
Journal of the Korean Astronomical Society https://doi.org/10.5303/JKAS.2020.53.6.139

53: 139∼ 147, 2020 December pISSN: 1225-4614 · eISSN: 2288-890X

Published under Creative Commons license CC BY-SA 4.0 http://jkas.kas.org

SUNSPOT AREA PREDICTION BASED ON COMPLEMENTARY ENSEMBLE
EMPIRICAL MODE DECOMPOSITION AND EXTREME LEARNING MACHINE

Lingling Peng

School of Artificial Intelligence, Chongqing University of Arts and Sciences, Chongqing, China;
penglinglling@dingtalk.com

Received July 19, 2020; accepted November 5, 2020

Abstract: The sunspot area is a critical physical quantity for assessing the solar activity level; forecasts of
the sunspot area are of great importance for studies of the solar activity and space weather. We developed
an innovative hybrid model prediction method by integrating the complementary ensemble empirical mode
decomposition (CEEMD) and extreme learning machine (ELM). The time series is first decomposed into
intrinsic mode functions (IMFs) with different frequencies by CEEMD; these IMFs can be divided into
three groups, a high-frequency group, a low-frequency group, and a trend group. The ELM forecasting
models are established to forecast the three groups separately. The final forecast results are obtained by
summing up the forecast values of each group. The proposed hybrid model is applied to the smoothed
monthly mean sunspot area archived at NASA’s Marshall Space Flight Center (MSFC). We find a mean
absolute percentage error (MAPE) and a root mean square error (RMSE) of 1.80% and 9.75, respectively,
which indicates that: (1) for the CEEMD-ELM model, the predicted sunspot area is in good agreement
with the observed one; (2) the proposed model outperforms previous approaches in terms of prediction
accuracy and operational efficiency.
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1. INTRODUCTION

Solar activity is the generic term for all kinds of phys-
ical processes in the solar atmosphere. The enhance-
ment of electromagnetic radiation and high energy par-
ticles caused by an increase of the solar activity can
affect many areas of national defense as well as eco-
nomic and social infrastructure, such as aerospace, com-
munications, electricity, geophysical exploration, navi-
gation, weather, and hydrology (Hathaway 2015; Pala
& Atici 2019; Chae & Kim 2017; Bhowmik & Nandy
2018). Therefore, accurate solar activity forecasting is
essential for risk analysis and synthetic decision making
related to the space environment.

The solar activity prediction can be mainly classi-
fied into three categories: (1) dynamo model (Kuzanyan
et al. 2019; Alejandro et al. 2018; Labonville et al. 2019);
(2) precursor method (Dean & Schatten 2018; Miao et
al. 2020; Hamid & Marzouk 2018); and (3) time se-
ries forecasting. The most commonly used time series
forecasting methods include statistical models and hy-
brid models, which operate on time series of the so-
lar activity level. Statistical models are mainly regres-
sion models (Chae & Kim 2017; Lee et al. 2007; Abdel-
Rahman & Marzouk 2018), spectrum analysis methods
(Sukharev et al. 2016; Donskikh et al. 2016), gray mod-
els (Tang 2015), and artificial intelligence (AI) models
(Liu et al. 2019; Jeong et al. 2014; Covas et al. 2019).
Hybrid models are aimed at improving forecast perfor-
mance by combining several algorithms. The combina-
tion of empirical mode decomposition (EMD) and var-
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ious artificial intelligence algorithms is the most popu-
lar approach. EMD, also known as the Hilbert-Huang
transformation (HHT) (Huang et al. 1998), a technique
which disassembles an original signal into a set of intrin-
sic mode functions (IMFs) with different time scales to
reduce the influence of nonlinearity and instability of
the initial data set, has been successfully applied to so-
lar activity and other time series prediction. The EMD
family includes ensemble empirical mode decomposition
(EEMD), complementary ensemble empirical mode de-
composition (CEEMD), and other improved algorithms
that can handle complex nonlinear, non-stationarity
time series. Li et al. (2018) conducted a rolling model
based on EMD and an artificial neural network (ANN)
to predict the solar radiation level and showed that this
hybrid model can be used to capture the key character-
istics of the daily solar radiation in the following year.
Li & Wang (2017) applied CEEMD and a wavelet neu-
ral network (WNN) to predict sunspots time series with
higher prediction accuracy and smaller error, in com-
parison to a back propagation neural network (BPNN),
WNN, a EMD and WNN hybrid model, and a EEMD
and WNN hybrid model. Gong et al. (2014) designed a
novel method to predict a smooth sunspot number se-
quence by combining EMD and a fuzzy support vector
machine (SVM), which adapted well to noisy time se-
ries signals with isolated points compared to BPNN and
the traditional SVM prediction method. Yadav et al.
(2020) demonstrated that the forecasting method based
on EMD and BPNN is better than existing forecasting
methods in predicting solar panel photovoltaic power
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Figure 1. Topological structure of the extreme learning ma-
chine.

time series accurately.
Sunspot number (Cho et al. 2014; Chang 2015;

Sarp et al. 2018; Andreeva et al. 2020), sunspot area
(Deng et al. 2016; Wilson 2016; Saadi & Chaker 2018),
solar flares (Florios et al. 2018; Bruevich & Brue-
vich 2018; Deng et al. 2020), 10.7 cm solar radio
flux (Vorobeva 2019; Dean & Schatten 2018; Warren
et al. 2017), solar magnetic field (Guo et al. 2017;
Stenflo 2017; Gopasyuk 2017), etc. have been found
to be closely associated with long-term solar activity.
Sunspots are simple and explicit indices of solar activ-
ity. In particular, the sunspot area (in units of mil-
lionths of a solar hemisphere) has an intuitive physical
significance (Ravindra & Javaraiah 2015; Inceoglu et
al. 2019): the larger the sunspot area, the stronger the
magnetic field (Ding et al. 2012). From monthly mean
sunspot area data one finds that the sunspot area se-
quence is a non-stationary and nonlinear time series,
with a periodicity similar to that of the sunspot num-
ber.

In this study, we apply a hybrid prediction method
that combines CEEMD and extreme learning ma-
chine (ELM), named CEEMD-ELM, to sunspot area
data archived at NASA’s Marshall Space Flight Cen-
ter (MSFC) for the period from 1874 to 20161 (1697
months), and its prediction performance is compared
with several other recently developed methods.

Our paper is structured as follows. Section 2 de-
scribes the proposed CEEMD-ELM methodology in de-
tail. The sunspot area time series is used to verify the
validity of the proposed model, and performance results
are described in Section 3. We conclude in Section 4.

2. METHODOLOGY

2.1. CEEMD
EMD decomposes the original sequence into a finite
number of IMFs through the screening process, and
each IMF component contains the local characteristics
of the original data at different time scales. However,
there exists the problem of mode aliasing in the decom-
position process of nonlinear and non-stationary data.

1http://solarscience.msfc.nasa.gov/greenwch.shtml

Figure 2. Flowchart of the sunspot area prediction method
based on CEEMD-ELM.

The EEMD decomposition method was proposed by Wu
& Huang (2009) to solve the mode mixing problem by
adding white noise to the original sequence, but it could
not completely eliminate the added white noise. By
adding positive and negative pairs of white noise to the
original sequence, the CEEMD method introduced by
Yeh et al. (2010) not only ensures the same decompo-
sition effect as EEMD but also reduces the sequence
reconstruction errors caused by the addition of white
noise. The decomposition principle of CEEMD can be
summarized as follows:

(1) A pair of random white noise sequences with the
same amplitude and 180◦ phase delay is added to the
original sequence signal{

x1m(t) = x(t) + µσm(t)
x2m(t) = x(t)− µσm(t)

m = 1, 2, . . . ,M (1)

where µ is the noise amplitude, and M is the number
of iterations.

(2) Two sets of IMF and residual items are gained via
the EMD of the time sequences x1(t) and x2(t) respec-
tively, {

x1m(t) =
∑N

i=1 c
m
1i + rm1

x2m(t) =
∑N

i=1 c
m
2i + rm2

(2)

where N is the total number of IMF components – since
the CEEMD is an adaptive algorithm, the number of
IMFs after decomposing different time series is random
and depends on the original input data – and i is the
index number. cm1i and cm2i are the decomposed IMF
components. rm1 and rm2 are the remainders, respec-
tively.

(3) Repeat steps (1) and (2), but add different white
noise sequences each time to get 2M groups of IMFs
and residual items.

(4) The final IMF component ci and residual item r are
calculated by the overall average of the decomposition

http://solarscience.msfc.nasa.gov/greenwch.shtml
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Figure 3. Monthly mean and smoothed sunspot area values.
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Figure 4. Sunspot area time series decomposition diagram obtained by means of CEEMD.

results {
ci = 1

2M

∑M
m=1 (cm1i + cm2i)

r = 1
2M

∑M
m=1 (rm1 + rm2 )

(3)

2.2. ELM

The biggest difference between ELM and other tradi-
tional ANN is that it does not need to perform back-
propagation. Furthermore, the number of hidden layer
neurons is set before training, the connection weights
between the input layer and the hidden layer and the
threshold between the hidden layer neurons can be gen-
erated randomly, and there is no need for a change dur-
ing training. Therefore, ELM has solved the problems
of slow training speed, easily falls into a local optimum,
and is sensitive to the learning rate of a traditional
neural network (Huang et al. 2011). Multiple scholars
have applied ELM to nonlinear function fitting, regres-
sion, and pattern classification due to its advantages
of fast learning speed and good generalization perfor-
mance in recent years (Wang & Li 2019; Miller et al.
2019; Akhavan-Amjadi 2020).

Figure 1 shows the topology of ELM, the in-
put layer, hidden layer, and output layer are con-
nected by neurons. The input layer has t input vari-
ables (x1, x2, . . . , xt), corresponding to the smoothed
monthly mean sunspot area, data processing is de-
scribed in Section 3.1. There are l neurons in the hidden
layer (o1, o2, . . . , ol). The output layer has one output
variable y, which corresponds to the predicted output
value. The main steps of the ELM algorithm are:

(1) Before training, the weights Wij between the input
layer and hidden layer and the neuron threshold b of
the hidden layer are randomly generated.

(2) Determine the number of neurons in the hidden
layer and the activation function g(x), get the connec-
tion weight βjk between the hidden layer and the output
layer, and the output matrix H of the hidden layer.

(3) Calculate output layer weight β̂: β̂ = H+T ′, H+ is
the Moore-Penrose generalized inverse of H, T ′ = Hβ ,
β = [βjk]m×n.

We use the MATLAB software to build and train
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Figure 5. (a) High-frequency (H), low-frequency (L), and trend group (R) of the smoothed monthly mean sunspot area and
(b) group prediction results.

the ELM model. The number of hidden-layer nodes
is determined by a mesh searching algorithm. Input
weighting and hidden deviation follow a Gaussian dis-
tribution. The activation function is a sigmoidal func-
tion (Tang et al. 2018).

2.3. General Framework

As shown in Figure 2, the forecasting mainly consists
of three parts: prior analysis with CEEMD and reorga-
nization, group prediction of ELM, and reconstruction
of the predicted values.

3. DATA SIMULATION AND ANALYSIS

3.1. Data Description

We use monthly mean sunspot area data for the period
from May 1874 to September 2016. Data are smoothed

with a tapered-boxcar

xt =
1

12

1

2

(
X(t−6) +X(t+6)

)
+

t+5∑
j=t−5

X(j)

 (4)

resulting in a time series from November 1874 to March
2016 (1697 months). Xt and xt are the observed
monthly mean sunspot area and the smoothed monthly
mean sunspot area respectively at time t, which are il-
lustrated in Figure 3.

In the training process, the observed sunspot area
numbers of the first m months xt−m+1, xt−m+2, · · · , xt
are taken as the input of the network, and the obser-
vation value of the next n months xt+n is taken as the
output to establish the prediction model. m and n are
called training step and prediction step, respectively. In
this work, the prediction step is n = 1 (monthly predic-
tion) unless stated otherwise, and the training step m is
set to 1, 2, · · · , 12 respectively, i.e. the first 1, 2, · · · , 12
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Figure 6. Final predicted time series (blue dash-dotted line) along the observed smoothed monthly mean sunspot area (red
continuous line).

months of sunspot area data to predict the sunspot area
of the coming month. After multiple experiments and
analyses, we find that the mean absolute percentage er-
ror (MAPE) and root mean square error (RMSE) are
the smallest when the training step is m = 5. Table 1
shows the prediction performance by using the last 2, 3,
5, 8 and 11 months as training input. To simplify our
model, the observations of the past five months xt−4,
xt−3, xt−2, xt−1 and xt are regarded as the model input
to predict the value of the next month xt+1.

MAPE and RMSE are employed for evaluating the
sunspot area prediction performance. yi and y′i are the
actual value and prediction value respectively at time
step i, according to

RMSE =

√√√√ 1

n

N∑
i=1

(yi − y′i)
2

(5)

MAPE =
1

N

N∑
i=1

∣∣∣∣yi − y′iyi

∣∣∣∣× 100% (6)

3.2. Analysis of Decomposition Results
The sunspot area time sequence produces several IMF
components with different frequencies and time scales
of CEEMD, as shown in Figure 4. A total of eight IMF
components (IMF1 through IMF8) and one residue R
is obtained, and the length of each component after
decomposition is 1697. It can be observed in the de-
composition results that the change of various compo-
nents gradually decreases while the number of IMFs
increases. With the decrease of oscillation frequency,

Table 1
Prediction performance and number of training steps

m = 2 m = 3 m = 5 m = 8 m = 11

MAPE/% 3.41 2.41 1.80 2.02 1.88
RMSE 17.52 17.72 9.75 10.07 9.92

the IMF gradually presents a sinusoidal signal-like os-
cillation mode which reduces the occurrence of random
bursts and is conducive to the ELM to learn the lo-
cal characteristics of each component in depth. The
residue R represents the overall trend of sunspot area
in the past 1697 months, which is comparable to that
of Figure 3.

After CEEMD, combination and reconstruction of
each component are carried out considering the fre-
quency (Li et al. 2018), in order to avoid error accu-
mulation during the prediction process and to reduce
the computing scale of the forecast model. Component
with large frequency values and large frequency fluctu-
ations form a high-frequency group, which represents
the short-term dynamic variations in the sunspot area
time series. A low-frequency group can be considered
as the periodic component of the sunspot area time se-
ries. A trend group reflects the long-term evolution of
the sunspot area. The classification results are shown
in Figure 5(a). The three groups exhibit fluctuations
with substantially different time Col’s and amplitudes.
The fluctuation time scale of the low-frequency group is
larger than 109 months, with the average being 132.13
months; fluctuations in the high-frequency group occur
on time scales shorter than 8 months, with an average
of 3.95 months. After reconstruction, the data set for
each group still contains 1697 months of sunspot area
data. We select the initial 80% of the time series (1357
months) as training set, and the last 20% (340 months)
as testing set to build the ELM model. The three groups
establish three ELM prediction models.

The prediction results of the three ELM models
are shown in Figure 5(b). The ELM model exhibits an
excellent prediction ability for both the low-frequency
and trend groups, but presents a poor performance
for the high-frequency group. This is mainly due to
high-frequency components that are highly fluctuating
and dynamically varying on short time scales, resulting
in considerable errors for the overall prediction. Fig-
ure 6 shows the final prediction results for 340 months
which are obtained by superimposing the predicted val-
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Figure 7. Performance comparison of different forecast mod-
els.

ues from each ELM model in Figure 5(b). We find
that the predicted sunspot area is well correlated with
the observed one, which implies that the CEEMD-ELM
model is successful.

3.3. Results and Discussions
To confirm the efficacy our the proposed model, four
types of models are applied and compared with each
other. (1) A model without data decomposition (the M1
model): BPNN, support vector regression (SVR), ELM;
(2) EMD decomposition and reconstruction model (the
M2 model): EMD-BPNN, EMD-SVR, EMD-ELM; (3)
EEMD decomposition and reconstruction model (the
M3 model): EEMD-BPNN, EEMD-SVR, EEMD-ELM;
(4) CEEMD decomposition and reconstruction model
(the M4 model): CEEMD-BPNN, CEEMD-SVR, and
our proposed model CEEMD-ELM. In BPNN, the num-
ber of neurons in the hidden layer can be set to 5%
of the training data size, trainbfg is selected as the
training function, and the number of iterations is 1000
(Tang et al. 2015). In SVR, the Gauss RBF function
is chosen as kernel function, and the grid search al-
gorithm is used to find the error penalty factor C and
kernel function parameter R, where C ∈

[
2−15, 215

]
and

R ∈
[
2−15, 215

]
(Tang et al. 2018). Figure 7 and Table 2

present the evaluation results separately for MAPE and
RMSE for all considered models. In general, the com-
parison demonstrates that the above mentioned models
have a reasonable prediction performance for sunspot
area forecasting; the CEEMD decomposition and recon-
struction model (i.e., the M4 model) is superior, which
confirms that the proposed methodology can be used
as a valuable tool for sunspot area prediction at the
highest level of prediction accuracy.

The following two types of comparison are made

Table 2
Comparison of evaluation indicators for different models

Model Type MAPE/% RMSE

M1 model
BPNN 8.02 26.12
SVR 8.93 27.66
ELM 7.25 25.06

M2 model
BPNN 4.96 15.38
SVR 5.59 16.37
ELM 3.41 13.35

M3 model
BPNN 3.79 12.35
SVR 4.31 13.84
ELM 2.82 11.73

M4 model
BPNN 2.21 11.71
SVR 3.83 13.41
ELM 1.80 9.75

in the experiment. From the internal comparison of the
models M1–M4 one finds that the MAPE and RMSE of
ELM have the smallest values. Obviously, the ELM al-
gorithm has a good generalization performance with ex-
tremely fast learning speed, simple structure, and favor-
able prediction effect under the same data decomposi-
tion method. From the cross-comparison of the models
M1–M4 model one finds the smallest MAPE and RMSE
values for the M4 model for any kind of neural network
prediction. These data suggest that the M2–M4 mod-
els with various decompositions surpass their respective
single models, i.e., the M1 model. EMD, EEMD, and
CEEMD decompose the non-stationary sequence into
IMFs according to the frequency state, which greatly
reduces the influence of non-stationarity time series on
prediction performance. Meanwhile, group reconstruc-
tion technology further improves the forecast precision.
Furthermore, CEEMD significantly outperforms EMD
and EEMD. CEEMD can separate the sunspot area
time series better and suppress the reconstruction er-
ror caused by adding white noise. These findings con-
firm the superior prediction capability of the proposed
CEEMD-ELM model.

On the other hand, considering the influence of the
prediction step n on the prediction model, we fix the
training step m to be 5, 6, or 7, and the prediction step
n is chosen to be 2, 3, 4, or 5. The CCEMD-ELM model
is tested with various numbers of training steps and pre-
dicting steps while using the same data set and predic-
tion method. Figure 8 shows the prediction results for
the training step being m = 5 and the prediction step
being n = 2, 3, 4, 5. Table 3 illustrates the prediction
performance for different numbers of training steps and
prediction steps. From Table 3 and Figure 8, we find
that, although the prediction accuracy decreases with
increasing prediction steps and an increase of training
steps cannot significantly improve the prediction accu-
racy of this model, the multi-step prediction can still
describe the future evolution of the sunspot area num-
ber, which will be crucial for better understanding the
upcoming solar activity.
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Figure 8. Multi-step prediction results.
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Figure 9. Extrapolation forecast results.

Finally, we use our newly established model for pre-
dicting the smoothed sunspot area number after the
March 2016 with m = 5 and n = 1, meaning that five
actual values are put into the input sample framed by
the sliding window. However, since the actual value of
the smoothed monthly mean sunspot area has not been
obtained for the time after March 2016, some (or all)
predicted values are put into the input sequence instead
of actual values and used to predict the next value. The
final forecast results follow from summing up the fore-
cast values of each frequency group. Figure 9 shows
the forecast result for the following year (up to March
2017). Due to the lack of actual data after March 2016
March, the prediction accuracy needs to be tested by
later observations; it also causes the prediction error to
accumulate into the prediction model. Even though,
the overall evolution of the prediction is in line with
the trend of the smoothed monthly mean time series of
sunspot areas.

4. CONCLUSIONS

Accurate sunspot area forecasting is important for bet-
ter understanding the solar activity and its impact
on the near-Earth space environment. In this study,
the sunspot area time series archived at NASA/MSFC

is used for demonstrating the performance of a new
CEEMD-ELM model for sunspot area prediction. The
time sequence is first decomposed by the CEEMD algo-
rithm, and the obtained IMFs are recombined into three
categories: a high-frequency group, a low-frequency
group, and a trend group, which are used as the input
arguments of the ELM model and to produce a forecast
for each of the three groups. The resulting values of the
three groups are superposed to obtain the final predic-
tion values. From our results we can draw the following
four main conclusions:

(1) The CEEMD decomposition approach performs bet-
ter than EMD and EEMD in extracting the multi-
frequency components from the sunspot area time se-
ries, leading to a good forecasting performance. The
group forecasting reduces the accumulative error and
computational cost.

(2) In ELM, the unique optimal solution was obtained
by setting the number of hidden layer neurons, ran-
domly generating the connection weights between the
input layer and the hidden layer and the threshold of
hidden layer neurons. This has the advantages of re-
quiring less training parameters and providing a high
learning speed and strong generalization ability.



146 Peng

Table 3
Prediction performance as function of training steps and

prediction steps

Training step Prediction step MAPE/% RMSE

5

2 5.57 25.17
3 9.29 54.13
4 14.00 86.30
5 19.31 118.67

6

2 4.62 27.83
3 8.39 63.12
4 12.63 98.61
5 17.29 141.33

7

2 5.71 30.14
3 8.55 59.77
4 13.61 98.31
5 16.11 122.74

(3) The proposed CEEMD-ELM model has the best
forecasting performance in comparison with other dif-
ferent models, which indicates that this model is highly
useful and suitable for the non-steady sunspot area fore-
casting. Furthermore, since sunspot area series have in-
stabilities and nonlinearities similar to other time series,
our new model may be generalized to other complicated
time series such as sunspot number, wind speed, and
rainfall.

In future work, we will continue to optimize the
model to design a longer period (several years or one
cycle) prediction model for the sunspot area, and will
attempt to include additional parameters like sunspot
number, solar flares, and coronal mass ejections, etc. to
improve the prediction accuracy for the sunspot area.
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