrated
framework [32], [33].

As depicted in Fig. 1, the ANFIS structure has five layers
that perform distinct functions. They are referred to as the
fuzzification layer, rule layer, normalization layer, defuzzi-
fication layer and summation layer. The most fundamental
parameters of the ANFIS system are called premise and con-
sequent parameters. The premise parameters {p;, ¢;, 7; } belong
to fuzzy membership functions (MFs) of the fuzzification layer
used by the ANFIS system to create input spaces by looking
for patterns within the input data. The consequent parameters
{a;,b;, c;} correspond to the MFs of the defuzzification layer.
More on the mathematical description of the functions of the
five layers of an ANFIS system can be found in [34]. The
premise and consequent parameters are optimized through
training. The training algorithm employed to optimize the
parameters of the ANFIS system in the proposed approach
is a GA-PSO hybrid algorithm as discussed in detail in the
next section.

Fuzzification Rule Normalization Defuzzification Summation
Layer Layer Layer Layer Layer

Fig. 1. ANFIS architecture [35].

C. The Proposed GA-PSO-ANFIS Hybrid Method

The proposed hybrid method employs binary GA in the
first stage to identify the most relevant subset of the input
variables set; and a combination of GA and PSO algorithm
in the second stage to optimize an ANFIS model. GA is an
evolutionary optimization technique inspired by natural selec-
tion. It involves major operations such as random generation
of an initial population, evaluation of fitness of candidate
solutions, selection of individuals with best fitness and passing
them to the next generation, and applying crossover and
mutation operators to modify individual solutions [36], [37].
The algorithm iteratively minimizes an objective function over
successive iterations. GA is known to have a good global
searching capability [38].

Particle swarm optimization is an evolutionary computa-
tional search method drawing its inspiration from the social
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behavior of birds in a flock searching for food. It was first
proposed by Kennedy and Eberhart in 1995 [39]. Like the
genetic algorithm, PSO starts with a random set of initial
solutions (particles) and updates the velocity v and position
x of the particles to iteratively evolve towards an optimal
solution.

Vi (t) = Wv; (t* 1) + p1 (Pbest — Ty (tf 1))+

p2(Grest — 5 (t — 1)) (1)

T (t) = Z; (t — 1) + v; (t) (2)

The random variables p; and po are defined as p; = r1C}
and ps = ryC5, where 71 and ro are random numbers

generated from a uniform distribution in the range [0, 1], C}
and Cosare positive acceleration constants, and wis an inertia
weight. C and C are called the cognitive acceleration con-
stant and social acceleration constant respectively. To ensure
the stability of a PSO algorithm, it is recommended that
C1+ C5 < 4 [40]. In this study, C; and C5 are set to 1 and 2
respectively. The inertia weight wis updated in each iteration
according to:

3)

where wyamp 18 an inertia weight damping ratio. Higher values
of the inertia weight encourage exploration of the entire search
space, while lower values facilitate convergence to a local
optimum value. The inertia weight damping ratio plays a key
role in balancing both the global and local search in PSO.

W = Wdamp X W

1) Feature Selection

The original raw dataset was preprocessed to obtain a
dataset suitable for model training. Erroneous and inconsis-
tent power records and the corresponding input data entries
were removed to achieve the desired modeling efficiency.
The weather forecast data and corresponding recorded power
data of the remaining dataset were converted into hourly
average representations of each variable. The initial set of
input features and corresponding targets was formed in this
way and subsequently normalized column-wise between —1
and 1. Binary GA was applied at this stage to define the
optimal combination of input variables which provide the best
forecasting accuracy. The GA problem structure presents a
string of binary inputs to the fitness function as encoding
parameters of the solution. The length of each candidate
solution (chromosome) is equal to the number of elements in
the input features set, hence nine in this case. Therefore, a “1”
in the chromosome depicts the corresponding input variable is
selected, while a “0” in the string indicates the corresponding
variable is not selected.

A Gaussian process regression-based fitness function is
defined to evaluate the predictive capability of different subsets
of the original features set. Gaussian process regression (GPR)
is a non-parametric probabilistic modeling approach being
widely used recently for real supervised learning applications.
GPR permits prior probability distribution to be directly de-
fined over latent functions [41], [42]. A Gaussian process
{f (z),z € R?} can be fully described by its mean function
m(z) and covariance (kernel) function k(xz’) [43]. The mean
function is often assumed to be zero, and the covariance
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function defines proximity or likeness between input data
points. That is, for points ; and x5 in the input space that are
similar, the corresponding output values f (1) and f (x5) will
be similar too. Thus, training points near a particular test point
are informative for the prediction at that point. The kernel
function is therefore a crucial component in the Gaussian
process predictors as it encodes the prior assumptions on
the latent function, such as the smoothness and scale of
the variation [44]. The covariance function that relates two
functional values evaluated at set points x; and x5 is given
as:

k(z1,22) = E[(f (x1) — m(z1))(f (z2) — m(x2))] (4)

where m () is the mean function which can be defined as:
m (z) = E(f (z)) (5)

The Gaussian process can then be expressed in terms of the
mean function and kernel function as:

f(x1) ~GPm(x1),k (21, 22)] (6)

While there are many different types of covariance func-
tions, we have used the squared exponential covariance func-
tion in this study, which is one of the most commonly used
kernel functions. The squared exponential covariance function

is given as:
2
ik — L5
() ﬂ o
k

d

k(zi,z;|0)= U?exp l—; Z

k=1
where crj% is the noise signal variance linked to the overall
function variance, o; is the length-scale parameter, d is the
input dimension, and 6 = {UJ%, Iy ...1;} is a vector of hyper-
parameters. The values of the noise variance J]% and hyper-
parameters 6 of the kernel function are estimated from the
modeling data during training. Further details on Gaussian
process regression modeling can be found in [41]-[44]. The
fitness of different feature subsets (presented to the GA in the
form of chromosomes with binary elements) is evaluated based
on the MSE (mean squared error) of the prediction residuals
introduced by the GPR model f (z) fitted for each subset of

features. N
1
Ly = — s —
fit nE (f

=1

t;)” @®)
where ¢ is a vector of training targets and n is number of
instances in the training data.

The genetic algorithm starts by randomly generating an ini-
tial generation. It evaluates the fitness of each solution candi-
date in each generation. The objective of the GA is to minimize
the fitness function (MSE) by selecting a combination of input
variables with the best fitness over successive iterations. A
section of the population with best fitness, called elite children,
will be copied and directly passed to the next generation.
In this study, the algorithm selects the best 10 percent of
the current generation (2 chromosomes) and passes it to the
next generation. New individuals are created by combining
characteristics of selected parent individuals through crossover
operators; and by making random changes to the genes of the
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individual parents through mutation operations. The scattered
crossover function, which creates a random binary vector of
the same length as the solution chromosomes and picks the
genes of the first parent where the vector is a 1 and the genes
from the second parent where the vector is a 0, is used.

The selection of parent chromosomes for crossover oper-
ation is carried out using the Tournament selection method.
Four candidate chromosomes are randomly chosen from the
population and the fittest is picked to be a parent. This process
is repeated to obtain the second parent for the crossover
operation. The crossover fraction, a parameter that specifies
the fraction of the next generation apart from the elite children
that will be produced by the crossover operation, is set to
0.8. Uniform mutation operation is applied to produce the
remaining portion of chromosomes of the next generation. In
uniform mutation, the algorithm forms a vector of random
numbers from a uniform distribution. The value of each
number is then compared to a mutation probability rate. If
the value of the mutation probability rate is greater, the
corresponding gene in the chromosome is flipped (0 to 1, or 1
to 0), otherwise it is left unchanged. Mutation provides genetic
diversity in the population and ensures broader search space
for the algorithm [38]. The detailed binary GA-based feature
selection algorithm is described in Table I. The parameters
of the GA which are used to implement the feature selection
algorithm are summarized in Table II.

TABLE 1
DESCRIPTION OF THE FEATURE SELECTION ALGORITHM

Step 1: Dataset Preparation and normalization.
1) Convert all variables in to hourly average representations.
2) Normalize dataset column wise between —1 and 1.
Step 2: Initialization
1) Randomly generate initial population of N (population size)
chromosomes of length [ (number of features). N = 20 and | = 9.
2) Convert chromosomes into binary bit strings.
Step 3: Develop GPR models for feature subsets.
1) Create feature subsets using binary chromosomes.
2) Model GPR for new dataset.
Step 4: Fitness evaluation
1) Evaluate GPR model for each feature subset.
2) Calculate MSE (fitness function) for each chromosome.
Step 5: Generate new population.
1) Rank chromosomes based on their fitness value.
2) Select elite children— first 2 best individuals.
3) Perform crossover (14 crossover children)and mutation (4
mutation children).
4) Get a new population for next generation.
Step 6: Check whether termination criteria are met.
1) Generations (MaxGen = 100).
2) Stall generations (MaxStallGen = 50).
3) If neither criterion is satisfied, go back to Step 3. Otherwise
proceed to Step 7.
Step 7: Terminate the algorithm and output the results.

2) Forecast Modeling

The modeling dataset is used to generate an initial ANFIS
structure using fuzzy c-means (FCM) clustering with all its
parameters randomly initialized. The parameters of the input
and output MFs of the generated ANFIS model are iteratively
obtained to determine the size of each chromosome/particle
for setting up the optimization problem. These parameters
constitute the set of variables to be tuned by the hybrid
GA-PSO algorithm. The ANFIS model is evaluated at all

TABLE 11
PARAMETERS OF GA APPLIED FOR FS

Parameter Value
Population size (V) 20
Length of chromosome (I) 9
Population Type bitstring

Max. number of generations (MaxGen) 100

Stall generations (MaxStallGen) 50

Number of elite chromosomes 2

Selection method Tournament
Tournament size 2
Crossover Arithmetic
Crossover fraction 0.8
Mutation Uniform

Mutation rate 0.01

candidate solutions to determine the strength of each chro-
mosome/particle. The RMSE of the residuals produced by the
ANFIS model is used as a criterion to define the objective
function.

The parameters of the GA and PSO algorithms used in the
hybrid training algorithm are shown in Table III and Table IV
respectively. The parameters of the GA and PSO were selected
after a large number of trial simulation runs. The velocity
and position of particles of the PSO are updated according
to update rules (1) and (2), whereas the genetic algorithm
performs elite selection, crossover and mutation operations
over successive generations until the maximum number of
generations is reached. The hybrid training algorithm takes
into account all variables of a chromosome/particle in each
iteration. All chromosomes and particles of the same gener-
ation are evaluated and ranked in terms of their fitness. The
algorithm works by comparing the fitness of the best solutions
achieved by the GA and PSO in each iteration and choosing
the better as the global best solution. If the best particle of the
PSO has achieved a better fitness than the best chromosome
from the GA population, parameters of the best chromosome
are updated to assume the variables of the best particle. On the
other hand, if the GA has achieved a better solution, variables
of the best particle are replaced by the genes of the best
chromosome. In this way, the algorithm which has produced

TABLE III
PARAMETERS OF GA ALGORITHM

Parameter Value
Population size (IV) 50
Max. number of generations (MaxIt) 1000
Number of elite chromosomes 2

Selection method Roulette wheel

Crossover function Scattered
Crossover fraction 0.8
Mutation function Uniform
Mutation rate 0.1

TABLE IV
PARAMETERS OF PSO ALGORITHM

Parameter Value
Swarm size (PopSize) 50
Max. number of iterations (Maxlt) 1000
Cognitive acceleration constant (C'1) 1
Social acceleration constant (C) 2

Inertia Weight (w)
Inertia weight damping ratio (w;,,,,) 0.99
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the best solution sets the global best solution. This process is
repeated until the termination criterion is met. The variables
optimized using the hybrid algorithm are finally copied to the
input and output MFs of the ANFIS structure to form the
final ANFIS model and the training process is concluded. The
summary of the steps involved in implementing the second
stage of the proposed PV power forecasting approach are
described in Table V.

TABLE V
DESCRIPTION OF HYBRID GA-PSO ALGORITHM

Step 1: FIS initialization.
1) Arrange predictor and target variables column-wise.
2) Generate ANFIS structure from the modeling data.
Formation of initial solutions.
1) Obtain parameters of initial FIS structure and determine
number of variables VarSize.
2) Randomly generate a pre-set number of particles with
length VarSize. Initialize position of particles.
3) Randomly generate a pre-set number of chromosomes with
Initialize position of chromosomes.
4) Initialize velocity of particles.
5) Initialize best cost of PSO to infinity.
6) Initialize global best cost to infinity.
Create next generation of solutions.
1) Update velocity, position and inertia weight of particles’.
2) Perform elite selection, crossover and mutation.
Assign parameters of solution to ANFIS structure.
1) Get vector of variables of each particle/chromosome sol.
2) For each membership function of each predictor variable,
assign corresponding values of sol to the input MF parameters.
3) For each membership function of the target variable, assign
corresponding values of sol to the output MF parameters.
Evaluate cost of candidate solutions.
1) Evaluate cost of each particle p; and update personal best
PPbest and global best PGbest of PSO.
If Cost; < Cbest;: PPbest < p; Cbest; < Cost;, and
If Cbest; < Chestg:

Cbestg < Cbhest;

PGbest < PPbest

2) Evaluate fitness of each chromosome c¢; and find best GA
solution GAbest and its fitness fbest,;.
3) Apply global solution update rules.
Check whether termination criterion is met.
1) Iterations (MaxIlt = 1000).
2) If the criterion is not satisfied, go back to Step 3. Otherwise
proceed to Step 7.
Step 7: Terminate the algorithm and output optimized model.

Step 2:

Step 3:

Step 4:

Step 5:

Step 6:

III. RESULTS AND DISCUSSION

A. Forecasting Accuracy Evaluation Metrics

Several standard error metrics were used to evaluate the
proposed PV power forecasting strategy. For a target sequence
t forecast sequence f with N time steps and maximum
recorded power P,,, root mean square error (RMSE), mean
absolute error (MAE), and normalized mean absolute error
(nMAE) criteria are expressed as:

RMSE = \/ D DRNCESD ©)
1 N
MAE = > |fi —til (10)
_ 100~V [fim tif
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The skill criterion evaluates the improvement in prediction
capability of models over that of the benchmark persistence
prediction model.

= (1

B. Selection of Predictors

RMSE

_ RMSEP) * 100 (12)

The binary GA based feature selection method was imple-
mented and applied to the datasets of each of the three PV
generation units in the system. The description of the datasets
in terms of sample size and feature dimensions is presented
in Table VI. The feature selection algorithm was applied to
each dataset and the experimental results obtained for the three
normalized datasets are provided in Table VII.

TABLE VI
DESCRIPTION OF DATASETS

Dataset Samples Dimension
PVl 468 9
PV2 711 9
PV3 1466 9
TABLE VII

FEATURE SELECTION RESULTS

Mean Best Without
[PI\r:i ¢ liiifltreeg Fitness Fitness FS
(x1073)  (x1073) (x1073)
PVl 2,3,4,5,6,7,8 4.12 3.76 4.7
PV2 1,4,5,6,7,8 0.13 0.12 0.13
PV3 4,5,6,7,8,9 0.265 0.259 0.273
All 4,5,6,7,8

Considering the fact that all the input parameters are
weather condition variables which could exhibit significant
interrelationships, it can be inferred from the results that the
number of features selected by the binary GA-based FS algo-
rithm is significantly smaller than the number of features in the
original dataset in each case. Moreover, the closeness between
the mean and best fitness values indicates the effectiveness of
the employed feature selection methodology. For the dataset
of PV1, the improvement in MSE when only the selected
variables are used to model the data using the GPR approach
is over 19 percent. Similarly, selected subset datasets of PV2
and PV3 have provided improvements of roughly 8.5 and 5.1
percent respectively over the original dataset with respect to
the MSE criterion.

Features 4, 5, 6, 7, and 8, which stand for surface tempera-
ture, irradiance, low cloud cover, middle cloud cover, and high
cloud cover respectively, have been selected in all of the three
cases. Therefore, for the mere purpose of consistency, these
five variables have been selected to constitute the input dataset
for PV power generation forecast modeling for all of the three
generation units.

C. Forecasting Results

In this study a combination of genetic algorithm and particle
swarm optimization is designed to effectively optimize an
ANFIS model for the intended PV power forecasting task.
Historical weather data of the selected variables and the
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corresponding target power generation data series were given
to the hybrid modeling approach. The performance of the
proposed forecasting technique as applied to the three PV
power generation units is evaluated and compared with the
benchmark forecasting methods. Fig. 2 shows the comparisons
of actual values and forecasted values for PV1, PV2 and PV3
during the training stage considering the first 50 data points.

100
sof A AT .
/llfl N /},/ \\
0 _L” \\ ‘, \
100
7 - PV2 -
5 SO0 PN AN |
v "\ .
a? 0 K S J/ \\
100 T T T T T T T T T
PV3 -
50 F \ y AR VESN a
y A
ol i SN
5 20 25 30 35 40 45 50
Time Steps

Fig. 2. Comparison of models during the training stage.

Table VIII summarizes the evaluation of the proposed hybrid
approach and that of an ANN and LRM for individual units
during the model training stage using three different error
metrics. For all PV units, the proposed GA-PSO-ANFIS based
hybrid strategy has more efficiently captured the trends of the
data. With respect to the nMAE criterion, relative percentage
improvements over the ANN approach for PV1, PV2, and PV3
are 23.36, 5.16 and 12.66 respectively. Taking into account the
RMSE criterion, the corresponding figures are 24.81, 8.52 and
12.18 percent respectively.

TABLE VIII
EVALUATION OF HYBRID MODEL AGAINST BP NN AND LRM
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Table X show comparisons of forecasting performance with
regard to RMSE and MAE criteria as the forecasting methods
are applied to individual generation units. The corresponding
results with regard to nMAE are similarly tabulated in Table
XI. The proposed hybrid approach has yielded an average
RMSE performance improvement of 25.98 percent over the
ANN method, the second best performing approach, in PV1
over the test period. In contrast, PV3 has seen the least average
performance improvement among the three units, where the
proposed hybrid approach has reduced the RMSE obtained
using the ANN method by about 11.3 percent. Fig. 3 displays
measured power and predicted power of the combined system
(combining all three generation units) using the hybrid GA-
PSO-ANFIS model and the benchmark approaches during the
five day test period. The comparison of the daily forecasting

PV Unit Method RMSE MAE nMAE
GA-PSO-ANFIS 5.09 347 443
PV1 BP NN 6.77 452 578
LRM 7.54 527 6.74
GA-PSO-ANFIS 5.15 349 458
PV2 BP NN 5.63 3.68 4283
LRM 7.35 549 720
GA-PSO-ANFIS 6.20 4.65 6.0
PV3 BP NN 7.06 532 6.87
LRM 7.77 588 7.59

The proposed hybrid forecasting approach and the three
benchmark techniques were applied on a test dataset repre-
senting hourly weather forecast data for five consecutive days
from January 01, 2016 to January 05, 2016. The results of the
24 hours ahead PV power generation forecasting during the
test days further demonstrated the superiority of the proposed
hybrid forecasting technique over the other methods. The
proposed hybrid PV power generation forecasting method has
consistently outperformed the ANN, LRM and persistence
based methods regarding RMSE, MAE and NMAE criteria
as demonstrated in Table IX through Table XI. Table IX and

TABLE IX
EVALUATION OF DIFFERENT APPROACHES W.R.T RMSE

PV Unit Method Dayl Day2 Day3 Day4 Day5 Av.
GA-PSO-ANFIS 1.16 143 338 279 138 208

PVI BP NN 286 295 3.03 372 149 281
PERSISTENCE 3.05 3.09 347 393 389 349
LRM 352 343 366 378 236 3.35
GA-PSO-ANFIS 1.62 185 420 6.86 397 3.70

PV2 BP NN 152 179 755 691 352 426
PERSISTENCE 345 348 387 486 453 4.04
LRM 35 366 347 557 232 3.0
GA-PSO-ANFIS 441 463 384 465 210 392

PV3 BP NN 475 489 475 516 257 442
PERSISTENCE 329 348 378 45 422 385
LRM 574 571 483 501 4.04 507

TABLE X

EVALUATION OF DIFFERENT APPROACHES W.R.T MAE

PV Unit Method Dayl Day2 Day3 Day4 Day5 Av.
GA-PSO-ANFIS 0.62 0.72 191 139 0.68 1.06
PVI BP NN .65 157 171 185 09 1.53
PERSISTENCE 1.75 168 190 218 225 1.95
LRM 3.09 263 288 298 228 277
GA-PSO-ANFIS 0.70 091 1.63 3.10 147 1.56
PV2 BP NN 074 095 374 343 183 214
PERSISTENCE 196 1.89 2.14 2.65 2.58 2.24
LRM 243 252 282 333 1.69 256
GA-PSO-ANFIS 237 242 204 242 1.11 2.07
PV3 BP NN 278 275 261 286 137 247
PERSISTENCE 1.82 1.75 199 238 238 2.06
LRM 479 474 3.7 417 3.65 421
TABLE XI
EVALUATION OF DIFFERENT APPROACHES W.R.T NMAE
PV Unit Method Dayl Day2 Day3 Day4 Day5 Awv.
GA-PSO-ANFIS 295 359 807 532 253 449
PVI BP NN 782 778 749 7.06 333 6.7
PERSISTENCE 8.33 833 833 833 833 833
LRM 14.65 13.02 12.61 11.41 8.44 12.03
GA-PSO-ANFIS 299 4.02 635 976 476 558
PV2 BP NN 3.15 4.18 14.61 10.78 593 17.73
PERSISTENCE 8.33 833 833 833 833 833
LRM 1036 11.09 1099 1045 545 9.67
GA-PSO-ANFIS 10.86 11.51 8.54 8.464 390 8.65
PV3 BP NN 12.73 13.05 1093 10.01 4.78 103
PERSISTENCE 8.33 833 833 833 833 833
LRM 21.93 22.55 1551 14.6 12.77 1747
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error distribution of the combined plant introduced by different
approaches during the test period is illustrated in Fig. 4. It
was observed that the forecasting techniques produce lower
prediction errors during the hours on both sides of noon, where
the solar radiation, which is the most important factor for
power production among the input parameters, and surface
temperature remain essentially constant.
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Fig. 3. Comparison of predictions using different approaches.
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Fig. 4. Comparison of prediction errors over the test period.

The test results demonstrate that the proposed hybrid ap-
proach outperformed the three benchmark approaches through-
out the test period with respect to all performance evaluation
metrics. This was validated across all three PV generation units
considered in the study. Similarly, the forecasting performance
of the models considering the combined generation plant was
evaluated. The results are consistent with the findings con-
sidering individual PV units. The proposed hybrid technique
has provided the best predictive capability with respect to
four different performance evaluation criteria over the test
period as presented in Table XII. With respect to the RMSE
criterion, the hybrid approach was found to have achieved
an average reduction of 10.95, 30.3 and 25.5 percent relative
to BP-NN, persistence and LRM methods respectively over
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the whole test period. The average NMAE experienced by
the proposed approach over the five day test period is 5.31
percent. This accounts for 82.45%, 63.74% and 60.68% of the
corresponding values obtained from the BP-NN, persistence
and LRM based models respectively over the same period.

TABLE XII
ERROR EVALUATION FOR THE WHOLE PLANT

Metric  Method Dayl Day2 Day3 Day4 Day5 Aw.
GA-PSO-ANFIS 6.68 7.33 733 1410 4.01 7.89
RMSE BP NN 795 837 812 1542 446 8.86
PERSISTENCE 9.76 10 11.09 1321 12.54 11.32
LRM 1.6 1195 1021 1294 6.27 10.59
GA-PSO-ANFIS 359 372 341 686 229 398
MAE BP NN 456 441 477 794 225 479
PERSISTENCE 5.53 53 6.03 721 721 6.26
LRM 6.85 733 647 753 3.69 637
GA-PSO-ANFIS 541 586 471 793 265 5.31
NMAE BP NN 6.87 694 659 9.18 261 644
PERSISTENCE 833 833 833 833 833 833
LRM 1032 11.52 895 8.7 426 875
GA-PSO-ANFIS 31.56 26.7 339 -6.74 68.02 30.3
Skill BP NN 18.55 163 26.78 -16.7 6443 21.73
LRM -18.8 -19.5 794 2.04 50 6.45
PERSISTENCE - - - - - -

In terms of the Skill (s) criterion, averaged over the test
period, the LRM model has performed slightly better than
the persistence approach, despite falling behind on the first
and second test days. Both the proposed approach and the
NN method provided significantly improved forecasting skills
averaging 30.3 and 21.73 respectively. The proposed approach
has easily beaten both the NN and LRM models throughout the
test period. The results summarized in Table IX through Table
XII validate the superior PV power generation forecasting
capability of the integrated GA-PSO-ANFIS based hybrid
technique by employing daily weather condition data with
reasonable accuracy and improved precision compared to other
forecasting approaches.

IV. CONCLUSION

This paper proposes an integrated GA-PSO-ANFIS based
hybrid technique for short term photovoltaic power generation
forecasting. The proposed method implements binary GA
based feature selection strategy to eliminate insignificant vari-
ables and applies a combination of GA and PSO to optimize
a forecasting model. A GPR model based fitness function is
implemented to enable the binary GA to significantly reduce
the number of input features required to achieve improved
forecast modeling. An integrated GA-PSO algorithm is then
used to optimize the relatively complex ANFIS structure for
forecast modeling. Performance of the proposed technique is
compared with ANN, LRM and persistence methods. Results
show that the proposed method has the capability of accu-
rately forecasting day ahead hourly PV power generation with
substantial performance improvement over other techniques.
Model testing over a five day test period returned daily average
normalized forecast errors essentially lower than 8 percent;
demonstrating the effectiveness of the proposed approach for
short term PV power forecasting.
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