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Abstract: Recently, deep learning techniques have become popular and are widely employed in
several research areas, such as optimization, pattern recognition, object identification, and forecasting,
due to the advanced development of computer programming technologies. A significant number of
renewable energy sources (RESs) as environmentally friendly sources, especially solar photovoltaic
(PV) sources, have been integrated into modern power systems. However, the PV source is highly
fluctuating and difficult to predict accurately for short-term PV output power generation, leading
to ineffective system planning and affecting energy security. Compared to conventional predictive
approaches, such as linear regression, predictive-based deep learning methods are promising in
predicting short-term PV power generation with high accuracy. This paper investigates the perfor-
mance of several well-known deep learning techniques to forecast short-term PV power generation
in the real-site floating PV power plant of 1.5 MWp capacity at Suranaree University of Technology
Hospital, Thailand. The considered deep learning techniques include single models (RNN, CNN,
LSTM, GRU, BiLSTM, and BiGRU) and hybrid models (CNN-LSTM, CNN-BiLSTM, CNN-GRU, and
CNN-BiGRU). Five-minute resolution data from the real floating PV power plant is used to train and
test the deep learning models. Accuracy indices of MAE, MAPE, and RMSE are applied to quantify
errors between actual and forecasted values obtained from the different deep learning techniques.
The obtained results show that, with the same training dataset, the performance of the deep learning
models differs when testing under different weather conditions and time horizons. The CNN-BiGRU
model offers the best performance for one-day PV forecasting, while the BILSTM model is the most
preferable for one-week PV forecasting.

Keywords: floating PV power plant; deep learning techniques; short-term PV power forecasting; PV

generation; neural networks

1. Introduction

In recent years, renewable energy sources (RESs), particularly photovoltaic (PV)
sources, have substantially penetrated modern power systems [1]. A number of solar
PV sources are expected to integrate into the residential power sector due to their abundant
and environmentally-friendly nature, as well as their proximity to end-users. The adoption
of solar PV sources can reduce system losses, improve reliability, security, and stability, as
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well as minimize transmission congestion [2]. However, the solar source is intermittent and
is is difficult to accurately predict its power generation. This issue can directly affect power
generation planning and may exacerbate power quality and security. Several state-of-the-
art deep learning techniques have been proposed in the literature to accurately forecast
solar PV power generation in modern power networks.

Deep learning techniques are a subset of machine learning that model the neurons
in the human brain. It has evolved from the artificial neural network (ANN), which was
pioneered in 1943 by Warren McCulloch and Walter Pitts [3]. The ANN was later developed
as a recurrent neural network (RNN) by David Everett [4] to address the problem of so-
called very deep learning caused by neurons greater than 1000 [5]. Subsequently, the
RNN evolved into the long short-term memory (LSTM) model in 1997 with the addition
of cell state [6]. The gate recurrent unit (GRU) model was developed from the LSTM
model in 2014 and is similar conceptually, but requires fewer parameters [7]. In 1997, the
bidirectional RNN was developed to allow forward and backward processing, which later
evolved into BiRNN, BiLSTM, and BiGRU [8]. Another branch of machine learning is
the convolutional neural network (CNN), which emerged in the 1980s and is designed to
process pixel data [9].

The deep learning technique has been applied to several research projects. The detec-
tion of physical damage on insulators has been studied using a deep learning technique [10].
Additionally, this technique has been applied to calculate reactive power in an IEEE 14-
Bus test system and optimize power flow [11-13]. In [14], several recent deep learning
approaches were applied for short-term Net-PV forecasting, while the authors in [15]
proposed frequency-domain analysis and deep learning for ultra-short-term PV power
generation forecasting.

Different deep learning models have recently been combined to form a hybrid model
for the enhancement of model efficiency. CNN-GRU is a new hybrid predictive model
used for short-term wind speed forecasting, in which numerical weather forecasting (NWP)
and actual wind speeds are used as the inputs. The CNN-GRU model is a standard used
to resolve size differences between data types [16]. The CNN-BiGRU (bidirectional GRU)
hybrid model can fully extract text properties, solve distance sequence dependency, and
improve training reliability [17].

Among the applications of deep learning techniques, forecasting is quite popular.
Deep learning techniques are also applied in short-term forecasting and mid-term peak
load forecasting [18-20]. Moreover, the RNN model has been used in forecasting due to its
high efficiency [21,22]. Furthermore, the LSTM model was developed for the forecasting
application. The LSTM model consists of the cell state or memory, which involves the
addition of the RNN model. It was also found that the LSTM model yields high accuracy
in forecasting [19,20,23]. Later, the LSTM model was developed into the GRU model by
removing the cell state. Only the update gate and reset gate have been used for short-
term forecasts [16,24-26]. Typically, CNN has been used for image processing, but some
studies have applied it to electrical forecasting [27]. Both CNN-GRU and CNN-BiGRU
models were used to forecast short-term residential loads [17,28]. Based on a literature
survey, it was found that deep learning techniques have been widely applied in forecasting
applications. In [29], air conditioning loads were forecasted in the short term for effective
demand response using the Levenberg-Marquardt algorithm-based ANN. The proposed
Levenberg-Marquardt algorithm-based ANN yielded better performance compared to the
scaled conjugate gradient (SCG) and statistical regression approach. To promote net-zero
emissions, many countries worldwide have adopted PV power generation systems into
distribution networks and microgrids [30,31]. The authors in [32] studied the effects of
dust on PV panels. The voltage of the panels decreased when the dust was high, thus
the efficiency decreased. The dust also caused a partial shading fault that, if not carefully
monitored, could lead to a hot spot on the PV panels [33]. To prevent this situation and
detect the hot spot, global maximum power point tracking (GMPPT) is employed [34]. Due
to the uncertainty and variability of the PV source, it is necessary to use highly accurate
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techniques to predict the output power generation from the PV power plants. So far, many
researchers have applied deep learning techniques in energy forecasting to maximize the
utilization of PV power plants and for effective energy planning [35].

Motivated by the above discussion, this paper examines the performances of different
well-known deep learning techniques for forecasting short-term PV power generation.
The selected deep learning techniques include RNN, CNN, GRU, LSTM, BiLSTM, BiGRU,
CNN-LSTM, CNN-BiLSTM, CNN-GRU, and CNN-BiGRU. A real-site floating PV power
plant with a capacity of 1.5 MWp at Suranaree University of Technology Hospital in
Thailand was selected as the study area. Several input data variables with a resolution of
five minutes were utilized for training and testing deep learning models under different
weather conditions and time horizons. Furthermore, the root mean square error (RMSE),
mean absolute percentage error (MAPE), and mean absolute error (MAE) were used to
quantify error values between actual and forecasted values from different deep learning
methods. Table 1 illustrates the differences between our work and existing studies. The
main objective of our work was to investigate the performances of widely used deep
learning techniques for short-term forecasting of PV power generation on a real site of a
floating PV power plant using real datasets.

Table 1. Comparison with existing works.

Reference Technique Input Data Short Summary
PV module temperature,
slope irradiation, water ~ This paper proposes verifying environmental factors affecting the
temperature, power generation of a floating PV system, and presents a power
[36] NN ; . . L .
temperature, solar generation prediction model considering environmental factors by
irradiation, wind speed,  using regression analysis and neural networks.
and wind direction
Seasonal PV power Hybrid model of CNN-LSTM was applied for power generation
[37] CNN-LSTM onera ti(I)Dn forecasting. Actual PV capacity data from Limburg, Belgium, were
& used to test the predictive accuracy of the model.
AveraV%ien%hSassec;rrent, The work examined the effectiveness of CNN, LSTM, and the hybrid
NN, LSTM, and peec, model by using data from terrestrial PV power plants. Moreover, the
[38] temperature, humidity, . . .
CNN-LSTM . . input sequence learning effect of the deep learning model was
solar irradiation, and PV studied
power generation ’
RNN, LSTM, The performance of the traditional forecasting method and deep
[39] BiLSTM, GRU, PV power generation learning techniques of RNN, LSTM, BiLSTM, GRU, and CNN-LSTM
and CNN-LSTM models in the forecasting were compared.
Temperature, humidity, = ANN, LSTM, and GRU models were presented for forecasting PV
[40] ANN, LSTM, wind speed, wind power generation. It was concluded that the LSTM model was the
and GRU direction, rainfall, and most accurate model when considering weekly and
air pressure monthly forecasts.
RNN, CNN' In our study, the performances of several recent deep learning
LSTM, BiLSTM, . . L . .
. PV power generation,  techniques, classified as the single model and hybrid model, were
GRU, BiGRU, solar irradiance, PV studied and investigated. Different types of input data variables that
Ourwork  CNN-LSTM, ' gated. yp p

CNN-BiLSTM,
CNN-GRU, and
CNN-BiGRU

module temperature and
wind speed

directly caused PV generation were used for training and testing the
deep learning model. A real site of a 1.5 MWp PV floating power
plant was selected as the case study. area.

The main contributions of this paper are as follows:

1.  We have investigated and examined the effectiveness of several well-known deep
learning techniques for forecasting the PV power generation of a real-site floating PV
power plant located at the Suranaree University of Technology Hospital in Thailand.
The selected deep learning techniques were classified into single models (RNN, CNN,
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LSTM, GRU, BiLSTM, and BiGRU) and hybrid models (CNN-LSTM, CNN-BiLSTM,
CNN-GRU, and CNN-BiGRU).

2. We considered short-term forecasting of the PV power generation. Input variables of
the PV power generation, solar irradiance, PV module temperature, and wind speed
with five-minute resolution obtained from the floating PV power plant (1.5 MWp
in capacity) were utilized to verify the performances of the proposed deep learning
techniques. Three scenarios, including one-day PV power generation forecasting
under regular and cloudy weather and one-week PV power generation forecasting,
are extensively examined and discussed.

3. Widely used error measurements of RMSE, MAPE, and MAE were applied to quantify
the errors between actual and forecasted values from the different deep learning mod-
els. The accurate performances of the deep learning models were determined based
on these measurements. The proposed deep learning techniques were implemented
using Keras based on TensorFlow in Python via the Jupyter notebook.

The rest of the paper is organized as follows: Section 2 presents the details of the
real-site floating PV power plant used as a case study in this paper. Section 3 intro-
duces the application of the selected deep learning techniques for short-term PV power
generation forecasting, including implementation setup and model accuracy analysis.
Section 4 presents the verification results obtained by different deep learning models. Fi-
nally, Section 5 concludes the paper. Note that the theoretical backgrounds of the deep
learning models are provided in the Appendixes A-J.

2. A 1.5 MWp Floating PV Power Plant

In this study, a floating PV power plant, located at 111 University Road, Suranaree
Sub-district, Mueang Nakhon Ratchasima District, Nakhon Ratchasima Province, Thailand,
with a population of 30,000, was selected as the study area to investigate the performances
of the proposed deep learning models. The installed capacity of the floating PV plant was
1.5 MWp. The floating PV plant cooperated with the Global Power Synergy Public Co., Ltd.,
Bangkok, Thailand 10120. In the floating PV plant, bi-facial cells and mono-facial panels
were installed with a total of 8 inverters; each contains 14 strings with 25 panels. Detail of
the PV modules are given in Table 2; the installed floating PV site is illustrated in Figure 1.

1.5 MWp Floating PV Generation System

Figure 1. The installation site of the 1.5 MWp floating PV power plant is located at 111 University
Road, Suranaree, Mueang Nakhon Ratchasima District, Nakhon Ratchasima Province, Thailand, with
a population of 30,000. The selected location has a tropical wet and dry or savanna climate type.
Because the plant is located in a tropical area, it has great solar potential.
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Table 2. Installation details of the floating PV power plant.

Inv. No. PV Module Rated Power (W) Type PV String No. Total DC Power (kWp)
1 JKM535M-72HL4-BDVP 535 Bi-Facial 25 187.25

2 JKM535M-72HL4-BDVP 535 Bi-Facial 25 187.25

3 JKM540M-72HL4-V 540 Mono-Facial 25 189

4 JKM540M-72HL4-V 540 Mono-Facial 25 189

5 JKM540M-72HL4-V 540 Mono-Facial 25 189

6 JKM540M-72HL4-V 540 Mono-Facial 25 189

7 JKM540M-72HLA4-V 540 Mono-Facial 25 189

8 JKM540M-72HL4-V 540 Mono-Facial 25 189

Total installation (MWp) 1.509

Specifically, we focus on short-term PV power forecasting, using five-minute resolution
data for training and testing deep learning models. The forecasts include one-day and one-
week periods, with the one-day forecast further divided into two events: (i) regular weather
conditions and (ii) cloudy weather conditions. Input data for the deep learning models
include PV power generation, solar irradiance, wind speed, and PV module temperature.
The data used for forecasting were selected from a three-month period, between 1 February
and 23 April 2022, and divided into training and testing sets. For the one-day forecast
under regular weather conditions, the training set includes data from 1 February to 15
April (74 days), with the testing set consisting of data from 16 April (1 day). For the
one-day forecast under cloudy weather conditions, the training set also includes data from
1 February to 15 April (74 days), with the testing set consisting of data from 18 April (1 day).
Finally, for the one-week forecast, the training set includes data from 1 February to 15 April
(74 days), with the testing set consisting of data from 16 April to 23 April (7 days). The
training and testing data are shown in Figure 2.

Training data(1 Feb. — 15 Apr.)  Testing data(16 Apr. — 23 Apr.)
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Figure 2. Training and testing dataset. In our work, four types of input data directly affecting
PV power generation were used for training and testing the deep learning models; (a) PV power
generation data; (b) solar irradiance data; (c) PV module temperature data; (d) wind speed data.

3. Application of Deep Learning Techniques For PV Power Generation Forecasting

In this section, the detailed setup for implementing the deep learning models is
provided. Moreover, the model accuracy for quantifying the performance of each deep
learning model is briefly presented.

3.1. Implementation Setup

In this paper, we used Keras based on TensorFlow in Python writing on a Jupyter
notebook. The proposed deep learning models were trained and tested using the Intel(R)
Core(TM) i7-8750H CPU @ 2.20 GHz processor. The setup parameters for implementation
were determined based on references [17,26,41,42], and are presented in Table 3. To prevent
model over-fitting, the early stopping function was utilized to help select the number of
epochs. Training stopped if the weight loss increased; the results for all models fell between
9 and 12 epochs. Therefore, an epoch number of 10 was used for all deep learning models
during the training process. Additionally, the Adam optimizer was used to update the
learning rate for all models.

Figure 3 illustrates the procedure for implementing the proposed deep learning tech-
niques. As mentioned earlier, the deep earning techniques in this study are broadly divided
into the single model and hybrid model. At the beginning of the process, the weight
parameters of each model were initialized, and then the input data of the floating PV power
plant were read. Next, each deep learning model was trained based on the input dataset
until the results of the training converged to the optimal value or the predefined number
of epochs. Finally, the well-trained models were tested with the test dataset in order to
assess the performance of each deep learning technique. Three widely accepted accuracy
measurements of RMSE, MAPE, and MAE were used to quantify the errors between actual
and forecasted values of the PV power generations.
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Table 3. Set up parameters for implementations.

Model Parameter Value
RNN Number of RNN layers 3 = (50, 100, 100)
Number of neural layers 2 =(1,256)
Activation function sigmoid
Dropout 0.1
Optimizer Adam
Loss Mean Absolute Error
CNN Convolution 1-D layer 128
Pooling layer 1
Max pooling 3
Activation function sigmoid
Dropout 0.1
Optimizer Adam
Loss Mean Absolute Error
LSTM, GRU, BiLSTM Number of FC-layers 3= (50, 100, 100)
& BiGRU Number of neural layers 2 =(1, 256)
Activation function sigmoid
Dropout 0.1
Optimizer Adam
Loss Mean Absolute Error
CNN-LSTM, CNN-GRU Convolution 1-D layer 128
CNN-BiLSTM & CNN-BiGRU Number of FC-layers 3 =(50, 100, 100)
Number of neural layers 2 =(1,256)
Pooling layer 1
Max pooling 3
Activation function sigmoid
Dropout 0.1
Optimizer Adam
Loss Mean Absolute Error
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Figure 3. Flow chart for implementation of the proposed deep learning models.
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3.2. Model Accuracy Analysis

Statistical calculations were used to measure the accuracies of the forecasted values
obtained by different deep learning methods. In this paper, we used MAE, MAPE, and
RMSE to assess the accuracy of each deep learning technique. Forecasted and actual values,
respectively, are used in the calculations [43].

The MAE simply calculates the sum of the absolute errors between the actual value y
and the forecasted value §J, and can be obtained as,

1& R
MAE = =3 Iy - gl. (1)
1

The MAPE is the mean absolute of the percentage errors of the forecasts and is defined
by

n _A
MAPE = "Xy ¥ ) 2)
n s 7

The RMSE is similar to MSE but takes the square root of the error values between the
actual and forecasted data [23]:

n

RMSE = % Yy =92 ©)
1

4. Results and Discussions

In this section, the training performance of each deep learning model is given and
discussed. Moreover, there are three case studies used for verifying the performances
of the proposed deep learning models. The given case studies include (A) one-day PV
power generation forecasting on a regular weather day, (B) one-day PV power generation
forecasting on a cloudy weather day, and (C) one-week PV power generation forecasting.

4.1. Training Performance

The training and validation losses of the deep learning models were performed by
using the MAE indicator to verify the ability of the deep learning models to forecasting
PV power generation. An example of one-day PV power generation data of training and
testing datasets was used. In this case, the deep learning models did not see the test data
before. The same data were applied to all deep learning models. Figures 4 and 5 show the
training loss and validation loss of BILSTM and CNN-BiLSTM models, respectively. It is
observed that the models are neither over-fitting nor under-fitting. The verified results
from other models aligned with the results in Figures 4 and 5, but are not included in the
paper. In the next subsection, the three case studies are given and discussed.

008 === Training loss of BILSTM
= Validation loss of BILSTM

0.06

z

5 0.04

<

= M/v_\
0.02
0.00

1 2 3 4 5 6 7 8 9 10
Epochs

Figure 4. The training and validation losses of the BILSTM model (single model).



Energies 2023, 16, 2119

9o0f21

008 == Training loss of CNN-BiLSTM
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Figure 5. The training and validation losses of the CNN-BiLSTM model (the hybrid model).

4.2. Case Study A: One-Day PV Power Generation Forecasting on a Regular Weather Day

In this section, we discuss the one-day PV power generation forecasting results on a
regular weather day obtained from the proposed deep learning models. Figures 6 and 7
show the one-day PV power generation forecasting results on a regular weather day from
single and hybrid deep learning models, respectively.

For the single deep learning model in Figure 6, considering the obtained results
of RNN and CNN models with actual PV data, the performance of the RNN model in
forecasting PV power generation on a regular weather day is better than the result of the
CNN model. This is because the structure of RNN consists of a recurrent layer, which takes
the output from the previous time step to the current time step. Thus, the RNN model
is suitable for predicting time-series input data. However, the GRU model is the most
accurate in this case study, with the MAE, MAPE, and RMSE being 28.34 kW, 8.32% and
67.53 kW, respectively. This is because the GRU model has structure memory, which is
developed from the recurrent layer, see the inset of Figure 6. Figure 8 and Table 4 provide
the errors of each model in this case study.

Actual data m— GRU /':
m—— RNN m— BiLSTM S E
m— CNN BiGRU S
LSTM A '
1.4 A
= 10 s Ny
: 038 ‘ 'f\ b
o [ 1
5 06 5/
g 04 0l
=]
g 02 -
Z 0.0
—0.2
0 2 4 6 8 10 12 14 16 18 20 22 24
Hourly

Figure 6. One-day PV generation forecasting on a regular weather day obtained by a single model
and compared with actual PV generation data. The inset figure shows the forecasting performance of
the single model between 12 and 16 h. In the single deep learning model, the most preferable model
for the short-term prediction of the PV power generation on a regular weather day is the GRU model.

For the hybrid deep learning model, as seen in Figure 7, the hybrid model has the
CNN model as the basis. The hybrid model yields better performance compared to the
single deep learning model. In this case, the forecasting result of the CNN-BiGRU model
is the closest to the actual PV data because it has properties of forward and backward
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sequences, which has the ability to process the data in a bidirectional way, see the inset
of Figure 7. The performance errors of the CNN-BiGRU model are 32.16 kW, 9.07%, and
72.56 kW of MAE, MAPE, and RMSE, respectively. Moreover, Figure 8 and Table 4 show
the errors of each model in this case study.

14 .
Actual data m— CNN-GRU K CNN-BiGRU model
/
= CNN-LSTM = CNN-BiGRU J 12
! 1.0

o

14 16

4
1
1
1
:
1

= CNN-BiLSTM / '
1
1
1
1
1
1
1
i
' Hourly
1

0 2 4 6 8 10 12 14 16 18 20 22 24
Hourly

Figure 7. One-day PV generation forecasting on a regular weather day obtained by the hybrid model
and compared with actual PV generation data. The inset figure shows the forecasting performance
of the hybrid model between 12 and 16 h. In the hybrid deep learning model, the most preferable
model for short-term prediction of the PV power generation on a regular weather day is CNN-BiGRU
model.

200 1
® MAE (kW) mMAPE (%) =RMSE (kW)

160 A

120 A

Score

80 A

40

NN o
& ¢ &@‘ &

Figure 8. Performance comparison of the single model with one-day PV generation data on a regular
weather day.

Table 4. MAE, MAPE, and RMSE values for one-day PV generation forecasting on a regular weather

day.

Model MAE (kW) MAPE (%) RMSE (kW)
RNN 41.88 12.60 77.29
CNN 121.50 33.74 171.95
LSTM 37.17 10.19 75.68
GRU 28.34 8.32 67.53
BiLSTM 32.86 9.97 68.29
BiGRU 4591 14.06 74.68
CNN-LSTM 32.97 10.06 71.53
CNN-GRU 39.84 11.95 71.85
CNN-BiLSTM 38.55 11.11 70.65

CNN-BiGRU 32.16 9.07 72.56
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Actual data = GRU

4.3. Case Study B: One-Day PV Power Generation Forecasting on a Cloudy Weather Day

In this section, one-day PV power generation forecasting results on a cloudy weather
day are given and discussed. Figures 9 and 10 show the one-day PV power generation
forecasting results on a cloudy weather day obtained from the single and hybrid deep
learning models, respectively.

4
m— RNN = BILSTM :
s CNN BiGRU i
LSTM |
_ 14 i
z 12 |
s i
= 1.0 !
15} 2
z 08
=9
=2 0.6
=
[ o i
o O /
Z 0.0 ! nlf_\ k r"/L. A
0‘2 T
’ 0 2 4 6 8 10 12 14 16 18 20 22 24
Hourly
Figure 9. One-day PV generation forecasting on a cloudy weather day obtained by a single model
and compared with actual PV generation data. The inset figure shows the forecasting performance of
the single model between 12 and 16 h. In the single deep learning model, the most preferable model
for short-term prediction of PV power generation on a cloudy weather day is the LSTM model.
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Figure 10. One-day PV generation forecasting on a cloudy weather day obtained by the hybrid model
and compared with actual PV generation data. The inset figure shows the forecasting performance
of the hybrid model between 12 and 16 h. In the hybrid deep learning model, the most preferable
model for the short-term prediction of the PV power generation on a cloudy weather day is CNN-
BiGRU model.

As given in Figure 9 for the single deep learning model, the performance of the CNN
model is as poor as expected since it is unable to deal with the high fluctuation of the PV
data on a cloudy weather day. In this circumstance, the LSTM model provides the best
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performance with MAE, MAPE, and RMSE at 36.44 kW, 11.19%, and 70.24 kW, respectively,
as given in the inset of Figure 9. Based on the obtained results, it can be concluded that the
LSTM model is preferable for predicting highly fluctuated PV power generation. Figure 11
and Table 5 provide the errors of each model in this case study.

Furthermore, the results obtained by the hybrid deep learning model are illustrated
in Figure 10. As mentioned before, the hybrid model consisted of the CNN model as a
basis. Based on the high randomness of the PV data, the CNN-BiGRU model has the
best performance for forecasting, with MAE, MAPE, and RMSE at 28.89 kW 8.37%, and
72.53 kW, respectively, see the inset of Figure 10. Moreover, Figure 11 and Table 5 provide
the errors of each model in this case study.
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Figure 11. Performance comparison of the single model with one-day PV generation data on a cloudy
weather day.

Table 5. MAE, MAPE, and RMSE values of one-day PV generation forecasting on a cloudy
weather day.

Model MAE (kW) MAPE (%) RMSE (kW)
RNN 74.23 24.05 94.81
CNN 82.80 23.77 115.34
LSTM 36.44 11.19 70.24
GRU 51.96 13.10 87.47
BiLSTM 38.07 10.05 76.39
BiGRU 51.46 14.48 80.18
CNN-LSTM 40.91 11.11 80.99
CNN-GRU 36.00 10.18 73.74
CNN-BiLSTM 35.37 10.75 70.78
CNN-BiGRU 29.89 8.37 72.53

4.4. Case Study C: One-Week PV Power Generation Forecasting

In this section, one-week PV power generation forecasting results of the proposed
deep learning models are given and discussed. Figures 12 and 13 show the one-week
PV generation forecasting results obtained from the single and hybrid deep learning
models, respectively.

Similar to the previous two case studies, for the single deep learning model, the
performance of the CNN model yields the worst because the CNN model itself is more
suitable for pixel data rather than time-series data. As seen in Figure 12, the BILSTM model
is the most accurate model for predicting one-week PV generation, with the MAE, MAPE,
and RMSE at 34.67 kW, 10.56%, and 75.06 kW, respectively. The zoomed-in data can be seen
in the two insets of Figure 12 for the constant (left) and fluctuated (right) PV generations.
Figure 14 and Table 6 provide the errors of each model in this case study.
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Figure 12. One-week PV generation forecasting obtained by a single model and compared with actual
PV generation data. The left inset of the figure shows the forecasting performance of the hybrid model
during constant PV generation, while the left inset figure illustrates the forecasting performance
during highly fluctuated PV generation. In the single deep learning model, the most preferable model
for short-term prediction of PV power generation on a cloudy weather day is BILSTM model.

I 1
I 1
I 1
I 1
1 1
1 1
1 1
= . |
“\ : :
CNN-BiGRU model ' I
I 1
I 1
) 14 6 43 0 2 7 !
‘r 17 Apr. =|| > 18 Apr. 5‘5" : :
___________________________________________ 1 L e o o o o e e e g e e e e e e e 2
v
I Actual data
s CNN-LSTM
! s CNN-BiLSTM
j === CNN-GRU
== CNN-BiGRU

16Apr. | 17Apr. | 18Apr. | 19Apr. | 20Apr. | 21 Apr. | 22Apr. |

Figure 13. One-week PV generation forecasting obtained by the hybrid model and compared with
actual PV generation data. The left inset figure show the forecasting performance of the hybrid model
during constant PV generation, while the left inset of the figure illustrates the forecasting performance
in highly fluctuated PV generation. In the hybrid deep learning model, the most preferable model for
the short-term prediction of PV power generation on a cloudy weather day is CNN-BiGRU model.

In addition, the results of the hybrid model for predicting one-week PV generation are
shown in Figure 13. The CNN-BiLSTM model was the most accurate. The MAE, MAPE,
and RMSE errors were 45.97 kW, 15.75%, and 72.08 kW, respectively. The zoomed-in data
can be seen in the two inset figures in Figure 13 for the constant (left) and fluctuated (right)
PV generations. Moreover, Figure 14 and Table 6 provide the errors of each model in this
case study.
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Figure 14. Performance comparison of the single model with one-week PV generation data.

Table 6. MAE, MAPE, and RMSE values of one-week PV generation forecasting.

Model MAE (kW) MAPE (%) RMSE (kW)
RNN 67.23 23.25 119.81
CNN 191.62 62.43 250.35
LSTM 43.24 13.70 109.47
GRU 50.17 15.34 112.99
BiLSTM 34.67 10.56 75.06
BiGRU 54.30 18.38 112.74
CNN-LSTM 48.41 14.21 82.92
CNN-GRU 48.30 15.27 111.31
CNN-BiLSTM 45.97 15.75 72.08
CNN-BiGRU 49.51 17.06 110.64

4.5. Discussion

In the single deep learning model, the LSTM model is the most accurate model for
forecasting one-day PV generation. For one-week PV power generation forecasting, the
BiLSTM model yielded the best result. Both LSTM and BiLSTM models have memory
storage, so they can effectively deal with highly unpredictable data. The CNN model
itself yielded a poor performance as it is more suitable for image or pixel data rather than
time-series data. Moreover, the hybrid deep learning model, by using some properties
of the CNN model as the basis, such as convolution and pooling layers, can improve the
performance of the single deep learning model. In this type of model, the CNN-BiGRU
model performed better in predicting one-day PV power generation while the BiLSTM
model is suitable for one-week PV power generation forecasting since it has memory storage
to store the historical prediction. Thus, it can be concluded that the CNN-BiGRU model is
the most suitable for one-day PV forecasting while the BILSTM model is more appropriate
for one-week PV forecasting under the same training dataset. The performances of the
deep learning models from the three case studies are summarized in Table 7. Furthermore,
some merits and demerits of the proposed deep learning models are given in Table 8. Thus,
it can be concluded that the CNN-BiGRU model gave the best performance for one-day PV
forecasting while the BiLSTM model was the most accurate for one-week PV forecasting.
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Table 7. A summary of the performances of the proposed deep earning models for the three case

studies.
Case Study Most Accurate and Preferable Model

Case Study A Single model GRU
Hybrid model CNN-BiGRU

Case Study B Single model LSTM
Hybrid model CNN-BiGRU

Case Study C Single model BiLSTM
Hybrid model CNN-BiGRU

Table 8. A summary of the advantages and disadvantages of the proposed deep learning models.

Model Advantages Disadvantages
RNN Useful for time-series prediction Computationally intensive
CNN Supervision from humans is unnecessary Slower because of operations, e.g., max pooling
LSTM Works well over a broad range of parameters, e.g., learning rate ~ Not suitable for online learning tasks
GRU Structure is simpler than LSTM but has a comparable Lower performance than LSTM if training with the large
performance dataset
BiLSTM Deeper than LSTM in updating weights Tends to be over-fitting if the training time is long
BiGRU Dgeper in updating weights with comparable training times Tends to be over-fitting
with GRU
CNN-LSTM Suitable time-series and batch data Training time is longer than the single model
CNN-GRU High computational efficiency and easy to modify Structure is more complex
CNN-Bi Allows extracting the maximum amount of information from the ~ Tends to be over-fitting if the training time is long, and is
-BiLSTM . - .
dataset more suitable for opinion analysis
CNN-BiGRU Higher accuracy in updating weightings compared to BiGRU Requires a long time for the raining process

5. Conclusions

Due to the advancement of computing technologies, various novel deep learning
techniques have been proposed. One area where these techniques have been extensively
applied is power generation forecasting from renewable energy sources, which enables
effective system planning and enhances energy security. In this paper, we investigated the
performances of several deep learning techniques for short-term forecasting of PV power
generation at a real-site floating PV power plant located at the Suranaree University of
Technology Hospital in Thailand. The selected deep learning techniques include RNN,
CNN, LSTM, GRU, BiLSTM, BiGRU, CNN-LSTM, CNN-BiLSTM, CNN-GRU, and CNN-
BiGRU. Several input data variables with a five-minute resolution from the real floating PV
power plant were used to train and test the deep learning models. The performance of the
models was quantified using MAE, MAPE, and RMSE errors. Three case studies, based on
different weather conditions and time durations, were provided for verification. All three
case studies were trained using the same dataset. The effectiveness of the deep learning
models varied under different weather conditions and time durations. The CNN-BiGRU
model yielded the best performance for one-day PV forecasting, while the BILSTM model
was the most suitable for one-week PV forecasting.
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Appendix A. Theoretical Backgrounds of Deep Learning Techniques

In this section, theoretical backgrounds of the employed deep learning techniques are
briefly explained. Typically, sigmoid and tanh activation functions are used in deep learning,
which can be expressed as,

1
sigmoid(x) = T e
X ,—X
tanh(x) = ;4_%.

Appendix B. Recurrent Neural Network

In general, an artificial neural network (ANN) is a function that takes the input and
processes it as an output. The ANN model can accept information in any order. In the RNN
model, however, the output of the hidden layer node is fed back to be the new input of the
node. The RNN model can be defined by,

n

yi=f Y (wij—a;)-hyy,

t=1

where y; is the output vector; w;; is the weight between node i and node j; «; is the bias at
node j; f(-) is the activation function; ;1 represents the previous hidden layer vector.

Appendix C. Convolution Neural Network

A CNN model simulates human vision as a sub-spatial area. The CNN model uses
a convolution layer to extract different data features so that it can learn the nature of the
data efficiently and accurately. The performance will be decreased if the model has several
convolution layers. This issue can be addressed by padding, in which the dimensions of
output data will be equal to those of input data. In the pooling layer, the dimensions of the
hidden layer are reduced by combining the outputs of neuron clusters at the previous layer
into a single neuron in the next layer [24,44]. The result of the convolution layer and the
processing of the pooling layer can be defined as

spi = f(WpXiipp—1+ Ca),
Hpoot = MAX (81,82, -+, Su—n+1),

where s;,; represents the output of the convolution layer; wy, represents the weights; c, is the
bias vector; x;.;, 41 is the vector from i to i + b — 1; f(+) represents the activation function;
b is the size of the convolution windows; hy,, is the pooling layer.

Appendix D. Long Short-Term Memory

An LSTM model is developed from the RNN model, where memory (cell state), forget
gate, input gate, and output gate are included [43,44]. The forget gate takes data from x;
and h;_; and decides whether to forget the data or to let them pass through the following
process. The sigmoid activation function is adopted. If the value is 1, the data will be passed
through, whereas the data are forgotten if the value is 0. The forget gate can be calculated as,

ft = sigmoid(Wgx¢ + Ugh; 1),
where f; is the activation vector of the forget gate; W; is the weights of the input; x; is the
input vector to the LSTM unit; U; is the weight matrix of the recurrent connections; and
hi_q is the previous hidden state vector.



Energies 2023, 16, 2119

17 of 21

Then, the input data can be chosen to be updated by the input gate. The sigmoid
function is also used in the LSTM model. Thus, the input/update gate’s activation vector i;
can be expressed by,

iy = sigmoid(Wix; + Uih;_1).

Next, the new value is set for the cell input activation vector and it can be obtained as,
Ci = tanh(Wexy + Uchy 1),

where C; is the new value of the cell state.
Moreover, the updated cell state C; can be expressed by,

Ci=fi-Cio1+ir-Cp.

Next, at the output gate, the sigmoid function is applied again. The output gate’s
activation vector o; can be defined as

or = sigmoid(Wox¢ + Uohy_1),

Then, the output vector of the LSTM unit /; obtained from C; is passed through the
tanh function as
ht = 0t - tanh(Ct).

Appendix E. Gated Recurrent Unit

A GRU is also a NN developed after the LSTM model. The structure of the GRU is
similar to that of the LSTM but with the cell state removed [16,44]. Moreover, the working
principle of the GRU model is similar to the LSTM model, from the x; and /;_; inputs to
the reset gate. The reset gate vector r; is expressed as

ry = sigmoid(Wy - [hy—1, x¢]),

where W, is the weight matrix; ;1 is the previous hidden layer vector; and x; is the input
vector.

At the update gate, the values x; and h;_ are used to determine which values should
be stored or added, defined by:

zp = sigmoid(Wy, - [h4—1, x¢]),

where z; is the updated gate vector and W, is the parameter matrix.
After passing to the reset gate, the candidate activation vector /} can be obtained
as follows:
]’l; = tanh(Wh/ . [T’t X ht,l,xt]),

where Wy, is the weight matrix.
Consequently, the output of the GRU model is calculated as,

he = (I —ug) X hy_1 + up x hy,

where [ represents the identity matrix and u; is the weight matrix.
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Appendix F. Bidirectional Long Short-Term Memory and Bidirectional Gated
Recurrent Unit

Usually, BILSTM and BiGRU processes have a direction called forward sequence, but
in a bidirectional way. The bidirectional way increases the processing direction within the
NN, also known as the backward sequence [17,35,41,42,45]; it is defined by

— — —
h :(I—utxht,l)—i—utxh’,

— —
ﬁ:(l—utxht_l)—l-utxh{,

ho=hoh,

%
where @ is the concatenation operator; h; is the result of the forward sequence; ﬁ is

the result of the backward sequence; h; represents the result of the forward-backward
sequence; h;_; is the result of the previous step; u; is the weight matrix; I represents the
identity matrix.

Appendix G. Convolution Neural Network Long Short-Term Memory

A hybrid model between CNN and LSTM is called CNN-LSTM. The input data passes
through the convolution layer and then to the pooling layer of the CNN model. Next, the
output of the CNN model goes to the LSTM and the dense layer, respectively [46]. The
CNN-LSTM model is defined as,

Yi = hpoot = MAX(51,82, -+ ,Sn,_11)s
ht = LSTM(y;, h—1),

where y; is the result of the CNN model; /; is the CNN-LSTM processed result; i;_; is the
previously processed result; and s;,_j 1 is the result of the convolution layer.

Appendix H. Convolution Neural Network Bidirectional Long Short-Term Memory

A hybrid model between CNN and BiLSTM, known as CNN-BiLSTM, is similar to the
CNN-LSTM model. It only increases the input direction of the LSTM to be bidirectional [47].
Its working process can be expressed as

Yi= hpool = MAX(SlrSZ/' "/Sn7h+1)/
- —  —
he = LSTM(y;, he—1),
H
by = ISTM(y; b 1),

s {--
i = LSTM(y;, he_1) @ LSTM(y;, be_1),

where y; is the result of the CNN model; LSTM represents the forward-operated gated

— —
recurrent unit; LSTM is operated backward; h; is the CNN-BiLSTM processed result; ii;_q
represents the result at the previous step; and s,,_j, ;1 is the result of the convolution layer.

Appendix I. Convolution Neural Network Gated Recurrent Unit

The CNN-GRU model originates from the traditional CNN model consisting of the
convolution layer, pooling layer, fully-connected layer, and output layer. The outputs of
the CNN model are then used as inputs to the GRU. The GRU has an update gate and a
reset gate to process the consequent output [43,48]. The working process of the CNN-GRU
can be defined as,

Yi = MAX(51/SZI .. -/Sn—h+1)/
ht = GRu(yi/htfl)/
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where y; is the CNN processed result; h; denotes the CNN-GRU processed result; ;1 is
the previously-processed result; and s,,_j1 is the result of the convolution layer.

Appendix J. Convolution Neural Network Bidirectional Gated Recurrent Unit

CNN-BiGRU model is added from the original CNN-GRU. Within the system, the
values are transmitted by the feed-forward sequence method within the GRU network.
However, in the BIGRU function, it will add one more value (i.e., the feed-reverse sequence).
Then, the values obtained from both the feed-forward sequence and feed-reverse sequence
are processed and sent to the output layer [17,45]. The CNN-BiGRU model can be defined as

Il
=
=
k=)
=}
=N
I
hN
>
~—~
195)
—_
<
w0
N
<
N
1)
T
=
+
LR
S—
3

%
= GRU(y;,he_1) & éRU(yirht—l)/

—— —
where y; is the CNN-processed result; GRU is the operated forward; GRU is the operated

backward; ﬁ represents the CNN-GRU-processed result; i;_1 is the result from previous
step; and s,,_j, 1 represents the result of the convolution layer.
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