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ARTICLE INFO. ABSTRACT
3rd International Conference on Energy and climate challenges have driven
Mechanics, Materials, and Energy. significant growth in solar power generation.
(MME-2024) However, solar power production is intermittent and
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i o o unstable, which complicates its integration into power
at: International University of Rabat,

grids. Techniques of forecasting Photovoltaic (PV)

Morocco. : :
energy are needed to ensure its security and cost-
KEYWORDS effectiveness. This paper deals with the use of artificial
Photovoltaic power, prediction, intelligence techniques to predict photovoltaic power.
LSTM neural networks, Weighted The proposed techniques are Weighted Linear
Linear Regression. Regression (WLR) and Long Short-Term Memory

neural networks (LSTM).

The proposed techniques are Weighted Linear Regression (WLR) and Long Short-Term
Memory neural networks (LSTM). The investigated data in this study was obtained from a
photovoltaic solar power plant located in a specific geographical area.

The studied parameters are wind speed (WS), ambient temperature (T), relative humidity
(RH), irradiance (GHI) and wind direction (WD). The accuracy and ability of the LSTM model
to explain data variation were examined by comparing its predictions with those of the WLR
model, based on three performance measures: RMSE, MAE and R2. The obtained results show
that weighted linear regression produces an acceptable estimation of photovoltaic power, with
an RMSE of 0.424, MAE of 0.342, and R? of 0.980. However, the LSTM model performs better
and has the potential to improve forecast reliability and accuracy, with an RMSE of 0.355, MAE
of 0.157, and R? of 0.986.
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1. INTRODUCTION

Among renewable energy sources, solar energy has been recognized as one of the most
promising due to its environmentally clean, abundant resources, free availability, and lack of
transportation requirements [1, 2]. Within the solar energy sector, photovoltaic (PV)
technology has gained the more popularity and widespread use [3, 4]. Since 2002, PV energy
generation has grown by twice approximately every two years, with an average annual growth
rate of 48% [5]. This increase makes photovoltaic technology the fastest-growing energy
technology globally. In 2023, the worldwide installed PV cumulative capacity was estimated at
1500 GW [6].

However, the randomness and intermittency of solar energy, due to rapid and random
weather changes, present many challenges for the stability and management of integrated
power grids [7-11]. In order to integrate safely any photovoltaic system into smart grids,
reliable forecasting methods have become crucial to mitigate adverse effects such as low
stability and the impact of photovoltaic power uncertainty. These forecasting methods help
solve photovoltaic power planning and modelling issues in energy management systems,
thereby improving reliability and maintaining power quality [12, 13].

Numerous studies have focused on predicting photovoltaic power by using various
methods designed for high accuracy and minimal complexity. These prediction methods,
which utilize historical meteorological data, can be categorized into two main groups: statistical
techniques and machine learning techniques [14, 15].

For statistical methods, they include linear regression [16], Auto-Regressive Moving
Average (ARMA) model [17, 18], Auto-Regressive Integrated Moving Average (ARIMA)
model [19, 20], seasonal ARIMA model [21], and ARIMA with exogenous inputs model [22].
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In fact, photovoltaic energy production is predicted by statistical analysis of various input
variables to establish a correspondence relationship between input-output data using
techniques such as curve fitting, parameter estimation and correlation analysis [23]. These
methods are applied to the short-term forecasting of photovoltaic energy generation using
historical environmental data obtained from photovoltaic sites [24]. Compared to machine
learning methods, statistical models require fewer input data series [25].

In the other side, machine-learning methods require larger datasets for accurate
forecasting and offer many advantages in linear, non-linear, and non-stationary data patterns
[26, 27]. These intelligent techniques are involved in various aspects of PV system design for
modelling, controlling, and monitoring [28]. Due to their ability to efficiently extract high
dimensional complex nonlinear features, machine-learning methods have become widely used
for predicting PV power output [29]. Several studies have applied machine learning models for
PV power forecasting such as Artificial Neural Networks (ANNSs), which are developed to
predict power production hourly in real grid-connected PV plants using various combinations
of time series data, irradiance and ambient temperature as inputs [30]. For example, a Multi-
Layer Feed-Forward Neural Network (MLFFNN) model was implemented to forecast PV
power 24 hours ahead by utilizing historical PV power data along with geographical and
meteorological parameters as inputs [31]. Furthermore, other approaches such as Recurrent
Neural Networks (RNN) [32], conventional neural networks (CNN) [33], Support Vector
Regression (SVR), Random Forest (RF) [34], and Long-Short Term Memory (LSTM) models
[35] were employed to predict PV power, solar irradiance, and cloud cover for standalone
microgrids.

In the present study, a Long Short-Term Memory (LSTM) Neural Network data driven
model is proposed for forecasting photovoltaic (PV) power generation. The implemented
model employs previous meteorological parameters and PV power generation data to
accurately predict the future PV power output.

Therefore, to ensure reliable modelling, the proposed LSTM model is verified using
various architectures and parameter settings. The obtained optimal LSTM is compared with
Weighted Linear Regression (WLR) to evaluate the performance of the model. In addition, it
is tested under different weather condition scenarios (sunny and cloudy) to ensure the
robustness of the model.

2. MATERIALS AND METHODS

2.1. Data sets and features

In this subsection, the data used in this work was descripted. The historical data includes
actual solar power and five weather variables: wind speed (WS), ambient temperature (T),
relative humidity (RH), irradiance (GHI) and wind direction (WD). The output power and
meteorological parameters were recorded from January 1%, 2014, to January 1%, 2017. To
minimize the effects of rapidly changes in meteorological conditions, data were recorded every
5min [36]. To ensure the integrity and reliability of the dataset, a comprehensive preprocessing
procedure was implemented to address both outliers and missing values. Outlier detection and
removal were performed using a multivariate filtering technique based on the Mahalanobis
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distance, which quantifies the distance of each observation from the multivariate mean while
accounting for correlations among variables. Observations with Mahalanobis distances
exceeding a specified threshold—typically determined by the chi-square distribution—were
identified as outliers and excluded from further analysis.

To address the issue of missing data, linear interpolation was employed as a decomposition
strategy. This method estimates missing values by fitting a straight line between the nearest
known data points, thereby preserving the temporal continuity and inherent trends within the
dataset while minimizing the risk of introducing bias.

2.2. Long-Short-Term Memory Neural Network (LSTM)

The Long Short-Term Memory (LSTM) network is a type of recurrent neural network
(RNN) designed to handle both short and long-term dependencies in sequential data more
effectively. Unlike traditional RNNs, LSTM networks are trained using backpropagation
through time, which mitigates the vanishing gradient problem that often hampers the learning
of long-range patterns.

As illustrated in Figure 1, the architecture of an LSTM network is composed of multiple
memory cells arranged in layers to process time-series input sequentially. Each of these cells is
designed to retain and manage information across time steps using internal gating mechanisms
[37].

Each LSTM unit contains a memory cell ¢; and a hidden state h;, which are updated at
every time step. As shown in Figure 2, the internal structure of an LSTM unit includes three
key gates: the input gate it, the forget gate ft, and the output gate ot. These gates control the
flow of information into and out of the cell:

« Input gate (i;): Determines which new information is allowed into the memory cell.

« Forget gate (f;): Controls information from the previous cell state c;_; that should be

discarded.

« Output gate (0,): Regulates the memory cell that is exposed to the output.

The LSTM unit combines inputs with learned weights and biases, passing them through
sigmoid or tanh activation functions to compute gate activations. The updated cell state is
calculated by combining the previous state and the candidate state using the forget and input
gates, respectively. The final hidden state h; is obtained by applying a tanh transformation to
the updated cell state and modulating i; with the output gate activation.

The entire process can be described mathematically as follows (Eq. 1-6) [38-40]:

Input gate:
Iy = Ug(Wixt + Uihy—4 + b)) 1)
Forget gate:
ft = O'g (fot + Ufht—l + bf) (2)
Candidate cell state:
¢y = tanh(W, x; + Uche_1 + bc) (3)
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Cell state update:

¢ =f Oce1 +ir OE) 4
Output gate:
0 = ag(Wo x; + Uphi—1 + bg )
Hidden state:
hs = o, © tanh(c;) (6)
Where:
X¢ input at the current time step,

h:_1, c;—1. hidden and cell states from the previous time step,
W x, U *. inputand recurrent weight matrices,

b *: bias terms,

ag: sigmoid activation function,
tanh: hyperbolic tangent function,
O: element-wise multiplication.

s ®

4
“ : =
Figure 1. Overview of LSTM interactive layers.
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Figure 2. Structural diagram of LSTM unit.
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2.3. Performance metrics
Several statistical indicators have been measured to evaluate the performance of the
developed models, including Mean Absolute Error (MAE), Root Mean Square Error (RMSE)
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and the coefficient of determination (R?). These can be expressed as follows (Eq.7-9) [41, 42]:
e Mean Absolute Error (MAE):

1 N
MAE == 15~ i ™
i=1

Where y; is the measured output value, y; is the predicted value, and N is the number of
observations.
e Root Mean Square Error (RMSE):

RMSEz\/ §V=1(371_3’i)2 ©)

N
e Coefficient of Determination (R?):
Iiv=1(37l —¥)?

R? =1 - 2L
§V=1(y - ¥i)?

©)

The flowchart of PV output power prediction using LSTM model is shown in Figure 3:
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Figure 3. The prediction process of PV output power.

3. RESULTS AND DISCUSSION

3.1. Correlation analysis

In this study, a correlation analysis has been conducted to select the features to be included
in the datasets for model training, aiming to create an efficient power output forecaster.
Pearson’s correlation coefficient has been utilized to assess the degree of relationship between
the variables under consideration. Figure 4 presents the results of this correlation analysis in
the form of a correlation matrix [43].
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Figure 4. Correlation matrix.

The correlation matrix enables the evaluation of the influence of each variable on the
others, as indicated by a color gradient (Figure 4).

A comparative analysis reveals that in the PV output power column, the correlation
coefficients for wind speed (WS), ambient temperature (T) and irradiance (GHI) are 0.23, 0.47
and 0.96, respectively. This indicates a positive correlation among these three variables.
Conversely, negative correlations were observed between PV output power and relative
humidity and wind direction, with scores of -0.45 and -0.05, respectively. Notably, irradiance
(GHI) emerged as the most influential variable, while wind direction showed weak
correlations.
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Figure 5. Observed ambient temperature, Irradiance, Wind speed, Relative humidity, Wind direction and Power.

As a result, the input data has been reduced from five parameters to four. Utilizing the
correlation matrix is crucial for simplifying model complexity, which subsequently decreases
the computational load during training. Based on this analysis, the parameters with significant
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effects on power production (wind speed (WS), ambient temperature (T), relative humidity
(RH) and irradiance (GHI)) are identified as potential inputs for estimating PV power output.

Therefore, the input variables used in this study, namely the ambient temperature (°C),
irradiance (W/mz2), wind speed (m/s) and relative humidity (%) of the following data (collected
every 5 min) from January 1st, 2014 to January 1st, 2017 are represented in Figure 5.

3.2. PV power forecasting

After processing outliers and missing values, all inputs and the output are rescaled using
the min-max normalization technique to map feature data to the range [0, 1]. This is carried
out using the following formula [44]:

2= X = Xmin (10)
Xmin — Xmax
Where % is the normalized data, x is the original data, and x,,;,, and x,,,4,, denote the minimum
and maximum values of a specific feature within the dataset, respectively.

Before setting up the forecasting model, outliers and missing values in the experimental
data, resulting from abnormal weather measurement parameters, are removed. The
normalized data has been divided into 70%, which is randomly assigned to the training set,
15% to the validation set, and 15% to the test set.

In this study, robustness test has been conducted of the proposed LSTM model. Therefore,
the parameter settings and architecture of the models are adjusted to obtain improved
forecasting results. Seven models with different architectures and parameter settings are
evaluated using the same training data to assess their impact on model performance (Table 1).

Table 1. Seven LSTM models with different architectures and parameter settings.

LSTM LSTM Models parameters Performance
Models Architecture Parameter settings metrics
LSTM layers LSTM Units Batch size learning rate RMSE MAE R?

Model 1 1 50 128 0.01 0.46 0.28 0.97
Model 2 1 75 128 0.01 0.53 0.29 0.96
Model 3 2 50.50 128 0.01 0.49 0.31 0.96
Model 4 2 50.75 128 0.01 0.54 0.32 0.96
Model 5 2 75.50 128 0.01 0.49 0.27 0.97
Model 6 1 500 128 0.01 048 0.34 0.97
Model 7 1 500 128 0.005 0.49 0.32 0.97

The hyperparameters that can be adjusted include the learning rate and batch size.
Additionally, the model architecture can be modified by varying the number of LSTM layers
and the number of LSTM units (neurons), with the optimizer set to Adam.

Hyperparameters selection was guided by a trial-and-error procedure, in which multiple
configurations were tested and evaluated using performance metrics to identify the optimal
parameters.

Table 1 presents the performance metrics of seven LSTM models. As shown in this table,
all models demonstrate the good performances, which proves that LSTM model, trained with
different architectures and parameter settings, aligns with the actual PV power output.
However, model 1 is the best among all models, which has the simplest architecture. The
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optimal parameter setting and architecture of this model are summarized in Table 2.

Table 2: Optimal parameters of LSTM Model.

Parameters Number of LSTM layers Learning Number 9f hidden Optimizer Batche size
rate units
Value 1 0.01 50 ADAM 128

Figure 6 depicts the measured and predicted PV power values over a week. The predicted
values closely match the measured values, indicating the model's ability to accurately forecast
short-term PV power output. Minimal deviations between the predicted and actual values
reflect the effectiveness of the LSTM model in capturing the complex nonlinear relationships
between the input meteorological variables and the PV power output.

T

0.8

Actual output Power
—— Predicted output Power

06

0.4

0.2

Denormalized Power [.]

0

h

Figure 6. Actual and predicted PV power using the optimized LSTM model.
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Overall, the Figure 6 highlights the robustness and accuracy of the LSTM model for
predicting PV power, showing its potential for integration into energy management systems to

enhance grid stability and efficiency.

Figure 7 presents the frequency distribution of the prediction errors. The range of errors
is concentrated between —1 and +1, indicating that the model performs reliably in most cases.

Error Distribution (MAPE = 272.8856, St.D. = 0.35166)

2500 -

2000

1500 |-

Frequency

1000

500 -

-1 -0.5

0 0.5 1
Error

Figure 7. Frequency distribution of the error.
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This concentration around zero proposes a high level of predictive accuracy and minimal
bias. However, a minimal moderate error remains, which may be attributed to factors such as
inherent noise in the data, abrupt changes in temporal dynamics, or the limited capacity of the
model to capture certain complex patterns that were not well represented during training.

In addition, the comparison analysis of the LSTM model with the Weighted Linear
Regression (WLR) model is shown in Table 3, and the dataset for one week is represented in
Figure 8 to directly reflect this comparison.

Figure 8 illustrates the results of comparing the two prediction models (LSTM and WLR)
for one week. Results show that the trend of the predicted values for both models is consistent
with the real values. However, the degree of correlation between the predicted values and the
real values is better for the LSTM model than for the WLR model.

o Actual
5 1+ I ' - = =WLR
B LSM
o) |
Q
: || h ]
) 3
N g
= 05 r : -
§ |
s i
()
D o P e

O § o1 1

24 72 96 120 144 168 192 216 240 264 288 312 336 360
Time [Hours]
Figure 8: Prediction of PV generation with two models LSTM and WLR.

Furthermore, the obtained LSTM model exceed the WLR model in terms of error metrics.
Specifically, the values of RMSE, MAE and R? respectively of the LSTM model are significantly
improved compared to those obtained by the WLR model. This indicates that the LSTM model
achieves superior prediction accuracy compared to the WLR model as shown in Table 3.

Table 3. Comparative analysis between LSTM and WLR.

Parameters RMSE MAE R?
LSTM 0.355 0.157 0.986
WLR 0.424 0.342 0.980

Additionally, while the WLR model demonstrates good performance, it has limitations
when dealing with longer datasets. In contrast, the LSTM model maintains its performance and
accuracy even with extended datasets, highlighting its robustness and suitability for long-term
forecasting.

Overall, the LSTM model shows a marked improvement over the WLR model in terms of
prediction accuracy and reliability, particularly for long-term datasets.

Subsequently, our optimized LSTM models are tested for the two different subsets to
explain the influence of weather conditions on the predicted results. These subsets are selected
according to the weather conditions: sunny and cloudy, as shown in figures 9 and 10,
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respectively. These results show that under the tested subsets, the predicted PV power of the
optimized LSTM model is consistent with the change of the actual power. The performance
metrics had acceptable values as shown in Table 4, indicating that the optimized LSTM model
has good applicability and reliability for different weather conditions. However, the
performance metrics of subset 1, corresponding to the sunny week, demonstrate good
performance compared to the cloudy subset due to stable weather in the sunny conditions.

Table 4. Performance evaluation in different subsets (sunny and cloudy).

Subsets RMSE MAE R?

Subset 1 0.254 0.136 0.988

Subset 2 0.540 0.444 0.967
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Figure 9: The predicted and actual PV power of the LSTM model in a sunny week.
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In addition, the computational complexity and runtime of both models were assessed to
evaluate their practical applicability. Due to its recurrent architecture and nonlinear activation
functions, LSTM model incurs higher computational costs. In contrast, WLR remains
computationally efficient, making it more suitable for real-time or resource constrained
environments. The LSTM model required a significantly longer training time compared to the
WLR model, highlighting the higher computational demand associated with deep learning

Time [Hours]
Figure 10: The predicted and actual PV power of the LSTM model in a cloudy week.
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approaches. However, in the context of photovoltaic (PV) power prediction, where capturing
nonlinear and temporal dependencies is essential, the added computational cost of LSTM is
justified by its significantly improved forecasting accuracy across all evaluation metrics.

5. CONCLUSIONS:

This study focused on developing and optimizing an LSTM model for predicting solar PV
power generation. Initially, a correlation analysis was conducted to assess the impact of
different input vectors on PV power prediction. Four input vectors were selected for the input
training dataset. The LSTM model was then optimized by adjusting various parameters and its
architecture.

The optimal configuration for the predictive model demonstrated excellent generalization
capabilities, which make it suitable for application through various datasets. Its performances
were evaluated on different subsets (sunny and cloudy) to assess its adaptability to varying
scenarios.

Through this optimization process, the LSTM model demonstrated good performance for
predicting solar PV power generation and highlight the potential for accurate and reliable long-
term forecasting in energy management systems. Furthermore, the LSTM architecture was
designed to model complex dependencies and nonlinear relationships through its recurrent
structure and internal gating mechanisms. These characteristics enable it to learn long-term
dependencies and nonlinear dynamics present in the data, which are commonly observed in
real-world time series. In contrast, WLR assumed a linear relationship between the input
features and the target variable, which limits its ability for modelling such complexities.

ABBREVIATIONS
The following abbreviations are used in this manuscript:

T Temperature

HR Humidity relative

WD Wind direction

wSs Wind Speed

GHI Irradiance

RNN Recurrent Neural Network

LSTM Long Short-Term Memory network
WLR Weighted Linear Regression

it Input gate

ft Forget gate

0 Output gate

(o Cell state update

Ce_q Cell state from the previous time step

h; Hidden state

he_q Hidden state from the previous time step
X; Input at the current time step

w Matrices for the respective gates
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b Bias vector
o Sigmoid function
tanh Hyperbolic tangent function

MAE Mean Absolute Error
RMSE Root Mean Square Error

RZ

Coefficient of determination
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