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Abstract
The Disturbance Storm Time (Dst) Index stands as a crucial geomagnetic metric, serving to
quantify the intensity of geomagnetic disturbances. The accurate prediction of the Dst in-
dex plays a pivotal role in mitigating the detrimental effects caused by severe space-weather
events. Therefore, Dst prediction has been a long-standing focal point within the realms of
space physics and space-weather forecasting. In this study, a Temporal Convolutional Net-
work (TCN) is deployed in tandem with the Integrated Gradient (IG) algorithm to predict
the Dst index and scrutinize its associated physical processes. With these two components,
our model can give the contribution of each input parameter to the outcome along with the
forecast. The TCN component of our model utilizes interplanetary observational data, en-
compassing the vector magnetic field, solar-wind velocity, proton temperature, proton den-
sity, interplanetary electric field, and other relevant parameters for forecasting Dst indices.
Despite the disparity in test sets, our model’s forecast accuracy approximates the error levels
of the prior models. Remarkably, the prediction error of these machine-learning models has
become comparable to the inherent error between the Dst index itself and the actual ring-
current strength.

To understand the physical process behind the forecasting model, the IG algorithm was
applied in our prediction model, in an attempt to analyze the underlying physical process of
the machine-learning black box. In the temporal dimension, it is evident that the more recent
the time, the more substantial the influence on the final prediction. Regarding the physical
parameters, besides the historical Dst index itself, the flow pressure, the z-component of the
magnetic field, and the proton density all significantly contribute to the final prediction. Ad-
ditionally, IG attributions were analyzed for subsets of data, including different Dst-index
ranges, different observation times, and different interplanetary structures. Most of the sub-
sets exhibit an IG matrix with deviations from the mean distribution, which indicates a
complex nonlinear system and sensitivity of the prediction to input values. These analyses
align with physical reasoning and are in good agreement with previous research. The results
affirm that the TCN+IG technique not only enhances space-weather forecast accuracy but
also advances our comprehension of the underlying physical processes in space weather.
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1. Introduction

Geomagnetic storms are significant disruptions in the Earth’s magnetic field and have ex-
erted profound influences on human life (Gonzalez et al. 1994; Tsurutani et al. 1997; Echer,
Gonzalez, and Alves 2006). Several relevant cases have demonstrated that super geomag-
netic storms have significant influences on our society, particularly on modern high-tech
infrastructure such as spacecraft and radio communication (Heirtzler, Allen, and Wilkinson
2002; Daly 2005; Pulkkinen et al. 2012; Mandea and Chambodut 2020). On 1 March 1989, a
severe geomagnetic storm struck power systems in North America, resulting in a 9-h power
failure across the majority of the Quebec region (Molinski, Feero, and Damsky 2000). For
a 1989 Quebec-like event, the global economic impacts would range from USD 2.4 to 3.4
trillion over a year and lead to a loss in global Gross Domestic Product (GDP) ranging from
3.9 to 5.6% (Schulte In Den Bäumen et al. 2014). The “Halloween” event on 30 October
2003, also constituted a severe disaster impacting the power-system infrastructure, the avia-
tion industry, and satellite communications around the world (Wang et al. 2005; Mannucci
et al. 2005; Kappenman 2005; Gopalswamy et al. 2005). On 4 February 2022, 38 Starlink
satellites were also destroyed by the geomagnetic storm, and the economic loss is expected
to be several tens of millions of dollars (Hapgood, Liu, and Lugaz 2022; Dang et al. 2022).
Consequently, the precise prediction of geomagnetic activity has become a necessary subject
in the field of space physics.

The Dst index is a pivotal geomagnetic parameter employed to quantify the magnetic
turbulence at a temporal resolution of 1 h (Sugria and Chapman 1961). It is defined as the
difference between the horizontal component of the measured magnetic field and the hori-
zontal component of the corresponding quiet geomagnetic field (Sugria and Chapman 1961;
Sugiura 1963). The global Dst index is derived from the amalgamation of data collected at
four low-latitude magnetic observatories: the Hermanus, Kakioka, Honolulu, and San Juan
observatories (Nose et al. 2015). The longitudes of these observatories are roughly uni-
formly distributed in the whole longitude line and these observatories are all located in low
latitudes that ensure minimal interference from space electrojets. As a consequence, the Dst
index serves as a widely recognized metric for characterizing the strength of the equatorial
ring current and quantifying the intensity of magnetic storms.

Over the course of several decades, numerous methods have been proposed to forecast
the Dst index. Some researchers (Yermolaev and Yermolaev 2002; Wang et al. 2003; Gon-
zalez and Echer 2005; Zhao et al. 2011; Shen et al. 2017) used statistical relations between
the Dst index and the solar-wind parameters for prediction. Concurrently, others (Burton,
McPherron, and Russell 1975; Perreault and Akasofu 1978; Akasofu 1981; Wei et al. 2007;
Cai, Ma, and Zhou 2010; Boynton et al. 2011) have utilized inferred coupling functions
linking solar-wind dynamics with magnetospheric responses.

In recent years, with the development of computer science, machine learning has made
great breakthroughs across various disciplines, including solar physics (Asensio Ramos
et al. 2023). In the domain of machine-learning-based Dst-index prediction, Lundstedt and
Wintoft (1994) introduced one of the early prediction models, utilizing a neural network.
Afterward, Gleisner, Lundstedt, and Wintoft (1996) enhanced prediction accuracy by in-
troducing a time-delay neural network. In a separate approach, Wu and Lundstedt (1997)
harnessed a kind of recurrent neural network (RNN) (Elman 1990) to forecast the Dst index,
demonstrating the effectiveness of RNN structures in predicting geomagnetic activity. In
recent decades, the advancement of computer hardware has catalyzed substantial progress
within the field of machine learning. A plethora of machine-learning methodologies have
emerged for Dst-index prediction. Various deep-learning models (Lazzús et al. 2017; Lethy
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et al. 2018; Xu et al. 2020; Hu, Camporeale, and Swiger 2023) have been proposed, yielding
remarkable levels of prediction accuracy.

Despite the remarkable accuracy achieved by deep-learning models in Dst prediction,
the inherent opacity of machine-learning models remains a challenge (Buhrmester, Münch,
and Arens 2021). The high predictive accuracy of these models often lacks a direct physical
explanation. In this study, we have employed a methodology with the combination of the
Temporal Convolutional network (TCN) (Bai, Kolter, and Koltun 2018) and the Integrated
Gradient (IG) (Sundararajan, Taly, and Yan 2017). The TCN architecture is widely adopted
in the field of weather forecasting and has demonstrated substantial enhancements in fore-
cast accuracy (Hewage et al. 2020). The Integrated Gradient (IG) (Sundararajan, Taly, and
Yan 2017) is a widely used explainable artificial intelligence (AI) algorithm to look into
the machine-learning black box. Utilizing a combination of TCN and IG models, we en-
deavored to predict the Disturbance Storm Time (Dst) index. Our results reveal that the
model demonstrates a noteworthy degree of prediction accuracy. Simultaneously, the model
enables a comprehensive analysis of the factors contributing to its accuracy. This paper is
divided into five sections. Section 2 is a brief introduction to the calculation algorithm used
in this paper. Section 3 introduces the data and the model structure used for training and
analysis. Section 4 discusses the results of our model. Section 5 presents the discussion and
summary.

2. Computational Method

2.1. TCN Architecture

The Temporal convolutional network (TCN) (Bai, Kolter, and Koltun 2018) draws inspi-
ration from the convolutional architectures designed for sequential data, embodying sim-
plicity, autoregressive prediction, and extended memory capabilities. In comparison to
other prevalent generic recurrent architectures, such as Long Short Term Memory (LSTM)
(Hochreiter and Schmidhuber 1997) and Gated Recurrent Networks (GRU) (Chung et al.
2014), the TCN architecture demonstrates superior accuracy while maintaining a more
straightforward and transparent design. Unlike LSTM and GRU, TCN employs distinct con-
volutional layers for each step within the interval layers, eschewing the need for a recurrent
module that traverses through time. Despite the resultant increase in computational work-
load, this modification enhances the overall structure’s parallelizability, ensuring that the
execution time on Graphics Processing Units (GPUs) remains unaffected. Furthermore, this
alteration simplifies both the input and output processes, rendering them more straightfor-
ward and amenable to analysis.

The core of the TCN algorithm is dilated causal convolution with residual structure.
Residual blocks are skip-connection blocks that learn residual functions concerning the layer
inputs, instead of learning unreferenced functions. This concept was originally introduced
as a fundamental aspect of the ResNet architecture (He et al. 2016). The schematic repre-
sentation of the residual block’s design is depicted in Figure 1. Each residual block contains
a branch leading out to a series of transformations F , whose outputs are added to the input
x of the block.

o = Activation(x +F(x)). (1)

This mechanism significantly facilitates the learning of modifications to identity mapping,
a phenomenon that has been empirically demonstrated to be advantageous for very deep
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Figure 1 The residual block
architecture.

Figure 2 An example TCN structure with dilation factor list [1, 2, 4, 8].

networks. In models incorporating residual structures, accuracy exhibits an increasing trend
with greater depth and does not exhibit a deterioration, even under less favorable circum-
stances. Consequently, the incorporation of residual structures finds widespread application
in various machine-learning algorithms, including the TCN structure employed in this study.

Regarding the internal structure within the residual block, the TCN model incorporates
a sequence of dilated causal convolutions. Dilated convolution, also known as Atrous Con-
volution or convolution with holes, is a specialized convolutional technique employed to
broaden the receptive field of neural-network models. It achieves a judicious balance be-
tween an extensive historical context and reduced computational load. The key idea behind
dilated convolution is to expand the convolutional kernel, which in turn skips some of the
input points. Causal convolution, on the other hand, constitutes a convolutional structure
where the output at time t is exclusively associated with elements from time t and earlier in
the preceding layer. This constraint is indispensable for sequence models since, in practical
applications, accessing information from the future is unattainable.

With the combination of dilated convolution and casual convolution, the architecture of
the TCN algorithm in a specific residual block is shown in Figure 2.

2.2. Integrated Gradient Method

Integrated Gradient (IG), as introduced by Sundararajan, Taly, and Yan (2017), stands as
an axiomatic model interpretability algorithm. This method assigns importance scores to
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individual input features by approximating the integral of gradients of the model’s output
concerning the inputs. Renowned for its efficacy, IG serves as a valuable algorithm facilitat-
ing human comprehension of the pivotal features influencing the ultimate prediction. In this
paper, the IG algorithm is employed within our model to provide an explanatory framework
for the rationale behind the predictions.

In the realm of machine learning, a machine-learning model can be conceptualized as
a sophisticated function, wherein the input parameters serve as independent variables and
the prediction results as dependent variables. Therefore, to scrutinize the contributions of
all inputs to the final result, one can utilize the derivative gradient for different inputs as a
crucial reference (Baehrens et al. 2009; Simonyan, Vedaldi, and Zisserman 2014). Inputs
characterized by higher gradients possess greater significance and play a more foundational
role in the prediction process. While this method is straightforward and valuable, it harbors
a conspicuous drawback. On occasions, the machine-learning model may exhibit flattening
at the input, resulting in zero gradients, despite variations in the function value at the input
compared to that at the baseline (Shrikumar, Greenside, and Kundaje 2019). To address this
limitation, numerous algorithms have been introduced, with the Integrated Gradients (IG)
method emerging as one of the most effective solutions.

The inaccuracy of the classical gradient method comes from the fact that we only calcu-
late the gradient of a single point. Hence, the IG calculation function can be written as the
function below:

IGi(x) = (xi − x ′
i ) ×

∫ 1

α=0

∂F (x ′ + α(x − x ′))
∂xi

dα. (2)

The Integrated Gradients (IG) algorithm assesses the linear trajectory in high dimensions
from the baseline x ′ to the input x and calculates gradients at all points along this trajec-
tory. Its implementation is efficient, requiring only a minimal number of calls to the gradient
operator. Furthermore, it is versatile, applicable across various deep networks, and is sub-
stantiated by robust theoretical justification (Lundstrom, Huang, and Razaviyayn 2022).

In Equation (2), the attribution calculation is multiplied by the input, which contributes
to sharpening attribution maps. Ancona et al. (2017) argue the multiplication with the input
has a more fundamental justification, which allows us to distinguish attribution methods
in two broad categories: global attribution methods, that describe the marginal effect of a
feature on the output with respect to a baseline and; local attribution methods, that describe
how the output of the network changes for infinitesimally small perturbations around the
original input. Local attributions aim to explain how the input should be changed in order to
obtain a desired variation in the output. On the contrary, global attributions should be used
to identify the marginal effect that the presence of a feature has on the output. In this study,
both global and local attributions are computed and examined to reveal underlying physical
relationships.

2.3. Focal Regression Loss Function

The concept of focal loss was initially introduced by Lin et al. (2020), specifically for object
detection. The primary aim of Focal Loss is to mitigate the influence of correctly classified
instances on the training procedure and redirect attention toward challenging-to-classify ex-
amples. Subsequently, Yang et al. (2021) proposed a regression variant of focal loss known
as “Focal-R”. Given that our Dst-prediction problem is inherently a regression challenge,
we employ the “Focal-R” loss function to address the data imbalance in Dst indices.
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In the Focal-R loss function, a continuous scaling factor is employed to map the loss
within the [0,1] range. More precisely, for the focal loss based on L1 distance, the ultimate
loss is computed as follows:

efocal = 1

n

n∑
i=1

σ(|βei |)γ ei, (3)

where ei is the L1 error for the ith sample, σ(·) is the sigmoid function, and β , γ are hyper-
parameters. Through the application of the focal-R loss, the impact of accurately predicted
data on the training process is minimized, thereby shifting the focus of the training towards
challenging data.

2.4. Sequential Model-Based Algorithm Configuration

The Sequential Model-based Algorithm Configuration (SMAC) was initially introduced
by Hutter, Hoos, and Leyton-Brown (2011) and subsequently enhanced by Lindauer et al.
(2022). It is one of the automated machine-learning methods for hyperparameter optimiza-
tion and has been widely used in many fields.

Within the realm of machine learning, hyperparameter optimization addresses the chal-
lenge of identifying an optimal set of hyperparameters for a given learning algorithm.
Among various algorithms, Bayesian optimization emerges as a widely adopted approach.
This method intelligently navigates the hyperparameter space, determining the next combi-
nation to explore based on prior observations. In contrast to grid search and random search,
Bayesian optimization excels in yielding superior results with fewer evaluations, owing to
its capacity to assess experiment quality before execution. While the conventional Bayesian
optimization approach focuses exclusively on tuning numerical parameters, the SMAC al-
gorithm is uniquely tailored to handle categorical parameters.

The fundamental concept behind Bayesian optimization involves constructing a model
that estimates the metric value for a given set of hyperparameters. In the case of the SMAC
algorithm, this is achieved through a random forest model capable of simultaneously han-
dling both categorical and numerical parameters. Leveraging the results derived from the
preceding hyperparameters, the random forest formulates a novel set of hyperparameters
associated with the highest estimated score. Subsequently, the model undergoes retraining
using this updated outcome, initiating the iterative process once more. This iterative ap-
proach expedites the discovery of superior hyperparameters earlier and faster.

2.5. Stacking Algorithm

The stacking algorithm, introduced by Wolpert (1992), stands out as one of the widely em-
ployed ensemble learning techniques aimed at enhancing model performance. The ensemble
technique is the idea that combines the predictions of several base estimators built with a
given learning algorithm to improve the single estimator. This technique has found exten-
sive applications across various domains of machine learning, including the field of space-
weather forecasting (Xu et al. 2020; Yang et al. 2023). Returning to the stacking algorithm,
this method involves the amalgamation of multiple individual models, effectively mitigat-
ing prediction bias. More precisely, predictions from each individual estimator undergo a
stacking process, serving as input for a final estimator that computes the ultimate predic-
tion. This approach allows the training of multiple models addressing the same problem,
and leveraging their combined output, a new model is constructed, showcasing improved
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Figure 3 The TCN network structure used for Dst-index prediction in this paper.

performance. Consequently, the stacking algorithm is implemented on the best-performing
models, culminating in the creation of an enhanced prediction model. The resultant stacked
model boasts higher accuracy, serving as the foundation for the conclusive analysis.

3. Dataset and Prediction Model Details

The Dst-index data and solar-wind data used in this paper are obtained from NASA‘s OMNI
database (King and Papitashvili 2005). The data that we used contain the hourly Dst-index
and solar-wind data from 00 UT on 1 January 1963 to 23 UT on 31 December 2016 since
the final index with the final quality check is now available only up to 2016. The inter-
planetary parameters considered in this paper include the interplanetary magnetic field (Bx ,
By , and Bz), the solar-wind velocity (vx , vy , and vz), electric field (E), proton density (np),
temperature (T ), and dynamic pressure (Pdyn). The interplanetary data presented herein are
collected at the Lagrange L1 point in space through satellite observations. Unfortunately,
a significant portion of interplanetary data from the early years is absent due to a lack of
observations. To address this journal, we simply discard this part of the data. Consequently,
we have compiled a dataset consisting of 230,527 sets of input and output data pairs, which
are utilized for prediction and analysis purposes.

In our study, we categorize the dataset based on monthly observations, taking into ac-
count variations in solar-activity intensities across different years. The training set comprises
observation data from January, March, May, July, September, and November, serving as in-
put for updating model parameters through training functions. Conversely, the validation set
consists of data from April, August, and December and is employed to select the optimal
model, mitigating the risk of overfitting. Additionally, the testing set is constructed from data
obtained in February, June, and October. This set is utilized to evaluate the Dst-prediction
model and conduct theoretical analyses. Notably, each year’s data is subdivided into three
parts, ensuring that all three subsets encapsulate both the solar-maximum and -minimum
periods of distinct solar cycles. This strategic division ensures a uniform distribution across
subsets, enhancing the model’s performance in addressing real-world space-weather fore-
casting challenges.

Regarding the model architecture, we adopt the TCN model concept, incorporating mul-
tiple dilated causal convolution layers as residual blocks. The schematic representation of
our model is presented in Figure 3. Each residual block in our model consists of a con-
volution layer followed by a ReLU activation layer. Notably, the final prediction model is
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composed of three interconnected residual blocks with varying widths. In addition to these
TCN residual blocks, a linear layer is appended to the end of our model to ensure that the
model’s output conforms to the desired prediction shape (N × 1).

The lengths of input and output sequences are determined through a series of model se-
lections. Employing the Neural Network Intelligence (NNI) software (Microsoft 2021), the
SMAC algorithm generates a set of model hyperparameters, which are then utilized to pre-
dict outcomes in the validation dataset. The NNI software is an automated machine-learning
software and is mainly used for hyperparameter optimization with the SMAC algorithm in
our Dst-index prediction research. The optimal model, yielding the highest prediction accu-
racy, employs a 57-h input and 1-h output. This optimal set of hyperparameters is utilized
for subsequent statistical analyses. Consequently, the prediction model in this study utilizes
interplanetary data from the present (t ) to 56 h prior (t = 56 h) to forecast the Dst index
1 h ahead (t + 1 h). These parameters are derived entirely from data analysis but are also
underpinned by a physical basis, as elaborated in Section 4.2.

In the model-training part, diverse techniques were employed to enhance the accuracy
of our model. Since most of the time, there is no geomagnetic storm, achieving precision
in training a magnetic-storm prediction model poses a formidable challenge. This challenge
aligns with the widely recognized issue in machine learning referred to as data imbalance
(He and Garcia 2009; Branco, Torgo, and Ribeiro 2015; Krawczyk 2016). The trained model
often tends toward predicting the absence of a magnetic storm regardless of the input. To
mitigate the impact of imbalanced data, the focal-R loss function is used during our train-
ing process. By implementing the focal-R loss, emphasis is deliberately reduced on data
points with higher accuracy, redirecting attention towards less accurate data. This strategic
adjustment significantly mitigates the impact of data imbalance.

In addition to using the focal-R loss function, the stacking strategy is additionally em-
ployed to enhance prediction accuracy. Since the SMAC algorithm generates several differ-
ent hyperparameters, it is highly suitable for using ensemble learning to enhance prediction
accuracy. Stacking has played a pivotal role in further elevating the precision of our Dst-
index prediction model. In the process of constructing and training our model, we employed
specific Python libraries to streamline our code and conduct data analysis. The utilized li-
braries are enumerated below: numpy (Harris et al. 2020), pandas (The pandas development
team 2020), matplotlib (Hunter 2007), scipy (Virtanen et al. 2020), sklearn (Pedregosa et al.
2011), Pytorch (Paszke et al. 2019), etc.

4. Results

4.1. Prediction Accuracy

Considering the complexity of the prediction problem, it is difficult to describe how good
the pros and cons of a model are. Therefore, we use three different evaluation functions
to analyze our result. These evaluation functions are the mean absolute error (MAE), root
mean square error (RMSE), and R-squared (R2).

MAE(y, ŷ) = 1

N

N∑
i=0

|yi − ŷi | , (4)

RMSE(y, ŷ) =
√√√√ 1

N

N∑
i=0

(yi − ŷi )2 , (5)
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R2(y, ŷ) = Cov2(y, ŷ)

V ar(y)V ar(ŷ)

=
(∑N

i=1(yi − ȳ)(ŷi − ¯̂y)
)2

∑N

i=1(yi − ȳ)2
∑N

i=1(ŷi − ¯̂y)2
. (6)

Here, y and ŷ represent the predicted and actual Dst indices for the entire dataset, yi and
ŷi pertain to the predicted and actual Dst indices for the ith data point, ȳ and ¯̂y denote
the average values for the predicted and actual Dst indices and N signifies the number of
data points in the dataset. Each of these three evaluation functions contributes uniquely to
quantifying the accuracy of a prediction model and all have their own characteristics. The
MAE and RMSE evaluation functions share the same units as the input parameters, whereas
the correlation coefficient is a scale-free score. In the context of a highly accurate model,
the calculated MAE and RMSE between predicted and actual values tend to be smaller,
while the correlation coefficient tends to be larger. In an ideal scenario where the predicted
value precisely aligns with the real value, both the MAE and RMSE register as zero, and the
correlation coefficient (R) attains a value of 1. For all our test set data, the MAE value is
2.12 nT, the RMSE value is 3.09 nT, and the R-squared is 0.973.

Through these three different parameters, the performance of the prediction model can
be quantified, but it is still very difficult to compare our results with other previous models
because the test dataset is not exactly the same. Furthermore, due to the limitations of these
evaluation methods, their sensitivity to different data is different. In general, the data to be
predicted with greater absolute value will have larger RMSE and MAE, and higher corre-
lation coefficient. For our Dst-prediction problem, due to the relatively quiet solar activity
during the Solar Cycle 24, the previous testing set using only part of the Solar Cycle 24
observation data usually has a smaller RSME and MAE value.

Although it is difficult to compare among different people’s works, it can be verified from
another perspective that we all have obtained a very high accuracy. Although the Dst index
is the most essential and widely used parameter to quantify the Earth’s global magnetic
disturbance, it is still slightly different from the actual ring-current strength. The Dst index
usually underestimates the solar activity and its bias ranges from −15 nT at solar maximum
to zero at solar minimum (Lühr and Maus 2010; Temerin and Li 2015). In addition, the
semiannual variation in the Dst index is excessively large compared to all other indices of
geomagnetic activity (Cliver, Kamide, and Ling 2000). It is unrelated to the development of
storms or the ring current and its approximate value is about 2.5 nT (Mursula and Karinen
2005). Therefore, it is meaningless to pursue high accuracy in Dst-index prediction, since it
is slightly different from the actual physical process. Moreover, all those recent prediction
models that are based on machine learning have reached the error level between the Dst
index and the actual physical process. Table 1 presents the comparison between our model
and several different previous models. Considering these models use different testing sets
for result analysis, the evolution results can only be used in rough comparison. Notably,
all models exhibit exceptionally high accuracy, with prediction errors comparable to the
error level between the Dst index and the real physical processes. Consequently, further
enhancements in forecast accuracy may be limited. Instead, the research focus should shift
towards analyzing how these deep-learning models attain such precise predictions, which
forms a crucial aspect of this paper.

In addition to the average bias calculated with the three evaluation functions, we also
obtain the relationship between our final Dst-index prediction and its ground-truth value
for all the testing sets. The comparison is shown in Figure 4(a). From the scatter plot, we
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Table 1 Comparison between our prediction model and several other Dst-forecast models.

Prediction model The corresponding testing set RMSE (nT) R2

ANN+PSO (Lazzús et al. 2017) 2010.1.1 00:00 – 2016.8.31 23:00 3.57 0.956

LSTM+GP (Gruet et al. 2018) 20% of all dataset (2001.1.14
00:00 – 2016.12.31 23:00)

5.25 0.933

Bagging (Xu et al. 2020) 2016.1.1 00:30 – 2017.5.31 23:30 2.85 0.966

Dst Transformer (Abduallah
et al. 2022)

2021.10.1 – 2021.11.15 5.40 0.750

LSTM (Li et al. 2022) 2018.10.21 14:00 – 2020.12.31 23:00 3.02 0.963

Multi-fidelity Boosting (Hu,
Camporeale, and Swiger 2023)

20% of 66 selected storm periods with K-fold
cross validation

2.59 –

EMD-LSTM (Zhang et al. 2023) data from 2019 (quiet period) 3.29 0.903

2023.1.1 – 2023.5.21 (active period) 8.87 0.865

our TCN-IG model February, June, and October from 1963 to 2016 3.10 0.973

Figure 4 Comparison between the prediction result and real Dst-index values. The red line presents the linear
relation result and the blue line is the fitted result. Panel (a) uses all the data in the testing dataset, while Panel
(b) only uses those data whose ground truth Dst index is lower than -30 nT.

can see that the predicted and real Dst indices are closely fitted around the y = x function
and have a very high correlation coefficient. Considering that the dataset contains quiet
geomagnetic-field observations, we then filter the data with Dst-index values lower than
−30 nT. The R-squared evaluation function is 0.949, and the scatter plot comparison is
shown in Figure 4(b). Our result is still good enough for those periods with a geomagnetic
storm. Thus, the prediction result of our TCN model is rather reliable and can be used in
space-weather forecasting.

In addition to the overall analysis, the accuracy of different observation data is also an-
alyzed in detail. To verify whether there is overfitting in our model, the three validation
metrics are also calculated for each month since our dataset is divided based on months.
Figure 5 provides a comparison across different months. The results are similar among all
months, indicating that the training is not overfitting and our model is not biased to any
specific group of months.
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Figure 5 The RMSE, MAE, and R-squared evaluation results for different months and different datasets. It is
obvious that different parts of the dataset have a similar accuracy and our model is not biased to any specific
group of months.

Correspondingly, we also conducted similar analyses for different years. Figure 6
presents the evaluation-function results of our model’s prediction and the ground truth for
different years. Due to the long span of the dataset and the fact that some observations are
missing in the early years, we only present results for the 17 years of the twenty-first cen-
tury. As is evident from the figure, the prediction accuracy varies from year to year. This
discrepancy arises from the disparate distribution of data within each year and the varying
sensitivity of the three evaluation functions to distinct datasets. Therefore, it is more appro-
priate to divide the dataset using different months rather than years. Moreover, this result
implies that the inherent limitations of these three evaluation methods hinder direct compar-
isons of their values with those of other models, primarily due to variations in the datasets
employed across different research papers.

Considering our dataset contains observation data from 5 different solar cycles, the three
evaluation functions for different solar cycles can be shown in Table 2. It is easy to see
that the accuracy varies across different solar cycles, and dividing the dataset according to
different solar cycles is also not good enough. Further analysis using variance calculation
reinforces this result. For data from different solar cycles, the variance of the RMSE assess-
ment metric is 0.380 nT. In comparison, the RMSE variance for monthly split data is 0.127
nT, and for yearly split data, it is 0.675 nT. These findings indicate that splitting the dataset
based on months is a more appropriate method.

The general result comparison does not seem intuitive, so 6 specific geomagnetic-storm
events are chosen as illustrative prediction examples. The comparison between our predic-
tion results and the corresponding ground-truth values is shown in Figure 7. The top four
events here are the largest magnetic-storm events selected from the test set without miss-
ing observation data. Despite the delayed update of the final Dst index, the analysis was



98 Page 12 of 27 J. Liu et al.

Figure 6 The evaluation-function results of our model’s prediction and the ground-truth value during differ-
ent years. The prediction accuracy varies from year to year due to the disparate distribution of data.

Table 2 The prediction accuracy
for different solar cycles. Solar Cycle MAE RMSE R2

20 2.29 3.42 0.970

21 2.63 3.72 0.967

22 2.10 2.92 0.973

23 2.16 3.15 0.974

24 1.94 2.88 0.970

all 2.11 3.10 0.973

restricted to data prior to 2016. It has been a long time since 2016, and the space-weather
environment is changing all the time. Therefore, two recent storm events from two differ-
ent solar cycles were added to assess the real-time forecasting capabilities of the prediction
model. For these events, the prediction outcomes were evaluated against the real-time or
provisional Dst index. Although these data remain subject to ongoing updates and may not
be entirely reliable for scientific research, it can still roughly provide an approximation of
our model’s prediction accuracy. In these figures, the orange lines represent our predicted
outcomes during the respective periods, while the red lines depict the actual Dst-index val-
ues. Notably, our prediction results exhibit a close alignment with the actual curve at each
stage of the magnetic storm. Consequently, our Dst-index prediction model demonstrates a
high level of accuracy, rendering it applicable for real-world space-weather forecasting.

4.2. Model Explanation

Given the inherently opaque nature of machine learning, a notable gap exists in the inter-
pretability of the neural networks in prior models. In contrast to existing approaches, some
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Figure 7 The comparison between the predicted results generated by the TCN network and the actual Dst-
index values. The orange lines represent our prediction results, while the red lines depict the real Dst index.
Notably, the top four geomagnetic storms are all selected from the testing set and the bottom two events are
two recent storms whose Dst-index values have not been fully manually corrected. These magnetic storms all
remain unutilized in the training phase, so there are no data-contamination issues. It is noteworthy that, for
all these geomagnetic storms, our prediction results closely align with the ground-truth values.

Figure 8 The attribution of different input data calculated with the IG method. The left figure displays the
global attribution computed by the IG algorithm, while the right figure shows the local attribution. A larger
value (represented by a darker color in the figure) indicates that the corresponding parameter has a more
substantial impact on the final Dst-index prediction outcome.

physical analyses are also given along with our prediction model. We can provide an analysis
of the contribution of individual input parameters to the forecast results.

To assess the interpretability of our machine-learning model, we utilize the integrated
gradient (IG) method. The global and local attribution matrices generated by this method
illustrate the influence of various input physical variables on the predicted Dst index, as de-
picted in Figure 8. To show the results more clearly, the IG attribution matrices are presented



98 Page 14 of 27 J. Liu et al.

Figure 9 The local attribution for different time interval data calculated with the IG method.

on an absolute logarithmic axis. A lot of common information can be seen from these two
figures although they have different emphases. It is evident that the Dst index in the past
few hours has the greatest contribution. The solar-wind flow pressure and z-component of
the geomagnetic field are all necessary input parameters. These physical analyses will be
explored in detail later.

The two-dimensional result is sometimes difficult to analyze horizontally, so we also
plotted the contributions of different time intervals and different interplanetary physical
parameters to the results separately. Figure 9 shows the local attribution of input data for
different time intervals to the final forecast results. From the temporal dimension, most of
the attribution comes from the current observation time and those data earlier than 3 h have
a very low contribution to the result. This result can also be explained in physics. The in-
terplanetary data can be used for space-weather forecasts mainly because those data are
observed at the Lagrange point. It takes several hours to several days for a CME eruption
to propagate to Earth, so the observations midway can provide a series of useful forecasts.
The common solar-wind velocity ranges from 200 to 750 km s−1 and the average speed is
approximately 450 km s−1. The distance between the Earth and the Lagrange point L1 is
approximately 1.5 × 107 km, so it usually takes one hour for a CME event to propagate
from the L1 point to Earth. Thus, our model’s outcome that most of the attributions come
from the current-hour observation is reasonable. Apart from the input sequence length, the
output sequence length selection is also explainable with it. The propagation time between
the L1 point and Earth is 1 h on average, so we only predict the Dst index for the next hour,
and the result is accurate most of the time.

As for the physical parameter dimension, the local attributions for various input parame-
ters are also calculated. The original value and the absolute value of the attribution are both
plotted in Figure 10. The two figures are used to display and analyze different information.
Positive values represent a positive contribution to the forecast and negative values represent
a negative contribution to the forecast. A larger absolute value represents a greater impact
on the final prediction. It is obvious that the past Dst index is the most important param-
eter and has the greatest contribution to the final prediction. As for other parameters, the
solar-wind flow pressure, the z-component of the magnetic field, and the solar-wind proton
density all contribute significantly to the forecast. This result can also be explained physi-
cally and agrees well with previous research (Russell, McPherron, and Burton 1974; Burton,
McPherron, and Russell 1975).

Figure 8 only displays the attribution data for the entire testing set, which includes a di-
verse range of data. The plot for average value may result in the loss of crucial information,
so we also compute the IG matrix for different data subsets. We only calculate the local
IG attribution since these data subsets contain different data, and comparisons using global
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Figure 10 The local attribution for different input parameters calculated with the IG method. The top figure
represents the original IG attribution. Positive values represent a positive contribution to the forecast and
negative values represent a negative contribution to the forecast. The bottom figure displays the absolute
value of the local attribution. A larger absolute value represents a greater impact on the final prediction.

imputation analysis will introduce systematic bias. Figure 11 is the local IG attribution ma-
trix for those data with a Dst index lower than −30 nT and −200 nT. They correspond
to the local attribution of data during quiet periods, magnetic-storm periods, and extreme
magnetic-storm periods. Obtaining distinct results solely from the calculated matrix remains
challenging; hence, the relative local integrated gradient attribution matrices are also com-
puted. The attribution results divided by the attribution results from the whole dataset are
shown in Figure 11 with the logarithmic axis. A redder color signifies a higher contribution
relative to the base attribution matrix, whereas a bluer color indicates a diminished contri-
bution.

The 2D attribution is still not clear enough, so the attribution for temporal dimension and
parameter dimension are also calculated. Figure 12 presents the relative attribution for these
three data subsets. Notably, the attribution for those without the geomagnetic-storm period
(Dst > −30 nT) aligns closely with the overall attribution for the whole dataset. However,
as the Dst index decreases, the attribution for the past 3 – 9 h diverges from the average
attribution value. This indicates that during geomagnetic storms, input values from these
hours have a distinct contribution compared to quiet periods. In addition, the attributions for
input data from even longer ago deviate slightly from the average attribution matrix, which
means it makes sense to use earlier data for forecasting. Theoretically, this deviation can be
explained by the low correlation between the quiet period and the preceding and succeed-
ing hours. Hence, data from earlier time frames contributes minimally to the forecast. In
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Figure 11 The local integrated gradient attribution matrix for data with Dst index greater than −30 nT,
between −30 and −200 nT, and less than −200 nT. The left three figures are the absolute integrated gradient
attribution matrices for these three Dst-index ranges. In these figures, the darker color in the figure represents
a higher attribution and a greater impact on the prediction result. The right three figures show the subtracted
differences of the attribution results from the whole dataset and represent the relative attribution for different
input parameters. A redder color indicates a greater contribution relative to the base attribution matrix while
a bluer color represents a lower contribution.

contrast, during geomagnetic storms, observations from a few hours prior exhibit a higher
correlation, leading to their attributions departing from the whole dataset’s average value.

Figure 13 shows the attribution of different interplanetary parameters to the final predic-
tion results for different Dst-index ranges. From these figures, it is evident that the historical
Dst index stands out as the most significant parameter. Among those interplanetary param-
eters, the flow pressure is the second most essential parameter. The z-component of the
geomagnetic field and the proton density also have a strong contribution to the forecast.
In addition, as the Dst index decreases, the interplanetary magnetic field in the z-direction
and the electric field in the y-direction have larger contributions relative to the quiet period,
which means that these parameters have a stronger correlation with the geomagnetic storms.
This finding aligns with prior research and holds physical explanations. The convective elec-
tric field in the magnetosphere is the predominant factor influencing the intensity of the ring
current. The solar-wind plasma speed and the z-component of the magnetic field stand out as
the two key parameters that affect the electric field. Additionally, in the widely held theoret-
ical explanation of geomagnetic storms, the southward magnetic field in the interplanetary
coronal mass ejections or stream-interaction regions reconnects with the Earth’s planetary
magnetic field at the day-side magnetopause and injects the magnetic and particle energy
into the Earth magnetosphere. Thus, the z-component of the interplanetary magnetic field is
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Figure 12 The relative local attribution of different time intervals for data with different Dst-index ranges.
The top panel is for data with their Dst index greater than −30 nT. The middle panel is for data between
−30 and −200 nT. The bottom panel is for data less than −200 nT. The blue cross represents the relative
attribution ratio between the subsets and the whole dataset. The horizontal dotted line represents a relative
attribution value of 1, which means that the subset of data is not biased relative to the whole dataset.

the key parameter of geomagnetic-storm forecasting. Our model’s result highly agrees with
the results from the previous theoretical research.

Since there are two main types of causes of geomagnetic storms: the interplanetary coro-
nal mass ejection (ICME) and the stream interaction region (SIR), the analysis for the pre-
diction for different sources is also conducted. Figure 14 shows the local IG attribution
matrix for the final Dst prediction during the ICME and SIR period. The time range of
ICMEs is obtained from Chi et al. (2016) and the time range of SIRs is obtained from Chi
et al. (2018). In addition, the 2D attribution matrix, the summation for each input parameter
during the ICME and SIR period is also calculated and plotted in Figure 15. Based on the
comparison presented in Figure 14 and Figure 15, additional implications can be inferred.
Parameters, such as the Dst index, the flow pressure, the z-component of the magnetic field,
the y-component of the solar-wind velocity, etc., which significantly affect forecasting, ex-
hibit different contributions during the ICME and SIR periods. This indicates that the two
sources are physically different and have completely different characteristics.

Given the extended duration of our testing dataset, the analyses for our prediction during
different solar cycles have also been conducted. Figure 16 presents the local IG attribution
for different input parameters during five different solar cycles. A notable finding from this
figure is that most input parameters exhibit similar contributions to the prediction across dif-
ferent solar cycles. Considering the comparison is slightly complex, the standard deviation
and the relative standard deviation, which is defined as the ratio of the standard deviation σ

to the mean μ (σ/μ), are then calculated and plotted in Figure 17. Analysis of these figures
reveals that the x-components of the solar-wind velocity and sunspot number are the pri-
mary parameters with varying contributions to the prediction across different solar cycles.
The fluctuations in other parameters are minimal relative to their actual values.
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Figure 13 These figures show the local attribution for different interplanetary observation data calculated
with the IG method. The three figures on the left are for the data with their Dst index greater than −30 nT,
between −30 and −200 nT, and less than −200 nT. The three figures on the right are the relative local IG
attribution for different input parameters and different Dst-index ranges. In order to compare the interrela-
tionships more clearly and accurately, all attributions in the figures were calculated and plotted in absolute
values. Besides, the three figures on the left are plotted on logarithmic axes to make the comparison clearer.

In addition, the analysis across different solar cycles, the same analytical process was
also conducted for different individual years. Figure 18 shows similar plots of the standard
variation and the relative standard variation for various years. Figure 18 and Figure 17 ex-
hibit striking similarities. The two most frequently altered physical parameters in the IG
attribution are also the x-components of the solar-wind velocity, as well as the sunspot num-
ber. The similarity of this result can be attributed to the nature of the forecasting model.
These two parameters are more sensitive to the input values and consequently contribute
differently in different subdatasets.

In contrast to the similarities observed in Figure 17, Figure 18 exhibits several notable
differences. One of the main differences is that the relative standard deviation of the sunspot
number becomes lower than that in Figure 17 and the relative variation of the x-component
of the solar-wind velocity surpasses that of other parameters. These disparities are attributed
primarily to the variability of data across different solar cycles. Given the limited number
of solar cycles, statistical analysis may introduce bias. To corroborate this hypothesis, sim-
ilar statistical analyses were performed on monthly data and are presented in Figure 19. In
comparison to Figure 18, Figure 19 yields nearly identical results. This suggests that the
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Figure 14 The local IG attribution matrix for those data during the ICME (left) and SIR (right) period. The
top two figures show the absolute value matrix and the bottom two figures display the relative value matrix.

Figure 15 The relative IG attribution matrix for various input parameters during the ICME and SIR period.
The relative attribution in the top figure is calculated by subtracting the average attribution of the entire dataset
from the attribution of the ICME or SIR event phase. The relative absolute attribution in the bottom figure is
similar, except that the calculated parameters are the absolute attribution rather than the origin value.

observed patterns stem from intrinsic characteristics rather than temporal variations in the
observations. In other words, the influence of the input parameters on the results remains
largely unaffected by the solar cycle, including the solar-maximum and -minimum phases.

To further analyze the attribution of each input physical parameter, the average attribu-
tion and average input values for different months are plotted in Figure 20. The left figure
depicts the relationship between the local attribution and observation time for each input
parameter. The right figure illustrates the average input values for various input parameters
over time. Within these two figures, graphs at the same vertical heights represent the same
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Figure 16 The local Integrated Gradient attribution for different input parameters during five different solar
cycles.

Figure 17 The top panel is the average local IG attribution for the different input parameters. The middle
panel is the calculated standard deviation during different solar cycles for the different input parameters.
The bottom panel is the relative standard deviation or the coefficient of variation (defined as the ratio of the
standard deviation σ to the mean μ, σ/μ) for the different input parameters.

Figure 18 Similar to Figure 17, except that the division of the data subsets is based on years rather than solar
cycles. The top panel is the average local IG attribution for the different input parameters. The middle panel is
the calculated standard deviation during different years for the different input parameters. The bottom panel
is the relative standard deviation or the coefficient of variation.
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Figure 19 Similar to Figure 17 and Figure 18, except that the division of the data subsets is based on months.
The top panel is the average local IG attribution for the different input parameters. The middle panel is the
calculated standard deviation during different years for the different input parameters. The bottom panel is
the relative standard deviation or the coefficient of variation.

physical input parameter. The vertical solid lines denote the solar minimum, while the ver-
tical dashed lines represent the solar maximum. Comparative analysis indicates that most
parameter attributions exhibit a strong relationship with solar-activity intensity, though the
relative variation is often very small.

5. Conclusion and Discussion

In the course of this study, we utilized a combination of the TCN model and the IG algo-
rithms to predict the Dst index in the immediate future and scrutinize its implementation
process. It becomes more feasible to achieve precise space-weather forecasts by employing
the machine-learning method. Notably, the MAE of our model between the prediction 1 h
in advance and the ground-truth value is merely 2.12 nT. This precision has already reached
the magnitude of error between the Dst index itself and the actual ring-current strength. Nev-
ertheless, the potential for further accuracy improvements is limited. Accordingly, future re-
search should focus on exploring the exceptional predictive capabilities of machine-learning
algorithms in the forecasting of the Dst index.

In comparison to preceding models, our model incorporates a novel feature: it quantifies
the contribution of each input parameter to the final forecast. Therefore, we conducted an
analysis to determine the attribution of input parameters to the outcomes across different
data, seeking to elucidate the underlying physical processes that drive the predictive perfor-
mance of our machine-learning black box. In the temporal dimension, it is evident that the
more recent the time, the more substantial the influence on the final prediction, and those
data earlier have a very low contribution to the Dst-index prediction result. However, for the
geomagnetic-storm period, the data from the last 3 – 9 h contribute more to the forecast rela-
tive to the quiet period, which means the earlier observation is essential in the space-weather
forecast. Turning to the physical parameters, the historical Dst index emerges as the most
influential factor in the final prediction results. In addition, the z-component of the magnetic
field and the proton density also have essential contributions to the final prediction. Notably,
as the Dst index decreases, the contribution of the z-component of the magnetic field and the
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Figure 20 The left figure depicts the relationship between the local attribution and observation time for each
input parameter. The right figure illustrates the average input values for various input parameters over time.
Within these two figures, graphs at the same vertical heights represent the same physical input parameter. The
vertical solid lines denote the solar minimum, while the vertical dashed lines represent the solar maximum.

y-component of the solar-wind velocity increase rapidly, which means they have a strong
relationship with the geomagnetic storms.

In addition to analyzing the influence of various interplanetary sources of geomagnetic
storms, the corresponding changes during different geomagnetic-storm periods are also con-
ducted. Apart from the analogous changes for the geomagnetic-storm periods, the ICME
and SIR periods also show deviations. The proton temperature and the sunspot number are
the main parameters that have different attribution during ICME and SIR periods. Further-
more, we investigate variations across different solar cycles and years, yielding significant
findings. It is observed that certain input variables, particularly the sunspot number, exhibit
varying impacts on the final prediction under different solar-activity levels and cycles. These
results learned by machine are roughly consistent with the previous analytical models, un-
derlining the utility and trustworthiness of our Dst-index prediction model. Nonetheless,
comprehending the intricate workings of the machine-learning model remains a challenging
task. Consequently, the quest for a more simplified model and a more interpretable AI algo-
rithm is imperative to achieve a deeper understanding of the exact physical processes with
the aid of artificial intelligence.
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Although we can accurately predict the Dst index for the near future, forecasting the
Dst index over an extended period remains challenging. One contributing factor is that the
interplanetary data are mostly observed at the Sun–Earth Lagrangian point 1 (L1). It takes
only several hours for the solar wind to travel from the Lagrangian point to Earth. Therefore,
if we want to make accurate predictions longer in advance, the observation from Lagrangian
point 1 (L1) of the Sun–Earth system is insufficient. To enhance the accuracy of space-
weather forecasts within Earth’s orbit, it is advisable to incorporate observation data from
regions closer to the Sun, such as the Venus orbit (Shen et al. 2021). Some recently launched
satellites such as the Parker Solar Probe (Fox et al. 2016) and the Solar Orbiter (Müller et al.
2020) are also observed in closer orbits, which may further improve the prediction accuracy.
Considering that the Sun is rotating, the observation data not far to the east of the Sun–Earth
line can also be used for earlier space-weather forecasts (Chi et al. 2022). The two STEREO
satellites (Kaiser et al. 2008) pass through this area at different times and the solar-ring
mission (Wang et al. 2023) plans to place a satellite in this area in the near future.
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