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Abstract: The solar cycle (SC), a phenomenon caused by the quasi-periodic regular activities in the Sun, occurs
approximately every 11 years. Intense solar activity can disrupt the Earth’s ionosphere, affecting communication and
navigation systems. Consequently, accurately predicting the intensity of the SC holds great significance, but predicting
the SC involves a long-term time series, and many existing time series forecasting methods have fallen short in terms
of accuracy and efficiency. The Time-series Dense Encoder model is a deep learning solution tailored for long time
series prediction. Based on a multi-layer perceptron structure, it outperforms the best previously existing models in
accuracy, while being efficiently trainable on general datasets. We propose a method based on this model for SC
forecasting. Using a trained model, we predict the test set from SC 19 to SC 25 with an average mean absolute
percentage error of 32.02, root mean square error of 30.3, mean absolute error of 23.32, and R? (coefficient of
determination) of 0.76, outperforming other deep learning models in terms of accuracy and training efficiency on
sunspot number datasets. Subsequently, we use it to predict the peaks of SC 25 and SC 26. For SC 25, the peak time
has ended, but a stronger peak is predicted for SC 26, of 199.3, within a range of 170.8-221.9, projected to occur

during April 2034.
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The solar cycle (SC), also referred to as the solar mag-
netic activity cycle or the sunspot activity cycle, repre-
sents a quasi-periodic variation in the count of sunspots
and other solar activityl!3]. The periodic change spans
approximately 11 years and includes a rising phase, a
peak phase, and a declining phase. During the peak
phase, a multitude of sunspots emerge on the solar sur-
face, accompanied by an upsurge in solar activity, while
the intensity of solar radiation increases to a level that
can potentially interfere with the ionosphere and affect ter-
restrial communication and navigation systems. Moreover,
solar storms can inflict damage on infrastructure, such as
power grids*l. Strong solar activity may also impact
Earth’s climate. For instance, during the peak of the SC,
the Earth may experience more extreme weather events
such as heat waves, droughts, and geomagnetic storms, as
well as space-weather-related hazardst>-8l. By predicting

the SC, the intensity and distribution of solar radiation
can be predicted, which can offer valuable guidance for
the design and operation of communication and naviga-
tion systems, strengthening power grid protection, and
ensuring the safety and stability of human society. Addition-
ally, it allows for a more precise prediction of future cli-
mate change, providing an important reference for Earth’s
climate research.

Methods for predicting SC can be categorized into
two main types: numerical simulation methods grounded
in physical laws and those based on machine learning.
Numerical simulation methods aim to numerically repli-
cate the physical processes within the Sun, such as varia-
tions in the solar magnetic field and motion in the convec-
tion zone. For example, Upton and Hathaway[®] employed
the Advective Flux Transport model to generate an early
prediction for SC 25, indicating that it would be similar
in strength to that of SC 24, with an uncertainty of about
15%. Schatten and Pesnelll!%] presented a solar dynamo of
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SC 24. Kitiashvili and Kosovichevl!!l used an Ensemble
Kalman Filter (EnKF) to predict the SC properties. This
approach accounted for uncertainties inherent in both the
dynamo model and the measurements. Their prediction sug-
gested that the next sunspot cycle would be significantly
weaker, approximately 30% less intense than the previ-
ous cycle. McIntosh et al.l'2l extracted a relationship
between the temporal spacing of terminators and the magni-
tude of sunspot cycles, deducing that sunspot SC 25
could have a magnitude that rivaled the top few since
records began. Bhowmik and Nandyl!] used an observa-
tional data assimilated, century-scale calibrated Surface
Flux Transport (SFT) model, with an output coupled to a
solar internal dynamo model, to predict that SC 25 would
have a peak SSN of 118 and a range from 109-155.
Jiang et al.l'¥] predicted SC 25 with a solar SFT model, pre-
dicting a peak SSN of 125 + 32. Pesnell and Schatten(!!
used the Solar Dynamo (SODA) index to create a precur-
sor of future solar activity, predicting a maximum SSN of
135 £ 25 occurring in 2025.2 + 1.5. Petrovayl!®] deter-
mined that the prediction methods form three main
groups, including Precursor methods (Nagovitsyn et al.[l7],
Kilcik et al.l'8l), solar dynamo theory (Hawkes and
Bergerl!®] and Gopalswamy et al.l?l), and Model-based
approaches (Petrovay and Talafhal?!l; Petric and
Ettinger!??]; Whitbread et al.[?3] and Mandal et al.[24]).
Jiang et al.[3] compared 7 physics-based prediction mod-
els from 4 aspects, and demonstrated the large effect of
assimilated magnetograms on predictions, using two SFT
numerical tests. Bhowmik et al.[?6] determined that the
most successful prediction approaches support the Bab-
cock-Leighton (B-L) solar dynamo mechanism as the pri-
mary driver of SC variability. Other physical methods
were also employed by various researchers, including Dik-
pati et al.l?7], Pesnell(28], and Hathaway and Upton[?°].
Machine-learning-based SC prediction methods lever-
age machine learning and deep learning technologies to
automatically learn, mine and analyze the data of solar
activity cycles. For instance, Leel3%] used the hybrid Empiri-
cal Mode Decomposition method and Long Short-Term
Memory network (EMD-LSTM) approach to model the
SSN series. The EMD-LSTM model predicted that for SC
25, the SSN would be both later and larger than what was
predicted by the LSTM model alone. Benson et al.[3!]
employed a combination of WaveNet and LSTM net-
works to forecast the SSN. Their results suggested that
the upcoming SC 25 would have a maximum SSN around
106, indicating that the cycle would be slightly weaker
than SC 24. Wang et al.32] presented a LSTM deep learn-
ing model to forecast SC 25, predicting that the peak ampli-
tude would occur around 2023, with a peak value of
approximately 114.3. Prasad et al.33] employed a deep
learning model to predict the strength and peak time of
SC 25. This model predicted that SC 25 would peak with
an SSN amplitude of 171.9, being 47% stronger than SC
24, and would reach its peak in August 2023. Dai et al.[34]
established a prediction model based on the Temporal Con-
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volutional Network (TCN) with phase space reconstruc-
tion to predict SC 25. Their findings indicated that the max-
imum SSN would be 139.55, occurring in April 2024.
Su et al.33] proposed the XGBoost-SCINet (XG-SN) ensem-
ble model for making predictions regarding known SC.
Other deep learning models for SC prediction have been
proposed by Pala and Aticil®?], Dang et al.l¥’], Su et
al.[381 and Cao et al.[39-40],

Because of the complexity of solar dynamos, the under-
lying mechanisms governing the Sun’s internal activity
remain incompletely understood. As a result, numerical
simulation methods grounded in physical laws have per-
petually posed a significant challenge. Machine learning
boasts robust learning capabilities and the capacity to
rapidly model complex nonlinear systems, which has led
to its extensive application in time series forecasting.
Nonetheless, when it comes to predicting SC, a long time
series problem, many contemporary deep learning meth-
ods, such as Recurrent Neural Networks (RNNs) and trans-
former architectures, have demonstrated less than satisfac-
tory predictive prowess. For example, RNN models yield
inaccuracies when forecasting long-term solar activity(3%l,
Moreover, because of the complexity of the transformer
model, it often requires prolonged training times and strug-
gles to achieve effective outcomes[*!l. In recent years,
research efforts aimed at modeling long temporal dependen-
cies have led to further enhancements, giving rise to the
emergence of several more reliable deep learning
approaches. Among these, the Time-series Dense Encoder
(TiDE) deep learning modell*?] has been proposed as a
deep learning solution tailored for long time series predic-
tion. This model is based on a multi-layer perceptron
(MLP) structure. Across experiments conducted on multi-
ple available benchmark datasets, it not only outperforms
other previously employed models in terms of accuracy,
but also boasts an inference speed and training efficiency
5-10 times faster than those of the Transformer model.
Applied to the Electricity Transformer Temperature-
Hourly with 1 Variate (ETTh1) dataset, it gives a predic-
tion error 19.3% lower than that of Informer.

Here, we propose a SC forecasting model based on
the TiDE network and use it to predict SC from 15 to 25.
When compared with some other previous deep learning
models, it shows better performance with smaller errors
and high computational efficiency. The TiDE was also
checked using other SSN datasets. Finally, we use it to pre-
dict the peaks of SC 25 and 26 and present it alongside
the data and the experimental procedures used.

Sunspots serve as a prominent indicator of the inten-
sity of solar activity. Commonly, the SSN is employed to
represent the intensity of sunspots. Since 1749, the Royal
Observatory of Belgium, Brussels has been conducting
long-term, reliable sunspot observations. In this study, we
used these data for our experiments, selecting the 13-



smoothed monthly total SSN. The data spanned July 1749
to November 2024, and Table 1 shows the descriptive statis-
tical analysis of the data we used in the experiments.
Data preprocessing involved removing outliers and normal-
izing the data. Because the first 6 records contained
invalid SSN values “—1.0”, they were regarded as out-
liers and removed. The values were then normalized to
[0, 1], to facilitate model training and convergence. Subse-
quently, the dataset was partitioned into a training set and
a test set at a ratio of 0.75, with January 1956 as the parti-
tion point. The training set totaled 2479 months from
July 1749 to January 1956, and the training set totaled
826 months from February 1956 to November 2024.

Table 1. Descriptive statistical analysis of SSN data

We performed an exploratory analysis on the dataset
and checked its periodicity. Time series decomposition is
a common preprocessing method in time series forecast-
ing, used to decompose the time series into trend and peri-
odicity variations. Trend reflects a tendency or state of con-
tinuous development and change over a long period of
time, and periodicity describes a cyclical pattern in the
data. Fig. 1 shows a data visualization of SSN and its
time series decomposition, where the first subgraph is the
original SSN, and the second and third subgraphs are the
trend and periodicity. The data have clearly apparent period-
icity with a distribution of approximately 11 years. This
is confirmed by the autocorrelation function (ACF). As
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Fig. 1. Exploratory analysis of 13-month smoothed monthly total SSN datasets. (A) The original SSN data distribution. (B) The
general trend of the data. (C) The periodicity of the data. (D) ACF check for the data, for which the line in orange indicates that the
abscissa value of the peak is 126.
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shown in Fig. 1D, the peak indicates the existence of an
annual periodic trend.

The TiDE model focuses on solving multivariate
long-term time series prediction tasks. Its structure com-
prises an MLP, which solves the problem of linear mod-
els being unable to establish non-linear dependencies
between the prediction window and the historical window,
and addresses the issue of being unable to effectively han-
dle external covariates.

The basic layer in the architecture is the residual
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block. It consists of a Dense and Reliable Label Utiliza-
tion (RLU) layer, a Dense Linear layer and a Layer norm.
All other layers of TiDE are built by this layer. Overall,
the model can be divided into four parts: feature projec-
tion, dense encoder, dense decoder, and temporal decoder
(see Fig. 2). The data fed into the model are the past of
the time-series labeled variable y, static attributes labeled
variable @, and all the past and future projected covari-
ates labeled variable x. For example, to make load fore-
casts, y represents the load power, which is the data to be
predicted; x represents dynamic covariates, such as tempera-
ture and wind speed, which change with time; a repre-
sents variables such as region and altitude that do not
change with time.

Temporal decoder
(per time-step)

Residual
block
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Skip
connection
Dropout
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(linear)
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Feature
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Fig. 2. Overview of the TiDE architecture. The model can be divided into four parts: feature projection, dense encoder, dense
decoder, and temporal decoder. The data are input into the model from bottom and the prediction results are output from the top.

Feature projection maps variable x to a low-dimen-
sional vector, using a residual block. The dense encoder
concatenates variable y, variable @, and the low-dimen-
sional vector mapped by variable x, and maps them using
multiple layers of residual block to finally obtain an encod-
ing result e. By using the same multiple layers of resid-
ual block, the dense decoder maps the encoding result e
to obtain the variable g, and reshapes g into a [p, H]
matrix. Among them, H is the length of the prediction win-
dow, and p is the output dimension of the decoder, which
is equivalent to obtaining a vector at each moment of the
prediction window. The temporal decoder concatenates g
and x from the previous step according to the time dimen-
sion and uses a residual block to map the output results at
each moment. Subsequently, the direct mapping results of
the historical sequence are added to the residual connec-
tion to obtain the final prediction result.
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Although the traditional MLP structure has high param-
eter efficiency, it may still be prone to overfitting,
because the network layer width is too large, resulting in
the expansion of the parameter space. The decoder complex-
ity is also too high to match the limited training data.
TiDE maintains the generalization ability of the model
through the methods and strategies with a feature projec-
tion layer designed to actively reduce the dimensionality
of the output from the model. The high-dimensional fea-
tures are then mapped to a lower-dimensional space
through mathematical transformation. The model is forced
to discard feature dimensions with low correlation (usu-
ally corresponding to noise), retaining the principal compo-
nents with high information content. The time series
decoder adopts a narrow layer design, forming an informa-
tion bottleneck. In the decoder, the number (width) of neu-
rons in the middle layer is deliberately designed to be



smaller than the input/output dimensions. The informa-
tion can only be transmitted through the “narrow” middle
layer during the decoding process, retaining the most core
patterns, such as periodicity and trend, rather than local
noise. Next, skip connections are designed. Part of the
encoder output is directly passed to the decoder output
layer to reduce the mapping complexity that the decoder
needs to learn. Finally, the method used in the learning
strategy initially freezes some layer parameters before grad-
ually unfreezing them.

In our experiment, we selected the data from the first
t time steps as the input to predict the subsequent n time
steps. Specifically, the input length was set to 240, and
the output length was set to 120. This meant that data
from the first 240 months were used to predict the data
for the next 120 months (i.e., the first two SC were
employed to forecast the next SC). For example, for the
training set, the first sample input [1, 2, ... , 240] months
SSN predicts the next [241, ... , 360] months SSN. For
the testing set, the first sample input [2480, 2481, ... ,2719]
predicts the next [2720, ... , 2839] months. These were
optimal values obtained through parameter tuning.
Dropout is a regularization technique that aims to enhance
the generalization ability of the model and prevent overfit-
ting by randomly setting the activation values of some neu-
rons to zerol?%30], In this experiment, the dropout rate was
set to 0.1. The term “N epochs” refers to the number of

times the entire dataset is used for training. This is to
ensure that the model comprehensively learns the fea-
tures within the training data set. After experimentation,
we determined that setting N epochs to 100 was optimal.

In the TiDE structure, for the residual block configura-
tion, each residual block contains two fully connected lay-
ers (with the dimensions [input_dim, hidden_dim] and [hid-
den dim, output_dim]) with Rectified Linear Unit (ReLU)
activation and optional Layer Normalization. Output dimen-
sions vary per module. The feature projection layer was
implemented as a specialized residual block for dimension-
ality reduction when input dim is larger than output dim.
Taking wind speed prediction as an example, y is the tar-
get variable (i.e., the data to be predicted, such as power
load), x is time-varying dynamic covariates (e.g., tempera-
ture, wind speed), and a is static features (e.g., geo-
graphic location, altitude). Dimensionality reduction is
achieved when the input dimension of x exceeds the out-
put dimension of the feature projection layer. In our cur-
rent study, the model only processes the target variable y,
without incorporating dynamic covariates x or static fea-
tures a. In the training stage, to prevent overfitting and
enable the model to converge faster, the projection layer
and encoding layer were frozen by setting their parame-
ters to not be updated, training only the decoder. The opti-
mized architectural parameters of the TiDE model are
listed in Table 2, and the optimization parameters of com-
parison models are Neural Basis Expansion Analysis for
Interpretable Time Series (N-BEATS), Convolutional Neu-
ral Network (CNN), Long Short-Term Memory (LSTM),
Recurrent Neural Network (RNN), Gated Recurrent Unit
(GRU) and Bi-directional Long Short-Term Memory (BiL-
STM), which are listed in Table 3.

Table 2. The optimized architectural parameters for the TiDE model, as determined through hyperparameter tuning

Parameters Explanation Value
input_chunk length Number of time steps in the past to take as a model input 240
output_chunk length Number of time steps predicted at once (per chunk) by the internal model 120
num_encoder_layers Number of stacked residual blocks in the encoder 1
num_decoder_layers Number of stacked residual blocks in the decoder 1
decoder output dim The number of output components of the decoder 16
hidden_size The width of the hidden layers in the encoder/decoder residual blocks 128
temporal_decoder_hidden The width of the hidden layers in the temporal decoder 32
use_layer norm Whether to use layer normalization in the residual blocks True
dropout Dropout probability 0.1

Table 3. Optimized architectural parameters of other models
in experiments

Model Optimized architectural parameters
num_Jayers =4, num _blocks =1,
N-BEATS layer:w)i/dths =256, dropout = 0.1
CNN hidden_size = 128, kernel size = 3, dropout = 0.4
LSTM hidden dim =19, n_rn_layers = 1, dropout = 0.2
GRU hidden dim =19, n_rnn_layers = 2, dropout= 0.2
BiLSTM  hidden dim =19, n_rnn_layers = 2, dropout = 0.2

The model evaluation metrics employed are the mean
absolute percentage error (MAPE), the mean absolute
error (MAE) and root mean square error (RMSE). The
smaller these values are, the better the performance of
the model is. In addition, the coefficient of determination,
R?, is also used for evaluation, for which ideal values
are those that approach 1. The experiments were carried
out on a computer with an Intel Core i5-7200U CPU,
using the PYTORCH software to construct the deep
learning model.
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To evaluate the proposed TiDE model, we applied
the trained model to predict the test set from SC 19 to
SC 25. Fig. 3 illustrates the comparative analysis between
observed solar activity and model predictions. The visuali-
zation reveals that TiDE achieves satisfactory phase match-
ing across most SC, with the notable exception of SC 19.
This discrepancy likely stems from data limitations and
model underfitting, caused by the limited number of train-
ing samples available; there are only 2119 samples from
SC 1 to SC 18, of which only SC 8 shows a similar

degree of extreme activity to that of SC 19. The data vol-
ume for SC 8 accounts for 5% of the training sample, fun-
damentally constraining the ability of the model to learn
extreme activity patterns. The model regards SC 19 as an
outlier. Obtaining richer observation data and incorporat-
ing multi-source solar activity records (such as radio,
extreme ultraviolet, and magnetic data) are potential meth-
ods to address this.

We quantified the prediction accuracy of our model
with multiple metrics (results are summarized in the last
column of Table 4). The model demonstrates perfor-
mance with an average R? of 0.76 across all cycles,
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Fig. 3. Fitting effect on the test set from SC 19 to SC 25. The black curves show the observed solar activity (true value), the red

lines are the predictions by our model, and the dotted lines are predictions by other models.
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though SC 19 shows significant deviation from this trend.
Aggregate error metrics yield MAPE = 32.02, MAE =
23.32, and RMSE = 30.3, reflecting the baseline predic-
tive capability of the model. We expect that more observa-
tional data will help the model to make better predictions
and achieve better accuracy.

To evaluate the capability of the TiDE model, we
benchmarked it against the six traditional deep learning
models: N-Beats, CNN, RNN, LSTM, BiLSTM and
GRU. N-BEATS employed stacked, fully connected
blocks with bidirectional residual connections for sequen-
tial prediction. The CNN model was configured with a ker-
nel size of 3 and 6 filters. For RNN, we applied the
“vanilla RNN” which is the basic form, without any com-
plex structures, such as the gating mechanisms in LSTM
or GRU. LSTM adopted a single-layer LSTM, while the

Table 4. Evaluation errors of test sets from different models

BIiLSTM adopted a dual-layer stacked architecture. GRU
was a single-layer GRU architecture. Fig. 3 shows SC pre-
dictions made with different models, where the real data
align more closely with the predictions of TiDE than
other models. TiDE shows enhanced predictive accuracy
across a majority of cycles, with its trajectory showing min-
imal deviation from observational data.

To quantitatively assess model performance, Table 4
summarizes evaluation metrics on the test set from SC 19
to SC 25, with MAPE, MAE, RMSE and R? serving as
comparative metrics. The statistical analysis demonstrates
that TiDE shows superior performance, exhibiting the
lowest average errors across all cycles (MAPE = 32.02,
MAE = 23.32, RMSE = 30.3, R2 = 0.76). LSTM is the clos-
est competitor (MAPE = 32.98, MAE = 26.45, RMSE =
34.7, R* = 0.69), while N-BEATS shows the highest error
margins (MAPE = 68.24, MAE = 42.19, RMSE = 52.34,
R? = 0.34). Fig. 4 shows the variations of RMSE across
cycles in predictions from different models.

To further evaluate the model performance, we con-
ducted an analysis of the temporal accuracy in peak predic-
tions across SC. Specifically, we quantified the time differ-

SC N-BEATS CNN RNN LSTM BILSTM GRU Proposed model

SC 19 73.00 50.71 61.48 33.98 61.67 73.72 43.79

SC20 30.14 24.98 19.44 18.3 57.68 90.00 28.77

SC21 78.60 55.54 40.01 44.77 69.16 43.07 34.59

MAPE SC 22 47.69 44.26 46.34 29.61 29.52 26.76 13.29
SC23 70.16 40.56 42.08 26.5 38.56 27.44 31.05

SC24 64.75 74.99 69.35 40.82 65.91 29.55 37.91

SC25 113.33 52.32 319 36.86 42.8 19.81 34.72

AVG 68.24 49.05 4437 32.98 52.19 44.34 32.02
SC 19 72.69 55.87 64.95 43.68 48.28 75.46 54.61

SC20 20.25 14.86 15.03 10.98 21.84 48.42 22.27

SC21 56.69 49.54 41.96 44.38 47.22 34.43 30.47

MAE SC 22 35.14 37.23 42.08 25.05 18.49 23.66 10.67
SC23 43.99 20.61 23.83 13.22 15.53 10.73 13.16

SC24 19.79 40.25 28.28 17.91 24.26 10.79 13.33

SC25 46.79 2491 9.33 29.92 15.29 11.29 18.72

AVG 42.19 34.75 32.21 26.45 27.27 30.68 23.32
SC 19 93.68 73.19 91.11 59.54 62.62 103.22 73.66

SC20 26.58 18.33 19.45 14.72 23.72 65.21 28.35

SC21 71.43 58.62 56.1 57.05 59.61 39.99 36.77

RMSE SC 22 42.22 43.06 55.15 29.82 23.06 30.73 15.03
SC23 53.75 26.31 29.35 18.38 20.27 14.39 15.88

SC24 23.73 51.41 33.61 2291 30.78 14.99 17.36

SC25 54.97 27.56 11.93 40.49 19.22 18.29 25.05

AVG 52.34 42.64 42.39 34.7 34.18 40.97 30.30
SC 19 0.04 0.41 0.09 0.61 0.57 —-0.17 0.40

SC20 0.70 0.86 0.84 0.91 0.76 —0.82 0.66

SC21 0.15 0.43 0.48 0.46 0.41 0.73 0.78

R? SC22 0.67 0.66 0.44 0.84 0.90 0.83 0.96
SC23 0.23 0.81 0.77 0.91 0.89 0.94 0.93

SC24 0.61 —0.82 0.22 0.64 0.35 0.85 0.79

SC25 —0.03 0.74 0.95 0.44 0.87 0.89 0.79

AVG 0.34 0.44 0.54 0.69 0.68 0.46 0.76
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Fig. 4. Line chart of the RMSEs of test sets from different
models. The red line shows the RMSE error between the true
value and the value predicted by TiDE from SC 19 to SC 25.
Other lines are the errors between the true value and values
predicted by other models.

ences between the observed peaks and peaks predicted by
different models (see Table 5). The analysis encompasses
SC 19 through SC 24 (excluding SC 25 because this solar
cycle has not yet ended). The second row of Table 5
gives the actual peak timings, while subsequent rows
present predictions given by each model, together with
their corresponding timing errors (calculated as the abso-
lute difference between predicted and observed times).
The final column summarizes the average timing errors
across all analyzed cycles. Our model achieves good perfor-
mance, demonstrating an average timing error of 10.8
months. By contrast, the GRU model showed the largest
prediction discrepancy, with an average error of 15.3
months.

Table 5. Peak timing predictions and errors between predicted timing and the true timing. The input data here are test sets

predicted by different models

Models SC 19 SC 20 SC 21 SC 22 SC 23 SC 24 Avg timing error
True peak timing 1958-03 1968—11 1979-12 1989-11 2001-11 2014-04
N-BEATS 1959-09 1970-08 1981-02 1991-01 2002-03 2014-05 12
Error/month 18 21 14 14 4 1
CNN 1958—09 1968—09 1980—03 1990—-10 2001-02 2011-11 10
Error/month 6 2 3 11 9 29
RNN 1959-04 197002 1981-03 1991-07 2000-10 2015-01 142
Error/month 13 15 15 20 13 9 :
LSTM 1958—04 196907 1980—-11 1990—03 2000—-10 201211 9
Error/month 1 8 11 4 13 17
BiLSTM 1958-08 1969-01 1981-08 1990-06 2000-08 2012-10 112
Error/month 5 2 20 7 15 18 :
GRU 1959-12 1971-12 1980—03 1989—09 2000—08 201302 153
Error/month 21 37 3 2 15 14 ’
Proposed model 1958-09 197006 1980-05 1990-10 2001-02 2013-01 10.8
Error/month 6 19 5 11 9 15 ’
test sets.

Overfitting occurs when a model adapts excessively
to noise and idiosyncrasies in the training data, leading to
significantly degraded performance on the test set. The
key indicator is a large discrepancy between training and
test errors (i.e., low training error but substantially higher
test error). To rigorously assess overfitting risks, we com-
pared the performance of our model on the training and

Experimental validation details: As data were split
using 1956—01 as the partition point, the training set is
from SC 1 to SC 18, and the test set is from SC 19 to
SC 25. Extended analysis for the training set is included
in Fig. 5, and a comparison of MAE errors in the train-
ing and test sets is given in Table 6. SC 1 and SC 2 can-
not be predicted because of a lack of input data, and
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Fig. 5. Model performance on the training set (from SC 3 to SC 18).

Table 6. Error comparison between the training set and test
set

Training set Test set

SC MAE SC MAE
SC3 36.08 SC 20 22.27
SC4 16.96 SC 21 30.47
SCs5 8.57 SC22 10.67
SC6 22.30 SC23 13.16
SC7 12.96 SC 24 13.33
SC8 18.35 SC 25 18.72
SC9 23.02 AVG 18.10
SC 10 13.42
SC 11 17.82
SC 12 14.99
SC 13 18.32
SC 14 6.24
SC 15 15.28
SC16 11.32
SC 17 22.84
SC 18 15.27
AVG 17.11

SC 19 is treated as an outlier. The results show that the
average MAE difference between the two sets is approxi-
mately 5%, indicating no significant overfitting. This consis-
tency between training and test performance confirms the
generalizability of the model.

Compared with the raw observational data, the out-
put predictions of the TiDE model show noticeable volatil-
ity. To investigate whether this fluctuation stems from
model overfitting, we conducted experiments with three dis-
tinct dropout rates (p = 0.1, 0.5, and 0.9) for rigorous vali-
dation. As shown in Fig. 6, the high regularization condi-
tion (p = 0.9), which would typically suppress overfitting-
related fluctuations, did not significantly reduce output
volatility. This empirical evidence suggests that the
observed fluctuations likely reflect inherent characteris-
tics of solar activity rather than model overfitting.

We maintain that the observed fluctuations inher-
ently reflect the multiscale nature of solar activity (e.g.,
events such as flares or coronal mass ejections). While
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Fig. 6. Model fitting performance,
representative SC 15-SC 17.

the 13-month smoothing suppresses measurement noise, it
preserves physically genuine short-term activity signals.
The architecture of the TiDE model demonstrates some
capability in recovering these authentic, albeit smoothed,
physical fluctuations. This gives TiDE an advantage in cap-
turing true solar activity dynamics, rather than represent-
ing a model limitation.

Finally, we used the trained model to forecast the ongo-

compared with observational data, under different dropout rates (p = 0.1, 0.5, 0.9) for

ing SC 25 and the upcoming SC 26. The input for the
model consisted of SSN data from the past 240 months,
used to predict the SSN of the subsequent 120 months.
Fig. 7 shows the prediction for SC 25 and SC 26. We
implemented the Monte Carlo Dropout algorithm to check
the uncertainty quantification in SC prediction. This is
used during the prediction stage, in which dropout layers
were kept active, enabling stochastic forward passes to gen-
erate varied outputs and quantify prediction uncertainty.
Through 500 Monte Carlo Dropout iterations (n_samples
= 500), we obtained uncertainty estimates. The peak for
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Fig. 7. SSN predictions of SC 25 and SC 26 by our model. Major tick marks on the abscissa correspond to January for each year
shown. The prediction horizon begins at December 2024, shown by the red vertical dashed line. The blue-shaded region
represents the prediction distribution, and the solid blue line shows median predictions.
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SC 25 is predicted to have ended. For SC 26, we predict
that the peak amplitude will be 199.3, with a 95% confi-
dence interval (CI) of 170.8-221.9, expected to occur in
April 2034.

We have trained an optimized TiDE network for SC
forecasting. The TiDE model we employed abandons the
complex structure of the Transformer and instead adopts
the encoder-decoder architecture based on MLP. In our
experiments, we made predictions on a test set from SC
19 to SC 25 that demonstrated consistency with true obser-
vational values. The average prediction errors, with
MAPE = 32.02, MAE = 23.32, RMSE = 30.3, R? = 0.76,
outperforming previously used deep learning models
(N_BEATS, RNN, CNN, LSTM, BiLSTM, GRU) in accu-
racy. In the future, more data can be used to achieve bet-
ter results and smaller errors. However, the model shows
limitations in accurately capturing dual-peak structures
and extreme solar cycles (e.g., SC 19). These discrepan-
cies primarily stem from the data constraints (with only
2119 available training samples) and model underfitting
issues. This can potentially be addressed by acquiring
more observational data and incorporating multi-source
solar activity records (including sources such as radio,
extreme ultraviolet, and magnetic data) into the training
framework. We have also forecasted SC 25 and SC 26.
For SC 25, the peak has ended, and the peak of SC 26 is
predicted to be stronger, at 199.3, varying between
170.8-221.9, and is projected to occur during April 2034.

Our work will help in the development of more accu-
rate space weather early-warning systems, with the fore-
casted solar peak amplitude as a deterministic factor for
the occurrence rate and magnitude of geomagnetic distur-
bances and solar energetic particle events. This can help
to ensure the operational security of spacecraft in orbit
and deep space exploration missions.
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