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Abstract –Studies of the Sun and the Earth’s atmosphere and climate consider solar variability as an
important driver, and its constant monitoring is essential for climate models. Solar total and spectral irra-
diance are among the main relevant parameters. Physical semi-empirical and empirical models have been
developed and made available, and they are crucial for the reconstruction of irradiance during periods of
data failure or their absence. However, ionospheric and climate models would also benefit from solar irra-
diance prediction through prior knowledge of irradiance values hours or days ahead. This paper presents a
neural network-based approach, which uses images of the solar photosphere to extract sunspot and active
region information and thus generate inputs for recurrent neural networks to perform the irradiance predic-
tion. Experiments were performed with two recurrent neural network architectures for short- and long-term
predictions of total and spectral solar irradiance at three wavelengths. The results show good quality of
prediction for total solar irradiance (TSI) and motivate further effort in improving the prediction of each
type of irradiance considered in this work. The results obtained for spectral solar irradiance (SSI) point
out that photosphere images do not have the same influence on the prediction of all wavelengths tested
but encourage the bet on new spectral lines prediction.
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1 Introduction

The total power output of the Sun, which is radiated to
space, the solar luminosity, results from the energy generation
in and transport from the solar interior to its surface (Stein,
2012), and its variability on time scales of days to centuries is
caused by the evolution of the solar magnetic structure
(Solanki et al., 2013). The solar electromagnetic output that
reaches the top of the Earth’s atmosphere is the system’s pri-
mary energy source (Kren et al., 2017), including the neutral
and ionized components of the atmosphere, the oceans, and
the land. Here, we are interested in studying predictive models
of the evolution of the solar electromagnetic output that poten-
tially impacts the Earth’s atmosphere on time scales from days
to weeks.

While it is impossible to measure the luminosity directly with
the current observatories, measurements of total solar irradiance
(TSI) have been available since 1978 (Hickey et al., 1988).

Solar irradiance is defined as the solar radiant energy flux arriving
at the top of the terrestrial atmosphere at a distance of 1 AU1

(Willson et al., 1981). It has the potential to affect the terrestrial
climate and is, therefore, an important parameter in climate
models (Haigh, 2007; Gray et al., 2010; Ermolli et al., 2013;
Solanki et al., 2013; Matthes et al., 2017).

Solar irradiance is absorbed in different layers of the Earth’s
atmosphere, depending on the wavelength. Variations of the
spectral solar irradiance (SSI), which is the solar irradiance at
a given wavelength, potentially drive changes in the upper
atmosphere and ionosphere (Haigh, 2007). Therefore, estimat-
ing the spectrally resolved irradiance is essential to evaluate
the solar impact on global and regional atmospheric patterns.

Direct measurements of the total and spectral solar irradi-
ance have been performed employing instruments onboard
space platforms (Rottman et al., 1993; Fröhlich et al., 1997;
Ermolli et al., 2013; Kopp, 2016; DeLand et al., 2019). How-
ever, discrepancies between measurements collected by various
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1 1 AU (Astronomical Unit) is the average distance between the Sun
and the Earth, outside the Earth’s atmosphere.
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equipment sometimes complicate obtaining long and continuous
data records due to calibration and temporal degradation of the
equipment (Yeo et al., 2014).

Empirical and semi-empirical models have been developed
which rely (fully or partly, respectively) on proxies of the solar
magnetic activity, such as sunspot observations and cosmogenic
isotopes stored in natural records (Krivova et al., 2010; Ball
et al., 2014; Wu et al., 2018). These models allow us to
reconstruct the irradiance from days to the entire Holocene
(Steinhilber et al., 2009; Vieira et al., 2011b). Models can also
be used to fill in missing data.

Although these models can reproduce the TSI/SSI accu-
rately, they have not yet incorporated a predictive capability.
Such capability would be possible if the distribution of magnetic
features on the far-side solar hemisphere were available. Alter-
natively, one can predict the behavior of the variable of interest
using a combination of past values of the variable and other
proxies. The solar irradiance prediction would be important,
for example, for ionospheric models (Nogueira et al., 2015),
to improve their predictive capabilities hours or even days
earlier.

One approach to predict solar irradiance was first proposed
by Vieira et al. (2011a), whose approach was conceptually
inspired by a class of semi-empirical models that employ obser-
vations of the solar surface magnetic field and continuum
images to compute the TSI/SSI (Fligge et al., 1998; Krivova
et al., 2010; Ball et al., 2011; Fontenla et al., 2011). The forecast
of the TSI/SSI is obtained by combining a basic architecture of
a recurrent artificial neural network and a physics-based model.
The resulting neural network was tested in operational condi-
tions as part of the SOTERIA Project at LPC2E/CNRS and
within The Space Weather Program at the Brazilian National
Institute for Space Research. The concept proved to be consis-
tent, but it is still necessary to explore different neural network
architectures and optimization methods.

Our main objective in this work is to extend the workflow
suggested by Vieira et al. (2011a) to predict total and spectral
solar irradiance to a time window from hours to days. We devel-
oped the experiments by performing and training two different
recurrent neural network gated architectures – LSTM (Long
Short-Term Memory) and GRU (Gated Recurrent Unit) – and
the results were compared to the physics-based semi-empirical
SATIRE (Yeo et al., 2014) and empirical EMPIRE (Yeo
et al., 2017) models.

For this work, three wavelengths were chosen for the spec-
tral irradiance prediction: one emission line of hydrogen, the
Lyman-a (121.5 nm), and two helium wavelengths (30.5 nm
and 48.5 nm). The decision to choose these wavelengths was
motivated by the influence of one of them (Lyman-a) on the for-
mation of the ionosphere, the Earth’s ionized layer (Raulin
et al., 2013), and the other two for providing a diagnosis of solar
activity. However, the workflow is designed to accept other
desired wavelengths.

It is worth mentioning that there are some commercial
options for irradiance prediction, such as SOLAR2000, a com-
mercial system with an operational purpose that predicts spectral
solar irradiance, from the X-rays to the infrared wavelengths.
SOLAR2000 uses solar proxies for the estimations in different
time intervals. Its initial version is described by Tobiska et al.
(2000), and it was updated in 2006 by Tobiska & Bouwer
(2006). Herrera et al. (2015) offer another commercial option,

which uses the PMOD and ACRIM TSI composites and relies
on Support Vector Machines Supporting Least Squares to pre-
dict the TSI. The wavelet transform is also employed to analyze
the behavior of the irradiance time series before and after the
large solar minima. This work, however, aims to provide a free
workflow for the scientific community. For this reason, we
developed a workflow in Python, an open and multi-platform
programming language, with the purpose of making it available
to contribute to future research projects that may have an interest
in reusing it partially or totally and to make it as reproducible as
possible. The source code and other resources used in this work
were available in a GitHub repository.2

2 Recurrent neural networks

Recurrent neural networks (RNN) are a type of artificial
neural networks (ANN) with a dynamic behavior during their
training, which considers and explores the existing dependency
between their input instances. This feature is the main difference
between the RNNs and the traditional feed-forward ANNs,
which deals with the inputs independent of each other. In this
recurrent architecture, the output of a neuron (commonly called
“unit”) can be fed back into the unit itself (Goodfellow et al.,
2016). This special feature allows the RNNs to be used in lan-
guage processing problems such as speech recognition, language
modeling, machine translation (Gulli & Pal, 2017), price
monitoring (Pinheiro & Senna, 2017), and time series analysis
in general, cases in which considering the historical context of
the inputs can be an essential differential for the forecast
accuracy.

Besides the traditional matrix of weights used to weight the
inputs of hidden or output neurons on conventional ANNs, the
simple types of RNNs have matrices of weights used exclu-
sively in the processing of the feedback coming from the previ-
ous processing moments.

The recurrent net basic process calculates each recurrent unit
state h in the time instant t, given the input at the same time x(t)

and the unit’s previous state h(t�1), generating the unit’s output
o(t). For this process, three weight matrices are used: U and V as
the input and the output weight matrices, respectively, andW as
the weight matrix applied to the feedback signals (Goodfellow
et al., 2016). Such process’ operations can be formalized as
follows:

h tð Þ ¼ f h t�1ð Þ; x tð Þ� �
; ð1Þ

h tð Þ ¼ tan h Wh t�1ð Þ þ Ux tð Þ� �
; ð2Þ

o tð Þ ¼ Vh tð Þ: ð3Þ
Traditional artificial neural networks, like multilayer perceptrons,
use different versions of backpropagation (Chauvin & Rumel-
hart, 1995) as their training algorithm; some of them are
described in Chauvin & Rumelhart (1995). In the case of RNNs,
the training algorithm normally used is backpropagation through
time (BTT), adapted from the traditional backpropagation,
which can work with the input temporal dependencies for the
backward propagation of errors process.
2 https://github.com/amitamk/siprediction.
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Although the BTT can store inputs already processed in the
past to positively influence the processing of current inputs
towards the desired output, the back-propagated error begins
not to interfere significantly in the weights’ adjustment, bringing
the learning problem of vanishing gradient (Hochreiter, 1998),
which the simplest recurring networks cannot deal with, as con-
firmed in Muralikrishna et al. (2020).

This problem motivated improvements in the basic RNN
algorithm, creating a variation of RNN with a gate structure,
among which the main and most used today are LSTM and
GRU.

2.1 LSTM

LSTM networks, proposed by Hochreiter & Schmidhuber
(1997), are composed of memory units that have an advanced
structure of gates, which “protect” internal processing from dis-
turbances arising from irrelevant inputs and stored irrelevant
memory contents (Hochreiter, 1998). The same structure is also
present in the GRU network but in a more compact form.

The LSTM network can learn long-term dependencies with
more interactions in the recurrent units processing (Hochreiter,
1998). The memory block is the basic unit in the hidden layer
of an LSTM network, composed of one or more memory units
and of gates that control the input and output of these units. The
hidden internal state is computed based on the current input and
the previous state of the neuron, similar to what happens in the
elements of simple RNNs, and the gates are:

Forget Gate f (t): Defines how much of the previous state

h(t � 1) should be allowed to pass through, given by:

f ðtÞ ¼ rðW f h
ðt�1Þ þ Uf xðtÞÞ: ð4Þ

Input Gate i(t): Defines how much of the newly computed
state for the current input x(t) will be let go, given by:

iðtÞ ¼ rðW ih
ðt�1Þ þ UixðtÞÞ: ð5Þ

Output Gate o(t): Defines how much of the internal state h(t�1)

is desired to be exposed for the next layer, given by:

oðtÞ ¼ rðWoh
ðt�1Þ þ UoxðtÞÞ: ð6Þ

These three gate outputs are activated by the sigmoid function,
falling in a range from zero to one. After multiplying the output
by a second vector, the function will define how much of it will
be passed through it.

Internal Hidden State g(t): It is computed based on the cur-
rent entry x(t) and the previous state h(t � 1) of the neuron, using
the function tanh, similar to what happens in the basic RNN’s
unit (Eq. (7)). However, in this case, g(t) will be adjusted by
the input gate output i(t), during the so-called “cell-state” com-
putation, as follows:

gðtÞ ¼ tan h W gh
ðt�1Þ þ UgxðtÞ

� �
: ð7Þ

The cell-state (c(t)) is given by equation (8), in which a combi-
nation is made between the long-term memories and the most

recent ones through the Forgot and the Input gates. This way,
their values are weighted in order to ignore the desired memo-
ries (with value 0) or make them relevant (with value 1), as
follows:

cðtÞ ¼ cðt�1Þ � f ðtÞ� �� gðtÞ � iðtÞ
� �

: ð8Þ

The output h(t) of the neuron is finally calculated as follows, as a
function of c(t), after applying the tanh function to it and then
determining, through the value of the output gate, how much
this output is relevant to such time instant:

hðtÞ ¼ tan hðcðtÞÞ � oðtÞ: ð9Þ

2.2 GRU

It can be considered that the GRU network is a variation of
the LSTM network and very similar to it proposed by Cho et al.
(2014), with the advantage of having a considerably simpler
gates structure than LSTM. A GRU is composed of only two
gates:

� Update zðtÞ, which integrates the LSTM forget and input
gates, which is able to be trained to define how much
of the older information should be kept (Gulli & Pal,
2017), and

� Reset rðtÞ, which is able to be trained to merge the new
information entries with the previous memories (Gulli &
Pal, 2017).

The following equations, given by Gulli & Pal (2017), sum-
marize the computations that take place in GRU cells:

zðtÞ ¼ r W zh
ðt�1Þ þ UzxðtÞ

� �
; ð10Þ

rðtÞ ¼ r W rh
ðt�1Þ þ UrxðtÞ

� �
; ð11Þ

cðtÞ ¼ tan h W c hðt�1Þ � rðtÞ
� �þ UcxðtÞ

� �
; ð12Þ

hðtÞ ¼ zðtÞ � cðtÞ
� �� 1� zðtÞ

� �� hðt�1Þ� �
: ð13Þ

According to some works, like in Jozefowicz et al. (2015),
LSTM and GRU are networks that have shown themselves to
be very similar in terms of performance. In this work, we
try to perform solar irradiance prediction using recurrent neu-
ral networks. Both architectures – LSTM and GRU – will be
tested to determine which will bring better results for the fore-
cast task.

3 Model description

The conditions of the Earth’s upper atmosphere are influ-
enced by solar activity and are sensitive to its high variability
(Vieira et al., 2011a). The prediction of solar irradiance mea-
sured at the top of the Earth’s atmosphere could confirm this
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dependence and help predict the Earth’s atmosphere layers
behavior and provide data for other types of Earth’s climate-
related studies, as mentioned before.

In this work, we intended to perform the total and spectral
solar irradiance prediction procedure developed by Vieira
et al. (2011a), which used the proprietary software Windows
and Matlab. Vieira et al. (2011a) employed a recurrent layer
available in the Matlab neural network toolbox to perform the
near-real-time forecast of solar irradiance (neural network’s out-
put), using as input the solar disk magnetograms and intensity
images. The magnetic structures present in those images were
identified and classified according to the area of the solar disk
covered by them. The position of the structures identified in
the solar disk was also considered for the neural network’s input
data preparation.

We aimed to replicate Vieira et al. (2011a)’s approach but
used free software, as the first step of the future aim of making
the irradiance prediction workflow reproducible. In other words,
we are working to create a procedure that can be re-executed by
another researcher or research group without the dependence on
any acquisition of resources but using only free software.

Reproducibility is a feature increasingly expected in scien-
tific papers nowadays since it brings, foremost, transparency
and credibility to scientific work (McNutt, 2014). However, at
the same time, when we look for a definition of what a repro-
ducible work is or how it can be measured, we can find different
contexts, which may vary according to the discipline or the type
of research (Li et al., 2011; Aarts et al., 2015; Fidler & Wilcox,
2021). In the context of computational works, which this work
fits into, the definition is given by Rougier et al. (2017): “Repro-
ducing the result of a computation means running the same soft-
ware on the same input data and obtaining the same results.” is
the one we have chosen that best fits our goal of making the
work available so that it can not be reproduced only, but also
be reused with other data or with other techniques, for instance.

The next subsections describe the input and output data used
in the workflow and the flow’s steps until the prediction task.

3.1 Data

Different instruments and missions collected the data used
in this work. Solar photosphere image data sets were collected

Fig. 1. Top: continuum image with sunspots (a), and magnetogram with active regions (b), both registered at the same time (6:00 AM) on
9 November 2011 by HMI/SDO. Bottom: results of running the workflow initial step on the images shown at the top, with umbra and penumbra
regions (c) and active regions with different dimensions (d) identified.
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by HMI (Helioseismic and Magnetic Imager) instrument aboard
the SDO3 (Solar Dynamics Observatory) mission, and TSI mea-
sures were collected by the instrument TIM (Total Irradiance
Monitor) aboard the SORCE4 (Solar Radiation and Climate
Experiment) mission. The hydrogen Lyman-a line (at
121.5 nm) and the 30.5 nm wavelength were collected by the
instrument SOLSTICE (Solar Stellar Irradiance Comparison
Experiment) aboard the SORCE, and the wavelength
(48.5 nm) was collected by EVE (Extreme Ultraviolet Variabil-
ity Experiment), an SDO equipment.

All data were free downloaded from two different reposito-
ries: the photosphere images are available on the JSOC (Joint
Science Operations Center) data products5 database, and the
irradiance data are made available on the LISIRD6 (LASP Inter-
active Solar Irradiance Data Center) platform, hosted on the
LASP (Laboratory for Atmospheric and Space Physics)
website.

The solar photosphere images used were 1024 � 1024 pix-
els 1K resolution magnetograms (with the suffix M_1k.jpg) and
continuum images (with the suffix Ic_flat_1k.jpg). The top
images of Figure 1 are an example of both, recorded in the same
instant of time: 6:00 AM on 2011, November 9th, and the
images above are the results of the upper images after executing
the identifying step of the workflow (this step is indicated in
Figure 2). The magnetogram (Fig. 1b) allows the visualization
of active regions with light and dark zones, which represent

the opposite polarities of the magnetic field in those places;
and the continuous image (Fig. 1a) shows the sunspots, formed
by regions of umbra (in the center) and penumbra (around the
umbra region).

3.2 Workflow steps

The workflow can be briefly described as loading solar pho-
tosphere images, identifying disturbed regions, classifying them
according to their size and the locality where they appear in the
solar disk, and then preparing those partial results to be used as
input data to the chosen forecasting technique (Vieira et al.,
2011a). The original algorithms were maintained but were
rewritten in Python programming language and started to be
rearranged to provide a modular structured workflow. The mod-
ular structure can be thought of as a structure that allows each
workflow’s task to be executed independently and thus is
exchanged for other task options that use other algorithms,
methods, or techniques.

The workflow’s steps are summarized in Figure 2 and, in
more detail, consist of:

1. Downloading the magnetograms and continuum images;

2. Identifying and delimiting the solar disk region;

3. Creating a mask to split the solar disk into eleven rings
(circumferences) from the disk’s center to its edge;

4. Processing the magnetogram: within the solar disk region,
identifying connected subregions (active regions), label-
ing each subregion by its area sizes;

5. Processing the continuum image: identifying the dark pix-
els subregions and labeling them into penumbra (less
dark) and umbra (darker);

Fig. 2. Workflow for processing the solar images and predicting solar irradiance.

3 SDO webpage: https://sdo.gsfc.nasa.gov/mission/, accessed on
April 2021.
4 SORCE webpage: http://lasp.colorado.edu/home/sorce/, accessed
on April 2021.
5 JSOC webpage: http://jsoc.stanford.edu/data/hmi/images/, ac-
cessed on April 2021.
6 LISIRD webpage: https://lasp.colorado.edu/lisird/, accessed on
April 2021.
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6. Joining the labeled matrices of the magnetogram and the
continuous image into a single matrix, with six types of
structures – four size categories of active regions struc-
tures, the penumbra structure and the umbra structure;

7. For each of the six labels:

(a) Computing the label’s relative frequency based on the
total amount of pixels in the solar disk;

(b) Computing that label’s relative frequency in each of
the regions formed by the disk’s eleven rings, based
on the total number of pixels in the image;

8. Saving the resulted array, with dimension 6 � 11, consid-
ering a sum of areas of each of the six classes within each
of the eleven rings;

9. Reading the irradiance data file and selecting the data
according to the chosen irradiance type;

10. Choosing the labels and rings that will be considered for
use as input to the RNNs. In this step, the first two classes
of regions – small and medium – and the last outer ring of
the disk are discarded since it is considered that they may

bring information not relevant to the prediction. This
resulted in a N � 40 matrix (four classes into 10 rings),
where N is the number of images processed;

11. Preparing the input matrices, considering the predicting
intervals;

12. Preparing the net’s hyperparameters;

13. Training, validating and testing, and

14. Displaying and saving the results.

Figure 3 is a set of plots for two months of the training data set,
where the six top plots show the number of pixels labeled as
active regions with different sizes – small, medium1 (or “med-
ium-small”), medium2 (or “medium-large”), and large – in the
magnetograms, and as sunspots umbra and penumbra regions in
the continuum images. The following four plots below show
TSI and SSI for the same time frame.

Considering the combinations of six classes of regions – of
which four represent different sizes of active regions, one repre-
sents umbra regions, and the last represents penumbra regions –
and eleven solar disk rings, we should have 66 parameters for
each input instance. But, the solar disk’s most outer ring could

Fig. 3. Part of the training data set: amount of pixels for active regions, umbra and penumbra, TSI and SSI variation, measured in November
and December 2011.
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present distorted pixels as it is near the disk edge. Besides that,
the original procedure considered that the two smaller classes of
regions have no significant influence on the solar activity sce-
nario, specially for this work. Taking this into consideration,
the classification step returns a 4 � 10 numerical matrix. Those
values are the total areas of the combination of active regions
and sunspots classified in four different sizes in ten different
regions (rings) of the solar disk. Therefore, at last, as the final
workflow step, for each pair of solar images representing a sin-
gle instant of time, forty parameters were generated to be pre-
sented as input to the network. These inputs were used to
predict a single irradiance value hours or days ahead.

4 Experiments and results

Once the workflow had been developed, it was possible to
perform different prediction experiments, varying the input
and output data for this study. This section will describe the
experiments performed and present their main results.

RNNs, like traditional neural networks, compare real data to
the values calculated (predicted) by the network in the output to
adjust the internal weights and repeat the processes until the
error between real and predicted is acceptable. To do so, they
go through three phases: training and validation, which are used
to seek convergence, and testing, which allows the network’s
performance to be evaluated for another still unknown data set.

4.1 Data intervals and resolution

The experiments started with defining the temporal resolu-
tion of the data and the data periods used during the networks’
training, validation, and testing phases. The workflow input
images were used at 6 h resolution, while the SSI and TSI series
were used in two different resolutions: for TSI, the resolution
was of 6 h for all the experiments, and for SSI, the single res-
olution was of one day (daily average).

The data sets’ (Figure 4) periods were chosen mainly, taking
into consideration their continuous availability to avoid large
failure periods, both in the input images and in the time series
used in the output, thus also avoiding the need for large interpo-
lations. In the output data, interpolations were used only to fill a
maximum of four consecutive time instants of failure. On the
other hand, missing images were replaced with 15-minute reso-
lution images of up to 3 h back and forward. However, image
replacements and data interpolations were required for less than
0.5% of the data.

A time window around the last solar cycle (24th) maxima
was chosen, which is composed of sets between 2011 and
2014. Figure 4 shows those data sets and what purpose each
one was used for: to train and validate or test the recurrent net-
work models.

At least two data sets were used in all experiments: a
continuous or merged data set split randomly into training and
validation sets and another set separated exclusively for the test
step. The networks’ performance was initially analyzed by

Fig. 4. Data intervals used for the RNNs training, validation and test steps, considering the period near the 24th solar cycle maxima.
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looking at the validation loss, which uses an unknown set, but
which is used during training in the cross-validation process to
evaluate whether the weights’ adjustment is going in the direc-
tion of the smallest loss but avoiding the over-fitting problem.

4.2 Loss and accuracy metrics and the networks’
hyperparameters

On the task of comparing the networks’ performance, it is
important to define some functions used during the training step
to calculate the loss in each step or optimize the networks’ fit-
ting process.

The loss function is used to compare the network processed
values with the real values desired in the output layer, for each
input sample, in each iteration. A frequently used loss function
is the mean squared error (MSE), which was chosen to be
adopted in this work to measure the LSTM and GRU perfor-
mance internally during training and validation steps. MSE is
given by:

MSE ¼ 1
n

Xn

i¼1

yi � ŷið Þ2; ð14Þ

where n is the training set size (or test set size, when used to
evaluate the prediction), yi is the real and desired output value
for the ith sample, and ŷi is the network predicted output value
for sample i. The decision to use MSE as the loss function
resulted from the experiments performed to define the hyper-
parameters, also explained later in this subsection.

To evaluate the prediction quality, in the test step, we ini-
tially chose to compare four different measurements, two of
them to measure accuracy (the level of correctness) and the
other two to measure the average loss rate in the predictions
in which we also included MSE, that was chosen because it
punishes the predicted values that are more distant from the real
values.

The accuracy measurements were the well-known correla-
tion coefficient (denoted as R) and the coefficient of determina-
tion (denoted as R2), which indicates a good fit. R2 is a
percentage measure of how well the unseen test samples are
likely to be predicted by the model (Pedregosa et al., 2011) used
to analyze how much the values of the predicted variable can be
dependent on the variation of the real variable; that is, it is used
to measure the concordance of the predicted values to the real
value. This metric can be estimated as follows:

R2 ¼ 1�
Pn
i¼1

ðyi � ŷiÞ2

Pn
i¼1

ðyi � �yÞ2
; ð15Þ

where ŷi is the predicted value of the ith sample, yi is the cor-
responding real value, and �y is the real set mean value, given
by:

�y ¼ 1
n

Xn

i¼1

yi: ð16Þ

The other loss function, besides the MSE, was the Mean Abso-
lute Percentage Error (MAPE), a forecast model loss measure
that provides, through a percentage value, a relative perspective
of the test loss. MAPE is given by:

MAPE ¼ 1
2

Xn

i¼1

yi � ŷi
yi

����
����; ð17Þ

where yi is the real value, and ŷi is the predicted value.
The other relevant function that had to be chosen for the

experiments was the optimizer function, which works with the
backpropagation technique in a seek to achieve the minimum
loss and the best fitting weights. The basic optimizer technique
the backpropagation commonly uses is the gradient descent
function, which can be represented in two versions: the one that
uses the stochastic gradient descent (SGD) function (Bottou,
2012), and the other that uses the adaptive moment estimation
(ADAM) (Kingma & Ba, 2017). The ADAM function is
derived from SGD, and the main difference between them is
how they treat the learning rate: while SGD uses only a single
learning rate for all features present in the chosen data set within
a batch, ADAM adapts the learning rate to each feature. Once
this work uses forty input features, we concluded that the
ADAM optimizer would be the best alternative initially to train
the LSTM and GRU networks.

Different values for the hyperparameters were tested to tune
the RNNs, keeping fixed only the number of recurrent layers as
one in all experiments. The values of the hyperparameters were
varied in different combinations until we got a set that provided
an acceptable performance. Figure 5 shows one of these exper-
iments regarding the variation of the hidden unit on an LSTM
network to TSI 6 h forecast. For this case, the best value of hid-
den units was 35, but the hidden units optimal value varied
among the different networks, in the range of 25–35 units.
Despite this variation, we chose to use a unique value of hidden
units for all experiments to standardize the hyperparameters and
make the comparison between the experiments more
meaningful.

In the same way that the experiment varying the hidden unit
number was carried out, other experiments aimed at tuning the
network parameters were performed, such as varying: the batch
size, the number of training epochs, and the use of dropout rate,
among others. Finally, these experiments contributed to defining
the values that gave a better performance to the networks.
Table 1 lists the main hyperparameters that were fixed for the
experiments that followed, where the Train/Validation ratio
represents the split rates used to split the data sets for the train-
ing and the validation steps, and the Batch rate refers to the data
set percentage used as the batch number.

4.3 LSTM vs. GRU

Initially, the experiments tested the two recurrent architec-
tures – LSTM and GRU – to predict TSI and SSI hours or days
ahead. The TSI experiments focused on training LSTM and
GRU networks for six hours to three days forecasts (Fig. 6).
For each of the six networks, we have done a set of 20 training
processes.

In a similar way to the TSI experiments, the SSI experi-
ments were initially directed to compare both RNNs architec-
tures for one to three days of prediction (Figure 7). Even
though the forecasts loss of the three wavelengths were reached
at different scales, it can be seen that, as with the TSI experi-
ment, the SSI experiment also shows that the performance of
the networks decreases as the forecast interval increases, as
would be expected of a forecasting system.
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Those results confirm that the two architectures do not differ
significantly in their performance in most cases. Looking at TSI
and SSI forecast experiments, the one with 48.5 nm showed that
the GRU network, exceptionally, in this case, performed slightly
better than LSTM, but still with an intersection between the
most extreme results. However, in the other cases, we can see
a very similar performance of the two architectures, with LSTM
bringing slightly better results than GRU in most of the results.

4.4 TSI prediction

Considering that a single network was trained each time
interval of prediction and for each architecture, a total of 30 net-
works were trained. As there are many results, in this section,
we will present only some of them obtained by comparing
the real values and the values predicted by the networks.

Figures 8–10 show the TSI 6 h prediction performance
obtained from the GRU network. The first one (Fig. 8) presents
on the left the training and validation curves reaching the

convergence before the first 50 epochs, and on the right, there
are the scatter plots of the training and validation sets con-
fronted with the predicted values for them. Figures 9 and 10
show the prediction of the same network for two different test
data sets.

Looking at the results obtained for the TSI forecast 6 h
ahead with GRU leads us to believe that they are promising,
and the forecast for the two test sets confirms the good forecast
quality. The tests for each time interval – 6, 12, 18, 24, 48, and
72 h ahead – were performed using the two recurrent network
architectures and for the two test sets. But since both GRU
and LSTM showed similar performances, only the results for
one of the networks will be presented. The two test sets
also showed similar quality results. Therefore, the tests that will
be shown are only for the data set from April 25 to July 15,
2013.

Figures 11 and 12 present the TSI forecast for 12 and 18 h
ahead. And Figures 13, 14, and 15 present the forecast for the
other time intervals: 1, 2, and 3 days.

Fig. 5. Hidden units number variation in an LSTM experiment for TSI 6 h forecast.

Table 1. Hyperparameters used in RNNs.

Hyperparameter Value Hyperparameter Value

Input features 40 Output layer activation linear
Output size 1 Training loss function MSE
Train/validation ratio (%) 80/20 Training optimizer ADAM
Hidden units 35 Batch rate (%) 5
Hidden layers 1 Dropout rate (%) 0
Hidden layer activation relu Epochs 100
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As expected and observed by Vieira et al. (2011a), the qual-
ity of the forecasts gets worse as the interval increases. The
graphs of the forecasts up to 24 h still present a spread with a
pattern closer to those of 6–18 h, while those of two and three
days present a lower quality than the other time intervals. The
values presented in Table 2 show numerically the quality of
these results.

4.5 SSI prediction

The SSI prediction tests followed the same format as those
performed with TSI: the two network architectures were tested,
and two sets of tests were used to confirm the prediction quality.
The similarity between the two gate architectures was also
confirmed in these experiments, and both sets of tests showed

Fig. 6. LSTM and GRU Performance Comparison: experiment for 6–72 h TSI forecasts.

Fig. 7. LSTM and GRU Performance Comparison: experiment for the three wavelengths of SSI, 1–3 days forecasts.
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similar quality as well. Therefore, only the results for one archi-
tecture and one of the test sets will be presented, for the period
from December 15, 2012, to April 23, 2013. The prediction was
performed one, two, and three days ahead. Initially, Figures 16–
18 present the three prediction intervals for 30.5 nm.

For 30.5 nm, the one-day forecast results appear satisfac-
tory, although they did not achieve accuracy similar to TSI’s.
Visually, there is only a small deterioration from the one-day
to the two-day forecast. The three-day forecast is of poor qual-
ity, especially for the smaller irradiance values. The two- and
three-day forecasts seem to present a rightward shift.

The predictions for 48.5 nm, presented in Figures 19–21,
did not show to be promising for any of the time intervals. This
suggests that this wavelength may have a relevant influence on
some other specific parameter in its variability. The low irradi-
ance values for this wavelength were the worst predicted values.

Among the three wavelengths, the Lyman-a was the one
with the best prediction results, as we can observe through
Figures 22–24. Its one-day prediction achieved similar accuracy
to the TSI one-day prediction. As for the other wavelengths, the
lowest irradiance values of this line showed the worst prediction
quality.

Fig. 9. GRU 6 h forecast performance for TSI from 2013/4/25 to 2013/7/15.

Fig. 8. GRU 6 h forecast training and validation performance for TSI.
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4.6 RNN prediction and reconstruction with physical
models

In the last group of experiments, the RNNs TSI and SSI pre-
dictions were compared to the SATIRE (Yeo et al., 2014) and
EMPIRE (Yeo et al., 2017) reconstructions. For SSI, only the
emission line for Lyman-a was found in the database from
where SATIRE and EMPIRE data were downloaded: the

Max Planck Institute for Solar System Research7 webpage, so
we chose to compare only this emission line results with the
physical models.

Although we are making the comparison between the values
estimated by physical models and the measurements taken by

Fig. 10. GRU 6 h forecast performance for TSI from 2012/11/20 to 2012/12/18.

Fig. 11. LSTM 12 h forecast performance for TSI from 2013/4/25 to 2013/7/15.

7 Max Planck Institute webpage: http://www2.mps.mpg.de/pro-
jects/sun-climate/data.html, accessed on April 2021.
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collection instruments, it is important to make it clear that these
series follow their own baselines. Therefore, this comparison is
not intended to evaluate the overlap of the physical model
curves with those of the measuring instruments (called “real”
in this work) or the prediction curves. One of the objectives
of this section is to show that the variation of the physical mod-
els is much closer to the variation of the “real” values and that

neural networks, even if they do not follow this variation
exactly, are able to achieve a good prediction accuracy.

In order to display more tangible values obtained as results
of the predictions, Tables 2 and 3 show loss and accuracy mean
values, over twenty training processes each, obtained for TSI
and SSI prediction for the two RNN architectures. The tables
also show the same metrics applied to the physical models for

Fig. 13. LSTM 24 h forecast performance for TSI from 2013/4/25 to 2013/7/15.

Fig. 12. LSTM 18 h forecast performance for TSI from 2013/4/25 to 2013/7/15.
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the same data period. In the sequence, in Figure 26 and
Figure 25, there are two comparative plots from those experi-
ments providing a graphical visualization of the predictions
beside the reconstructions.

Looking at Table 2 and doing a joint analysis of perfor-
mance metrics of the four models, we can see that the RNNs
had good performance in short-term forecasts and performed

worse as the forecast interval increased, as expected. Analyzing
the loss metrics, we notice that the RNNs have smaller values
than the physical models. One assumption for this result is that
the networks’ predicted values are not so far from the real val-
ues even though the correlation is often lower, while even
though the physical model curves are well correlated to the real
values, sometimes they shift up or down considerably from the

Fig. 14. LSTM 48 h forecast performance for TSI from 2013/4/25 to 2013/7/15.

Fig. 15. LSTM 72 h forecast performance for TSI from 2013/4/25 to 2013/7/15.
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Table 2. RNNs performance for TSI prediction (mean values), and the same metrics applied to physical models’ (SATIRE and EMPIRE) daily
reconstructed values. This performance was obtained for the test period of 2012/11/20 to 2012/12/18.

LSTM GRU

MSE APE (%) R2 (%) R (%) MSE MAPE (%) R2 (%) R (%)

Six hours 0.005 0.004 89.9 97.5 0.005 0.004 89.5 97.0
Twelve hours 0.006 0.005 87.8 95.9 0.006 0.005 87.4 95.8
Eighteen hours 0.009 0.006 82.3 93.3 0.009 0.006 82.2 93.2
One day 0.010 0.006 78.9 91.2 0.012 0.007 76.7 90.2
Two days 0.022 0.009 57.4 80.9 0.020 0.009 61.1 81.2
Three days 0.026 0.010 53.0 76.8 0.024 0.010 54.9 76.4
SATIRE 0.06 0.018 �25.4 99.2 0.06 0.018 �25.4 99.2
EMPIRE 0.03 0.011 36.5 90.3 0.03 0.011 36.5 90.3

Table 3. RNNs performance for SSI prediction (mean loss and mean accuracy), and the same metrics applied to physical models’ (SATIRE and
EMPIRE) daily reconstructed Lyman-a values. This performance was obtained for the test period of 2012/12/15 to 2013/4/23.

LSTM GRU

MSE MAPE (%) R2 (%) R (%) MSE MAPE (%) R2 (%) R (%)

30.5 nm 1 day 1.7e–10 2.0 62.3 86.1 1.5e–10 1.9 67.4 87.4
30.5 nm 2 days 2.2e–10 2.4 51.6 80.8 2.2e–10 2.4 52.0 81.1
30.5 nm 3 days 3.6e–10 3.0 22.4 68.8 3.4e–10 2.9 27.9 69.0
48.5 nm 1 day 4.2e–13 4.2 42.8 84.8 4.0e–13 4.2 45.7 83.8
48.5 nm 2 days 5.9e–13 5.2 20.8 76.3 5.7e–13 5.0 23.8 76.6
48.5 nm 3 days 7.1e–13 5.8 4.9 65.1 7.5e–13 5.9 �0.5 65.7
Lyman-a 1 days 1.9e–08 1.5 83.2 93.1 2.1e–08 1.6 82.3 92.8
Lyman-a 2 days 3.7e–08 2.2 68.4 84.9 4.1e–08 2.3 65.0 84.4
Lyman-a 3 days 6.6e–08 2.9 43.4 73.3 6.3e–08 2.9 46.0 72.6
SATIRE (Lyman-a) 4.3e–08 2.4 63.5 97.5 4.3e–08 2.4 63.5 97.5
EMPIRE (Lyman-a) 1.2e–07 4.4 0.05 98.3 1.2e–07 4.4 0.05 98.3

Fig. 16. LSTM one day prediction for 30.5 nm from 2012/12/15 to 2013/4/23.
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real curve. This behavior is ratified by the R2 values, which indi-
cate the quality of the fitting between real values and the esti-
mated ones, showed in Figure 25. R2 values have shown
themselves to be considerably higher on RNNs’ predictions

when compared to the physical models. Therefore, it can be
seen that the prediction results offered by the RNNs for time
intervals of up to one day are close to the accuracy offered
by the reconstruction models.

Fig. 17. LSTM two days prediction for 30.5 nm from 2012/12/15 to 2013/4/23.

Fig. 18. LSTM three days prediction for 30.5 nm from 2012/12/15 to 2013/4/23.
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Before we analyze the SSI prediction results (in Table 3), it
is important to consider that the MSE values can only be com-
pared between the three prediction intervals of the same wave-
length since each line varies in a different range. The other
metrics follow the same comparison criteria.

The 30.5 nm wavelength results show a reasonable accuracy
for the one-day forecast, with MAPE percentage error even
slightly lower than those of the physical models, despite repre-
senting distinct wavelengths. The two and three days forecasts
followed the worsening already expected and observed in all

Fig. 19. LSTM one day prediction for 48.5 nm from 2012/12/15 to 2013/4/23.

Fig. 20. LSTM two days prediction for 48.5 nm from 2012/12/15 to 2013/4/23.
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cases when increasing the forecast interval. The other helium
line (48.5 nm) showed much lower results for all three intervals.

Since the focus of this work is not the training process
improvement for each of the networks individually, the sugges-
tion for future works is an individual training approach for each

of the wavelengths. The initial bet could be on varying the hyper-
parameters and, if necessary, varying the validation and training
data sets in an effort to achieve convergence in training, avoiding
local minima – a problem also present in some of this work net-
works’ training – and then obtain better prediction results.

Fig. 21. LSTM three days prediction for 48.5 nm from 2012/12/15 to 2013/4/23.

Fig. 22. LSTM one days prediction for the spectral line 121.5 nm from 2012/12/15 to 2013/4/23.
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Regarding the Lyman-a results, it was observed that the
errors and fitting metrics of our model are very close to those
of the physical models and even better than them in the case
of the one and two-days forecasts. However, the correlation

values are lower than those of the physical models, repeating
the profile of other results previously argued. Figure 26 shows
the RNNs’ and physical models’ estimations comparison for
Lyman-a.

Fig. 23. LSTM two days prediction for the spectral line 121.5 nm from 2012/12/15 to 2013/4/23.

Fig. 24. LSTM three days prediction for the spectral line 121.5 nm from 2012/12/15 to 2013/4/23.

A. Muralikrishna et al.: J. Space Weather Space Clim. 2022, 12, 19

Page 19 of 23



Fig. 25. TSI 1 day prediction using GRU vs. physical models reconstructions.

Fig. 26. Lyman-a 1 day prediction using LSTM vs. physical models reconstructions.
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5 Conclusions

Recurrent networks have generally shown themselves to be
a good option for predicting total and spectral solar irradiance
experiments. The results encourage more specific experiments
focusing, for example, on TSI or some specific spectra or short/-
long-term predictions, depending on the research being
conducted.

The main conclusions made during this work were:

1. None of the two recurrent networks used can be high-
lighted as presenting better results since the differences
between their results were, in general, slight;

2. As expected, short-term forecasts offered higher accuracy
than long-term forecasts. This does not exclude the possi-
bility of good long-term prediction, but this requires
adjustments of network hyperparameters and training con-
ditions (training data sets, for instance) which would bring
better results for larger prediction intervals;

3. While correlations with TSI and Lyman-a are equal to or
lower than for reconstructions, recurrent networks can
offer a very similar estimation accuracy for TSI and
Lyman-a forecasts up to one day ahead, with the advan-
tage of predicting these quantities in advance.

It is important to emphasize that in this approach, we chose
to perform experiments with the same data sets and hyperpa-
rameters for each of the 30 trained networks to compare results,
as it was not feasible for this paper to adjust each network indi-
vidually. However, we believe that more specific experiments
with one of the networks, or a subset of them, can bring signif-
icant improvements to the results, especially in the cases where
the network did not achieve convergence when trained.

5.1 Future work

Numerous possibilities can be derived from this work. Some
of them that we can mention are:

1. This work focused on reproducing the original workflow
steps without considering modifications to the original
algorithms and their strategies. The first suggestion for
future work is an experimental work that focuses on pro-
cess optimization, starting by analyzing the need of
changing, editing, or adding steps to the original version
of the workflow.

2. Since this work dealt with many networks (30 in total), it
would be ideal, but it was not feasible to configure each
network exclusively. It is then suggested that the network
of interest should be improved before using it in a forecast
system in order to tune it, configure it with the hyperpa-
rameters that offer better performance, and training it to
offer a better generalization for the period in which it is
desired to be activated, if necessary.

3. We also suggest taking more varied and larger data peri-
ods that cover, for example, different phases of the solar
cycle and different cycles. However, for this, it is neces-
sary to treat the existing lack of measured data adequately.

4. Future works can also consider new strategies to pre-pro-
cess the input images. One option would be to use another
model of solar disk split or another way of weighting sun-
spots and active regions in different regions of the solar
disk by distinguishing, for example, the equatorial region
from the polar ones.

5. Simultaneously, it would be interesting to follow the good
data science practices starting with the exploratory data
analysis that would precede the forecast and then choos-
ing the more influential input features after knowing, sta-
tistically, the relationship between each feature and the
observed output value.

To contribute to the reproducibility of this work, the
resources – consisting of data, computer codes, notebooks,
and other relevant files used in this work – were made available
at a Github8 repository of the first author.
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