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ABSTRACT This paper proposes an effective Photovoltaic (PV) Power Forecasting (PVPF) technique
based on hierarchical learning combining Nonlinear Auto-Regressive Neural Networks with exogenous input
(NARXNN) with Long Short-Term Memory (LSTM) model. First, the NARXNN model acquires the data
to generate a residual error vector. Then, the stacked LSTM model, optimized by Tabu search algorithm,
uses the residual error correction associated with the original data to produce a point and interval PVPFE. The
performance of the proposed PVPF technique was investigated using two real datasets with different scales
and locations. The comparative analysis of the NARX-LSTM with twelve existing benchmarks confirms
its superiority in terms of accuracy measures. In summary, the proposed NARX-LSTM technique has the
following major achievements: 1) Improves the prediction performance of the original LSTM and NARXNN
models; 2) Evaluates the uncertainties associated with point forecasts with high accuracy; 3) Provides a high
generalization capability for PV systems with different scales. Numerical results of the comparison of the
proposed NARX-LSTM method with two real-world PV systems in Australia and USA demonstrate its
improved prediction accuracy, outperforming the benchmark approaches with an overall normalized Rooted
Mean Squared Error (nRMSE) of 1.98% and 1.33% respectively.

INDEX TERMS Long short-term memory (LSTM), photovoltaic power forecasting, nonlinear
auto-regressive neural networks with exogenous input (NARXNN), Tabu Search Algorithm (TSA).

D Data set for the 1st case study HO Hyperparameter Optimization
£3p) Data set for the 2nd case study HT Hilbert Transformation
P Station pressure (bar) Ir Horizontal radiation (W /m?)
A Altimeter indication LSH Local Sensitive Hashing
ACE  Average Coverage Error LSTM Long-Short Term Memory
Adam  Adaptive Moment Estimation optimizer MAPE Mean Absolute Percentage Error
AE Autoencoder MARS Multivariate Adaptive Regression Spline
Cc Cloud coverage MSE Mean Square Error
CNN  Convolutional Neural Network NARXNN  Non-linear Auto-regressive
DIr Diffuse horizontal radiation(W /m?) exogenous Network
Dp Dew point nRMSE normalized Rooted Mean Squared Error
EMD  Empirical Mode Decomposition PICP Prediction Interval Coverage Probability
PINAW Prediction Interval Normalized Average
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PM Persistence Model

PVPF  Photovoltaic power forecasting
Rh Relative humidity (%)

RNN Recurrent Neural Network
SCA Sine Cosine Algorithm

SD Standard derivation

SVM Support Vector Machine

T Ambient temperature (°C)
TCM Time Correlation Modification

TSA Tabu Search Algorithm

v Visibility

Wwd Wind direction (A®)

WGPR  Weighted Gaussian Process Regression
Ws Wind speed (m/s)

I. INTRODUCTION

Energy transition towards renewables is a global trend in
the twenty-first century. Solar energy is leading this transi-
tion due to its massive resources’ potential [1]. Photovoltaic
(PV) energy provides high availability and long durability
to stakeholders. However, PV energy has several limitations
in terms of low power stability and poor power quality. PV
plants are continuously disturbed by weather conditions such
as cloud cover, wind speed, and temperature variation [2].
Furthermore, the key stimulus for energy generation, namely,
the irradiation, is only available in the daytime. Therefore,
forecasting models have been widely employed for PV sys-
tems to estimate the generated PV power from one side and
load demand from the other side to ensure a smart demand
response and effective energy management [3], [4]. During
the last few years, Time Series Forecasting (TSF) becomes
a dynamic research area supported by the exponential use
of Big Data in all the research fields due to the explosive
development of information and communication technolo-
gies and significant hardware improvement [5]. Therefore,
the research community has been focusing on the develop-
ment of effective PV Power Forecasting (PVPF) techniques
to stabilize and secure the grid operation [6].

So far, Machine Learning (ML) techniques have been
proposed to interpret the behavior of the selected feature
patterns that continuously change over time to reconstitute
a clear vision about future values [7]. In simple words,
these techniques analyze the past (input data) to estimate the
future (system behavior). PVPF consists of direct and indirect
PVPF [8]. On one side, direct PVPF analyses the historical
weather data to predict PV power production [2], [8]. On the
other side, indirect PVPF uses a dual-stage methodology.
In the first stage, the solar irradiance is predicted as the
most dependent PV power feature. The second stage implies
the determination of the PV power based on mathematical
correlations [2]. According to the authors’ work in [9], it has
been proved that the second strategy is more accurate, ver-
satile, cheaper, and less computationally demanding. In [10],
the authors reported that hybrid models can achieve compet-
itive results compared to the-state-of-the-art techniques by
combining two or more single ML models.
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In view of the latest progress on time series forecasting,
the time horizon is a fundamental taxonomy for PVPF appli-
cations. Typically, there are three major types for forecasting
horizons, namely, short, medium, and long-term forecast-
ing [5], [11]. Short-term forecasting includes an hourly to
weekly estimation to effectively manage sudden dispatching
and cope with operational outliers. Medium-term PVPF is
valid from a week up to months ahead which is mainly used
for preventive maintenance, planning, and asset utilization
management purposes. The last type is the long-term fore-
casting for a year up to several years ahead [12]. Long-term
PVPF is used for budget planning and feasibility studies
of large-scale PV projects. It has been reported from the
literature that the most popular and useful form of PVPF is
the short-term PVPF [12].

Moreover, with the increasing penetration of PV power,
two types of PVPF are introduced: point and interval forecast-
ing. Point forecasting, named also single-valued forecasting,
predicts single values of PV power, while interval forecasting
quantifies the uncertainties associated with PVPF. Despite
the huge research work dedicated to enhance the accuracy
of point PVPF techniques, the increased unpredictability
of weather conditions represents a significant limitation for
these techniques [13]. A detailed comparison of the recent
related works in PVPF is reported in Table 1.

For point forecasting, the authors in [27] succeeded to
predict the PV power with high accuracy using a Recurrent
Neural Network (RNN) technique where a historical database
is used in the training process. However, it has been con-
cluded that the vanishing gradient limits the forecasting time
horizon of the RNN due to the gradient explosion and disap-
pearance [5]. It is worth mentioning that RNN suffers from a
high computational burden in the training phase. Moreover,
these methods require a complete database for the training
where a poor-quality database has a major impact on the
output accuracy. Long-Short Term Memory (LSTM) algo-
rithm is commonly employed as an elegant variation of the
RNN model to overcome the information loss in depth. Deep
Learning (DL) models were proposed to extract significant
information from data representations to effectively track the
feature patterns and improve the forecasting system capabil-
ities. In [28], the authors proved that LSTM outperforms the
existing benchmarks in terms of lower Rooted Mean Square
Error (RMSE) and Mean Absolute Error (MAE). Unlike
the poor effectiveness of conventional statistical models
in tracking nonlinear variations, Nonlinear Auto-Regressive
with Exogenous inputs Neural Network (NARXNN) is an
improved version of RNN to manage the stochastic weather
parameters [29]. In [30], a Dual-stage Attention mechanism-
based RNN (DA-RNN) technique was investigated. The DA-
RNN mechanism concept pays attention to the input series
using NARXNN and then LSTM investigates time instances.
The DA-RNN model achieves a MAE = 7.14 1072% and
an RMSE = 1.97 1072%. However, the NARXNN could
miss the interpretation for local spatial attention in the first-
level attention with the high variation of weather conditions
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TABLE 1. A detailed comparison of PVPF methods with previous research work.

Method Ref. Year Country Lowest error Advantages Limitations
LSH [14] 2018 USA, China nRMSE=4.23% Simple and Accurate High sensibility to weather varia-
tions
WGPR [15] 2018 Singapore nRMSE=8.34% Efficient for high-dimensional data Require large datasets
Ensemble method [16] 2018 New nRMSE=7.356%  Simple with less parameter require- Require a high data quality
England ments
CNN [17] 2019 Taiwan RMSE=140.90W  High generalization ability and ro- Heavy computational effort
bustness
MARS [18] 2019 China RMSE=0.30 Cope with complex weather pat- Difficult to implement
kWp terns
Copula [19] 2019 USA MAPE=6.65% Alleviate the vanishing gradient Difficult to implement
function-LSTM problems
EMD-SCA-ELM [20] 2020 India MAPE=1.88 % High accuracy and end-to-end de- Requires heavy tuning
sign
Self-attention [21] 2020 USA RMSE= High effectiveness and accuracy Difficult parameter optimization
0.071kW
Deep ConvNets [22] 2020 USA nRMSE=21.2% Do not require TSF models and Complex nonlinear modeling
weather data
AE-LSTM-PM [23] 2020 USA nRMSE=8.39% High effectiveness with TSF High computational burden
SVM [24] 2020 Australia RMSE=0.186 High universality potential and au- High Complexity
kW tomatic tuning
LSTM-TCM [25] 2020 Australia nRMSE=6.29% High generalization ability Heavy training and high complexity
Residual network [26] 2020 Australia MSE=0.027 kW  High accuracy Prone to overfitting

in sequential processing. Furthermore, the encoder-decoder
architecture is computationally extensive due to the contin-
uous calculation of the pre-weighted input obtained from
the encoder or an additional RNN in every iteration of the
sequential architecture.

For interval forecasting, quantile regression and bootstrap
method were proposed for PV power point uncertainty quan-
tification [31]. In that work, the authors examined the use-
fulness of wavelet transform and radial basis function neural
network to generate uncertainties with PV forecasts. From
the results reported in [31], it has been noticed that multi-
step multivariate PVPF was not reported. In [32], the authors
proposed an improved interval PVPF using the Bayesian the-
ory. The proposed model in [32] employs correlated weather
scenario generation and ensemble models. The work pre-
sented in [33] introduced a Convolutional Neural Network
(CNN)-based wavelet transform for point and interval fore-
casting. The proposed model can generate interval and point
PVPF results for different experimental conditions. Despite
the inherent potential of LSTM model for time series point
forecasting, LSTM is usually losing sight of significance in
interval forecasting. In order to tackle the above problems,
this paper aims to further supplement the existing studies
by proposing a highly accurate model for point and interval
forecasting using a virtue of prepossessing blocks. The per-
formance of the proposed model is demonstrated at different
seasons of the year, different PV power locations, and several
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forecasting horizons. The main contributions of this paper are
summarized as follows:

1) A hybrid method for nonlinear time series forecasting
composed of LSTM and NARXNN models is com-
prehensively explained. Despite the large popularity
of LSTM model, the high variability of environmental
conditions restricts the LSTM model from achieving
accurate forecasts. The proposed technique not only
enhances the LSTM performance but also supplements
the proposed integrated point forecasts by the uncer-
tainties qualification to reduce the operational risks in
PV systems.

2) A novel PVPF paradigm is deeply analyzed. The eval-
uation of the new approach is performed using two
real datasets. Small-scale and large-scale PV plants
are employed to demonstrate the model performance
generalization for point and interval forecasting with
single and multi-step prediction.

3) A comparative study with twelve benchmarks has been
conducted to reveal the high reliability of the pro-
posed NARX-LSTM model as a competitive model
in capturing time dependencies with a high exacti-
tude. Additionally, the proposed approach improves
the prediction performance of the original LSTM and
NARXNN models.

The remainder of the paper is organized as follows: Section II
proposed a comprehensive presentation of the components
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employed in the simulation process with a mathematical and
architectural overview. In Section III, a case study is provided
and the simulation results are presented and interpreted to
validate the proposed model. Finally, Section IV concludes
the paper.

Il. FORECASTING MODELS AND

PROPOSED ARCHITECTURE

In this section, the NARXNN Network and LSTM neural
network model and Tabu Search algorithm are first presented.
Then, the proposed NARX-LSTM model is comprehensively
explained.

A. NARX NEURAL NETWORK

NARXNN is introduced as an improved form of Nonlinear
Auto-Regressive Neural Network (NARNN). NARNN uses a
single delayed feedback loop of the output regressor. On the
other side, NARXNN involves two tapped-delay lines from
the input-output signals [34]. The exogenous input values are
integrated into the parametric equation of NARXNN as [35]:

y(n) = flx(n); u(n); y(n — 1)] ()
y(m) = flx(n), ..., x(n —dg + 1); x(n), ..., x(n — dy + )]
2

where u(n) € R and y(n) € R denote the model input and
output at the discrete timestep n, dg > 1 and d, > 1 rep-
resent the input and output memory orders respectively with
{dp, dy} € N*. The feedback loop improves the sensitivity
of the NARXNN predictor to the historical data. Fig. 1 illus-
trates the underlining working mechanism of the NARXNN
algorithm.

Output layer *,

Input layver .~~~ Hidden layer -~

- oxim) N
x(n-T) » ., A

a(m)

L\(||—d|.;-llrlziz|4'z—:. .
r i{n-d_ﬁlj* -— )

¥in-1).]

FIGURE 1. Three-layered NARXNN with d¢ > 1 delayed inputs and dy > 1
delayed outputs with z—1 presenting the unit time delay.

As shown in Fig.1, the NARXNN algorithm consists of a
two-layer feed-forward network, with a linear transfer func-
tion in the output layer and a sigmoid function (o) in the
hidden layer calculated as [36]:

1
ox) = T+ ep(—0) 3)

This network has the specific feature of involving

tapped delay lines to store previous values of u(n) and
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y(n) sequences. The output of the NARXNN, y(n), is fed
back to the input of the network (with a delay). Two different
modes for the training of NARXNN model are depicted [35]:

o Series-Parallel (SP) Mode: This method takes the feed-

back delayed information from the real values.

« Parallel (P) mode: where the estimated outputs are set

for the output’s regressor.

However, for better accuracy and effective training,
the NARX-SP feedback makes use of an on open-loop
then the parallel feedback is switched in the evaluation part
to a closed-loop. In [36], the simulations proved that the
NARXNN provides better accuracy in discovering the behav-
ior of the sequential output compared to conventional meth-
ods such as Feed-forward and Elman Networks [37]. The high
performance is since the input vectors are inserted through
two tapped-delay lines from the input-output signals. These
delays present a jump-ahead connection in the time-unfolded
network to provide the ability for the gradient descent to
propagates back in a shorter path.

Nevertheless, the elimination of output memory for
NARXNN significantly reduces its computational resour-
ces [35]. Moreover, NARXNN as part of the RNN faces, to a
certain degree, the vanishing gradient problem. RNN after a
specific input number stops learning and negatively affects
the prediction accuracy. This challenge appears when the
gradient descent shrinks in long-range dependencies which
causes a fading memory issue [35].

B. LONG SHORT-TERM MEMORY

The LSTM network has been introduced to tackle the vanish-
ing gradient problem in RNN architecture causing training
failures [5]. The LSTM model fully exploits the long depen-
dencies through a distinguished gate control and specialized
memory mechanism. The whole mechanism is conducted by
a series of LSTM cells presented in Fig. 2.

Cia ’: an @ ’:;ll
X 03¢
K n Lr "r n
Si-l Sy >3
Xt

FIGURE 2. The internal chain structure of an LSTM unit: ® and & present
the pointwise scalar multiplication and the sum function respectively.

According to Fig. 2, the exploding and the vanishing gra-
dient effects are mitigated by employing four gates in the
LSTM architecture, specifically the input gate I;, the for-
get gate f;, the output gate o;, and the self-recurrent unit.
These gates are responsible for managing the interactions
among the memory units where the gate selection is achieved
according to hyperbolic tangent (tanh) function, Sigmoid
function, or matrix multiplication. The input gate verifies
the ability of the input signal in modifying the state of the
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memory cell. Additionally, the f; gate discards the irrelevant
status that misleads the forecasting process and keeps only the
important information to be forwarded to the hidden layers.
The f; values are between 0 and 1 where a higher value means
that the information is of utmost importance and a result
of 0 leads to completely discarding the information. Here,
contrary to the input gate, the output gate checks its effect
on the state of other memory cells. The LSTM gates, hidden
outputs, and cell states are given as follows [5]:

Iy = o(Wix; + Uihy—1 + br) 4)
fi = o(Wrx; + Uphi—1 + by) )
or = a(Wox; + Uphsi—1 + by) (6)
C=fiOc_1 @)
hy = o; © tanh(c;) ®)

where x; and ¢; denote the input sample at time t and the mem-
ory unit respectively. (b,by,b,),(Wr, Wy, W,), and (Uyr,Uy,U,)
stands for the biases, recurrent weights, and input weights for
each gate respectively. The function © is the corresponding
multiplication of the elements. /,_1 is the hidden layer for
the respective gates x in the current timestamp. To improve
the cognition using a DL approach, the recurrent connections
could be a chain of stacked LSTM fully connected to form
a sequence base model. Let x = [xf,...,x;] be the input
sequence for LSTM cells with x; € RK. Here, K denotes the
dimensional vector of the original data set at the ™ timestep.

Firstly, the h;_1, c;—1, and x; pass the input information to
The LSTM unit. The LSTM gates interact with the inputs to
generate an action based on a logic function. After passing by
fi» anew cell state ¢, is built. x; and #,_; move to the forget
layer to quantify the importance of the information between
0 and 1. At this stage, the f; gate takes a decision whether
if the information has to be stored, maintained, or removed.
Then, the forget gate will update the cell state ¢; with the
new important information based on the proportion of the
information occupied by the actual and the previous cell state.
The final hidden layer of the LSTM is computed to obtain the
remaining state value.

C. TABU SEARCH ALGORITHM

The identification of the most suitable configuration for DL
models is essential to meet the optimal performance for a
specific dataset [38]. To solve complex optimization prob-
lems, TSA is widely adopted as a global stepwise meta-
heuristic algorithm. The key idea of the TS algorithm consists
of employing a tabu table to memorize the movements that
happened in the previous iterations in order to avoid cycles.
This is conducted by blocking the overlook of the traced
movements registered in the tabu table [39]. The optimal
solution in the neighborhood is chosen. The mechanism of
TSA is illustrated in Fig. 3:

Referring to the flowchart in Fig. 3, define A =
{ai,...,ay} where M is the cardinality of A. Let a set
S(ag),q € {1,..., M}, a fixed subset A\a,. a, denote the
symbol-neighborhood of a,. define wy(a,),v =1,...,N as

VOLUME 9, 2021

[ (Fenerate initial salution J

¥

Creale w set ol neighbour solutions

¥

Livaluate thee neighbour solutions ‘

¥

Update tabu list

Choose the best admissible solution

¥
/’\\\
Nao /T:_\'terminatinn Ny

Yes

¥

‘ Output the best solution tound

¥

| Stop

FIGURE 3. Flowchart of the standard TSA.

the vth symbol-neighbor of a. Assuming x™ = [x", x;'] with
x" € A a solution candidate in the mth iteration. The (u, v)th
neighborhood vector z”(u, v) of X", u = 1, n;,v=1,...,N
based on Euclidean distance can be written as [40]:

sz M (9)
The (u, v)th neighbor satisfies the following condition [40]:
x"* for

Z;n(u9v)=:l l;éu

wy(xp)  for

In the solution space, m;N vectors are generated from a
defined vector in a specific coordinate. Next, the TSA passes
to the best vector among the neighborhood while satisfying
the non-move back towards the previous schemes. The Tabu
matrix (T') of size n;M x N and ¢ coordinates representing
the tabu values of moves is computed as:

", v) = [, v), 5w, v) ..oy

m

(10)

i=u

1 ,m-vM+1 - UM
T = : : ol (11)
IN1IN, (= DM+1 - INyuM

Define g™ the vector with the maximum-likelihood perfor-
mance cost generate until the mth operation of TSA. The
shift (u1, v1) is accepted if one of the following conditions
is respected [40]:

@(Z"(ur,v1)) < (™) (12)
T — DM +q,vi =0 (13)

where the term g is defined as a; = xy1m, ag € A. The next
move is calculated as [40]:

(wa, )= arg  @("(u,v) (14)

U, V;uFEuUy ,VEV]

The computing work is repeated until the optimal solution
is met. TSA is advantageous in terms of adaptability, robust-
ness, and accuracy. Particularly, the strong neighborhood
local search ability of TSA and its super-fast searching speed
is found to be very suitable in case of high dimensions of the
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hyperparameters [39]. This justifies its usefulness for LSTM
tuning operation.

D. PROPOSED NARX-LSTM ARCHITECTURE

The proposed model (NARX-LSTM) is a vigorous combina-
tion of NARXNN and LSTM models. NARX-LSTM model
merges the properties of individual predictors to achieve bet-
ter results. In the proposed system architecture, NARXNN is
associated with embedded memories that make jump-ahead
connections in the time-unfolded network. The embedded
memory of NARXNN consists of simple tapped delayed val-
ues to neurons. The NARXNN is used hereinafter to calculate
the residual error correction. The residual error correction
is implemented to reduce the sensitivity of the network to
time dependencies. We assume that the additional tapped time
delays from NARXNN improve the accuracy of the predic-
tion engine using the error Hankel matrix to increase the
weight of the residual error correction. Let E,, = [eq, ..., ;]
is the error vector between the real values Y; = [y1, ..., Y]
and the forecasted values of NARXNN ¥, = D1y .-y Pl
The residual error is calculated as follows:

n
E,=Y, — Y =yit—Y» wiFy, (t=1,....n (15
i=1
where F and w denote the nonlinear mapping function of
NARXNN and the corresponding weight value. A Hankel
matrix is built from the expansion of the error vector into
a multi-dimensional data matrix in order to capture the
dynamic change of the model variation as:

ey ey --- er,
Ey=lel,....ef1=| + - (16)

€K €K+1 " €K+L—1

where L € [2 < L < L(n/2)] is the window length and K =
n — L + 1 is the number of overlapping segments. Next, two
types of transformations are computed for the Hankel error
matrix: MinMax transformation and Hilbert transformation
(HT) [41], [42]. The MinMax transformation is calculated as
follows [42]:

X, = o tmin_ (17)

Xmax — Xmin

where x,, denotes the normalized value, x, is the real value.
Here, x;,;, and x;,,4, are the minimum and maximum values.
Let f(x) be the error function and H() the Hilbert transform
operator. The HT g(x) of f(x) is defined and altered as fol-
lows [41]:

8y = H(f(x))

1% f)dx

T /;oo X =y

_ l/w fazyde g
T ) X

The HT can be reformulated as a convolution by:
1
8 = —f(x) (19)
X
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A fast algorithm based on convolution theorem is employed
to develop the HT as [41]:

1
8) = ifftlfft e (F )] (20)

where fft() and ifft() denote the fast Fourier transform and the
inverse fast Fourier transform respectively satisfying [41]:.

1
fit(—) = —jsgn(freq) 2D
X

where freq and sgn denote the frequency and the sign func-
tion respectively. From Eq.20, the product ﬁ‘t(%)ﬁ‘t(f x)))
presents special filtering of Fourier transform and the input
signal. This operation transforms the frequency components
by computing a phase shift of —90 ° for positive fre-
quency and 90° for negative frequency. The calculation of
the inverse Fourier transform on the product leads to generate
the HT of the error vector. HT is characterized by a good
multi-resolution for signals analysis. The proposed NARX-
LSTM model is built from two stages: In the first stage,
the NARXNN receives the weather information to primarily
predict the PV power ¥ = [§1, 92, ..., ). The temporary
PV power forecasts from NARXNN are used to calculate
the error values and compute the vector error correction. The
vector error correction is calculated by the association of the
MinMax transform and HT of the error values vector gener-
ated by NARXNN. The vector error correction function (V)
is fed with the original database to LSTM model optimized
by TSA as:

X (1) = xi(1) + Vy(0); xi(1)] (22)

By adopting this methodology, the LSTM network acquires
the learning potential of NARXNN to improve the pattern
recognition of the forecasting system. The LSTM gates use
the processed data as follows:

i; =o(Wi(x; + VIye; x 1) + Urhi—1 + by) (23)
i = o (Wr(xr + Ve D) + Urhi—1 + by) (24)
0; = o(Wolx + VI D) + Uohy—1 + by) (25)
d=fodq., (26)
h; = 0; ® tanh(c;) 27

where (i}, f/, 0}) denote the improved input, forget, and out-
put gates respectively. ¢’ and ¢’ denote the cell state and
the memory unit for NARX-LSTM respectively. The reason
behind the selection of NARXNN is due to its success-
ful implementation in handling the latching problem and
nonlinear system identification. On the other hand, LSTM
memories decrease the vanishing gradient. Adding to LSTM
architecture, a general class of regression model with time
delay has been given the main importance in this investi-
gation. The forecasting system could be stabilized or desta-
bilized by certain stochastic inputs. Hence, it is significant
to consider stochastic effects on the steadiness property of
the delayed information. For a better understanding of the
proposed model, the data processing is resumed in four stages
as shown in Fig. 4.

VOLUME 9, 2021



M. Massaoudi et al.: Effective Hybrid NARX-LSTM Model for Point and Interval PV Power Forecasting

IEEE Access

E (a) Data preprocessing and Feature engineering stage
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FIGURE 4. Proposed NARX-LSTM architecture for PVPF.

In the first stage, data preprocessing and feature engi-
neering is computed starting from data acquisition to store
useful information about the state of the PV system. Then,
data cleaning from missing and invalid samples and feature
importance evaluation are conducted to avoid its adverse
impact on the forecasting system accuracy. Finally, the data
is normalized with a magnitude range of [0, 1] using Min-
Max method [42]. This normalization prevents the features
from getting affected by the bad influence of the outliers
and data scale while increasing the convergence speed and
the performance of the model. In the second stage, a typ-
ical data separation procedure between inputs and outputs
from the training and testing folds is computed in the object
determination stage. Then, the training data is fed firstly to
NARXNN model to generate the PV power, then the output is
used to calculate the vector error correction to be fed to LSTM
model optimized by TSA. The output of the model con-
struction stage is the PV power point forecasts and its asso-
ciated uncertainties. From this explanation, NARX-LSTM
could be described as an association of two module types:
(1) NARXNN that receives the sequence of external inputs
as well as the recurrent output layer state; (2) LSTM cells
that receive corrective information with the original features
to generate the final outputs. Thus, the residual information
fed from the NARXNN output is reused for feeding LSTM
model as an additional source of information apart from the
standard training data. The flowchart of the proposed model
is shown in Fig. 5.

Ill. CASE STUDY AND SIMULATION RESULTS

In this section, the feature engineering process is conducted
based on the Australian weather parameters. Then, the sim-
ulation results are presented. Finally, a comparative study is
deployed to assess the performance of the proposed model.
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FIGURE 5. Flowchart of the proposed forecast method.

The objective is to demonstrate the capabilities of NARX-
LSTM for tackling TSF with high accuracy.

A. FEATURE ENGINEERING
To evaluate the performance of the proposed NARX-LSTM
model using a real dataset, the experimental study employs
two PV power plants from different locations in order to val-
idate the generalization capabilities of the proposed model.

©j: the public data from Desert Knowledge Alice
Springs Center (DKASC) in Central Australia (23.7618° S,
133.8749° E) is used for the first case study [43]. Starting
in September 2008, the DKASC consists of a demonstration
facility of 38 sites to build a high confidence level of PV tech-
nologies with different manufactures and stakeholders [43].
These sites consist of real-life monitoring of PV technologies
from various types, models, and configurations as presented
in Table 2-3. The specific characteristics of the two years
from DKASC’s public-facing repository were deeply ana-
lyzed to target the PV power output from DKASC online
portal (DKASC 2019). The inputs of our system comprise
ambient temperature Celsius (T in (°C)), Wind direction
(Wd in A"), Horizontal Radiation (Ir in (W/mz)), Diffuse
horizontal radiation (DIr in (W / mz)), and Relative humidity
(Rh in (%)) while the output is the active power (kW). It is
worth noting that the yearly lagged PV power has been added
as an additional input for the first case study. The yearly
lagged PV power represents the historical PV power at the
same time of the previous year.

©5: Urbana-Champaign solar farm-Flyover (UCF) data set
from USA (40°06°07.3°N 88°13°37.5°W) is used for the sec-
ond case study [44]. The weather data is collected from the
National Oceanographic and Atmospheric Administration
(NOAA). Starting from its first year of operation, The UCF
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TABLE 2. The related characteristics of the PV plant.

TABLE 4. Feature importance analysis with ©; and ©,.

System specification Characteristics Features XGB weights Elastic Net weights
D1 D1
Array rating 191.74 kW Horizontal radiation 1.9460 + 0.0070 1.9917 £ 0.0075
Average of Powering 141house Temperature 0.0274 + 0.0005 0.0175 + 0.0002
Location Alice Springs, Australia Lagged PV power 0.0212 + 0.0002 0.0080 + 0.0001
PV technology crystalline Silicon, CdTe/CIGS Relative humidity 0.0071 % 0.0003 0.0017 £ 0.0001
Array area 4 % 38.37m? Diffuse horizontal radiation  0.0064 + 0.0000 0.0048 + 0.0001
Type of tracker Fixed: Ground Mount, Single Axis, Dual Axis Wind direction 0.0046 £ 0.0001 0.0014 £ 0.0000
Inverter size/type 46 kW, SMA/Sunny Mini Central 6000A D2
Do Relative humidity 0.4104 £0.0127 0.1641 £ 0.0054
Array rating 5.87 MWp Temperature 0.3739 £ 0.0074 1.6558 + 0.0229
Location South of Windsor Road Station pressure 0.0910 + 0.0043 0.0545 + 0.0033
Array area 20.8 acres Wind speed 0.0785 £ 0.0042 0.0243 £ 0.0027
Average of powering 2% for the Urbana campus Altimeter indication 0.0348 £ 0.0019 0.0013 +0.0001
Number of panels 18867 panels Cloud coverage 0.0342 £ 0.0029 0.0000 # 0.0000
Carbon reduction 6000 metric tons/year Dew point 0.0274 + 0.0021 0.9074 + 0.0091
Visibility 0.0030 £ 0.0004 0.0054 £ 0.0015

TABLE 3. Data types.

Casestudy Data timestep Training year  Testing year
Case study I D1 Smin 2017 2018
Case study II Do 1hour 2016 2017

plant approximately generates 7.28 megawatt-hours (MWh).
This latter is considered the largest solar array installation for
Urbana campus. The used data comprises T, Rh, Cloud cov-
erage (Cc), visibility, Wind speed (Ws), station Pressure (P),
Altimeter indication (A), and PV power. More details about
the characteristics of UCF is found in Table 2-3.

It is worth noting that the database is cleaned from miss-
ing values and smoothed from instrumental malfunction
measures. Furthermore, the data rows containing the low
irradiance measurements have been eliminated to enhance
the prediction potential of the proposed method. The input
parameters have a direct relation with the predicted PV power
output. However, this relationship is not equally partitioned.
Various models have been proposed to measure the diversity
of feature importance. In this study, the idea is to permit one
parameter and estimate the increase of forecasting error in
each case by the probability value (P-value) calculation. The
domain knowledge is investigated using a combination of
Elastic Net and Extreme Gradient Boosting (XGB) evaluation
models to enhance the features selection reliability. Table 4
presents the numerical measures of P values for feature
inputs.

According to Table 4, the irradiation from ©; and the
temperature and relative humidity from ®; have the highest
impact on PV power estimation. For the sake of simplic-
ity, the time series data representation will include all the
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examined features as inputs associated with the date fea-
tures (minute/hour/day/month/year) to forecast the future PV
power. The date features are converted using one-hot encoder
to fit the model requirements. The two data sets were split into
training and testing folds. A full year {20179,,20165,} is
dedicated to model training and the rest of {20189,, 20179, }
data is employed for testing purposes.

B. PERFORMANCE EVALUATION OF THE PROPOSED
FORECAST SYSTEM

The evaluation of the proposed NARX-LSTM model is per-
formed to statistically confirm its high performance using
real data sets. Due to the relative effectiveness of score met-
rics under certain testing conditions, multiple statistical error
measures were employed for a reliable forecasting perfor-
mance assessment. In this paper, the evaluation procedure is
twofold:

« Point forecast assessment is quantitatively computed
where a series of error metrics were employed.
The selected performance evaluation measures for
point forecasting include normalized RMSE (nRMSE),
normalized MAE (nMAE), and squared coefficient of
determination (Rz) [23], [31]. These percentage error
measures are employed due to their scale-independent
propriety and their efficiency. Thus, these measures are
also used in this paper for comparative purposes with
other benchmarks from different scaled databases.

o Interval forecast criteria of PV power include the
Average Coverage Error (ACE), Prediction Interval
Normalized Average Width (PINAW), Prediction Inter-
val Nominal Confidence (PINC) [13]. The PINAW
index gives information about the model sharpness.
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Furthermore, the normalized pinball Loss function (L)
is employed for its wide applicability in the interval
assessment [45].

In this paper, a normalization is adopted in order to make the
error metrics scale-free when comparing the proposed model
with other data sets. The normalization is conducted by the
mathematical division by the PV capacity for each PV plant.
The error equations between the actual PV power (y;) and the
forecasted power (y;) for n timesteps are given as [31], [45]:

1 n—1l, = &
WMAE — 100(%)- 2=i=0 i =il (28)
n

c

1305 o0 (i — ¥i)?
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where n and y. denote the total number of samples and the
capacity of the PV plant, i.e., 211.259 kW and 4733.25 kW
for 1 and D respectively. ¢, g r and p; denote the quantile,
mth normalized actual quantile, and normalized predicted
quantile at time ¢. In this paper, Averaging the quantiles’ L ,
values is adopted to obtain the overall pinball loss score for a
specific forecasting horizon. Moreover, the evaluation of the
proposed model is conducted using 10-fold cross-validation
for better reliability of the evaluation procedure.

TABLE 5. Experimental environment.

Experimental Environment Proprieties

Windows 10
Intel Core i7 9th Gen
NVIDIA GeForce GTX 1650

Operating system
Processor
Graphics card

Programming language Python 3.6.7
Deep learning framework Keras 2.4.3
Platform Tensorflow 2.3.0
Supplementary tools Sklearn 0.23.2

The TSA is implemented using hyperactive library [48].
This algorithm uses a defined search space to identify the best
hyperparameters for a given data set. In order to avoid the
verbose computational burden, extensive experiments were
conducted to minimize the search space. It has been found
that the configuration of 20 NARXNN neurons, a delay value
of 4, a Levenberg-Marquardt optimization algorithm, and
three LSTM layers generates the best results. Then, LSTM
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TABLE 6. Search space HO of the proposed model.

Model Configuration Search Space TSA
LSTM layerl [64, 512] 512
LSTM layer2 [36, 256] 256
LSTM LSTM layer3 [36, 256] 36
Dropout 1 [0.1,0.5] 0.1
Dropout 2 [0.1,0.5] 0.1
Dropout 2 [0.1,0.5] 0.1
activation [Sigmoid,Softplus Softplus
,Selu,Elu,Softmax]
optimizer [adam,SGD,RMSprop] adam
Time (min) 189.52
Time/iteration (min) 18.95

Hidden bayers with delays

Cutput laye

(b)

FIGURE 6. Final architecture of the NARX-LSTM model after TSA
optimization with (a)NARXNN module(b) LSTM module.
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FIGURE 7. Scatter plots ((a), (b)) and error distributions ((c), (d)) of PV
measured power and forecasted power for two PV datasets ©; and ©,.

units, dropout values, activation, and optimizer functions are
found using TSA optimization. In order to verify the model
generalization for a PV farm with a higher scale, the auto-
matic search mechanism is conducted only for © ;. The search
space for TSA algorithm and the optimization results are
found in Table 6.

The LSTM model uses 100 iterations with an early stop-
ping function to avoid overfitting problems. To get better
visibility of the model performance, the scatter plots and the
error distributions are illustrated in Fig. 7.
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C. POINT PV POWER FORECASTING

This section tackles the numerical validation of the model
performance using two data sets from different locations
(USA and Australia) with different speeds of data acquisi-
tion. The feasibility of NARX-LSTM model is conducted
using Python programming language. The NARX-LSTM
model is implemented using Keras and Sckit-learn packages
[46], [47]. The model is evaluated on single-step and multi-
step ahead respectively. The experimental environment is
described in Table 5.

From Table 6, it can be seen that the LSTM layers are
fixed at 512, 256, and 36 units for the three LSTM lev-
els respectively. The dropout values are fixed at 0.1 for all
the aforementioned levels. The optimizer function is adam.
The most suitable activation function, Softplus, is calculated
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as follows:

fx)

It bears noting that the TSA is computationally demanding
with a conversion speed of 18.95 min per iteration. This low
convergence speed could be explained by the fact that the
high-resolution data set for a small-timestep of 5 minutes
causes an exhaustive calculation due to a large number of
investigated patterns. The final architecture of the proposed
model is shown in Fig. 6.

As can be seen from the scatter plots with ®; and D,
in Fig. 7, the proposed model follows the actual PV power
with high accuracy. Despite the low error values, the 1 hour
ahead daily PV predictions on ©, generates better results.
Fig. 8 and Fig. 9 illustrate, for 5 min and 1 hour ahead,

= log(1 + exp(x)) (35)
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FIGURE 10. Daily PVPF results for 5-min and 1-hour ahead.

the actual/predicted daily PV power for different weather
conditions (sunny, partially cloudy, foggy, rainy, and cloudy
days).

According to Fig. 8-9, the estimated power tracks the real
one with great exactitude. It can be seen that the results
are very promising especially during sunny days. However,
the model accuracy is degraded in fast changes of the weather
conditions (Fig. 8.(e)). Nevertheless, even with fast fluctua-
tions of the weather parameters, the NARX-LSTM network
is able to follow the general shape of the real values. For
a quantitative assessment with error metrics and contrast
models, Table 7 presents the characteristics of reference mod-
els including LSTM, NARX, XGBoost, ANN, and LGBM.
It worth noting that Random Search method is adopted to
train XGboost, LGBM ANN. Moreover, the selected hyper-
parameters of the LSTM and NARXNN models are employed
in the tuning of the proposed NARX-LSTM model. All the
proposed models use the same configuration from Table 5.

To begin with, the comparative study is conducted based on
different climate conditions (sunny, partially cloudy, cloudy,
and rainy). The point forecasting measures are adopted for the
performance comparison. The simulation results are shown
in Fig. 10.

According to Fig. 10, it can be clearly observed that the
forecasting performance highly depends on a particular sea-
son of the year. Specifically, the prediction performance of
NARX model decreases significantly during the winter days
(Fig. 10. (d) and Fig. 10(h)). According to the simulations,
NARX-LSTM has been seen performing best than other
individual models. The performance superiority is observed
on winter and spring days. With more detailed information
comparing the original LSTM with the proposed model,
it can be said that the error correction vector has signifi-
cantly enhanced its performance in capturing the trend of
the actual PV power. From Fig. 10, it has been found that
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TABLE 7. Hyperparameters settings for reference models.

Base models

LSTM

Hyperparameter settings

The number of LSTM units for the first layer
is 512 with a dropout of 0.1; the number of
LSTM units for the second layer is 256 with
a dropout of 0.1; the number of LSTM units
for the third layer is 36 with a dropoutof 0.1;
The optimizer function is Adam; The activa-
tion is Softplus.

The maximum iteration number is 1000; The
neuron number is 20; The delay function is 4.
The number of estimators is 50; The learning
rate is 0.001; The tree complexity is 2; The
gamma value is 0.5; The max depth is 6.
The maximum iterations are 1000; The hid-
den layer sizes is 96, and 30; The activation
function is relu, the solver is Adam.

The number of estimators is 50; the learning

rate is 0.001; The max depth is 6.

NARXNN

XGBoost

ANN

LGBM

TABLE 8. Testing time (second) obtained for different PV power forecast
models with two datasets.

Model  Proposed LSTM XGB LGBM ANN NARX
D1 3.37 2.821 0.806  0.682  0.637 1.578
Do 0.904 1.773  0.613  0.636  0.626 0.84

the performance superiority has been attributed to NARX-
LSTM. The computational complexity of the testing model
is resumed in Table 8.

According to Table 8, the simple ANN offers the least
computation time. The proposed model is relatively more
computationally demanding than the original LSTM (case I),
while on ®», the proposed model took less time than the
original LSTM. Despite the longer testing calculation of
the proposed NARX-LSTM model, it is easily applicable to
real-world experiments (especially with the popularization of
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TABLE 9. Score performance comparison on ©; and ©,.

D1 Do
Weather Model R2 nRMSE nMAE R2 nRMSE nMAE
(%)£SD (%)£SD (%)£SD (%)£SD (%)£SD (%)+£SD
NARX-LSTM 99.40 2.39 1.46 99.83 1.54 1.39
LSTM 95.04 7.98 6.38 95.72 6.74 43
Sunny XGB 96.91 6.05 4.8 90.25 9.76 5.65
LGBM 97.52 3.98 435 98.42 4.47 3.04
ANN 97.01 493 5.95 93.81 8.08 5.73
NARX 97.86 4.67 3.26 92.81 7.92 8.65
NARX-LSTM 99.27 2.14 1.23 99.91 1.09 0.96
LSTM 95.88 5.6 3.82 95.11 7.14 4.64
Partially cloudy XGB 94.53 6.58 431 81.5 12.56 8.45
LGBM 96.51 3.92 423 97.84 5.05 4.08
ANN 96.78 3.28 4.89 96.52 6.66 5.24
NARX 77.85 11.47 6.15 90.13 10.11 9
NARX-LSTM 99.29 2.33 1.5 99.62 1.88 1.63
LSTM 95.59 6.59 4.93 88.67 10.34 6.84
Cloudy/fogey XGB 95.82 6.15 4.56 83.94 12.6 7.49
LGBM 96.77 3.95 4.44 84.06 13.19 7.82
ANN 96.93 4.05 5.3 91.03 9.25 7.19
NARX 78.24 13.14 8.04 80.38 12.36 10.59
NARX-LSTM 97.4 1.07 0.62 99.41 0.82 0.67
LSTM 95.28 1.62 1.12 57.89 5.09 2.88
Rainy XGB 922 1.9 1.14 54.42 5.49 3.16
LGBM 36.12 4.14 3.92 48.98 7.7 4.58
ANN 97.09 1.11 0.81 25.84 8.24 6.1
NARX 68.62 4.15 2.27 87.67 7.46 425
NARX-LSTM  98.844+0.83  1.984+0.53 1.20+0.35  99.69+0.19 1.33+0.41  1.16+0.37
LSTM 05.45+0.32 5454237 4.06+1.93 84.35+15.52  7.334£1.90  4.6741.42
Overall XGB 94.86+1.75  5.174£1.90 3.99+1.76  77.53+13.7  10.10£2.90  6.1942.02
LGBM 81.734+26.34  4.624+0.49  3.9440.02 82.33+20.09  7.60+3.45  4.88+1.79
ANN 96.95+0.11  3.34+1.41 42442.01 76.804£29.49  8.06+0.92  6.07 +0.72
NARX 80.64+10.66  8.36+£4.01 4.934+2.29  87.75+4.63  9.65+1.83  8.374+2.26

Note: The best information criterion is in boldface.

cloud computing). Table 9 resumes the score performance
measures results on ©; and D, respectively.

According to the numerical results presented in Table 9,
it can be concluded that the combination NARX-LSTM out-
performs other individual models. The NARX-LSTM gener-
ates a mean nRMSE = 1.98% and nRMSE = 1.33% on ©;
and ®; respectively. The obtained results confirm the high
performance of the proposed model in TSF.

As the paper attempts to offer a clear assessment of
NARX-LSTM model, a fair comparison is conducted with the
recent benchmark models, specifically, Ensemble of Methods
(ENS), improved ANN, Grey-Box model (GB), Correlation
model, Extreme Learning Machines (ELM), modified LSTM,
Differential Polynomial Neural Network (D-PNN), Auto-
encoders LSTM (AE-LSTM), and Wavelet transform-Radial
Basis function neural network- Particle Swarm Optimiza-
tion (WT-RBFNN-PSO). The comparison of the proposed
NARX-LSTM model with the cited models is conducted
based on hourly ahead daily PV power forecasting. Thus,
the NARX-LSTM performance is only included with ©; in
this comparative experiment. Table 11 includes the perfor-
mance of contrast models with NARX-LSTM model based on
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their mean nRMSE measures as the main performance index
between different models.

As can be seen from Table 11, the NARX-LSTM model
could achieve the best results based on the overall forecasting
performance in point forecasting with one-hour resolution
horizon. The mean nRSME of NARX-LSTM is nRMSE =
1.33% while the closest model (WT-RBFNN-PSO) achieves
a mean nRMSE = 1.85%. The proposed NARX-LSTM
model is advantageous for short-term PVPF in terms of fore-
casting accuracy. In order to validate the model performance
for multistep forecasting, different forecasting horizons were
applied for the forecasting settings. Due to the difference of
©1 and D, resolution, D is assigned to forecasts one hour,
6 hours, and 12 hours ahead while ©, will predict 3 hours,
6 hours, and one day ahead of PV power. The simulation
results are shown in Fig. 11, where four random days from
the testing set were selected to conduct these experiments.

Regarding the model performance for different forecasting
horizons in Fig. 11, it can be said that the general shape of
the PV power is followed with good exactitude for 1 hour
3 hour, and 6-hours ahead on ® and ©,. however, the pro-
posed model can be slightly inaccurate when the forecasting
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TABLE 10. Score performance comparison using ©; and ©,.

Dl 92
Fold Horizon R2 nRMSE nMAE Horizon R2 nRMSE nMAE
(%) (%) (%) (%) (%) (%)

train test train test  train test train test train test train test
1 99.86 99.83 1.08 1.17 0.61 0.63 93.15 93.16 7.47 7.65 372 3.5
2 99.88 99.88 0.99 0.98 0.5 0.5 93.89 92.9 7.07 7.61 3.63 3.81
3 99.84 99.75 1.15 146 0.63 0.63 93.52  94.53 7.28 6.72 378 3.51
4 99.89 9991 094 0838 042 042 93.67 94.08 7.21 6.9 361 3.63
5 99.9 99.9 092 0838 042 043 93.95 92.69 7.06 7.46 359 3.63
6 1 hour 99.92 99.92 0.8 0.78 037 0.39 3 hours 93.52 93.5 7.31 7.03 3.89 371
7 99.89 9989 093 093 041 042 93.19 94.38 7.46 6.85 39 3.61
8 99.87 99.87 1.05 1.03 057 057 93.86  93.15 7.08 7.51 3.68 3.92
9 99.9 99.9 0.88 089 042 043 9395 93.38 7.03 7.46 348  3.69
10 99.89 99.9 094 089 044 044 93.63 93.76 7.2 7.33 351 3.69
Mean 99.89 9988 097 099 049 049 93.64 93.56 7.22 7.26 3.68 3.7
SD 0.02 0.05 0.1 0.19 0.09 0.09 0.28 0.59 0.15 0.33 0.14 0.11
1 99.57 9949 192 208 0.85 092 93.82 93.39 7.12 7.25 398 4.13
2 99.66 99.63 1.71 177 0.67 0.69 94.09 93.3 6.96 7.33 3.59 3.7
3 99.55 9946 196 214 0.84 0.87 93.51 94.46 7.24 7.11 3.77 3.81
4 99.65  99.61 .73 1.83 0.69 0.72 93.99 93.93 7.01 7.11 353 3.64
5 99.62 9957 179 191 0.78 0.82 93.98 93.43 7.06 6.94 361 343
6 6 hours 99.52 9948 2.02 2.1 091 095 6 hours 9349 94.11 7.3 6.99 3.86 3.65
7 99.59 99.57 1.87 1.9 0.82 0.81 93.2 93.02 7.46 7.53 392 381
8 99.55 9958 195 1.88 092 0.87 93.96  92.69 7.05 7.59 348 3.74
9 99.62 99.63 1.79 1.78 0.68 0.67 93.68  92.77 7.19 7.71 3.56 3.86
10 99.66 99.6 1.69 1.84 0.65 0.65 93.54 94.15 7.26 7.06 3.88 3.88
mean 99.6 99.57 1.85 193 0.79 0.8 93.73  93.53 7.17 7.27 372 3.77
SD 0.05 0.06 0.11  0.13 0.1 0.1 0.27 0.58 0.15 0.26 0.17  0.17
1 98.89 98.66 3.08 338 1.11 1.19 83.86 83.56 11.52 11.34 637 6.09
2 98.91 9893 3.06 301 1.14 1.12 84.7 8256 11.17 12,16 6.15 6.92
3 98.84 9853 3.16 355 125 137 85.6 80.05 10.9 1227 583 6.29
4 98.79 98.9 321 3.1 1.11 1.07 8395 83.11 1146 11.82 6.01 6.07
5 98.96 9874 299 333 1.07 1.17 84.05 83.27 1138 12.09 633 6.73
6 12 hours 98.79 9876 321 329 133 137 24 hours 84.88 83.27 11.11 11.51 6.06 6.3
7 98.93 98.68 3.03 335 1.09 1.13 81.35 8296 1245 1097 7.21 6.4
8 98.85 9873 3.14 328 1.14 1.18 84.64 8228 11.21 12.1 6.05 6.61
9 98.7 98.54 3.34 3.5 127  1.28 85.01 8529 11.05 1124 574 582
10 98.9 98.73 3.07 328 1.12 1.16 85 8495 11.06 1139 564 598
mean 98.86 98.73 3.13 331 1.17 121 8431 8323 11.34 11.69 6.14 6.33
SD 0.07 0.12 0.1 0.15 0.08 0.1 1.11 1.41 0.42 0.43 042 033

horizon exceeds the six-hour resolution. Table 10quantifies
the forecasting performance on ®; and ©,. For the sake of
the integrity of the forecasting procedure for multiple steps
ahead, ten-fold cross-validation procedure is adopted.
According to Table 10, the performance of NARX-LSTM
decreases with the increase of the forecasting horizon. A clear
conclusion can be drawn that the single-step predictions are
more accurate than multiple steps predictions. However, from
the simulation results on hourly daily ahead predictions, it is
concretely evident that the proposed NARX-LSTM could
generate accurate results with an R* = 99.89% + 0.02 and
R* = 99.69% =+ 0.19 for ©; and D, respectively. While
the worse results are achieved for 12-hours and 24-hours
ahead with R? 98.86 £ 0.07 and R* 84.31% =+
1.11 for ®; and ®; respectively. As reported in Table 10,
it can be said that the forecasting skill of the proposed
NARX-LSTM dramatically decreases after 6 hours ahead
forecasting threshold. Therefore, the validity of the proposed
model on 24-ahead forecasting is not considered in what
follows. For the sake of comparing the model forecasting
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TABLE 11. Comparison of 1-hour ahead daily forecasts. The best
information criterion is in boldface.

Model nRMSE (%)
ENS [49] 7.16
Improved ANN [50] 3.76
GB [49] 7.36
Correlation model [51] 5.68
ELM [51] 10.14
Modified LSTM [25] 8.83
D-PNN [52] 13.42
AE-LSTM [23] 8.39
WT-RBFNN-PSO [31] 1.85
NARX-LSTM 1.33

performance with benchmarks based on 3 hours and 6 hours
ahead forecasting, several benchmarks were employed
including Wavelet Transform-Generalized Regression Neural
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and D, datasets for different forecasting horizons.

TABLE 12. Comparative study of 3-hour ahead daily PVPF.

Model nRMSE (%) nMAE (%)
3-hour ahead PVPF results.
WT-GRNN [31] 12.88 7.65
WT-GRNN-PSO [31] 9.89 7.38
WT-RBFNN [31] 12.75 8.12
WT-RBFNN-PSO [31] 6.85 5.44
NARX-LSTM (D2) 7.26 3.70
6-hour ahead PVPF results.
WT-GRNN [31] 12.38 9.78
WT-GRNN-PSO [31] 12.39 10.02
WT-RBENN [31] 12.77 10.29
WT-RBFNN-PSO [31] 10.95 9.03
NARX-LSTM (©1) 1.93 0.80
NARX-LSTM (D2) 7.27 3.77

Note: The best information criterion is in boldface.

Network (WT-GRNN),

Wavelet Transform-Generalized

Regression Neural Network-Particle Swarm Optimization
(WT-GRNN-PSO), Wavelet transform-Radial Basis function
neural network (WT-RBFNN), and WT-RBFNN-PSO mod-
els [31]. Table 12 resumes the forecasting performance of
NARX-LSTM (®;) with the cited benchmarks based on
3-hour ahead and 6-hour ahead multistep forecasting.

Table 12 presents the performance comparison of the pro-
posed model with other benchmarks. In terms of nMAE,
the proposed model is favorable with nMAE = 3.70%.
while WT-RBFNN-PSO(nRMSE = 6.85%) is outperforming
the NARX-LSTM (nRMSE = 7.26%) in terms of lower
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TABLE 13. Performance evaluation of interval forecasting.

Model PINC PICP ACE PINAW
(%) (%) (%) (%)
ICNN-QR [55] 90 90.035  0.035 0.047
CNN-QR [55] 90 90.064  0.064 0.079
BELM [54] 90 93.920 3.920 -
NN-QR [55] 90 90.068  0.068 0.081
Persistance [54] 90 94,920  4.920 -
PSOWA [53] 90 93.120  3.120 18.840
IDEWA [53] 90 96.170  6.170 17.680
NARX-LSTM (D1) 90 90.024  0.024 0.030
NARX-LSTM (D2) 90 90.018 0.018 0.026

nRMSE values. On the other side, according to Table 12,
the performance of the proposed model is best with the
dominance of NARX-LSTM on ®; data set. The NARX-
LSTM generates an nRMSE = 1.93 % and nMAE = 0.80%
on ®i, while the reported performance errors on 2, are
equal to nRMSE = 7.27% and nMAE = 3.77% for 6-hour
daily PVPF. The proposed model is found highly accurate
with good competitiveness skills for a single-step and mul-
tistep point forecasting. Nevertheless, a longer time horizon
requires further investigations.

D. INTERVAL FORECASTING OF PV POWER

Interval forecasting is essentially conducted to quantify the
uncertainties of the PVPF associated with point forecasting.
Interval forecasting is a challenging task due to the stochas-
tic variation of the weather parameters during the days and
seasons of the year. The unavoidability of point forecasting
errors has significantly intensified the inherent role of interval
forecasting. In this paper, prediction intervals are used for
quantitative characterizations of PV power forecasts. The loss
function £ of single-point forecasts in quantile regression is
defined as:

asi §20
(o — DE;,

where & is the quantile value quantified between 0 and 1 and
& is calculated as:

UE|a) = (36)

£E<0

E=yi—f(x)

Here f(x) is the forecasted quantile model. The average
function for a given data set is computed as:

(37

L Ly £

O o) = ;} i = f ()l) (38)
After adding a risk uncertainty-based LSTM model, the fore-
casting system becomes able to perform quantile regression.
The interval forecasting model is implemented in Keras by
the modification of the loss function as Eq. 38 to provide
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TABLE 14. Results of multi-step interval forecasting for 1-hour, 2-hours, and 3-hours forecasting horizons.

Time(hh:mm)  Actual value(kW) 1-hour ahead 2-hours ahead 3-hours ahead
D1
07:00 5.224 [3.733,9.727] [3.406,11.228] [5.643,17.995]
08:00 8.101 [6.879,11.327] [4.578,13.646] [6.229,17.796]
09:00 10.328 [9.574,14.003] [5.814,16.221] [7.602,17.533]
13:00 83.072 [75.757,93.114] [70.670,88.299] [72.931,82.184]
14:00 87.347 [80.687,93.388] [74.637,91.911] [79.381,86.549]
15:00 91.136 [85.214,96.983] [82.648,97.055] [84.173,91.728]
D2
08:00 57.88 [13.798,334.950] [0.002,415.508] [13.798,334.950]
09:00 593.25 [362.070,891.557]  [228.263,1089.999]  [362.070,891.557]
10:00 1214 [920.289,1936.505]  [945.482,2044.318]  [920.289,1936.505]
17:00 1193.5 [398.825,1204.242]  [317.962,1568.137]  [865.867,1175.649]
18:00 311.5 [285.082,1072.712]  [626.824,1146.699]  [409.353,995.631]
19:00 17.34 [16.044,151.493] [0.085,100.161] [2.045,163.101]
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FIGURE 12. Prediction interval results for ©; and ©,.

uncertainties from point PVPFE. The experimental results are
conducted for two data sets to validate the generalization of
the forecasting model. The first case study is conducted for
5 min daily forecasting while the second case study is for
hourly daily forecasting. The simulation results on © and
9 are illustrated in Fig. 12.

Regarding Fig. 12, it has been found that for case I-II that
the prediction intervals encloses most of the actual values.
The interval forecasting yields accurate uncertainty results
for 5 min and 1 hour ahead predictions. In Fig. 13, 90%
prediction intervals are illustrated where they enclose the
actual PV power for different weather conditions.

VOLUME 9, 2021

PINC=20%%
- - - - Predictions
—— Measured

Mk

T

PV power (KW)
=
.

o g \—I 1\. -
0 200 400 [SL] 00
Time step (5 min)

(a) NARX-LSTM at 5 min ahead with PINC=90% on ©1.

5000f PINC=90%]

Z 4000 4 -+ Predictions

4 \ ——— Measured

& 3000

32000—“1\ \ |

2ol \ _

1000? { / \ j W\
i | \ £ 1
[1] 10 20 30 40 50 Gl 70 80 a0l 100
Time step (hour)

(b) NARX-LSTM at 1-hour ahead with PINC=90% on D2
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In order to compare the results of interval forecasting for
one step ahead, several recent benchmarks are employed
including Particle Swarm Optimization-based Weighted
Average (PSOWA), Convolutional Neural Network-Quantile
Regression(CNN-QR), Improved Convolutional Neural
Network-Quantile Regression (ICNN-QR), Neural Network-
Quantile Regression NN-QR, Bagging Extreme Learn-
ing Machine (BELM), Persistance model, and Improved
Differential Evolution-based Weighted Average (IDEWA)
[53]-[55]. The interval error measures for the proposed
NARX-LSTM model with the other models are resumed
in Table 13.
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The error measures for ®©; and ©, are computed
in Table 13. Particularly, for PINC = 90%, the NARX-LSTM
generates a PICP = 90.024% for 5 min ahead of daily fore-
casting and PICP = 90.018% for hourly daily forecasting
using ®, data set. The calculated Pinball loss is equal to
0.16% and 0.12% for ®1 and D respectively. Regarding the
error measures, a general conclusion can be drawn that the
interval forecasting with NARX-LSTM generates a higher
performance in terms of lower ACE and PINAW compared
to the state-of-the-art. In this paper, the uncertainty analy-
sis takes into account the multistep forecasting validation.
The proposed NARX-LSTM model is examined for 1 hour,
2-hours, and 3-hours ahead horizon. The results of multistep
validation for interval forecasting are reported in Table 14.

From Table 14, it can be mentioned that the proposed
NARX-LSTM model is strongly efficient in interval fore-
casting where all the true values are enclosed by the gen-
erated prediction intervals especially in 1 hour ahead and
2-hour ahead. The expansion of the forecasting horizon to
3 hours ahead leads to losing sight of accuracy in terms
that some of the true values exceed the forecasting inter-
vals. For example, at 17:00, from the second case study,
the actual PV power is 1193.5kW, while the prediction
interval is [865.867,1175.649]. However, the increase of
the forecasting horizon decreases the forecasting accuracy.
In order to overcome this horizon limitation, the data set can
be extended to more related features such as the lucrative
inclusion of the zenith and azimuth. By enriching the data
representation, the proposed NARX-LSTM can employ the
additional information to enhance its prediction accuracy.
Furthermore, the computational burden caused by the mul-
tiple processing units can limit the potential of the NARX-
LSTM model, which requires further investigations. As a
conclusion, the NARX-LSTM model proves its suitability for
single step, 1-hour, and 2-hour ahead interval forecasting.

IV. CONCLUSION

This paper proposed a new computing framework based on
the combination of Nonlinear Auto-Regressive Exogenous
Neural Network (NARXNN) and Long Short-Term Memory
(LSTM) optimized by Tabu search algorithm. It was demon-
strated that the proposed model is strongly able to capture
the behavior of weather changes as well as the uncertainties
associated with point forecasts to generate accurate short-
term PV power forecasting. Furthermore, the performance of
the hybrid model was investigated for different horizon scales
in PV power forecasting. The presented simulation results
have shown that the NARX-LSTM model impressively offers
higher efficiency and accuracy compared to the commonly
deployed methods in PV power forecasting problems. More-
over, the NARX-LSTM model showed excellent performance
and good generalization capabilities from two different loca-
tions and utility scales. The proposed model contributes to
smart grids in terms of efficient unit commitment and reli-
able budget planning with a high certitude. Future work will
broaden the scope to include a feasibility investigation of the
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proposed model for other smart grid applications including
wind power and load forecasting.
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