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Abstract. The geomagnetic index Kp is a fundamental metric for quantifying geo-
magnetic activity and understanding solar-terrestrial physics. Accurately modeling and
predicting its nonlinear fluctuations remains a significant challenge in the study of space
climate. In this research, we propose a robust statistical approach using a Long Short
Term Memory (LSTM) neural network for the time series forecasting of the Kp index.
Our models are trained and evaluated on a comprehensive dataset spanning a 25 year
period from 1999 to 2024, utilizing high resolution solar wind data sourced from the
NASA OMNIWeb database. We incorporate eight critical physical parameters as input
features, including three dimensional magnetic field components and plasma properties.
A critical aspect of sequential modeling is determining the optimal historical context.
Therefore, we systematically evaluate the impact of various input time windows (6, 12,
24, 48, 72, and 120 hours) on the predictive performance of the network. Our empirical
analysis reveals that the 6 hour input window yields the highest precision, achieving an
R2 score of 0.7233 and minimizing the root mean square error (RMSE). These results
indicate that short term solar memory contains the most relevant dynamical features
for forecasting geomagnetic variations. This study highlights the effectiveness of LSTM
architectures in capturing the short term dynamical evolution of the Earth’s magnetic
environment, offering valuable insights for future data driven research in space physics.

Keywords: Geomagnetic Kp Index, Time Series Forecasting, Long Short Term Memory
(LSTM), Solar-Terrestrial Physics, Statistical Modeling.

1 Introduction
The Kp index is one of the most widely used global indicators of geomagnetic activity
driven by solar–terrestrial interactions that provides a standardized three hourly logarithmic
measure of disturbances in the horizontal component of the Earth’s magnetic field derived
from a network of mid latitude geomagnetic observatories [1,2]. The Kp index reflects the
integrated response of the magnetosphere to solar wind forcing and serves as a fundamental
proxy for space weather conditions that is extensively employed in studies of magnetospheric
dynamics, space climate variability, and operational forecasting systems [3–5].
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Variations in geomagnetic activity are primarily controlled by solar wind plasma prop-
erties and interplanetary magnetic field (IMF) conditions measured upstream of Earth’s
magnetosphere [6–8]. Numerous observational and modeling studies demonstrate strong
statistical coupling between geomagnetic disturbances and key solar wind parameters such
as solar wind velocity, IMF magnitude, and the southward IMF component [9–11]. Time
shifted solar wind datasets enable consistent analysis of solar wind–magnetosphere cou-
pling by propagating upstream measurements to the Earth’s bow shock nose [12,13]. These
datasets form the basis of many modern space weather prediction frameworks and provide
long term, homogeneous records suitable for data driven modeling approaches [14,15].

Forecasting geomagnetic activity remains a challenging problem due to the nonlinear,
multiscale dynamics of the coupled solar wind–magnetosphere system [16]. Early prediction
efforts relied primarily on empirical relationships and linear statistical techniques that at-
tempted to map solar wind inputs to geomagnetic responses [17–20]. While such approaches
provide valuable physical insights, they are limited in their ability to represent the nonlinear
feedback processes, time dependencies, and regime transitions inherent in magnetospheric
dynamics [19].

Researchers have increasingly adopted machine learning methods as statistical tools for
geomagnetic prediction to overcome these limitations. Previous studies demonstrate that
Artificial Neural Networks (ANNs) improve performance over classical statistical models
by capturing nonlinear relationships between solar wind drivers and geomagnetic indices
[21,22]. Furthermore, recent computational advances enable scientists to apply deep learning
architectures specifically designed for sequential and time dependent data analysis. Time
series forecasting algorithms, particularly LSTM model, show strong predictive capability for
geomagnetic indices by preserving temporal dependencies and learning complex dynamical
patterns directly from observational data [23,24].

Despite the demonstrated effectiveness of LSTM based forecasting frameworks, an im-
portant modeling factor that remains insufficiently explored is the selection of the historical
input window length [25,26]. The window size determines the extent of past solar wind in-
formation incorporated into the prediction process and directly influences both the physical
interpretability and statistical performance of the model. An insufficient window may omit
relevant magnetospheric memory effects, whereas an excessively long window may introduce
noise and degrade predictive skill due to nonstationary solar wind conditions [27–30]. De-
termining an optimal temporal context for geomagnetic forecasting therefore, represents a
critical step toward improving model robustness and advancing data driven space weather
prediction methodologies. Furthermore, recent studies on the complexity of time series have
demonstrated that geomagnetic indices, including Kp, exhibit significant long term corre-
lated memory and self affinity, necessitating advanced nonlinear modeling approaches [31].

In this paper, we systematically investigate the impact of various temporal window
lengths on the accuracy of Kp index forecasting using an LSTM architecture. We evalu-
ate time windows ranging for w = 6, 12, 24, 48, 72,and 120 to identify the optimal historical
context required for precise predictions. The remainder of this paper is structured as follows:
Section 2 details the dataset. Section 3 describes the Sliding Time Window Construction,
LSTM neural network Architecture, Network Architecture and Training Configuration, and
Evaluation Metrics (e.g., RMSE, MAE, and R2). Sections 4 and 5 illustrate the results and
conclusion, respectively.

2 Data
In this study, we employ solar wind and geomagnetic measurements obtained from the
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NASA OMNI database, which provides a comprehensive, cross‑calibrated, and time‑shifted
collection of interplanetary plasma and magnetic field parameters. The OMNI dataset
compiles measurements from several spacecraft located either in geocentric orbit or near
the Sun–Earth L1 Lagrange point, including IMP‑8, Wind, Geotail, and the Advanced
Composition Explorer (ACE) [17,32]. The OMNI processing applies cross‑comparison,
cross‑normalization, and standard time‑shifting of solar wind measurements to the Earth’s
bow shock nose to ensure consistency and accurate timing relative to magnetospheric re-
sponses. These procedures make OMNI one of the most reliable sources for long term space
weather analysis. All data used in this study were obtained from the OMNIWeb interface
(https://omniweb.gsfc.nasa.gov/). We utilize eight key solar wind parameters from
OMNI dataset:the magnitude of the interplanetary magnetic field, |B| (nT); the GSM com-
ponents of the IMF, Bx, By, and Bz (nT); the radial solar wind velocity, Vx (km s−1); the
proton temperature, T (K); the proton number density, Np (cm−3); the bulk solar wind
flow speed, Vflow (km s−1); and the global geomagnetic index Kp. These parameters are
provided as hourly averages, processed from higher resolution measurements using standard
arithmetic averaging, consistent with the approach commonly adopted in long term solar–
terrestrial studies. The Kp index is derived from three hourly measurements recorded at 13
mid latitude geomagnetic observatories [33]. It characterizes fluctuations in the horizontal
component of Earth’s magnetic field on a quasi-logarithmic scale from 0 (quiet) to 9 (ex-
treme storm), with values ≥ 5 indicating geomagnetic storm conditions. We use the hourly
averaged Kp values provided by OMNIWeb. The dataset spans January 1999 to December
2024, covering the descending phase of Solar Cycle 23, the complete duration of Solar Cy-
cle 24, and the rising phase of Solar Cycle 25. This extended interval includes periods of
both high and low solar activity, enabling a robust investigation of solar wind–geomagnetic
coupling across multiple solar cycles.

Figure 1 presents the temporal evolution of the solar wind and geomagnetic parameters
used in this study during the selected interval in May 2024 (from 7–15 May 2024, the
Sun exhibited elevated activity, including multiple X- and M-class solar flares and launched
several coronal mass ejections (CMEs) toward Earth).

3 Methodology
3.1 Sliding Time Window Construction
In statistical time series forecasting, the concept of historical memory is mathematically
implemented through a sliding window technique [27,34]. To transform the continuous solar
wind time series into supervised learning samples, we apply a sliding window approach. At
each time step, the model uses a fixed length (w) history of solar wind parameters to predict
the future value of the Kp index. We denote the solar wind data (X) with size τ ×F , where
in our data, the number of time step is τ = 227928 and the number of solar wind features
is F = 8. Each input sample consists of w consecutive hours of solar wind data, and the
corresponding target is the Kp value at the next hour. The window is shifted forward by one
time step to generate overlapping samples, ensuring that all available temporal information
is utilized. Figure 2 represents a schematic representation of the multivariate sliding window
mechanism for w = 6. Each three blocks (w1, w2, w3) illustrates a distinct 6 hour temporal
sequence matrix comprising 8 parallel solar wind features (S1 to S8). At each iteration,
the window slides forward by a one hour step, updating the historical input sequence (e.g.,
from t1 . . . t6 to t2 . . . t7) to forecast the immediate subsequent geomagnetic target, yielding
Kp(7), Kp(8), and Kp(9), respectively. In this regard, for example of a w size window, we

https://omniweb.gsfc.nasa.gov/


326 Sevim Ranjbar et al.

Figure 1: Time series of the parameters used in this study during May 2024, including
the geomagnetic index Kp, the magnitude of the interplanetary magnetic field |B| and its
GSM components (Bx, By, Bz), the solar wind velocities (Vflow and Vx), the proton number
density Np, and the proton temperature T .
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Figure 2: Schematic illustration of the multivariate sliding window framework with window
length w = 6. Each block (w1, w2, w3) represents a 6 hour temporal sequence matrix
composed of eight concurrent solar wind features (S1–S8). The window advances by one
hour at each step, updating the input sequence from t1 . . . t6 to t2 . . . t7 and t3 . . . t8, while
predicting the subsequent geomagnetic index values Kp(7), Kp(8), and Kp(9), respectively.

have a 3D array consisting of N = τ − w windows, each window containing 8 solar wind
features and has a target Kp. We perform the procedure for w = 6, 12, 24, 72, 120.
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3.2 Long Short Term Memory (LSTM) neural network Architec-
ture

We apply a supervised deep learning approach based on a stacked LSTM recurrent neural
network to model the relationship between multivariate solar wind inputs and the target
Kp index. The machine incorporates temporal dependencies by transforming the data into
sliding windows of fixed length, where each sample consists of a sequence of past observa-
tions used to predict the subsequent target value. The model architecture comprises two
sequential LSTM layers with recurrent dropout regularization to capture short and long
term temporal dynamics [35], followed by fully connected layers with rectified linear unit
(ReLU) activations for nonlinear feature transformation [36]. A final linear output layer
produces continuous predictions, enabling a regression formulation. Model parameters are
optimized using the Adam optimizer with mean squared error as the loss function [37]. Early
stopping and adaptive learning rate reduction are employed to improve generalization and
stabilize convergence.

3.3 Network Architecture and Training Configuration
To promote reproducibility and methodological consistency, we apply a unified experimental
protocol to all examined temporal window configurations. The 25 year continuous dataset
is divided chronologically to maintain the natural temporal order of the observations. The
initial 80% of the data is allocated for model development, while the remaining 20% served
as an independent test set for evaluating predictive generalization. To eliminate the risk of
data leakage, we derive normalization parameters (mean and standard deviation) solely from
the training subset and subsequently apply to the entire dataset. The predictive framework
is based on a deep stacked LSTM architecture composed of two consecutive LSTM layers
with 128 and 64 hidden units, respectively. Regularization is introduced through recurrent
dropout (0.1) within the LSTM layers and standard dropout (0.15) between layers to re-
duce overfitting. The recurrent component is followed by two fully connected dense layers
containing 128 and 64 neurons with ReLU activation functions, and a final linear layer that
outputs continuous predictions. Training them to using mini batches of 128 sequences over a
maximum of 60 epochs. To enhance training stability and prevent overfitting, early stopping
with a patience of 6 epochs is employed. In addition, an adaptive learning rate scheduling
mechanism is implemented, reducing the learning rate when performance stagnates for 3
consecutive epochs.

The complete architecture and forward propagation mechanism of the proposed LSTM
network are illustrated in Figure 3. The model processes the multidimensional solar wind
features through a continuous 6 hour historical input window. The sequential learning is
driven by two stacked LSTM layers, configured with 128 and 64 units, respectively. To mit-
igate overfitting, a dropout rate of 0.15 is applied after each recurrent layer. The extracted
temporal features are then mapped to the target variable through two fully connected dense
layers (128 and 64 units) equipped with ReLU activation functions. Finally, a single node
output layer with linear activation generates the scaled prediction, which subsequently un-
dergoes an inverse scaling transformation to recover the actual Kp index values.

3.4 Evaluation Metrics
Model performance across different input window lengths was quantitatively evaluated using
four widely adopted statistical indicators. Forecasting geomagnetic indices involves inher-
ently complex and non gaussian data characteristics; therefore, combining metrics based on
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Figure 3: Detailed schematic of the proposed LSTM architecture for Kp index forecasting.
The upper panel details the specific layer configurations, hidden units, and dropout regular-
ization, while the lower panel visually represents the forward propagation of features from
the 6 hour input window to the final inversely scaled prediction.

both squared and absolute deviations provides a more complete assessment of predictive
accuracy [38]. The evaluation framework includes Mean Squared Error (MSE), Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination
(R2), defined as:

MSE =
1

N

N∑
i=1
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2 (1)
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(4)

Here, N denotes the number of sequential samples in the test dataset, yi represents the
observed geomagnetic index, ŷi is the corresponding model prediction, and ȳ indicates the
mean value of the observed data.
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4 Results and Discussion

We apply an LSTM based machine learning model to predict variations in the Kp geomag-
netic index using eight solar wind parameters as inputs. We use a sliding window approach
to the temporal time series data to capture sequential dependencies between upstream solar
wind conditions and geomagnetic responses. The model is trained and evaluated by compar-
ing predicted values with observed measurements, with emphasis on its ability to reproduce
short term fluctuations and overall trend behavior.

4.1 Performance Across Temporal Windows

During the experimental stage, we evaluate the predictive performance of the LSTM model
using multiple historical input window lengths (w). We test sliding temporal windows of 6,
12, 24, 48, 72, and 120 hours to assess how the extent of prior solar wind information influ-
ences forecasting skill. Table 1 presents the statistical performance metrics—MSE, RMSE,
MAE, and R2—for each configuration. The results demonstrate that the 6 hour input win-
dow (w = 6) provides the most accurate predictions among all tested configurations. This
setting yields the highest coefficient of determination (R2 = 0.7233) together with the low-
est error values (MSE = 0.4350, RMSE = 0.6596, MAE = 0.4947). As shown in Table 1,
increasing the input window beyond 24 hours generally leads to a reduction in predictive
performance, reflected by lower R2 values and higher error magnitudes. From a modeling
standpoint, the LSTM architecture captures temporal dependencies by learning from se-
quential historical inputs. Although LSTMs are designed to retain long term contextual
information, the evaluation indicates that incorporating solar wind data extending beyond
approximately one day introduces information that does not improve—and may hinder—
predictive capability. Longer sequences appear to introduce redundant or weakly relevant
patterns, which can obscure the model’s ability to learn the most influential nonlinear rela-
tionships between solar wind drivers and geomagnetic responses. The identification of a 6
hour optimal window is consistent with earlier localized investigations, including the archi-
tecture proposed by Tan et al. (2018) [23], which also emphasized short term dependencies.
By extending the analysis across a continuous 25 year dataset (1999–2024) encompassing
multiple solar cycles, the present study shows that this short memory scale represents a
robust dynamical feature of the magnetosphere rather than a dataset specific outcome. Fur-
thermore, while the obtained error metrics (RMSE = 0.6596, MAE = 0.4947) are competitive
with historical neural network benchmarks [22,23], the systematic window length evaluation
establishes a clearer physical and statistical boundary: providing historical input beyond 24
hours not only yields diminishing returns but also actively weakens predictive performance
by introducing outdated interplanetary conditions.

From a physical standpoint, the 6 hour optimal window aligns closely with characteristic
timescales of solar wind–magnetosphere energy transfer. The solar wind requires approx-
imately one hour to propagate from the L1 Lagrange point to Earth, depending on its
bulk radial velocity [3]. Following arrival, geomagnetic responses—such as magnetic field
reconfiguration and fluctuations represented by the Kp index—develop over several hours
[39]. Therefore, a 6 hour continuous window effectively captures the immediate upstream
conditions, propagation delay, and transient magnetospheric response, indicating that geo-
magnetic variability is primarily governed by recent solar wind drivers rather than extended
historical conditions.
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Table 1: Performance evaluation of the LSTM model across different input window lengths
(w). The 6 hour window yields the most accurate statistical predictions.

Window (w) MSE RMSE MAE R2

6h 0.4350 0.6596 0.4947 0.7233
12h 0.4655 0.6823 0.5067 0.7039
24h 0.4519 0.6723 0.5025 0.7125
48h 0.4776 0.6911 0.5183 0.6962
72h 0.4581 0.6768 0.5078 0.7086
120h 0.4661 0.6827 0.5099 0.7036

4.2 Overall Prediction Accuracy
To evaluate the global predictive performance of the optimized 6 hour model across the full
test dataset (comprising more than 45,000 continuous temporal sequences), we perform a
hexagonal binning density analysis. Figure 4 illustrates the relationship between predicted
and observed values, where the color scale represents the frequency of data points within each
bin. The highest density regions (darker shading) are concentrated near the ideal prediction
line (y = x), indicating strong agreement between model predictions and observations for
low to moderate geomagnetic activity levels (Kp < 5). The density structure also reveals the
heavy tailed nature of the dataset, where extreme geomagnetic conditions (Kp ≥ 7) occur
infrequently and appear in sparsely populated regions of the distribution. Within these low
density regions, the model shows a slight tendency to underestimate peak values, which is
a common statistical behavior when modeling highly imbalanced natural datasets.

0 1 2 3 4 5 6 7 8 9
Actual Kp Index (Observation)

0

1

2

3

4

5

6

7

8

9

Pr
ed

ic
te

d 
K

p 
In

de
x 

(L
ST

M
)

Ideal Fit (y=x)

100

101

102

103
N

um
be

r o
f O

cc
ur

re
nc

es
 (L

og
 S

ca
le

)

Figure 4: Hexagonal binning density plot illustrating the correlation between actual Kp

observations and LSTM predictions for the optimal 6 hour window. The color gradient
indicates the frequency of occurrences, highlighting the model’s accuracy in high density
regions and the rarity of extreme events. The dashed line represents the ideal fit.

As illustrated by the density distribution in Figure 4, the overall correlation remains
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strong (R2 = 0.7233), while extreme peaks are slightly underestimated. Extreme geomag-
netic fluctuations follow a heavy tailed distribution and occur far less frequently than quiet
or moderate conditions in the 25 year dataset. Consequently, regression based learning al-
gorithms optimize model parameters to minimize global error metrics (e.g., MSE), which
statistically biases predictions of rare extreme events toward the mean state.

Figure 5 shows a time series comparison between the observed Kp index (solid blue line)
and the values predicted by the LSTM model (dashed orange line) over a selected interval.
The model reproduces the overall temporal evolution of geomagnetic activity, capturing both
gradual variations and rapid disturbances with good phase agreement. The timing of the
major storm event is well represented, and the predicted curve follows the rise and decay
pattern of the observation. However, a noticeable deviation occurs during the most intense
interval, where the observed peak reaches the maximum level (Kp = 9), while the model
underestimates the magnitude of this extreme event. This discrepancy reflects a limitation
in peak amplitude reconstruction under severe geomagnetic conditions, despite the model
maintaining consistent performance during moderate and quiet periods.
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Figure 5: Time series visualization of the LSTM model’s performance during a period of
severe geomagnetic variation. The network captures the non linear dynamical jump based
on the 6 hour solar wind history.

5 Conclusion
Our LSTM based model proves effective at predicting short term variations in the Kp ge-
omagnetic index using upstream solar wind data. By systematically testing different input
window lengths, we found that a 6 hour historical window works best, striking the right
balance between predictive accuracy and capturing the most relevant recent solar wind
conditions. Longer histories tend to add redundant or less useful information, which can
actually reduce the model’s performance.

With this 6 hour setup, the model shows strong agreement with observations across a 25
year dataset (R2 = 0.7233), successfully capturing both gradual trends and moderate geo-
magnetic fluctuations. While extreme events are slightly underestimated—understandable
given their rarity—the model reliably reproduces the timing and overall structure of ma-
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jor disturbances. Overall, these results suggest that when LSTMs are tuned to focus on
short term dependencies, they offer a physically meaningful and statistically robust tool for
forecasting geomagnetic activity, effectively linking upstream solar wind conditions to the
dynamic response of Earth’s magnetosphere.
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