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Abstract. The importance of renewable energy sources has been in-
creasing in recent years due to the advantages they provide, in terms
of the preservation of the environment and inexhaustible supply of en-
ergy. In particular, photovoltaic (PV) energy will be prioritized in the
future and it is expanding worldwide. However, the high variability of
solar irradiance and, consequently, of PV power generation causes uncer-
tainty in the planning and operation of power systems. Thus, PV power
generation forecasting is crucial to solve this issue. This paper presents
the comparison of LSTM-based methods for the 6-hour-ahead and day-
ahead forecasting of PV power generated by a PV power station, based
on the Global Horizontal Irradiance and the air temperature forecasts of
the same period.

Keywords: Photovoltaic power forecasting, LSTM, neural networks,
time series forecasting.

1 Introduction

The importance of renewable energy sources has been increasing in recent years,
and it is expected that this trend will persist in the future due to the advantages
it provides, in terms of the preservation of the environment and inexhaustible
supply of energy [1]. Photovoltaic (PV) energy is one of the renewable energies
that will be prioritized in the future and it is expanding worldwide. However, the
high variability of solar irradiance and, consequently, of PV power production
causes uncertainty in power system planning and operation [2]. Indeed, power
systems may include multiple sources of energy, such as photovoltaic power sta-
tions and cogeneration units: they have the potential to strongly affect the de-
velopment of strategies for the maximization of savings in economic terms [3]
and energy terms. The uncertainty issue of PV power generation can be only
partially mitigated via the use of Decision Support Systems [4]. Thus, PV power
generation forecasting is crucial to solve this issue.
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Multiple approaches for PV power forecasting have been presented in the
literature to perform PV power generation forecasting in recent years. Such
methods can be split into three main categories, as described in [5]: statisti-
cal methods physical methods, and hybrid methods. In particular, statistical
methods leverage historical data of the production process under analysis (or
a similar one in case of data scarcity) to train a forecasting model. Physical
methods rely on a physical model of the system, as well as on weather forecasts
obtained via numerical approaches. It is also possible to classify the statistical PV
power forecasting methods into the following groups based on the technique em-
ployed: time series-based models like AutoRegressive Integrated Moving Average
(ARIMA) model [6]; machine learning methods, including Extreme Learning Ma-
chines (ELM) [7] and Artificial Neural Networks (ANN) [8]; deep learning (DL)
methods like Convolutional Neural Networks (CNN) [9], Transformers [10], Long
Short-Term Memory (LSTM) networks [11] and Gated Recurrent Units (GRU)
[12]. Finally, hybrid approaches combine the previous two techniques, such as
the one presented in [13]. In particular, LSTM networks are among the most
used state-of-the-art DL techniques for time series prediction.

However, PV power generation can considerably vary depending on the topo-
logical and environmental characteristics of the PV plant that is considered. Ad-
ditionally, the life stage of the PV panels and their cleanliness can affect their
performance. For such reasons, the use of pre-trained state-of-the-art algorithms
does not necessarily guarantee good results, and if they are trained using openly
available datasets they may not generalize well to the PV forecasting in different
locations. Therefore, PV forecasting algorithms should be trained using locally
measured data, but one of the main obstacles that are encountered is the lack of
such data: locally collected datasets are often small and are affected by missing
data [14].

This paper presents the comparison between an LSTM-based method and an
LSTM encoder-decoder method for the 6-hour-ahead and day-ahead forecasting
of solar power generated by a photovoltaic power station. For both models, the
input exogenous covariates are the Global Horizontal Irradiance (GHI) and the
air temperature forecasts of the next 6 hours or the next day: they can be referred
to as future covariates. The PV power generated in the previous time interval is
an additional input variable in the LSTM encoder-decoder case. A small dataset
of a PV power station in the Lazio region in Italy was leveraged to train and
test the models. A comparison was made between such methods, as well as
a persistence model, and the 6-hour-ahead forecasting LSTM encoder-decoder
resulted to be the best-performing one.

The remainder of this paper is organized as follows. Section 2 comprises a
description of the case study of this work, the data preprocessing that was carried
out, the model selected and the evaluation metrics. The results of the case study
experiments are reported and discussed in Section 3. Lastly, the conclusion on
this work is drawn and future works are explained in Section 4.
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2 Method

2.1 Data

This work focuses on the real case study of a photovoltaic power station in the
Lazio region in Italy, with a nominal power equal to 151 kWp. The dataset
that was collected for this work includes both PV power data and local weather
data of the photovoltaic power station. The dataset contains the PV power
production from June 2022 to May 2023, sampled every 5 minutes. Historical
weather data collected locally in the same period include the GHI measured by
a sensor located inside the PV power station and the air temperature measured
by a temperature sensor in the same location. The resolution of weather data
is the same as the one of power data, i.e., 5 minutes. Additionally, the 6-hour-
ahead and 24 hour-ahead forecasts of GHI and air temperature in the location
of the PV power station were downloaded from the Solcast web API [15]. Since
such weather forecasts are available only from 1 April 2023 to 31 May 2023,
samples collected in this period were used as a test dataset. On the other hand,
historical weather data were employed for the training and validation of the
model. In particular, the training dataset includes data from 2 June 2022 to 28
February 2023 and the validation dataset those from 1 March 2023 to 31 March
2023. The Python programming language and the Tensorflow library [16] are
used for the implementation of the algorithms. As a first step, data were pre-
processed to remove duplicate time steps, and gaps in the sequence were filled
by duplicating the latest sample available before the gap. Variables were scaled
via min-max normalization.

2.2 Models

The models which were selected are a simple LSTM model and an encoder-
decoder architecture based on LSTM networks. The LSTM model was presented
in [17] by Hochreiter and Schmidhuber in 1997 and it is a recurrent neural
network (RNN). The main advantage of the LSTM model is its ability to capture
long-term dependencies in time series.

In this work, each model was trained on two separate scenarios: the 6-hour-
ahead and the day-ahead photovoltaic power generation forecasting. These two
scenarios are part of the requirements of the real use case, where the 24-hour
ahead forecast of the production of the PV station is needed for daily energy
planning of the power system and the 6-hour ahead forecast is used to update
the planning strategy during the day.

Thus, a forecasting horizon F can be defined, which is equal to 6 hours in
the 6-hour-ahead forecasting scenario, and 24 hours in the day-ahead scenario.

Regarding the simple LSTM model, it is composed of a single LSTM layer
comprising 64 units, followed by a fully connected layer comprising 32 units.
The GHI and the air temperature data during the future time horizon (i.e. the
F future hours, with F equal to 6 or 24) are the future exogenous covariates
fed into the network in the form of a F × 2 matrix. The network then learns to
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generate the multi-step forecast of the PV power production of the photovoltaic
power station in the same future time horizon, with a 5-minute resolution. Fig.
1(a) shows a schematic of the simple LSTM architecture implemented.

On the other hand, the LSTM encoder-decoder model, which will be denoted
by LSTM-ED, includes multiple components: the encoder, which is an LSTM
layer with 128 units; the decoder, which is an LSTM layer comprising 128 units;
and a final fully connected layer with 64 units. Differently from the simple LSTM
model, the LSTM-ED model receives two different kinds of inputs: the historical
PV power generation data of the past time interval, i.e. the past P hours (with P
equal to 6 or 24 hours) are fed into the encoder network in the form of an array
of P elements; the GHI and the air temperature data during the future time
horizon are the future exogenous covariates fed into the decoder network in the
form of a F×2 matrix. Using as initial states the state vectors of the encoder, the
decoder learns to generate the multi-step forecast of the PV power production
in the same future time horizon, with a 5-minute resolution. A schematic of the
LSTM-ED architecture is represented in Fig. 1(b).

Fig. 1. (a) Schematic of the simple LSTM architecture. (b) Schematic of the LSTM-
ED architecture.

In both models, GHI and air temperature data consist of historical local
measurements during the training phase, while Solcast API forecasts are used
in the test phase, as explained in Section 2.1.

Fig. 2(a)-(b) shows a schematic summary of the different kinds of input data
and output sequences of the simple LSTM and the LSTM-ED respectively.

2.3 Evaluation

In order to set a baseline for the evaluation, the persistence model was used.
The persistence model is a simple time series forecasting model which assumes
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Fig. 2. Schematic summary of input and output sequences of the simple LSTM model
(a), the LSTM-ED model (b) and the baseline persistence model (c), based on the
current prediction time t. Red cells denote future covariate data, blue cells denote past
target data, and green cells denote the outputs.

that the value of the PV power to be predicted at each time will be the same
as its value at the same time of the day on the previous day. Fig. 2(c) shows a
schematic summary of the input and output sequences of the persistence model.

The metrics used to evaluate the forecasting performance of each approach
are the Mean Absolute Error (MAE), the Root Mean Square Error (RMSE),
and the Mean Absolute Percentage Error (MAPE), computed only during day-
time hours, i.e. from 4 am to 8 pm. These evaluation metrics are defined in the
following:

MAE(y, ŷ) =

∑N−1
i=0 |yi − ŷi|

N
(1)

RMSE(y, ŷ) =

√∑N−1
i=0 (yi − ŷi)2

N
(2)

MAPE(y, ŷ) =
100%

N

N−1∑
i=0

|yi − ŷi|
|yi|

(3)
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where N is the dataset size, yi is the actual photovoltaic power value, and ŷi
is the forecasted photovoltaic power value.

3 Results and discussion

All methods presented in the preceding section were trained and tested, resulting
in the following five experiments:

1. Baseline experiment: forecasting of the photovoltaic power generation by
using the persistence model;

2. 6-hour-ahead forecasting of the photovoltaic power generation via the simple
LSTM model;

3. day-ahead forecasting of the photovoltaic power generation via the simple
LSTM model;

4. 6-hour-ahead forecasting of the photovoltaic power generation by employing
the LSTM-ED model;

5. day-ahead PV power forecasting by employing the LSTM-ED model;

The baseline results were computed using a persistence model, which fore-
casts the PV power in the future horizon as the historical PV power generated
by the photovoltaic power station at the same time of the day on the previous
day.

A summary of the results of each experiment is reported in Table 1.
The MAE obtained by applying the persistence model was 6.40 kW, the

RMSE was 14.19 kW and the MAPE was 89.36%. The second and third ex-
periments consisted of the 6-hour-ahead and day-ahead PV power forecasting
using the simple LSTM model respectively. Both models achieved lower error
scores than the baseline persistence model, providing an improvement. The best-
performing model among these two is the 6-hour-ahead model: it is an expected
result since weather forecasts tend to be more accurate the shorter the time
horizon is.

Lastly, the fourth and fifth experiments included the 6-hour-ahead and day-
ahead photovoltaic power forecasting using the LSTM-ED model respectively.
The LSTM-ED models registered an improvement compared to both the baseline
persistence model and the simple LSTM models. In particular, the most effective
model is the 6-hour-ahead model, as expected.

Table 1. Comparison of the results of each model.

Model MAE (kW) RMSE (kW) MAPE (%)

6-hour-ahead simple LSTM 4.84 9.01 66.00
Day-ahead simple LSTM 4.38 8.49 71.45
6-hour-ahead LSTM-ED 3.88 7.97 58.44
Day-ahead LSTM-ED 4.14 8.29 67.57
Persistence 6.40 14.19 89.36
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All the 6-hour-ahead forecasting methods achieved better performances than
the persistence model, with a 23.36% and a 30.92% improvement in the MAPE
metric by forecasting with the simple LSTM model and the LSTM-ED respec-
tively. The overall best-performing model is the 6-hour-ahead LSTM-ED model.

Figs. 3(a)-(e) show a comparison between the results of the five experiments
during an example day, i.e., 25 April 2023. This day was chosen because it
is characterized by interesting dynamics: its GHI pattern is mostly bell-shaped
but presents strong oscillations due to clouds. Additionally, the previous day was
partially cloudy in the first half. Therefore, this visualization allows highlighting
a frequent real-life condition which makes the task non-trivial also with regard
to the baseline persistence model. In particular, Fig. 3(a) shows the 6-hour-
ahead PV power forecasted using the simple LSTM model; Fig. 3(c) shows the
day-ahead PV power forecasted using the simple LSTM model; Fig. 3(c) shows
the 6-hour-ahead PV power forecasted using the LSTM-ED model; Fig. 3(d)
shows the day-ahead PV power forecasted using the LSTM-ED model and Fig.
3(e) shows the PV power forecasted using the persistence model. It is possible
to observe that the persistence model failed to precisely forecast the PV power
generated on that day because the photovoltaic power production of the previous
day presented a different pattern, due to different GHI and air temperature
conditions. Conversely, the other methods allowed making predictions with a
lower error: in particular, Fig. 3(c) shows that the predictions of the 6-hour-ahead
LSTM-ED model are the closest to the actual photovoltaic power produced.

4 Conclusion and future work

The forecasting of photovoltaic power generation is essential for the optimal
operation of power systems. However, the use of pre-trained state-of-the-art al-
gorithms does not necessarily guarantee good results due to the specific charac-
teristics of each PV plant. In this paper, a comparison between a simple LSTM
model and an LSTM encoder-decoder model is proposed to forecast the PV
power generated by a photovoltaic power station located in Italy. The models
were trained on two different time horizons: the 6-hour-ahead horizons and the
day-ahead horizons. Such two scenarios are motivated by the real requirements
of the case study, where both the 24-hour ahead and the 6-hour ahead forecasts
are needed for energy planning reasons. The results were then compared to a
baseline model. Both LSTM-based models proved successful at predicting the
photovoltaic power production compared to the baseline model. In particular,
the model which performed best was the 6-hour-ahead LSTM encoder-decoder
model, with an MAE equal to 3.88 kW, RMSE equal to 7.97 kW and MAPE
equal to 58.44%.

Further improvements will involve the correction of weather predictions based
on local historical weather measurements and the comparison of this LSTM
encoder-decoder method with other time series forecasting techniques. Further-
more, the proposed model will be utilized in the planning and control of the
power system that includes the PV power station considered in this work.
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Fig. 3. (a) Actual photovoltaic power production (blue) and its 6-hour-ahead forecast
using the simple LSTM model (red) on an example day, i.e. 25 April 2023. (b) Ac-
tual photovoltaic power production (blue) and its day-ahead forecast using the simple
LSTM model (red) on the same example day. (c) Actual photovoltaic power genera-
tion (blue) and its 6-hour-ahead power forecast using the LSTM-ED model (red) on
the same example day. (d) Actual photovoltaic power generation (blue) and its day-
ahead forecast using the LSTM-ED model (red) on the same example day. (e) Actual
photovoltaic power generation (blue) and its day-ahead forecast using the persistence
model (red) on the same example day.
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