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Solar panels can generate energy to meet almost all of the energy needs of a house. Batteries store energy
generated during daylight hours for future use. Also, it may be possible to sell extra electricity back to
distribution companies. However, the efficiency of photovoltaic systems varies according to several factors,
such as the solar exposition at ground levels, atmospheric temperature, and relative humidity, and predicting
the energy generated by such a system is not easy.

This work is on the use of deep learning to predict the generation of photovoltaic energy by resi-
dential systems. We use real-world data to evaluate the performance of LSTM, Convolutional, and hybrid
Convolutional-LSTM networks in predicting photovoltaic power generation at different forecasting horizons.
We also assess the generalizability of the solutions, evaluating the use of models trained with data aggregated
by geographic areas to predict the energy generation by individual systems.

We compare the performance of deep networks with Prophet in terms of MAE, RMSE, and NRMSE, and
in most cases, Convolutional and Convolutional-LSTM networks achieve the best results. Using models trained
with region-based data to predict the power generation of individual systems is confirmed to be a promising

approach.

1. Introduction

Renewable energy sources are becoming more relevant in the en-
ergy mix (i.e., the proportion of individual energy sources used for
electricity generation Ahn et al., 2021) of many countries. Renewable
sources of electricity, like hydropower, wind, and solar power, generate
more than a quarter of the generated electricity globally in 2021 (IEA,
2021).

Household solar energy systems generate electricity that may be
used immediately to power a house, stored in batteries for later use,
or even sold to grid systems. Solar energy generation forecasting on
multiple scales has several applications, like power scheduling and grid
balancing, which may reduce costs related to weather dependency.
However, the performance of household solar energy systems is highly
impacted by the solar exposition at ground levels, which depends
on cloud cover variability, atmospheric aerosol levels, and indirectly
and to a lesser extent, participating gases in the atmosphere (Inman
et al., 2013). Wind speed, relative humidity, and the temperature of
the ambient and solar cell are some other parameters that impact the
performance of photovoltaic systems (Sharadga et al., 2020). Therefore,
forecasting energy generation by household systems is relevant and
challenging.

Most of the works on photovoltaic (PV) energy generation fore-
casting focus on solar radiation prediction, but this problem may be
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studied in the context of time series forecasting (Sharadga et al., 2020).
There are various conventional methods for time series forecasting, but
using machine learning over traditional ones that employ statistical
techniques has shown promising results in recent years with reduced
complexity.

Recurrent Neural Networks (RNNs) are the most widely used neural
network type to exploit time-series data (Hewamalage et al., 2021a).
They can transfer information across time steps, as their cells use a hid-
den state to capture the dependencies that exist in the data (Sharadga
et al., 2020; Yunpeng et al., 2017). Long-short Term Memory (LSTM)
is a kind of RNN with the ability to learn long dependencies within
sequential data (chao Miao et al., 2020).

Convolutional neural networks (CNNs) are another type of deep
network and have gained prominence for their use in image processing
and pattern recognition. It has applications in time series forecasting in
several domains, including energy and fuels, financial, environmental,
industry, and health (Torres et al., 2021).

CNNs and LSTM are complementary in their capability to model
time series (Xue et al., 2019). While LSTM is qualified for model-
ing the sequence temporally, CNN reduces frequency variation (Xue
et al., 2019; Sainath et al., 2015). There exist several ways to combine
CNNs, recurrent neural networks (e.g., LSTM), and deep fully connected
neural networks (Deng and Platt, 2014), and their ensemble use in
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Nomenclature

ANN Artificial Neural Network

ARIMA Autoregressive Integrated Moving Average
CNN Convolutional neural network

DoE Design of experiments

FNN Feedforward neural network

LSTM Long short-term memory

MAE Mean Absolute Error

MAPE Mean absolute percentage error

MLP Multilayer Perceptron

NRMSE Normalized Root Mean Square Error
PReLU Parametric Rectified Linear Unit

PV Photovoltaic

ReLU Rectified Linear Unit

RMSE Root Mean Square Error

RNN Recurrent neural network

SARIMA Seasonal Autoregressive Integrated Moving Average
SVM Support Vector Machine

SV R Support Vector Regression

the same framework may improve the performance of their individual
use (Sainath et al., 2015). In this work, we evaluate the performance of
LSTM, CNNs, and hybrid Convolutional-LSTM (Conv-LSTM) networks
in photovoltaic energy generation forecasting.

A common drawback of deep learning models is the considerable
effort to train them, which may turn it prohibitive to train a distinct
model for each household energy generation system. On the other hand,
adding the data of thousands of domestic systems, creating a region-
based time series on energy generation, and then training the model
on such aggregated data would require much less effort. However, it
is crucial to know how a model built this way would perform when
predicting the individual values of different domestic systems.

The questions this work is going to answer are: (a) Would convo-
lutional and LSTM networks provide good predictions on real-world
data on photovoltaic energy generation by individual systems and at
the region level considering different forecasting horizons? (b) Would
the use of convolutional layers and LSTM together in a hybrid model
boost the prediction performance? (c) How would the performance of
models trained with aggregated region-level data be when predicting
the PV power generation of individual household systems?

We build models of three deep architectures composed of LSTM
layers, convolutional layers, and fully connected neurons. We train
those models and predict values on several series we generate based on
real-world data on household energy generation in Sydney, Australia.
The series contains data on power generation by individual household
systems every half hour, day, and month, but also data on power
generation in an entire region every half hour, day, and month. Models
trained with the region data are used to forecast energy generation by
individual systems and have performance compared with ones obtained
when training the models with each system data. We also compare the
performance of the deep models with the ones of Prophet (Taylor and
Letham, 2018).

In the following section, we review some concepts and related work.
Then, in Section 3, we describe our base methods, time series, and
performance metrics. Section 4 presents experimental results. Finally,
Section 5 contains the main conclusions and outlines future works.

2. Background and related work

Time series forecasting has been studied for several decades. The
Autoregressive Integrated Moving Average (ARIMA) is one of the most
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used classic methods for univariate time series forecasting. ARIMA is a
combination of an auto-regressive term, a moving-average term, and an
integrating term. SARIMA (Seasonal Autoregressive Integrated Moving
Average) is a variation of ARIMA that considers seasonal components.
Other classic methods include Simple Moving Average and Exponential
Smoothing. More recently, Prophet (Taylor and Letham, 2018) was
proposed as a forecasting method that deals with seasonal effects and
non-linear trends. In this work, we use Prophet as a baseline method.

2.1. Neural networks and deep learning

Artificial Neural Networks (ANNs) are computational systems in-
spired by human nervous systems. Such networks are made by inter-
connected processor elements called neurons. Neurons receive one or
more inputs, process them and generate an output.

Fig. 1 presents a representation of a neuron. It receives one or more
inputs (X;) that may be data fed into the network or even the outputs
from other neurons. To each input, there is an associate weight (W}),
which represents the strength of the connection between an input and
a neuron. Inputs and weight are multiplied, summed, and passed to an
activation function (¢), as represented in Eq. (1) (Dongare et al., 2012).

G w) = (Y (x; % w) ey

In ANNs, nodes are usually organized in layers, like the input and
output layers. The first is activated through sensors perceiving the
environment and thus gets the initial data from the environment into
the network (Schmidhuber, 2015). The output layer generates the
network’s output. In some classes of ANNSs, there are one or more layers
between the input and output layers, which are called hidden layers.
They receive weighted inputs and use an activation function to generate
outputs. A Multilayer Perceptron (MLP) is an ANN composed of an
input layer, an output layer, and at least one hidden layer, as repre-
sented in Fig. 2. This architecture would be capable of approximating
any function when using a non-linear activation function (Hornik et al.,
1989).

There are several classes and architectures of ANN with distinct
types of neurons and interconnections. In feedforward neural networks
(FNNs), the information flows in just one direction and there is no cycle
or loops formed by node interconnections. In recurrent neural networks
(RNNs), node connections form a direct graph. The information may
flow in any direction through the use of loops in the network, and the
network is capable of maintaining a state.

In Deep learning, layers are used to hierarchically learn complex
features from simple ones. Deep neural networks have been around for
decades. They became somewhat feasible in the 1990s, but it was in
the 2000s that they became used in a wide number of applications
outperforming Al methods based on kernel machines (Schmidhuber,
2015).

The Long Short-Term Memory (LSTM) is an RNN proposed in 1997
(Hochreiter and Schmidhuber, 1997) that became widely used as deep
learning advanced. The basic unit of an LSTM network is the memory
block (Gers et al., 2000). Originally, a memory block was composed
by one or more memory cells, an input gate and an output gate. Memory
cells ‘remember’ the temporal state of the network. Each memory cell
contains a state cell that is responsible for storing the state value and a
recurrent self-connection. The gates control the access to the cell. The
input gate protects the cell from irrelevant input values (e.g., noise),
while the output gate protects the network from being perturbed by
the cell state. In Gers et al. (2000), the authors introduce the forget
gate, which gradually resets memory blocks when their contents are out
of date. Several applications use LSTM networks, including anomaly
detection, speech recognition and time series forecasting (e.g., Han
et al. (2017), Li et al. (2015), Malhotra et al. (2015), Ashraf et al.
(2021), Pinho et al. (2019), Chimmula and Zhang (2020) and chao
Miao et al. (2020)).
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Convolutional neural networks (CNNs) are another widely used deep
learning network. CNNs are feedforward networks whose input is a
tensor. They are composed of several hidden convolutional layers,
which may be combined with layers of other types, like pooling layers.
Convolutional networks are widely used in image and signal processing,
and audio classification (e.g., Caldeira et al. (2020), Liang et al. (2019),
Hershey et al. (2017) and Kiranyaz et al. (2019)).

2.2. Prophet

Prophet is a decomposable time series forecasting model inspired
by time series forecasting done at Meta (former Facebook) (Taylor and
Letham, 2018). Its components are combined as in Eq. (2), on which
g(?) is a trend function to model nonperiodic changes, s(f) models the
seasonal changes, h(r) models the effects of holidays, and ¢, represents
changes which are not represented by the other components.

yO) =g +s@) + h() + ¢ (2)

Prophet relies on a logistic function to model the trends, on a
Fourier series to model seasonality, and on parameterization to imple-
ment the holiday’s effects modeling. It deals with missing values and
non-linear trends, having the ability to automatically find the inflection
points and trend changes.

2.3. Time-series and power generation forecasting

In Pinho et al. (2019), authors use LSTM, ARIMA, Prophet, and
an MLP network to forecast trends in real-world telecom data. LSTM
achieved the best results in terms of mean absolute percentage error
(MAPE) when forecasting internet data consumption, but did not pro-
vide good forecasts in terms of mobile phone card recharges. Costa and
Moreira (2022) use Prophet to model the evolution of 2D regions and
detect outliers on data series. chao Miao et al. (2020) use LSTM, K-
Nearest Neighbor, AdaBoost, and convolutional neural network (CNN)

in terms of their performance when forecasting fog formation. Authors
use data on fog status (i.e., visibility level) to create four datasets
with time series and forecast fog status one, two, three and four hours
ahead. LSTM was the method that achieved the best results in short-
term forecasting. In Chimmula and Zhang (2020) authors achieve a
reasonable accuracy when using LSTM to forecast COVID-19 infections
in Canada.

Ensafi et al. (2022) evaluate the use of several algorithms and net-
works (including Prophet, LSTM, and convolutional networks) in fore-
casting seasonal item sales. Authors conclude that Prophet, LSTM, and
CNNs are some of the solutions that may forecast the sales of furniture
within the acceptable error, but more complex LSTM and convolutional
networks should be evaluated to improve their performance.

In Yunpeng et al. (2017), authors compare the performance of
ARIMA and LSTM in multi-step ahead time series forecasting. Authors
argue that LSTM networks can fit a wider range of data patterns than
ARIMA, achieving higher accuracy, and also requires less modeling
time.

Sharadga et al. (2020) assess the use of classic methods (e.g., ARIMA
and SARIMA) and neural networks (e.g., LSTM and MLP) in forecasting
PV generation on large-scale plants. The authors conclude that neural
networks are more accurate than classic methods but can only be used
to predict the produced power of PV plants one hour ahead otherwise
there is a need for knowing weather parameters, like solar irradiance
measures.

In Zhang et al. (2018), authors use Support Vector Regression (SVR)
modeling to forecast energy consumption in the individual household
with hourly and daily granularity. In Gonzélez-Vidal et al. (2019), au-
thors study energy consumption forecasting using Support Vector Ma-
chines (SVM) and Gaussian Processes. Deb et al. (2017) and Wei et al.
(2019) present reviews on forecasting energy consumption methods.

Xue et al. (2019) compare the performance of SARIMA and CNN-
LSTM on forecasting the inventory for perishable food in a food shop.
They evaluate the use of two meta-heuristics (Particle Swarm Optimi-
sation and Differential Evolution) to tune the design of the CNN-LSTM
network architectures and make these outperform SARIMA. In Livieris
et al. (2020), authors compare the use of CNN-LSTM, LSTM, a feedfor-
ward network, and SVR for forecasting gold price on different horizons.
Authors conclude that the use of CNN together with LSTM increases
the forecasting performance of LSTM. Zaouali et al. (2018) uses LSTM
as part of a home solar power system for predicting solar genera-
tion. Authors show that LSTM outperforms statistical (Auto-Regressive
Integrated Moving Average — ARIMA) and traditional machine learn-
ing (Support Vector Machine — SVM) methods when considering the
prediction cost and performance ensemble.

In Abdulkarim and Engelbrecht (2021), authors use neural networks
trained with particle swarm optimization algorithms in forecasting ten
distinct scenarios, which include sunspot times, airline passengers, wine
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Fig. 3. LSTM network architecture.

sales, and internet traffic. In Hewamalage et al. (2021b), the authors
present a survey on the use of RNN for time series forecasting.

Some years ago, Inman et al. (2013) reviewed solar forecasting
methods for power generation by solar plants. In that work, the au-
thors review a wide number of works that use several methods and
techniques, including regressive methods, Artificial Intelligence-based
techniques, remote sensing models, and numerical weather prediction
models. Authors conclude that artificial neural networks can achieve
good results and are not temporally limited. But at that time, deep
learning-based models were not evaluated. In Gensler et al. (2017),
authors use Deep Belief Networks, AutoEncoders, and LSTM to forecast
energy generation in solar power plants. Authors argue that, in future
work, the using LSTM combined with other networks should be studied
in order to improve forecasting performance.

In van der Meer et al. (2018), the authors review the use of
probabilistic methods to forecast solar power generation and electricity
consumption. The authors argue that specialized models outperform
general models, even though the models have their parameters fine-
tuned. Das et al. (2018) review photovoltaic generation forecasting
methods. Authors analyze statistical and machine-learning models, but
the work does not cover the use of deep models with LSTM and
Convolutional nodes. Still, the authors conclude that machine learning-
based forecasting solutions (using ANNs and SVM) perform well when
predicting energy generation in varying environmental conditions. So-
bri et al. (2018) review several solar photovoltaic power forecasting
methods. The authors conclude that Artificial Intelligence-based meth-
ods achieve better results when compared to statistical approaches.
More recently, Wang et al. (2019) reviewed deep learning-based for
renewable energy generation forecasting. The authors state that estab-
lishing the most appropriate deep learning model for each dataset is
an open challenge. In Torres et al. (2021), a recent survey on using
deep learning for time series forecasting exemplifies using LSTM and
convolutional networks for forecasting in several application areas.

In Zhen et al. (2020), the authors study the use of sky images to cal-
culate surface solar irradiance values to use in ultra-short-term solar PV
generation forecasting. Kong et al. (2020) also study sky image-based
short-term solar forecasting. The authors argue their proposal achieves
good performance, especially on partially cloudy days. Moreira et al.
(2021) describe the use of ANNs and the Design of Experiments (DoE)
approach (i.e., a statistical approach that considers each experimental
run as a test) in PV generation forecasting. The DoE supports the
definition of some ANNs hyperparameters and factors related to the
dataset (e.g., the correlation between climate variables and the number
of points to use). Sangrody et al. (2020) use similarity-based forecasting
models for day-ahead PV generation forecasting. Authors use distinct
models depending on the available weather variables (e.g., tempera-
ture, sky cover, humidity, and wind speed) and evaluate their proposals
using data from solar panels on a commercial building.

In this work, we evaluate using deep convolutional and LSTM net-
works and their combination to forecast photovoltaic energy generation
on several forecasting horizons. We train our models using aggregated
data on historical PV generation by hundreds of household systems in
a region and assess their performance in predicting energy generation
in the entire region and by individual systems.

3. Learning architectures and photovoltaic generation series

To evaluate the use of deep learning in forecasting household
photovoltaic generation data, we use three network architectures over
several series based on real-world data.

3.1. Deep models

We use three neural network architectures: LSTM networks, Convo-
lutional neural networks, and hybrid Convolutional-LSTM networks.

LSTM networks — Fig. 3 presents the base architecture of our
LSTM network. The first hidden layers are based on LSTM units. The
number of layers and the units per layer are some of the hyperparam-
eters that we define experimentally, as described in Section 4.2.

After the LSTM layers, there is a Dropout layer and a flattening.
The Dropout layer is one of the measures we took to prevent overfit-
ting. Dropout is a regularization technique that randomly drops some
neurons during training, which changes the network configuration and
improves generalization during training (thus reducing overfitting).
The flattening changes the dimensionality of data, converting it into a
1-dimension array. Then, there is a set of dense layers composed of fully
connected neurons. The number of neurons per layer and the number
of layers are some of the hyperparameters we experimentally define.

Convolutional network — these networks start with a set of temporal
convolutional layers, as represented in Fig. 4. These are 1D-convolution
layers, each having its own filter and kernel sizes. Then, there is a
Dropout layer (to prevent overfitting) and a flattening. The last block
of layers is composed of fully connected neurons, like in the LSTM
networks.

Convolutional-LSTM (Conv-LSTM) networks — this architecture com-
bines layers from the previous architectures, as represented in Fig. 5.
It starts with a set of convolutional layers, followed by a Dropout layer
and a set of LSTM layers. Then, there is another Dropout layer and a
flattening. Following the flattening, there is a set of dense layers with
fully-connected neurons.

In the proposed base-model architectures, we use the Rectified
Linear Unit (ReLU) as the LSTM layer activation function and the
Parametric Rectified Linear Unit (PReLU) as the activation function for
Convolutional and Dense layers. We use Bayesian Optimization (Pe-
likan et al.,, 1999) to define some layer-dependent hyperparameters
(care is taken to avoid overfitting) and evaluate if the obtained models
may be generalized for other time series.

3.2. Time series on residential photovoltaic generation

The Solar home electricity dataset (Ratnam et al., 2017) was made
available by Ausgrid, an electricity distributor on Australia. Available
data includes the postal code, installed PV generation capacity, PV
production (recorded at each half-hour), and electricity consumption
for each customer from 1 July 2010 to 30 June 2013. The residential
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photovoltaic generation data is referred to as Gross Generation (GG) in
the original dataset.

One issue we want to assess is the use of region-based data in
forecasting. We will evaluate the models’ capability to predict the
values of the entire region. But we will also compare the performance
of models trained with the region-based data in predicting the pho-
tovoltaic generation of individual systems with the one obtained if
we forecast each system’s data generation using models trained with
the system’s historical data. So, we built region-based series with the
aggregated data of the different customers.

Consider that the residential photovoltaic energy generated (V) by
each system s; (1 < i < number of household systems) at a timestamp ¢ is
represented by V(s;,t). The energy generated (V) by the set of systems
S ={s),9,... ,sj}) at a timestamp ¢ is V(S,1) = 2{:1 V(s;,1).

Furthermore, we want to assess the ability of models to make
predictions in terms of several time horizons. Hence, we build new
time series (for each household system and at the region level) by
aggregating data by day and month. Note that by grouping the data
by different time windows, we modify the size of the train and test
datasets. Hence, we have the following time series:

- Si": Residential photovoltaic energy generated at each half hour (1) by
each household s; (s; € S)

St V(s 3)

- Slf’ : Residential photovoltaic energy generated at each day (d) each

household s; (s; € §)

SEV(spd) =Y Vs, 4
ted

- S7": Residential photovoltaic energy generated at each month (m) by

each household s; (s; € S)

ST V(S m) =Y Vs, 1) 5)
tem

- R": Region-level energy generated at each half hour (1)

J
R' V(@)=Y Vst (6)
i=1
- R4: Region-level energy generated at each day (d)
J
ROV =) Y Vst %)
i=1 1ed

- R™: Region-level energy generated at each month (m)
J
R™:V(m)y=Y Y V(s0 ®

i=11€EM

3.3. Performance metrics

There are several performance metrics in the literature, some of
which are more suitable for specific contexts and objectives.
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LSTM network

Time series LSTM layers Units per layer Dropout Dense layers Neurons per layer
R" 3 469;469;338 0.20 1 18
R? 2 650;650 0.15 1 28
RM 4 521;521; 418;335 0.41 1 28

Convolutional network

Time series Conv layers Filters per layer Kernel size Dropout Dense layers Neurons per layer
R" 7 650 at all layers 7 0.15 1 62

RY 2 299;136 9 0.20 1 6

Rh 3 514;57;3 5 0.27 2 77;76

Conv-LSTM network

Time series Conv layers Filters/layer LSTM layers Units/layer Dropout Dense layers Neurons per layer
R" 1 6 1 650 0.15 1 42

R? 4 635;447 314;221 1 6 0.18 1 8

R" 1 14 3 213; 70;23 0.27 3 64;21;6

The Mean Absolute Error (MAE) is the mean of the differences
between two observations of the same phenomenon, which in this
work are the real (observed) and predict values at a certain time.
MAE is calculated as represented in Eq. (9), where n is the number of
predictions, Y are the real (observed) values and Y are the predicted
values.

1 n
MAE = - 3 ¥, Y| ©)
i=1

The Root Mean Square Error (RMSE) is a non-negative metric based
on prediction errors (i.e., residuals). RMSE is computed as the square
root of the mean of squares of errors between real values (Y) and
predicted values ), as represented in Eq. (10).

n
1 52
~ 2 =T
i=1

We use the Normalized Root Mean Square Error (NRMSE) to com-
pare the quality of predictions with different scales. NRMSE is calcu-
lated by dividing the RMSE by the difference between the highest ob-
served value (Y,,,,) and the lowest observed value (Y,,;,), as represented
in Eq. (11).

RMSE = (10)

NRMSE = —RMSE an
(Ymax - Ymin)

All three metrics are non-negative (lower is better) and indifferent
to the direction of errors. When computing MAE, the individual errors
have the same weight, while the RMSE metric is more sensitive to
large errors. We use the RMSE as the control metric in hyperparameter
optimization. NRMSE is a metric more adequate to compare models
that have different scales. Hence, we use the NRMSE metric to compare
the performance of models when forecasting for different forecasting
horizons.

4. Experimental evaluation

We made several experiments to evaluate the performance and gen-
eralization of considered solutions. We implemented the deep models
using Python, Jupyter Notebooks, and Tensorflow (Abadi et al., 2016).
We used Meta’s Prophet implementation in Python as documented
in Meta (2022). Experiments were executed using an NVIDIA GeForce
RTX 2060 GPU.

Fig. 6 presents an overview of our methodology. First, we built the
data series and the training, validation, and testing datasets. Section 4.1
describes such processes. Then, we used Bayesian Optimization and
region-level data to define the models’ hyperparameters, as described
in Section 4.2. Next, we access the use of the Prophet tool and the
deep models to forecast region-level data at distinct time scales. Sec-
tion 4.3 presents the obtained results. The fourth stage of our evaluation

methodology comprises two steps: (a) evaluating the use of models
trained with region-level data to forecast PV generation by individual
systems, and (b) training new models with individual systems’ historical
data and evaluating the performance of such models and Prophet on
forecasting individual systems PV power generation at three forecasting
horizons. Section 4.4 presents the results of such stage.

4.1. Training, validation and testing datasets

We use a subset of the Solar home electricity dataset (Ratnam et al.,
2017) available in Ausgrid (2015) on the residential photovoltaic gen-
eration of 300 customers randomly selected in Sydney, Australia, and
nearby areas. Available data include customers’ postal code, installed
PV generation capacity, and PV production recorded at each half-hour
from 1 July 2010 to 30 June 2013.

The residential photovoltaic generation data is referred to as Gross
Generation (GG) in the original dataset. We used the Gross Generation to
build the region-level R", RY, and R™ series, as described in Section 3.2.
Figs. 7(a) and 7(b) presents the values of the region-level PV generation
series by day (R?) and month (R™), respectively.

We also selected 30 customers to build the series S,.h, SI." ,and S7" for
each customer. Hence, we have three region-level series (with distinct
timescales) and 90 individual household system series (30 for each of
the considered timescales). Selected systems are from different postal
addresses to remove bias related to geographic conditions.

We use data from 2010 to 2012 as training and validation data (75%
of data for training and 25% for validation). We used the algorithms to
estimate the gross generation for the first semester of 2013, i.e., the test
dataset contains data for the first semester of 2013.

4.2. Model configuration and selection of hyperparameters

We used Bayesian Optimization over the region-based data series
to define several hyperparameters of considered models, including the
number of layers, number of neurons per layer, dropout rate, filter size
in each ConvlD layer, and number of units in each LSTM layer.

We split each of the region-level datasets (corresponding to R", R?,
and R” series) into training, validation, and testing. We used Early
Stopping (i.e., model training stops even when a monitored metric has
stopped improving) to avoid overfitting. We monitored the value of the
mean squared error regression loss for the validation data, using 0.001
as the minimum change to qualify as an improvement, and with the
training stopping after ten epochs with no improvement. We also used
dropout layers to avoid overfitting.

Table 1 presents the hyperparameters of the LSTM, Convolutional
and proposed Conv-LSTM models. At all series, the number of LSTM
layers in the LSTM models was higher than the number of LSTM
layers in the corresponding Conv-LSTM models. Also, the number of
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Table 2
Total generation forecasting — Series: R™, R? and R".
Time interval Algorithm/Network architecture ~MAE RMSE NRMSE
Prophet 16730.3 21753.2 0.59
- LSTM 9719.4 12271.3 0.33
Month (R") Convolutional 4737.9 68422  0.19
Conv-LSTM 5517.1 7824.2 0.21
Prophet 487.1 605.2 0.21
LSTM 479.3 599.2 0.21
d
Day (R) Convolutional 4581 5756  0.20
Conv-LSTM 426.0 540.8 0.19
Prophet 43.8 67.8 0.35
LSTM 31.6 38.5 0.19
Half he R"
alf hour (R) Convolutional 4.0 7.0 0.04
Conv-LSTM 29 5.2 0.03

convolutional layers in the Convolutional models was higher than in the
corresponding Conv-LSTM models. Hence, in the Conv-LSTM models,
the learning related to temporal behavior is distributed by specialized
layers of both types (i.e., LSTM and Convolutional). All configurations
contain a small number of dense layers.

4.3. Sydney area photovoltaic generation forecasting

Initially, we used the models to predict the household energy gen-
eration using region-based aggregated data (containing data from all
domestic systems). We executed the predictions 25 times for each
model and time series. Table 2 presents the average values obtained
with each model and using the Prophet tool.

Deep networks performed better than Prophet in all scenarios. In
terms of MAE, the LSTM networks obtained the worst results among
considered deep networks, and the Conv-LSTM networks achieved the
best results. However, in terms of RMSE, convolutional networks got
performance close to the ones of the Conv-LSTM networks, even being
better for the S™ series (which is the series with the lowest number of
points).

Fig. 8 presents the real and foreseen household total energy gener-
ation on a daily basis. Through the analysis of the graphs, it is possible
to verify that the Prophet’s predictions are closer to a trend line than
to the actual values, and the Conv-LSTM network is the one that makes
the predictions that are closest to the actual values.

4.4. Forecasting individual household energy generation

We trained models of each architecture for each system’s series.
Then we used these models to predict the energy generation by each
system. To evaluate the generalization of previously trained models,
we use the models trained with the (region-level) aggregated data to
forecast the values of photovoltaic generation by each of the selected
domestic systems.

Fig. 9 presents the MAE and RMSE obtained when using the deep
models for each forecasting horizon. The figure presents the metrics
when forecasting individual energy generation using the models trained
with the aggregated sets (i.e., R?, R™ and R"), with the ones obtained
when training the models with each system’s data (i.e., S¢, S™ and S").
Each box plot represents the metric computed using the forecasting on
the 30 series built for each time scale and individual system.

The models trained with the series composed of the data aggre-
gated by region showed similar or even better performance than those
obtained by training models with the data of the domestic system
for which they were making the forecasting. Those models obtained
comparatively better results in the LSTM architecture for the series
S and Sl.", which contain energy generation aggregated by month
and every half hour, respectively. The monthly series (S!") contains
relatively few values that reduce the model’s capacity to learn the series
patterns. The SI.” series, on the other hand, contemplates a more erratic
variation for each system due to specific issues and noise that can also
make it difficult for the model to learn data patterns. In both series, the
performance of the Conv-LSTM models proved to be equal or superior
to that of the other models. In both series, the performance of the Conv-
LSTM models proved to be equal or superior to that of the other models.
In the series with aggregated data per day (Sid), the models trained
with each domestic system data performed close to models trained with
region-level aggregated data.

4.5. Discussion

We used the NRMSE to compare the performance that the evaluated
solutions had when predicting in different time scales. Tables 3, 4,
and 5 summarizes the average values of NRMSE for month, day and
half hour prediction horizons respectively. The deep learning models
obtained good results (e.g., 0.03 and 0.04), with higher performance
than the reference forecasting tool in all the evaluated situations.
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Table 3
Normalized RMSE — Data summarized by month (R™ and S}").

Forecasting PV generation
at region level (R*)

Forecasting individual system PV generation (S}) -
training using region-level historical data (R*)

Forecasting individual system PV generation (S}) -
training with each system’s historical data (S;)

Prophet 0.59 -

LSTM 0.33 0.21
Convolutional 0.19 0.23
Conv-LSTM 0.21 0.23

0.56
0.51
0.28
0.28

The use of the Conv-LSTM network in forecasting values of the R”
series leads to the best performance in terms of RMSE of all configu-
rations. This series has the highest number of points among those that
summarize energy generation in the entire region. On the other hand,
the LSTM networks were the ones that had the worst results among
the deep models. The results of the LSTM networks were particularly
inferior to the other networks in the series with few points.

The Convolutional and Conv-LSTM networks obtained very simi-
lar performances in terms of NRMSE, with the Conv-LSTM network
presenting a slightly superior performance in most cases. Both archi-
tectures had little performance difference when comparing the monthly
and daily series. But they got considerably higher performance in the
data series (R" and Sih) for each half-hour (the one with the highest
amount of data).

The models trained with the summarized data at the region level
(R™, R4, and R") reached a good level of generalization. These models
made efficient predictions on series based on data from specific domes-
tic systems, achieving performance close to or even superior to those

obtained using models trained with the historical data of each energy
generation system. The models trained with the data summarized by
region performed well in the forecasts of domestic systems with histor-
ical series where there were erratic and noisy data since noise in data of
individual systems has a lower impact on the region summarized data.

5. Conclusions

The photovoltaic energy generation by domestic systems is relevant
and challenging, as energy generation at the ground level depends
on several factors, like the intensity of luminosity and temperature.
We evaluate the use of deep learning and Prophet in forecasting PV
energy generation at the region-level and by individual systems using
real-world data and considering three timescales.

Overall, convolutional layers better identified the features in time
series than LSTM. The Convolutional and Conv-LSTM networks
achieved the best performance in all timescales when predicting region-
level PV generation. Those also outperformed the other solutions when
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Table 4
Normalized RMSE — Data summarized by day (R? and S¢).
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Forecasting PV generation
at region level (R*)

Forecasting individual system PV generation (S}) -
training using region-level historical data (R*)

Forecasting individual system PV generation (S}) -
training with each system’s historical data (S;)

Prophet 0.21 - 0.23

LSTM 0.21 0.23 0.22

Convolutional 0.20 0.22 0.21

Conv-LSTM 0.19 0.27 0.26
Table 5

Normalized RMSE — Half hour data (R" and S[").

Forecasting PV generation
at region level (R*)

Forecasting individual system PV generation (S}) -
training using region-level historical data (R*)

Forecasting individual system PV generation (S}) -
training with each system’s historical data (S;)

Prophet 0.35 -

LSTM 0.19 0.09
Convolutional 0.04 0.08
Conv-LSTM 0.03 0.07

0.37
0.11
0.08
0.07

training the algorithms with individual systems data and using the
half-hour and month timescales. The highest performance difference
between the methods occurred in half-hour region-level forecasting
when the NRMSE of LSTM was approximately sixfold of the Convolu-
tional and Conv-LSTM networks, and the Prophet’s NRMSE was tenfold
of the best ones. Conv-LSTM was slightly superior to the convolutional
network in most scenarios. Thus, the ensemble use of convolutional and
LSTM layers improved performance but to a limited extent.

The evaluated networks also showed good generalization capacity,
i.e., when forecasting PV generation by individual systems, models
trained with region-level historical data achieved performance similar
(and sometimes even superior) to models trained with each system’s
data.

In future work, we intend to explore the study of model generaliza-
tion and the application of Conv-LSTM networks in other time series
applications related to renewable energies.
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