Introduction
Geomagnetic storms (GS) occur when solar wind shock waves disrupt
Earth’s magnetosphere [4]. GS can cause severe damage to satellites,
power grids, and communication infrastructures. Estimates of direct
economic impacts of a large scale GS exceeds $40 billion a day in the
U.S. [8]. A GS can cause electrical blackouts and internet outages on
massive scales that may not be repaired for months.
Early prediction is critical in minimizing the hazards. However, current
models either don't predict the all types of GS storms, or only make
predictions within one hour of the occurrence. One claimed to predict
6 hours in advance but failed to identify all types of geospace storms
[9], and another lacked justiﬁcation and suﬃcient detail [13].
This project aims to predict all geomagnetic storms reliably and as
early as possible using machine learning.

Technical Challenges
Early prediction of geomagnetic storms has been attempted [] but
further advance is extremely challenging for the following reasons:
● There is low correlation between current solar measurements and
geomagnetic disturbance (measured by Kp index) in the future,
making it challenging for early detection; Similarly, many other
measurements of solar activity contain little information about the
Kp index 3 hours later [2].
Solar measurements observed 3 hours early vary in a wide range
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● Random Forests regression, a machine learning model, is an ensemble of decision trees, and each tree recursively narrows down which Kp
index instances should fall into. The ﬁnal decision of a forest is taken from the average of decisions from individual trees
● Downsampling to discard data from larger class sizes. This creates a more balanced distribution of data across different classes which
can often improve accuracy (Towards Data Science)
● Feature selection to include only the most important variables used in learning algorithm while discarding those weak or noisy variables. This
helps reduce wrong generalizations deduced from data.
Data from multiple
sources were used:
1) OMNIWeb solar wind
data (wind speed, proton
density, temperature, ﬁeld
magnitude average)
2) GFZ German Research
Centre for Geosciences
historical Kp indices
3) World Data Center for
Geomagnetism Kyoto
historical Dst indices

4. Algorithms were
tested with past
data and results
averaged over 100
runs. The accuracy
was determined by
ﬁnding the
percentage of
predicted Kp
indices within
1.000 of the actual
index.

2. Feature selection was
applied. The importance
variables were
determined and ranked.
Less important variables
were discarded.
3. Downsampling of data
with lower Kp indices.
This reduces the chance
of masking of rare
extreme storms and
increases the accuracy.

1. R program was used for
programming. Solar wind
data (measured every 5
minutes) up to 9 hours
before prediction,
Kp indices (measured every
3 hours) up to 24 hours, and
Dst indices (measured
every 1 hour) collected up
to 3 hours before prediction
were used and trained by
Random Forests regression.

Visual Representation of Final Algorithm

●
●

As the time between the two Kp indices increases (or n increases), the correlation signiﬁcantly decreases.
A good correlation between Kp index at 3 hours in advance ensure the reliable prediction of geomagnetic
storms.

Conclusions
● For the ﬁrst time, the algorithm successfully predicted
geomagnetic storms in terms of global index, Kp index, 3 hours
ahead
● The proposed algorithm enables predictions three hours ahead of
time at an 82.55% accuracy, which outperforms competing
algorithms by ~3%
● By keeping only the most informative features, feature selection
substantially improves the performance of the algorithm
● Downsampling data instances that occur more often (i.e., lower Kp
indices) further improves the performance in prediction by
effectively overcoming the masking phenomenon.
● The importance of variables from solar measurements decreases
very quickly as the time before the prediction increases. The 6
hours in advance measurements become barely informative,
indicating that the 3 hours in advance prediction as we achieved
has reached the practical limit, unless the Kp indices can be
measured more frequently.
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● Predicting geomagnetic storms accurately in advance will provide
a suﬃcient warning time window for preparation
● This will greatly decrease the amount of damage caused to
satellites, power grids, and communication infrastructure.
● Future explorations include combining more algorithm models or
to extend the algorithm to predict Kp indices 6 hours ahead

Kp index: ranging from 0-9, is commonly used to measure severity of geomagnetic
disturbances; an index of 0 indicates no geomagnetic activity.

● Major storms (with high Kp indices) occur rarely [1], causing the
data to be highly imbalanced. This can lead to the masking
phenomenon, where classes with few data instances would be
ignored by algorithm.
● Factors like unfavorable weather conditions or interferences from
electromagnetic signals in space can introduce substantial noise
or distortion to solar measurements when transmitted to ground
station by satellites.
● Solar data is highly mixed for points with different Kp values,
increasing diﬃculty of detection [2].
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Data with different Kp indices are highly mixed

Figure 3. Different Machine Learning Algorithms
When random forest L=1/2, only 1/2 of data with lower Kp indices was used in training (downsampling).

Kp index (rounded for clarity) marked with different color and
shape

Kp indices, FMAs, and other solar activity measurements taken at different time are arranged by the time
they were measured, with more recent measurements displayed ﬁrst.

2D visualization of data used in training (originally 100 dimensions). The two dimensions in the graph are
top two principal components (directions that data stretches the most). Figure shows how points with
different Kp indices can be close, or similar feature conditions can lead to very different Kp indices. It also
shows the highly nonlinear pattern between Kp indices and solar activity data.

● This project aimed to overcome the above challenges by learning
highly nonlinear patterns using Random Forests regression, and
using techniques including downsampling, feature selection, and
combining data from multiple sources.

● The Kp indices before the time of prediction and the ﬁeld magnitude
average (FMA) were the most important features as determined by
Random Forests
● The importances decrease very quickly with time. As the Kp indices are
measured every 3 hours, this also indicate the diﬃculty of early prediction
at an even early time window (i.e., 6 hours ahead); less informative
variables would likely not lead to satisfactory results. Thus, unless one
can measure Kp indices more frequently, this algorithm's 3 hours in
advance prediction has achieved the practical limit.
● Less important variables were discarded for improved performance.

●
●
●
●
●

Random Forests regression outperforms competing algorithms
Feature selection of top 50 features improved Random Forests accuracy
Downsampling with top 50 features was able to achieve 82.55% accuracy
For the ﬁrst time, the Kp index was successfully predicted 3 hours ahead
The results are statistically signiﬁcant, with p < 10 -3.
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