IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 11 May 2025, accepted 22 June 2025, date of publication 24 June 2025, date of current version 1 July 2025.

Digital Object Identifier 10.1109/ACCESS.2025.3582762

== RESEARCH ARTICLE

Toward Automatic Detection of Pi2 Magnetic
Pulsation Using Machine Learning

MOHAMED S. ABDALZAHER ', (Senior Member, IEEE), ESSAM GHAMRY 3,
KHAIRUL ADIB YUSOF “4, AND MOSTAFA SHAABAN “'!-3, (Senior Member, IEEE)

Department of Electrical Engineering, American University of Sharjah, Sharjah 26666, United Arab Emirates

2Department of Seismology, National Research Institute of Astronomy and Geophysics, Helwan, Cairo 11421, Egypt

3Department of Geomagnetic and Geoelectric, National Research Institute of Astronomy and Geophysics, Helwan, Cairo 11421, Egypt

4Department of Physics, Faculty of Science, Universiti Putra Malaysia, Serdang 43400, Malaysia

SEnergy, Water, and Sustainable Environment Research Center, College of Engineering, American University of Sharjah, Sharjah 26666, United Arab Emirates

Corresponding author: Mohamed S. Abdalzaher (msalah@aus.edu; msabdalzaher @nriag.sci.eg)
The work in this paper was supported, in part, by the open access program and project FRG24-C-E66 from the American University

of Sharjah. This paper represents the opinions of the author(s) and does not mean to represent the position or opinions of the
American University of Sharjah.

ABSTRACT Magnetic pulsations of type Pi2 are a well-established category of Ultra Low Frequency (ULF)
waves, characterized by irregularly damped oscillations with periods ranging from 40 to 150 seconds (6.7-25
mHz). Nowadays, it is well known that Pi2 occurs at the onset of geomagnetic substorms, is considered an
outstanding research topic in space physics, and is a link between ionospheric and magnetospheric processes.
The discontinuation of the conventional index previously employed to detect Pi2 pulsations has driven this
study to propose an innovative detection method leveraging machine learning (ML). This paper introduces
a novel ML-based classification framework that utilizes geomagnetic field data for Pi2 pulsation detection.
A comprehensive analysis of various linear, ensemble, and non-linear ML models was conducted, employing
hyperparameter optimization to identify the optimal model with high classification performance and
minimal computational overhead during testing. Model robustness was assessed using multiple evaluation
metrics, including accuracy, Fl-score, kappa score, execution time, precision-recall curves, ROC curves,
learning curves, and confusion matrices. The proposed gradient boost (GB) classifier demonstrated superior
performance, achieving 98.21% accuracy in distinguishing Pi2 pulsations. This detection system offers a
reliable and efficient tool for monitoring Pi2 pulsations in the nighttime, contributing to advancements in
space weather analysis and substorm detection.

INDEX TERMS Machine learning, Pi2 pulsations, geomagnetic field, automatic detection, geophysical data
classification.

I. INTRODUCTION
One of the most interesting space weather phenomena is

explosively released as a recovery phase that usually takes
several hours, and the magnetosphere relaxes to a quiet

the geomagnetic substorm, which is considered a complex
phenomenon due to enhanced plasma convection from the
tail towards the Earth [1]. It lasts a few hours and can
be divided into three distinct phases: a growth phase,
which lasts typically about an hour and usually occurs
when IMF has a southward component, in which energy
is delivered from the solar wind to be stored in the night
side tail of the magnetosphere; an expansion stage, lasts
typically few minutes. Accordingly, the stored energy is
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state [2], [3]. Their occurrence triggers various phenomena,
including auroral breakups, the release of energetic parti-
cles into the magnetosphere, magnetic field dipolarization,
explosive plasma flows into the plasma sheet, and magnetic
reconnection within the magnetotail. Substorms also disrupt
the geomagnetic field at the Earth’s surface, especially in
high and mid-latitude regions [2]. Despite their relatively
small scale, substorms have significant impacts on Earth
and its inhabitants, affecting telecommunications, navigation,
and electric power distribution systems [4]. Therefore,
early detection of substorms is crucial. One potential early
indicator of substorms is Pi2 pulsations. The Pi2 pulsations
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are an irregular waveform of Ultra Low Frequency (ULF)
waves. These waves are commonly detected as geomagnetic
field variations with a period of 40-150 s [5]. Interestingly,
many researchers have studied this type of pulsation observed
on the ground and in space, and can be selected by visual
inspection [6]. It is well known that Pi2 pulsations indicate
the onset of magnetospheric substorms and are visible clearly
in mid- or low-latitudes on the nightside [7], [8], [9], [10],
[11]. At the same time, several studies show that Pi2 can occur
during non-substorm intervals [12], [13].

Since 2005, Pi2 pulsation can be detected using the
W, index developed by the Institute for Space-Earth Envi-
ronmental Research through the Substorm Swift Search
project [14]. However, this project ceased publishing the
index data for public use at the end of 2019, creating a need
for alternative methods to detect Pi2 pulsations.

The authors in [15] and [16] investigated the statistical
characteristics of Pi2 and utilized wavelet analysis for
the automatic detection of Pi2 pulsations. Although there
is widespread wavelet usage, the wavelet method can be
computationally intensive and sensitive to the choice of
wavelet basis, scaling levels, and boundary conditions, which
may lead to overfitting. It may be less intuitive, less
effective for stationary signals, and challenging to apply
to irregular data. Therefore, a more reliable, robust, and
effective technique is still desired.

Recently, ML has proved beneficial for the accurate
detection of many applications, especially the ones of
time series datesets [17], [18], [19], [20], [21], [22], [23],
[24]. However, deep learning has proved beneficial in the
literature [25], [26], [27], [28], [29], ML excels deep learning
due to the low complexity of implementation. The application
of ML to detect Pi2 pulsations presents a promising area
for exploration. However, using ML for this purpose is
not an easy task, especially when dealing with time series
data. In recent years, advancements in ML have led to the
automation of routine ML model development procedures,
a process known as automated machine learning (AutoML).
An AutoML framework includes three steps: feature engi-
neering, hyperparameter tuning, and algorithm selection.
Then, the three steps are performed iteratively and assisted
by an optimizer [30]. Using AutoML reduces the time
by testing multiple algorithms and suitable hyperparameter
combinations to obtain the best model without human
intervention [31], [32], [33].

A. MOTIVATION

It is well known that Pi2 pulsations are seen as reliable
indicators of substorms, which are considered crucial for
understanding the coupling between the solar wind, magne-
tosphere, and ionosphere. The prediction of substorms is vital
for advancing space weather forecasting because it could lead
to disturbances for satellites, communication systems, power
grids, and surface charging, which is one of the most common
causes of spacecraft anomalies [4], [34], [35].
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Traditional methods for predicting Pi2 pulsations are
limited by their inability to effectively handle the high-
dimensional, noisy, and non-linear nature of solar-terrestrial
interactions. Accordingly, the main motivation to present
this study is the need for early detection of geomagnetic
substorms via Pi2 pulsation detection, the discontinuation of
the W, index publication, previously used as an indicator
of Pi2. It is worth mentioning that the W), index uses only
geomagnetic stations on the nightside (1800-0400 MLT).
Besides, this index can be considered ‘“‘a global index”
reflecting Pi2 wave power during local nighttime at any given
UT time [14]. Consequently, such a phenomenon requires a
reliable, advanced, and robust solution such as ML.

Introducing ML to predict Pi2 pulsations represents a
novel approach, addressing these limitations by leveraging
advanced algorithms to model the intricate dynamics of the
system. ML provides a transformative solution by utilizing
large, high-quality datasets from space missions and ground-
based observatories. Unlike conventional methods, ML mod-
els can uncover hidden relationships, analyze complex non-
linear systems, and adapt to evolving data, significantly
improving accuracy and real-time prediction capabilities.
This innovative application of ML enhances operational
space weather forecasting and sets a precedent for leveraging
Al in geophysical research. Accordingly, this paper enhances
our understanding of Earth’s near-space environment while
mitigating the societal risks of space weather events.

B. CONTRIBUTION
The main contributions of the paper are as follows:

o Introducing an ML-based classification approach for
classifying the Pi2 pulsation, thereby enhancing reliable
and controllable satellite, communication, and smart
grid systems against the effects of such events.

o Comparing several linear, ensemble, and non-linear
models and determining the best model based on
the highest accuracy and minimal execution time for
classifying the Pi2 pulsation.

« Achieving exceptional accuracy rates of 98.21% with
the developed GB model, thus outperforming bench-
mark models and confirming its reliability in Pi2
pulsation detection.

The structure of the paper is presented as follows. The data
preparation for the developed model is presented in Section II.
The proposed model, formulations, and system architecture
are described in Section III. Then, the utilized evaluation
metrics are discussed in Section IV. Afterward, the obtained
results are portrayed and discussed in Section V. Finally, the
paper is concluded in Section VI.

Il. DATA PREPARATION

Two types of data were utilized in this study: the W, index
and the geomagnetic field. The W, index is related to wave
power of low-latitude Pi2 pulsations [14], and derived based
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TABLE 1. Details of the stations used for derivation of the W), index.

Location Code Geographic Latitude (°) Geographic Longitude (°)
Tucson TUC 32.2 249.3
Honolulu HON 21.3 202.0
Canberra CNB -35.3 149.4
Kakioka KAK 36.2 140.2
Learmonth LRM -22.2 114.1
Urumgqi WMQ 43.8 87.7
Iznik 1ZN 40.5 29.7
Fiirstenfeldbruck FUR 48.2 11.3
Ebro EBR 40.8 0.5
Tristan da Cunha TDC -37.3 347.5
San Juan SIG 18.1 293.9

600 |(mm Pi2 Event
W Non Pi2 Event

500+

Frequency
w N
o )
) )

N
o
(=]

100

o-
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Year

FIGURE 1. Pi2 and Non-Pi2 distribution.

on magnetometer data from 11 stations located at low and
mid-latitudes as shown in Table 1.

In this study, the W), index data was obtained from the
online database at [36]. The data was limited to the project’s
duration, from the 1% January 2005 to 31%' December
2019. The index values range between 0 and 10, with over
99% of the data points falling within values less than 0.5.
Consequently, this study adopted a threshold value of W), >
0.5 to identify 18202 Pi2 pulse events during the period
when the index was available (2008 — 2019) as illustrated
in Figure 1.

For the geomagnetic field, 1 Hz frequency data was
obtained from the magnetometer network INTERMAGNET,
which provides open-access data [37]. This data includes
three components: northward (N), eastward (E), and down-
ward (Z). For each Pi2 pulsation, a 10-minute geomagnetic
dataset was generated, encompassing the horizontal com-
ponent (H) from each index station (Table 1) that was in
local nighttime (between 22:00 and 02:00). The presence
of Pi2 signals in the geomagnetic data was verified using
the following algorithm: (i) filtering the data within the
frequency range of 6.7 to 25.0 x 1073 Hz, (ii) detecting signal
peaks within the first 150 seconds that reached a minimum
amplitude of 1 nT, (iii) if detection was successful, the Pi2
pulse was considered present, and the dataset was classified
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as Pi2. If peak detection failed, it was categorized as Non-
Pi2. It is worth mentioning that this index is derived from
data collected by multiple stations (11 geomagnetic stations
at low latitudes) distributed around the globe at different
longitudes and always located on the nightside, where low-
latitude Pi2 pulsations can be clearly observed. It is calculated
by applying bandpass filtering and power spectral density
estimation within sliding time windows. A commonly used
threshold (Wp > 0.5) is employed to identify Pi2 events
[14], [38], [39].

These two classes were necessary to achieve the study’s
objective of binary classification. A total of 3959 Pi2 datasets
were successfully generated, while the number of Non-
Pi2 datasets was smaller. Figure 2 shows a sample for the
Pi2 and Non-Pi2 signals. To augment the Non-Pi2 data,
the observation window was shifted 20 seconds forward or
backward until a 10-minute dataset during W, < 0.5 was
found. This search was restricted to the same local nighttime
period to minimize diurnal or seasonal influences. Despite
the augmentation, only 3417 Non-Pi2 datasets could be
generated.

Ill. SYSTEM MODEL AND DEVELOPMENT MACHINE
LEARNING APPROACHES

This section presents the utilized process to classify the Pi2
pulsation using ML. In this regard, we examined several
linear, ensemble, and non-linear ML models to pinpoint the
best model fitting the nature of geomagnetic data with the
highest accuracy and minimum elapsed time for the Pi2
pulsation classification. Figure 3 shows an overview of the
proposed method starting with the data collection till reaching
the best model of classification. The flow of classification is
executed through Algorithm 1.

A. LINEAR ML MODELS

1) LOGISTIC REGRESSION

This type is a fundamental classifier in the ML field [40],
[41]. LR estimates the likelihood that a given input is related
to a specific label using the logistic or sigmoid function, to the
linear combination of input features. This results in an output
€ [0, 1]. This output clarifies the probability of the input
being classified as the positive target (denoted by 1), while the
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FIGURE 2. Non-Pi2 sample (a) and Pi2 sample (b).
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FIGURE 3. Employed system model from data collection to the best
model of classification.
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opposite class is defined by 0. The likelihood of this approach
is Pr(y = 1|x) that expresses the output y = {0, 1}, given the
input features x:

1
Pr(y = IIX) = 1 + e—(W1X|+W2X2+...+Wme+b) ’ (1)
Pr(y = 0[x) = 1 — Pr(y = 1|x). )

2) SUPPORT VECTOR MACHINE

SVM are supervised learning algorithms primarily used for
discrimination. It is well-known that SVM relies on searching
for the best hyperplane separating the data points of different
labels in a high-dimensional space [42]. In an n-dimensional
space, a hyperplane can be defined by:

w-Xx+b=0, 3)
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Algorithm 1 Proposed Algorithm for Pi2 Classification
Using ML.

Input Read all buses’ datasets
Best model exist via the evaluation metrics do
Pi2 Classification;

Access to the magnetometer network INTERMAG-NET
Collect the magnetometers’ observations;

Focus on local nighttime (22:00 to 02:00);

Evaluate the W), index as in Table 1;

Filter the data based frequency range (6.7 to 25 x 1073
Hz);

Detecting signal peaks within the first 150 s and min.
amplitude of 1 nT

if Detection is successful then
| Signal labeled as Pi2

else
| Labeled as Non-Pi2

end

List the labels based on the corresponding event type (Pi2
and Non-Pi2);

Use five different train-test-split ratios (80%:20%,
70%:30%, 60%:40%, 50%:50%);

Apply the fourteen ML models to the prepared datasets;
Hyper-parameters tuning;

Evaluate the models via seven metrics discussed in
Sections IV-A, IV-C, IV-D, IV-B, IV-E,IV-F, and IV-G;

while

end
Output: Best performance of Pi2 Classification Exist.

where w denotes the weight vector (normal to the hyper-
plane), x expresses the input feature vector, and b represents
the bias term. Accordingly, the SVM target is to maximize
the distance between the hyperplane, the margin, and the
closest data points from either label (support vectors). The
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optimization problem can be formulated as:

maximize —,
lwli
S.t
yiw-x;+b) > 1, Vi, “4)

where y; is the true label for the i-th data point (either
+1 or —1), and x; is the feature vector for the i-th data
point. In practice, the data may not be perfectly separable.
To handle this, SVM introduces a soft margin, allowing some
misclassifications. The optimization problem then becomes:

1 5 <
minimize §||w|| +CZ§i,

i=1

S.t

yilW-Xi+b) > 1-§, Vi, &)

where &; are slack variables representing the degree of
misclassification, and C is a regularization parameter that
controls the margin maximization and the classification error
minimization challenge. SVMs can also efficiently handle
non-linear decision boundaries using the kernel trick, which
transforms the input space into a higher-dimensional space.

3) LINEAR DISCRIMINATION ANALYSIS

Linear Discriminant Analysis (LDA) is a classification algo-
rithm based on finding a linear combination of features that
best separates two or more classes. It assumes that data from
each class is normally distributed with a shared covariance
matrix [43]. LDA is commonly employed for reducing
dimension and task discrimination. The discriminant function
for class Cy. is:

_ I+l
0 () =xT =7 i = S T i+ In(P(C), - (6)

where x is the input feature vector, p; represents the mean
vector of class Cy, denotes the shared covariance matrix
across all classes, and P(Cy) expresses the prior probability
of class Cy. The predicted class y is:

y =arg m]?x S (x). 7

4) RIDGE

The Ridge classifier is a variant of Ridge Regression adapted
for classification tasks. It works by minimizing a regularized
least squares objective, which helps prevent overfitting by
penalizing large coefficients. This classifier is especially
useful when the features are highly correlated or the features
exceed the number of samples [44]. Ridge Classifier applies
a linear decision rule, solving the following optimization
problem:

N

R ) 2

p= argngn[Z (vi—x75) +a||ﬂ||%] .®
i=1

where y; is encoded as —1 or 1 for binary classification,

x; denotes the feature vector for sample i, § expresses the
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coefficient vector, o presents the regularization strength,
controlling the penalty on large coefficients, and || ,BH% is
the L2 norm (sum of squared coefficients). The decision
boundary is determined by:

y = sign (xTﬁ) . ©)

B. ENSEMBLE ML MODES

1) K-NEAREST NEIGHBORS

The KNN model is an instance-based algorithm that retains
the entire training dataset and does not require an individual
training stage. During prediction, it uses a distance metric
(e.g., Euclidean distance) to identify the K-nearest neighbors
of a new data point, which then votes on its category [45].
This makes KNN well-suited for dynamic datasets and sce-
narios with nonlinear decision boundaries, as it can observe
local paradigms and adapt the data changes. This model’s
advantage is its simplicity, implementation, and capability to
adapt span of data types, including numerical, categorical,
and mixed formats. It is commonly used in applications,
e.g., text and image recognition, anomaly detection, and
recommendation systems. However, as the training dataset
grows, KNN’s computational demands increase since it
requires calculating the spacing between each new data
point, which can become inefficient with larger datasets as
expressed by:

D ={(v1,c1), (v2,2), .- (Vim, €}, (10)

where v; denotes a feature vector and c; signifies the
associated class label.

2) QUADRATIC DISCRIMINATION ANALYSIS

QDA enhances the principles of linear discriminant analysis
(LD) by modeling each class’s probability distribution with a
quadratic function [46], [47], [48]. Unlike LD, which assumes
a shared covariance matrix, QDA allows each class to have
its own covariance structure, making it suitable for datasets
with non-linear decision boundaries and complex feature
relationships. This flexibility enables QDA to accurately
represent scenarios where classes exhibit diverse covariance
patterns, such as in medical diagnoses, where the covariance
structure of diseases may differ due to various biomarkers.
By accommodating these variations, QD offers more precise
classification results compared to LD.

3) GAUSSIAN NAIVE BAYES

The Gaussian NB classifier is a probabilistic model based
on Bayes’ theorem and assumes that the features follow a
Gaussian (normal) distribution. It is called “naive” because
it assumes conditional independence between features given
the class label [49]. The Gaussian NB advantages involve
simplicity and computational efficiency. On the other hand,
the assumption of feature independence adopted in this model
can reduce accuracy when features are strongly correlated.
Besides, it is sensitive to the Gaussian distribution assumption

VOLUME 13, 2025
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for feature values. The posterior probability for a class Ci
given a data point x is computed as:

P(x | Cy)P(C
PCe ) = <x|P(kX>)< 0

where P(Cy | x) is posterior probability of class Cy given Xx,
P(x | Cy) represents Likelihood of x for class Cy, modeled as

a Gaussian distribution:
L 2
i ) ) 1)

1
exp 3
/2 sz ( 20

where ; is the mean of the feature for class Cy, akz denotes
the variance of the feature for class Cy, P(Cy) presents the
prior probability of class Ci, and P(X) expresses evidence,
which is constant across all classes and often omitted in
classification.

; (11)

P(xi | G) =

4) DECISION TREE

There are nodes and branches in a decision tree (DT). Every
leaf node indicates a class label or an expected value, every
branch indicates the decision’s result, and every internal node
reflects a choice based on a feature.

Let 7 = {(z1,%1),(z2,£2), ..., (Zm, £m)} represent the
training set, where z; € RP is the feature vector, and ¢; is
the corresponding target label. The DT is built by recursively
splitting data at each node using the feature and threshold
that optimize the chosen criterion (Gini, entropy, or variance
reduction) [50]. Until a halting condition is satisfied, such as
the maximum depth, the minimum number of node samples,
or the satisfactory classification.

C. NON-LINEAR ML MODES

To effectively classify Pi2 and non-Pi2 magnetic signals,
we selected five well-established non-linear machine learning
models: Random Forest, Extra Trees (ET), Gradient Boosting
(GB), AdaBoost (Ada), and extreme gradient boost (XGB).
These classifiers are known for their ability to handle
complex, non-linear patterns and noisy data, which are
characteristic of geomagnetic time series. Their robustness,
adaptability, and strong performance in signal classification
tasks make them suitable choices for detecting the subtle
distinctions between Pi2 events and background fluctuations.

1) RANDOM FOREST

This classifier is an ensemble learning method integrating
several DTs to enhance discrimination accuracy and control
overfitting. It works by constructing several DTs through
training and testing the label that is the mode of the labels
estimated by the individual trees [S1]. The advantages of
RF are its robustness to overfitting due to the aggregation
of multiple trees, its handling of both classification and
regression tasks effectively, and its capability to handle large
datasets and high-dimensional feature spaces. Conversely,
it requires more computational resources compared to
simpler models, and it is less interpretable than a single DT.
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It is worth mentioning that each DT in the forest is trained
on a random subset of the dataset using a technique called
bagging (Bootstrap Aggregating), where a random subset of
features is selected at each split in the tree, and predictions
are aggregated (majority vote for classification or averaging
for regression). For a classification task, the predicted label
¥p for an input x is given by:

¥p = mode {PF(x), PF2(x), ..., PFT(x)}, (13)

where PF;(x) is the i-th DT prediction, and 7' denotes sum of
DTs in the forest.

2) EXTRA TREES

The ET classifier is an ensemble learning method that builds
multiple DTs and aggregates their predictions to improve
accuracy and robustness. It differs from Random Forests
by introducing additional randomization in the tree-building
process to further reduce variance [52]. The advantages
of DT can be summarized as reducing variance compared
to a single DT, being faster to train than Random Forest
due to randomized splits, and handling large datasets and
high-dimensional feature spaces effectively. On the other
hand, DT can still suffer from overfitting if the dataset is
noisy, and less interpretable than a single DT, which is given
by Eq. 13.

3) GRADIENT BOOSTING

This classifier builds models sequentially as each corrects
the errors of its predecessor. It uses DTs as weak learners
and combines them to create a strong predictive model. The
process minimizes a loss function using gradient descent [53].
The benefits of GB are as follows: Highly accurate and
widely used in machine learning competitions, handling
various types of loss functions and supporting custom ones,
and effective for both regression and classification tasks.
Conversely, GB has an intensive computation compared
to simpler models, more sensitivity to hyperparameters,
especially the number of trees and learning rate, and is prone
to overfitting if the number of trees is too large. For a given
dataset (x;, y;), the predicted value F v (x) after M iterations
(trees) is:

M
Fp(x) =D b+ PFy(x). (14)

m=1

where PF,,(x) is the prediction form of the m-th weak
learner (DT), b denotes the learning rate, which controls the
contribution of each tree, and M represents the total number
of trees in the model. The m-th tree is trained to minimize the
loss function L(y, F(x)) using gradient descent:

0Ly, Fru—1(x))

8Fm—l()ci) . PF(Xi)) ‘

15)

M
PFyy(x) = arg mi —
n(x) argrg;nz;(
=
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4) ADABOOST

The Ada classifier integrates multiple weak classifiers, such
as DTs, to produce a robust classifier. It assigns weights
to instances, emphasizing those misclassified by previous
classifiers, and updates these weights iteratively to improve
accuracy [54]. The Ada advantages are its effectiveness with
weak classifiers in improving their accuracy significantly,
its robustness to overfitting if properly tuned, and its
simplicity to implement is widely used. The disadvantage is
its sensitivity to noisy data and outliers due to its emphasis on
difficult examples. The prediction of Ada is given by:

M
y= sign(z amPFm(x)), (16)

m=1

where «,, presents the weight assigned to the m-th classifier,

calculated as:
1 1-—
@y =~1In ( Ce’”) , (17)
2 cen

where ce,, is the classification error of the m-th classifier,
and M is the total number of weak classifiers. The instance
weights w; are updated after each iteration:

W5m+l) _ ng) exp (- I[yi # hm(x)]) (18)

where I[-] represents the indicator function, which is only
“1” if the condition is satisfied.

5) EXTREME GRADIENT BOOSTING

XGB is particularly valued for its speed, accuracy, and
versatility in handling both structured and unstructured data
types [55]. XGB falls within the category of gradient boosting
algorithms, which are ensemble methods that sequentially
construct models. Specifically, in gradient boosting, each
new model is designed to correct the errors made by its
predecessors. The final prediction is obtained by aggregating
the outputs of all individual models. The general prediction
formula is expressed as follows:

39 = TO) = T D(r) + PF,(ry), (19)

where I'”)(r;) presents the prediction from the ensemble after
t iterations, and PF/(r;) is the prediction from the #-th model,
typically a weak learner like a DT.

6) LIGHT GRADIENT BOOSTING

The LGB is a framework designed for efficiency and
scalability with large datasets. LGB differs from traditional
gradient boosting implementations by using a leaf-wise
growth strategy and histogram-based learning, making it
faster and more memory-efficient [56]. The predicted value
is calculated by Eq. 14, and each tree is trained to minimize a
loss function L(y, F'(x)) using gradient descent as calculated
by Eq. 15.
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IV. EVALUATION METHODOLOGY
A. ACCURACY
A simple and obvious metric is accuracy [57]. It provides you
with the accuracy percentage of the predictions made by the
entire model, which is determined by:

TP + TN
TP+ TN + FP+FN’
where FP is the false positive instances that are incorrectly
predicted as positive, TN denotes the true negative ones, indi-
cating the negative instances, which are predicted correctly as
negative, and finally, FN represents the false negative ones,
which indicate the positive instances incorrectly predicted as
negative.

It is crucial to remember, though, that in situations when
there is an imbalance in the courses, accuracy may be
deceptive. A model that consistently predicts the dominant
class in a dataset, for instance, may have high accuracy
but may struggle to identify the minority class. Additional
metrics, such as recall, precision, or the F1-score, might offer
a more impartial assessment of the algorithm’s effectiveness
under certain circumstances.

Accuracy = (20)

B. PRECISION AND RECALL
1) METRIC OF PRECISION
A factor called precision is used to assess how well the
model predicts favorable results. It is the proportion of
positively predicted cases that were accurately forecasted
of all the positively predicted cases. Furthermore, precision
shows the proportion of positively anticipated events. A high
degree of accuracy implies a low number of false positive
errors [58]. It is crucial in scenarios where the expense of FPs
is substantial, like spam detection or medical diagnosis. It is
provided by:
- P
Precision = ———. 21
TP + FP

2) METRIC OF RECALL
Recall measures the way each successful example is captured
by the model. When a model has a high recall, it means
it creates fewer false negatives, which is important when it
comes to situations where missing a positive instance might
be expensive, like in illness screening or fraud detection.
Recall, often referred to as sensitivity or true positive rate,
quantifies the model’s capacity to detect every positive
case [58] accurately. It is given by:

Recall = L (22)
TP + FN

C. F1 SCORE
When memory and precision are equally crucial, the F1
Score offers a fair assessment. It is quite helpful when
there is an unequal distribution of classes or when there
are substantial expenses associated with both FPs and FNs.
A high F1 Score indicates that the model accurately predicts
the positive outcomes while successfully identifying all
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positive examples, demonstrating a solid balance between
precision and recall [59]. It resolves the trade-off between
precision and recall, which is provided by:

TP
F1 Score = . (23)
TP + 0.5 x (FP+ FN)

D. COHEN'S KAPPA SCORE

A statistical metric called Cohen’s Kappa Score evaluates
the degree of conformity between two classifiers over what
would be predicted by chance. It is frequently used to
determine how well classification models work, particularly
when there is an imbalance between the classes. When
working with unbalanced datasets, Cohen’s Kappa Score
offers a more reliable indicator of classifier performance than
accuracy alone. It considers the likelihood that the model
will make accurate predictions by chance, whereas accuracy
only counts the percentage of correct predictions [60].
Perfect agreement is indicated by a Kappa score of 1, while
agreement is no better than chance when the score is 0.
Inverse values signify a lower degree of agreement than
expected, as given by:

(24)

K=—————"
1 —pe
where p, (Observed Agreement) is the proportion of times
the raters (or the model and ground truth) agree and can
be represented by Eq. 20, p. (Expected Agreement) is the
proportion of times the evaluators can be expected to agree

by chance, as given by:

_ (TP+ FP) x (TP + FN)

"~ (TP+TN + FP + FN)?
(FN + TN) x (FP +TN)

(TP + TN + FP + FN)? "’

e

(25)

E. LEARNING CURVE

It is trained on progressively larger datasets, with training
and validation metrics (such as accuracy or loss) plotted
against the size of the training data. The horizontal axis
represents the quantity of training data, while the vertical axis
displays the performance metric. Learning curves are useful
for diagnosing model behavior: they can reveal underfitting
(characterized by high errors in both training and validation),
overfitting (where the training error is low but the validation
error is high), or optimal performance (indicated by low and
similar errors in both training and validation) [61]. The curve
is defined as:

P=N.-KP, (26)

where N represents the cumulative number of units produced
up to the current point, P is the cumulative average production
time per unit, and B is the learning rate constant.

F. RECEIVER OPERATING CHARACTERISTIC (ROC)
It illustrates the trade-off between the TP rate (TPR or
sensitivity) and the FP rate (FPR) or (1 - specificity) across
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different threshold values. TPR measures the proportion of
actual positives correctly identified. Besides, the FPR is
used to quantify the ROC, which is the proportion of actual
negatives that are incorrectly identified. FPR and TPR can be
derived by Egs. 21 and 22, respectively.

The ROC curve plots TPR against FPR at various threshold
settings. An ideal classifier would have a TPR of 1 and an
FPR of 0, resulting in a curve that hugs the top left corner of
the plot. Then, the AUC quantifies the overall performance
of the classifier. An AUC of 0.5 indicates no discrimination
(random guessing), while an AUC of 1.0 indicates perfect
discrimination:

1
AUC = / TPR d(FPR). Q7
0

G. CONFUSION MATRIX

A confusion matrix is a tool used to assess the performance
of a classification ML model by comparing its predictions
with the actual outcomes. It is structured into four key
components: TP, TN, FP, and FN. This matrix provides
a comprehensive overview of the model’s classification
accuracy, enabling the calculation of various performance
metrics such as F1-score, accuracy, recall, and precision. The
confusion matrix is especially useful for identifying the types
of errors the model makes, making it an essential tool in tasks
of binary and multi-class classification [62].

1.0

0-8< I I I I I

H 0.6 HEE Accuracy
s EEE F1 Score
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K S 22X & P
Q{S\Vbeooq}bg\?%ﬁ v
Machine Learning Models

FIGURE 4. Accuracy measurements using overall accuracy, F1 score, and
kappa score.

V. RESULTS AND DISCUSSION

This paper outlines three key steps in the analytical approach
to classifying Pi2 observations: selecting relevant features,
creating a statistical model using these features, and examin-
ing the model against the primary indicators of the dominant
classes. In this regard, accurate classification contributes to
efficient observability. With the Scikit-Learn module, Python
is used to implement various classification techniques. It is
worth mentioning that we have tested the classifiers using a
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TABLE 2. Optimized model parameters.

Model Parameters

0.0, criterion
None, learning_rate

GB ccp_alpha =
friedman_mse, init =
0.1, loss = log_loss, max_depth
3, max_features = None, max_leaf _nodes
None, min_impurity_decrease
0.0, min_samples_leaf = 1, min_samples_split
2, min_weight_fraction_leaf = 0.0, n_estimators
100, n_iter_no_change =  None, random_state
123, subsample = 1.0, rol
0.0001, validation_fraction = 0.1, verbose
0, warm_start = False

10—1_

10—2_

Elapsed Time (sec)

10734 |

PP PEE S PL P LY S
Vo 0_\90 Q'»{.“vb‘\cféb@\?of WV
Machine Learning Models

FIGURE 5. Comparison of the employed models’ execution time.

10-fold cross-validation function. In addition, the optimized
hyperparameter configuration of the best model is listed in
Table 2.

To ensure the model’s efficacy, we have adopted four dif-
ferent train-test-split ratios (80%:20%, 70%:30%, 60%:40%,
50%:50%). The trained model was applied to the testing set
to evaluate whether the validation set effectively represents
the testing set. It is worth mentioning that the proposed
approach proved beneficial regardless of the train-test split
ratio. Accordingly, hereafter, we present the results of the
split-ratio of 80% to 20% between the training and testing
datasets, respectively.

Figure 4 shows the obtained model’s accuracy of Pi2 clas-
sification. More particularly, in this stage, the model aims to
discriminate between the Pi2 and Non-Pi2. Besides, we have
examined the impact of hyperparameter tuning on model
performance, which demonstrated the models’ effectiveness.
It is clearly shown that the excellent performance of the GB
among the other benchmark models in both overall accuracy,
F1-score, and kappa score, with 98.21%, 98.21%, and 96.4%,
respectively. Meanwhile, the other benchmarks achieved a
lower performance as compared to the GB with the three
evaluation metrics. Besides, Figure 5 shows a comparison
between the elapsed time of all employed models (linear,
ensemble, and non-linear). It is clearly shown that the GB
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FIGURE 6. Precision recall curve of testset via the GB model.

is tested in a quite short time. Although some other models
achieved little elapsed time compared to the GB, the GB is
considered the best-performing model due to its accuracy and
sufficient execution time. Hereafter, we present the rest of
the evaluation metrics of the Pi2 classification performance
based on the best model (GB).

In Figure 6, precision-recall has demonstrated that the
GB model presents a superior classification capability with
100% of all data buses. Moreover, the learning curve
highlights the effectiveness of the model and reveals whether
overfitting exists or not. Accordingly, we have examined
the proposed model with subsets of the utilized data to
ensure that “no overfitting” exists achieveing the highest
classification accuracy regardless of the subset utilized as
shown in Figure 7. It is clearly shown that the validation
curve stays close to 100%, reflecting excellent discrimination
accuracy. The analogy of the training curve and validation
curve suggests that the validation accuracy could continue to
improve with more data.

Similarly, the ROC curve confirms the outstanding perfor-
mance obtained by the GB as depicted in Figure 8. To present
the results more effectively and demonstrate the robustness
of the proposed model, a confusion matrix was employed
to visually display the classification performance of the
predicted classes, as shown in Figure 9. Mostly, the obtained
accuracy of data bus discrimination reached an accuracy of
98.21% from all buses, reflecting the models’ robustness for
Pi2 pulsation detection.

VI. CONCLUSION

This study was conducted to propose a method to detect
Pi2 magnetic pulsation using an automated ML approach
as an alternative to the discontinued index. In this study,
the horizontal component of geomagnetic field data obtained
from the INTERMAGNET network was utilized. Through
the ML framework, the training of various algorithms
and hyperparameter tuning was carried out automatically.
To ensure a robust comparison, multiple linear, ensemble, and
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non-linear classification models were examined. The system
relies on continuous real-time data streaming from INTER-
MAGNET. However, this system is limited by the detection
time gap, which can reach up to 6 hours. This limitation arises
from the time gap between when the data is observed and
when it is published by INTERMAGNET. By shortening this
time gap, the system could be improved to achieve true real-

VOLUME 13, 2025

time detection. To ensure the proposed model’s effectiveness,
we have evaluated it using seven metrics: overall accuracy,
F1-score, Cohen’s kappa score, elapsed time, precision recall,
ROC, learning curve, and confusion matrix. The employed
GB approach has outperformed the benchmarks with an
accuracy of 98.21%. The outstanding performance of the
GB model, particularly in terms of accuracy, highlights its
potential as a reliable tool for enhancing the predictability
of the Pi2. The limitation of the proposed approach involves
considering only the nighttime data from different stations
distributed around the globe at different longitudes. In future
work, we aim to examine our model using different data
qualities and studying the impact of data latency.
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