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Abstract

Ionospheric delay is of concern for trans-ionospheric radio communication, especially for the navigation systems relying on these
satellite signals. Most of the ionospheric delays are estimated to a degree of first-order using dual frequency global navigation satellite
system (GNSS) receivers except during irregularities and equatorial plasma bubbles. The plasma bubbles are observed as a decrease or
reduction in total electron content (TEC) as a result of large-scale irregularities that are generated at the equatorial ionosphere. These
plasma bubbles can be detected from TEC values visually or by using mathematical algorithms. The mathematical algorithms may have
limitations based on assumptions made for the current dataset. Therefore, various machine learning (ML) techniques were tried by train-
ing them with selected TEC depletions that are verified for accuracy. From this study, the Random Forest Method (RFM) has performed
well compared to other ML methods. The RFM is trained to use for the detection of TEC depletions from the Indian low-latitude region.
The training accuracy obtained is 97.6%, with a minimum classification error of 0.023%. The result obtained from the confusion matrix
ascertained that the proportion of positively classified cases that are truly positive that is the positive predictive value (PPV) is 96.8%.
These statistical results are validated after plotting the observed TEC depletion patch obtained from the ML method. There are cases in
which depletions detected by the ML method are appreciable over the mathematical algorithm. The ML technique once trained will not
have inherent limitations, as there are no assumptions or threshold values needed to set as required by most of the mathematical algo-
rithms. Thus, the results are encouraging and have scope for further improvement and advancement.
� 2023 COSPAR. Published by Elsevier B.V. All rights reserved.
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1. Introduction

The ionized plasma of the ionosphere refracts radio
waves and affects their propagation. The study of the prop-
agation of radio waves for many researchers is of interest
for many decades (Chapman, 1951; Martyn, 1935; Rawer
1993). In general, the day-to-day variation of the iono-
sphere is well known which affects the propagation of such
waves (Rawer 1993). The ionosphere affects satellite-based
navigation and communications systems by degrading the
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signal quality. Most of the parameters that are affected
by the ionosphere can be reduced or estimated to first order
by using the total electron content, except those due to
ionospheric scintillations and irregularities. The equatorial
plasma bubble (EPB)/Equatorial spread F (ESF) is one
such event, which is observed during post-sunset hours in
the F-region of the equatorial and low-latitude ionosphere.
This phenomenon leads to the formation of ionospheric
irregularities. The formation of these irregularities has been
studied for many decades (Basu et al., 1978; McClure et al.,
1977; Tsunoda, 1980). The Earth’s magnetic field is hori-
zontal at the equator. Thus, the eastward electric field gen-
erated by the Pre-Reversal Enhancement (PRE) along with
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the horizontal geomagnetic field rises the plasma irregular-
ities well over 1000 km above in altitude (Huang and
Kelley 1996). The rise of plasma irregularities generated
in the equatorial ionosphere is dominated by the fountain
effect, also known as E � B drift (Basu and Basu, 1993).

The study of EPB blossomed in ionospheric physics as it
is responsible for the degradation of radio wave propaga-
tion, which further leads to navigational errors in satellite
communication (Seemala and Valladares, 2011). The
dynamics of the equatorial ionosphere are dominated by
the PRE of vertical drift (Woodman and LaHoz, 1976).
During sunset, plasma densities and dynamo electric fields
in the E region diminish due to the absence of the Sun. In
the F-region a dynamo electric field is generated. Polariza-
tion charges, set up by the conductivity gradients at the ter-
minator further increase the eastward electric field for a few
hours after sunset. This enhancement of the eastward post-
sunset electric field enhances the Rayleigh- Taylor (R-T)
instability, while a westward field diminishes it. These
structures can grow to become large-scale ionospheric
depletions, often called equatorial plasma bubbles (EPB),
and are seen as TEC depletions in GPS datasets (Hysell,
2000; Fejer, 1997; Kelley, 1989). These bubbles have been
known by different names like ‘bite outs’, ‘depletions’,
‘plasma holes’, and ‘ESFs’ (Hanson and Sanatani, 1973;
McClure et al., 1977). The EPBs/ESFs manifest themselves
as diffused echoes in the ionograms, plumes in VHF radar
maps, intensity bite-outs in nighttime OI 630 nm airglow
intensity, density depletions in the in-situ satellite measure-
ments, and scintillations in VHF/L- band satellite beacon
signals (Farley et al., 1970; Hysell and Burcham, 1998;
Kelley, 1989; Krishna Moorthy et al., 1989; McClure
et al., 1977; Ossakow, 1981; Arons, 1982; Rama et al.,
2006; Weber et al., 1978; Woodman and LaHoz, 1976).

The onset of equatorial plasma bubbles has been statis-
tically studied by TEC (total electron content) depletions
using GNSS data sets. The TEC of the ionosphere is an
important ionospheric parameter that can be used for iono-
spheric correction in radio systems (Seemala and
Valladares, 2011). TEC is a number of electrons along a
tube of one-meter squared cross-section. The TEC unit is
TECU, 1 TECU = 1016 electron /m2. TEC can be mea-
sured by GNSSdata, which is widely used for monitoring
the ionosphere (Beach, 2002). TEC depletions are defined
as a decrease in the TEC values compared with the sur-
rounding region as observed from GNSS satellite iono-
spheric pierce point (IPP) footprint trace and are usually
observed with apparent durations of 5 min to 40 mins in
low latitudinal regions like India (Rama Rao et al.,
2006). This decrease in TEC values is followed by the
recovery of the values after the depletion. The TEC deple-
tions that we are considering are produced by plasma bub-
bles drifting across the line of sight between the GPS
receiver and the satellite (Qiang Li et al; 2021). Weber
et al. (1996) showed a strong correlation between TEC
depletions and airglow 630.0 nm depletions, implying that
TEC depletions are manifestations of equatorial plasma
3834
depletions. The general morphology of TEC depletions
and their association with strong levels of VHF scintilla-
tions were described by DasGupta et al., (1983) for the
pre-midnight period. Yeh et. al., (1979) reported similar
correlations in the occurrence of bubbles and scintillations.

To identify plasma bubbles in TEC depletion the thresh-
old for TEC value is generally set to 4TECU. Generally,
the TEC depletions greater than 4TECU is due to plasma
bubbles according to some previous studies. Such threshold
excludes the impact if any due, to other disturbances like
Travelling Ionospheric Disturbances (TIDs) (Seemala and
Valladares, 2011; Blanch et al., 2018). The TEC depletions
have been widely studied using GNSS datasets over the
years. The abrupt decrease in the TEC values further fol-
lowed by apparent recovery as observed in TEC values
from the GNSS satellite track is commonly known as
TEC depletion(s) at low and equatorial regions. Various
methods for detecting plasma bubbles or depletions based
on GNSS TEC data have been studied. A few of these
are fourth-order polynomial fit (Rahmanmi et al., 2020),
moving average (Denardini et al., 2020), band-pass filter
technique (Seemala and Valladares, 2011), rolling barrel
algorithm method (Freeshah et al; 2020), Savitzky-Golay
filter (Osei-Poku et al., 2021; Press et al; 1992), etc. Thus,
the efficacy of such methods solely depends upon the
assumptions made and thresholds used by the algorithm
(Qiang Li et. al., 2021). The diurnal trend or changes in
TEC due to disturbed conditions may also be detected as
depletions by the mathematical algorithms as mentioned
earlier.

With the advancement of Artificial intelligence and the
ability to achieve tedious, error-prone tasks, deep machine
learning techniques play a crucial role in data-driven space
experiments. In past recent years, there has been a resur-
gence in neural networks and machine learning techniques
(Fong et al., 2018). Many researchers have achieved
impressive tasks on a variety of challenging problems and
analyses using such techniques (Habarulema et al., 2007,
2018; Okoh et al., 2016; Tulsi Ram al., 2018). Machine
learning and deep neural networks are the subsets of artifi-
cial intelligence, which learn from the input datasets. These
ML techniques understand the structure of the data and fit
the data into the model. These models are available to the
end users to carry out further results by using data
(Mcgovern and Wagstaff, 2011). There are three learning
methods of ML broadly one is supervised learning which
is used in this study, unsupervised learning, and reinforce-
ment learning. The input datasets in supervised learning
are labeled, whereas in unsupervised learning the given
datasets are unlabelled (Aggarwal, 2018).

Space weather professionals can employ machine learn-
ing techniques for real-world applications. Real advances
in space weather can be gained using non-traditional
approaches that consider nonlinear and complex dynamics.
ML has been used in forecasting, now-casting space
weather indices (Camporeale et al.,2018), and modeling
TEC during geomagnetic storms (Uwamahoro and
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Habarulema, 2015) data using complex neural networks.
On the other hand, in the presented work, much more
sophisticated supervised ML classification techniques such
as the Random Forest Method are used to detect the pat-
terns of EPBs manifested in TEC values using GPS/GNSS
data. In this study, the machine learning method is used for
the detection of ionospheric plasma depletions and the
results are discussed and compared with a mathematical
algorithm.

1.1. Introduction to Machine learning classification

Machine learning classification techniques have been the
most used computational development in the last decade
(Rashid, 2016). One of the supervised classification tech-
niques is the Random Forest Method (RFM) also known
as Random Forest Ensemble (Herrera et al; 2019). The
mechanism of RFM is explained in later sections. RFM
algorithms are much more flexible in terms of robustness
towards outliers and noise in datasets; thus, the method
can predict classes with much more accuracy. The method
is simple and easily parallelized. More specifically, ensem-
ble learning algorithms like RFM are well suited for med-
ium to large datasets (Breiman, 2001). Moreover, predictor
variables in RFM can be used all at once whereas in logistic
and linear regression this cannot be achieved if the number
of independent variables is more than observations, that is
the number of parameters to be estimated is more than the
number of observations (Schonlau and Zou, 2020). In the
current study, we have explored the different types of ML
techniques for the detection of plasma depletions from
TEC data such as K-Nearest Neighbours(K-NN), Decision
Tree, Support Vector Machines (SVM), and Random For-
est Method. Among these, the Random Forest Method
(RFM) classification in ML has resulted in better accuracy
in detecting TEC depletions. The RFM algorithm has been
successfully applied to reducing high-dimensional and
multi-source data in many scientific realms like environ-
mental science, economic recession, etc. (Cavicchioli et al;
2019, Chen and Ishwaran 2012). We aim to explore the effi-
cacy of such an algorithm in the detection of TEC deple-
tions in GPS/GNSS receiver data.

1.2. Random Forest algorithm

As described in the introduction section 1.1, different
types of ML algorithms were tried during this study,
namely K-NN, SVM, and decision trees. These methods
are used basically for classification, and hence can be used
for pattern recognition (Rashid, 2016). Based on the accu-
racy and true positive cases obtained through the respective
confusion matrixes of the techniques mentioned, we found
that the RFM performs better than the other ML methods
for depletion detection. To make a distinction among the
methods we must consider certain points which include
overfitting problems, features correlation, dimensions of
featured space, etc. In RFM, the present estimates can
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work with missing data. Missing values are substituted by
the variable appearing the most in a particular node. It
can automatically balance data sets when a class is more
infrequent than other classes in the data. The method also
handles variables fast, making it suitable for complicated
tasks.

Random Forest methods (RFM) have gained consider-
able importance in machine learning techniques because of
their efficient discriminative classification. It is the most
used supervised machine learning technique. The RFMis
an assembly of classifiers whose core is based upon a deci-
sion tree algorithm. RFM uses bagging ensemble learning
in which the predictions are based on the combined results
of the individual tree. The main goal under the RFM is to
segment original data into subsets based upon binary tests
to get purer subsets that can be classified as one class.

Let X be the entire dataset of the training phase as
shown in step 1 of Fig. 1. In ensemble learning ‘n’ decision
trees (Tn) are created from data X. The Tn decision trees
represented in step 2 of Fig. 1 are obtained by shuffling
rows of the data X, which means they are taken randomly
with replacement from the entire dataset X. Thus, the data
size of each decision tree is the same. Further, a decision
tree classifier from the tree T1 is constructed by splitting
the T1 data set into subsets (where X1 is shown as a subset
in Fig. 1 as an example) by performing a binary test (C). A
binary test is a simple condition such as X1 < C, where C
represents any characteristic, and X1 is the input vector at
the new node now. The node from where the decision tree
starts is called a root node which contains all the datasets.
The node where the chain ends is known as the ‘‘leaf” node.
So, the decision tree works as a flow chart from the root
node to the leaf node. There are Tn number of decision
trees as represented in step 2 of Fig. 1, each of which is split
into nodes, and branches as shown for one decision tree X1
in step 3. The process will continue till each of the purer
class forms is obtained that means till the pure class of zer-
oes or ones is obtained. The purity at each node is calcu-
lated through entropy to produce a purer class at the
next node (Ali et al; 2012, Zhukov et al., 2018). Finally,
at the end of the process, the final prediction is made by
voting from all the decision trees (Berhane et al., 2018).

2. Data and methodology

In this study, the data is collected from GPS receivers, at
Mumbai and Hyderabad stations. These receivers are iono-
spheric scintillation monitors (ISM) deployed under the
GAGAN network (Acharya et al., 2007) in collaboration
with the Airport Authority of India (AAI). The GAGAN
network has about 25 stations and was established to study
ionospheric characteristics in the Indian region for the
implementation of a Space Based Augmentation System
(SBAS) for GNSS positioning (Kapil et al., 2022). Mumbai
and Hyderabad stations from the GAGAN network are
chosen in this present study. Both are low-latitude stations
that lie near the inner edge or within the equatorial ioniza-



Fig. 1. The chart explains the working of RFM, and step 3 explains the binary test in which X1 is compared with binary characteristics, depending upon
which the X1 dataset is segregated in a purer(X3) or impure(X2) data set (Schonlau and Zou, 2020).
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tion anomaly (EIA) region. The March 2014 data is chosen
for the mentioned stations. The year 2014 was a high solar
active year of the solar cycle 24 and in the Indian region,
plasma depletions and scintillation occurrence are observed
more in the equinoctial months (Chakraborty et al., 2014).
The TEC data sampling is 30 sec that is recorded by the
ISM receiver. The slant TEC values are converted to verti-
cal TEC using a thin shell mapping function with an iono-
spheric pierce point altitude of 350 km (Coco et al., 1991;
Wilson and Mannucci, 1993; Rama Rao et al., 2006). Here-
after, the vertical TEC is referred to as TEC in the rest of
the text.

2.1. Depletion detection

As described in the introduction, the TEC depletions are
generally detected/identified using algorithms like de-
trending, bandpass filtering methods, etc. In the present
work, we have used two different techniques for the detec-
tion of TEC depletion. The first method, a bandpass filter-
based algorithm depletion detection, uses filtered TEC val-
ues to identify depletion structures that are beyond set
threshold values as described in the later part of this sec-
tion. The second method, a machine learning-based algo-
rithm that was trained by using carefully selected samples
of the former method as inputs, to have a reliable and unbi-
ased method for the detection of depletions that does not
depend on the assumed/manually selected threshold values.

In a low latitudinal region like Mumbai, TEC depletions
are observed for a duration of 5 to 40 min (Rama Rao
et al., 2006). To avoid false detection due to rapid fluctua-
tion in TEC from the background TEC we used two band-
pass filters (BPF), the first filter with a cut-off periodicity
from 3 to 20 min in the frequency range from 5.5 mHz
to 0.83 mHz for narrower depletions and the second BPF
with a cutoff frequency from 10 to 50 min that is the fre-
quency range from 1.6 mHz to 0.33 mHz for detection of
broader depletions as shown in Fig. 3. The elevation mask
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angle of 30 degrees is used to avoid noise and multipath
effects (Seemala and Valladares, 2011). As shown in
Fig. 2, the TEC depletion has occurred during post-
sunset can be verified along with the presence of scintilla-
tion represented by the S4 index in the lower panel. The ele-
vation angle for this satellite is represented in the black line
in the top panel. As EPBs are mainly post-sunset to post-
night events thus a time constraint of 12.30 UT to 23.00
UT hours is used, which corresponds to the Indian stan-
dard time of 18:00 to 04:30 h (or local time). After this, out-
liers in the TEC data are removed using a median absolute
deviation method (Leys et al., 2013) with a window length
of 1 h, as similarly used by Kapil et al., 2022.

Fig. 3 represents the detection of TEC depletions using a
digital bandpass for the GPS PRN 2 as observed from
Hyderabad on the day of 03 March 2014. The top panel
shows the TEC values in a blue solid line and the elevation
angle is represented in a black dashed line. And the vertical
green and pink lines indicate the onset and end of the
respective depletions, as detected by the algorithm using
the band pass filtered values. The second panel shows the
values of the S4 index representing scintillation activity,
and we can observe the scintillation activity simultaneously
with the depletions as indicated in the top panel. The third
panel shows the values from the first bandpass filter in a
range of 3 to 20 min for the detection of narrow or
small-size depletions as discussed above, and the fourth
panel shows the values from the second filter for the wider
depletions in a range of 10 to 50 min. In the third panel,
filtered TEC values are in blue, and the red line is the
threshold value of filtered TEC chosen for the detection
of the depletion. Once, the filtered value decreases or goes
below the threshold value, the depletion minima or the
point of minimum density is identified and marked as a
red asterisk in the third panel. The second step involves
identifying the edges (start & ending) of the depletion by
finding the values where a change of slope happens and
the value is above zero on both sides of this minimum
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point. The leading edge and trailing/ending edge of the
depletions are marked by green and pink asterisks respec-
tively as shown in the third panel.

The fourth panel shows the filtered TEC values of the
second bandpass filter. As discussed above, the same proce-
dure is followed to identify the broader depletions but with
a different chosen threshold value. In this current study, we
have chosen �1.5 TEC units for the first filter and �3.0
TEC units for the second filter as threshold values for the
detection of TEC depletion. The detected depletions are
also validated with local time limits i.e., from post-sunset
till post-midnight when the equatorial depletions usually
occur (Tsunoda et al., 2018). This mathematical technique
based on filtering and set thresholds will be called a Filter
based Technique (FT) for depletion detection in this paper.

As known, there are limitations with these mathematical
techniques as they depend on the type of de-trending
method used, filter bandwidths, detection thresholds used,
etc. Hence, we have resorted to machine learning by giving
the best-detected samples as input using the traditional
band pass algorithm. The ML algorithm takes the training
from the detected depletion samples which are manually
selected. The core behavior of the ML technique is that
the algorithm once trained can detect depletions in the
cases of the testing phase for the current period of study
(2014) without needing any manual inputs like threshold
levels and filter bandwidth like in this case of a mathemat-
ical algorithm. These manual inputs would limit the detec-
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tion capability to a particular set of anticipated depletions
of depth and duration. To prepare a training data set from
the traditional band pass method, any false detection of
TEC depletion is checked visually for each sample.

The depletion detection (mathematical) algorithm needs
manual intervention when it must be applied to the data at
a different location or solar activity. As the algorithm
requires tuning of the threshold values, and the bandpass
filter cut-off periodicities that are specific to the ambient
ionization densities (TECs) and depletion durations
expected. The TEC values and depletions durations may
change with the location, i.e., whether it is closer to the
magnetic equator or at the equatorial ionization anomaly
region. Effectively, the threshold used in this algorithm
must be tuned for the chosen station and also partially
depending on the solar activity owing to the level of ambi-
ent ionization produced. To avoid this manual tuning of
threshold values, a ML algorithm can be trained with the
data and detected samples.

To train the RFM algorithm as described in section 1.2,
the selected data with detected depletions using the mathe-
matical algorithm are given as inputs in the training phase.
The detected depletions are classified as a series of 1 s, and
the rest of the time when there is no depletion is classified
as a series of 0 s as shown in Fig. 4. The input training data
is prepared as described in section 3. We used the classifica-
tion learner package provided in MATLAB for training the
RFM algorithm (Paluszek and Thomas, 2017). The differ-
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ent types of parameters in addition to the TEC that were
used for training the RFM are discussed in the following
section.

3. Training dataset for ML technique

To prepare the training data set for ML, 66.5% of the
data is chosen from the data as mentioned in section 2.
The remaining 33.5% dataset is reserved for testing and val-
idation of the trained ML model, which is independent of
the dataset that is given for training. The training dataset
is pre-processed using the FT method (as described in sec-
tion 2.1) to detect depletions to use the outcome for the
training of the ML model. From these detected TEC deple-
tion samples, the best samples are visually chosen so that
accurate training can be imparted to ML. A set of binary
logic values are generated to represent the presence of
detected depletion for the duration by setting the values
to 10s, and the rest of the data where no depletion is
detected are indicated by values of 00s as shown in panels
A of Fig. 4 along with corresponding FT outputs in panels
B and C respectively. These labeled binary logic values will
3838
aid in the training of machine learning for TEC depletion
detection. Thus, for training, each of the detected samples
is plotted as shown in Fig. 4 for visual inspection to aid in
selection. The red solid line in Fig. 4 represents the classifi-
cation of TEC depletion by zeroes and ones. The presence
of depletion is indicated by the value of 10s and the 00s rep-
resents the absence of depletion. Thus, the square/rectan-
gular portion between the leading and trailing red lines
indicates a depletion. As can be seen in Fig. 4a, there is
no depletion and it is represented with 00s. In Fig. 4b,
two depletions are detected and are represented by the 10s
as shown by a red line.

In addition to TEC values, the features that are selected
are time, PRN of satellite, day of the year, latitude & longi-
tude of IPP, F10.7, and Dst Index as the input for ML.
Thus, the training dataset includes 8 available features to
classify the TEC depletion for training along with labeled
binary logic as described above. To get a fair estimation
of model performance we use a 5-fold cross-validation tech-
nique (Baturynska et al., 2021) while training with the data-
set. There are 126 detected depletions and 40 non-depletion
cases that were given in the training dataset for ML.
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4. Results

4.1. Performance of training model

To understand the performance of such models given in
MATLAB and Python packages we must understand the
terms on behalf of which the model’s accuracy is evaluated.
To check the performance of the trained model we need to
evaluate it, to implement it on the testing dataset. For that,
we consider Area Under the Curve of Receiver Character-
istic Operator (AUC-ROC). The AUC-ROC curve is the
evaluation metric for binary classification problems. It is
defined as the probability curve that plots the true positive
rates (TPR) against the false positive rates (FPR) at differ-
ent threshold values. The curve helps us to visualize how
better the technique has performed in the training phase.
As we have made our problem a binary classification prob-
lem after assigning zeroes and ones to the non-depletion
and depletion times series respectively. Further TPR is also
known as sensitivity, defined as TP

TPþFN, here True Positives,

False Positives, False Negatives, and True Negatives are
represented as TP, FP, FN, and TN respectively. FPR is
known as specificity which is defined TN

TNþFP. So, the AUC-

ROC curve is the curve between sensitivity and 1- speci-
ficity. The values of the AUC-ROC curve can vary between
0 and 1, tending toward 1 means the training models are
distinguishing between all the positives and negatives cor-
rectly (Bradley, 1997). To better understand the categories,
we must investigate the confusion matrix, which is our sec-
ond parameter to evaluate the model. A confusion matrix
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is a table that counts between the predicted and actual val-
ues. Fig. 5 depicts the diagram to understand the confusion
matrix in a better way. The labels TN, FP, FN, and TP are
the same as described above. Every row of the matrix links
to the actual class and every column to the predicted class
in Fig. 5. The total counts of correct and incorrect classifi-
cations are entered into the table as shown in Fig. 5. The
sum of correct predictions for a class goes into the pre-
dicted column and expected row for that class value, simi-
larly for incorrect predictions (Duntsch and Gediga et al.,
2019).

In the present study, the confusion matrix obtained
from the model is presented in Fig. 6. In Fig. 6, the first
and second column describes false (0) and true (1) cases
of the predicted class respectively whereas the first and sec-
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Fig. 6. Confusion matrix obtained by RFM which corresponds to Fig. 5.

Fig. 8. Minimum classification error obtained from the RFM after the
training phase.
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ond rows describe true (1) and false (0) cases of the actual
class. It shows between the two classes of zeroes and ones,
the account of TN cases are 98.6%, FP cases are 1.4%, FN
cases are 4.5% and TP cases are 95.5%. In Fig. 6, TPR
describes true positive rates and FNR describes false nega-
tive rates. Thus, we can see that the model training data set
can predict the maximum of actual true positive cases of
depletions and true negatives of no depletions. To ensure
this we also check the AUC-ROC curve as explained above
shown in Fig. 7.

We obtained that ROC has a good separability among
the binaries at the threshold represented by a red dot that
is at (0.04, 0.99). The area under the curve obtained at the
threshold mentioned for the present study is 1 which tells
that the classifier perfectly distinguishes between the zeroes
and ones (Matjaz and Zoran, 2013).

The minimum classification error plot for the trained
model is obtained and is shown in Fig. 8. A predefined
hyperparameter optimization can be automated within
the ML algorithm. The main advantage to optimize these
hyperparameters by selecting an optimizable ensemble is
that the classification method will tune its parameters to
reduce the classification error and retain the optimal setting
for internal parameters like the number of splits, distribu-
tion, ensemble method, etc. The hyper-parameters opti-
Fig. 7. AUC-ROC generated after the RFM training phase.
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mized are mentioned in the legend of Fig. 8. Fig. 8
illustrates the minimum classification error for RFM. The
convergence curve that is the dark blue line refers to the
observed minimum classification error computed so far
by the optimized model. While light blue is the convergence
curve when examining all the hyper-parameters values. At
the last, a global minimum error is obtained with the
ensemble method named Gentle Boost. The number of
learners is 484 at a learning rate of 0.040916. The maxi-
mum number of splits is 1751. The red square shows the
minimum error obtained at the optimized hyperparameter
named as best point hyper-parameter, the value of the min-
imum error is precisely marked with a yellow circle shown
in Fig. 8.

These two measures i.e., confusion matrix and ROC,
described above will give us the performance of the classi-
fier; thus from the above Figs. 6 & 7, we have obtained a
better classification result from the training set. It took
around 8 h approximately for the training phase to
complete.

In this present case, rather than the accurate prediction
of these binary classified depletion indicators, it is more
important to check the accurate depletion detection in
terms of its start and end times from the given dataset.
Therefore, the ML-detected depletion is compared with
FT-detected depletions with different samples in the follow-
ing section.

4.2. Test results and discussion

To check the efficacy of the ML classification method,
we need to test the trained model for its accuracy in the
detection of TEC depletion which is indicated by the binary
values. Though the ML method has shown good perfor-
mance on the trained dataset as shown in Figs. 6 & 7, it
is important to check whether the entire depletion is
detected correctly instead of each instance or epoch that
is identified accurately. Therefore, the TEC depletions
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detected by ML must be compared with FT-detected deple-
tion samples as well as visually examined.

As discussed in section 3, only the best output samples
from FT are used for training, so any inaccurate depletion
detections were not used for training and hence may not
propagate to ML output or ML output will not produce
artifacts based on these inaccurate samples. Now, after
training the ML method, we have chosen the remaining
independent dataset (not used for ML training) as
described in section 3, for the validation of the trained
ML. The trained ML model is used to detect depletions
from this dataset for validation. In most cases, it is
observed that the ML technique works well, especially if
there is single depletion to be detected. Fig. 9 shows the
detection results obtained from a few cases using both
FT and ML models. Fig. 9 is composed of six sub-figures
(a,b,c,d,e, & f). There are five panels in each figure, and
the topmost panel in each Fig. 9(a,b,c,d,e, & f) represents
the TEC values in a solid blue line. Panels (ii & iii) show
the detrended TEC values that are used by the FT method
for the detection of depletions in each of the figures. The
panels (iv & v) represent the depletions detected by the
FT method in the red solid line as explained above (in sec-
tion 2.1) and the bottom panels represent the depletions
detected by the ML method in the solid purple line.
Fig. 9. Comparison of the detection of plasma bubbles using FT as well as ML
& iii) show narrow-band and wide-band filter outputs respectively that are used
end of each depletion respectively in panels (ii & iii). Panels (iv & v) show de
method (in purple line) respectively.
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From Fig. 9, it can be observed that in a few cases, the
accurate detection of TEC depletion using ML is improved
compared to the FT method, for example, in Fig. 9 (a, b, c
& d). In Fig. 9(a), the duration of the depletions detected
by ML is better than that of FT as can be visually seen.
Similarly, in Fig. 9(b & f), the duration of the depletion
detected by ML is improved but the second depletion
was not detected by ML. In Fig. 9(c), FT has detected sin-
gle depletion with multiple structures in it as two deple-
tions, but ML has detected it as single depletion.

In Fig. 9(d), the FT method has detected 3 depletions, as
per the threshold described in section 2.1, but the ML
method could detect only single depletion probably as it
had encountered a negative spike in the dataset as can be
seen in the top panel. Similarly, in Fig. 9(e), the ML
method could detect a depletion but the ML method has
also produced artifact spikes at about 16 h and 17 h, prob-
ably because of the spike in the dataset (observed in the top
panel). In Fig. 9(d & e), the TEC values have some artifact
fluctuation either due to noise or data gap due to loss of
lock/cycle slip correction, in this case, ML detected deple-
tion but also gave some erroneous values or spikes. Other-
wise, in both cases Fig. 9 (d & e), the duration of depletion
is improved in ML compared to the FT method apart from
spikes as can be observed from TEC in top panels.
. The top panel (i) of each sub-figures shows TEC in the blue line. Panels (ii
by FT. The green and magenta vertical dashed line describes the start and
pletions detected by the FT method (in red line) and detected by the ML
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Therefore, from observation of multiple cases, the ML
has detected the TEC depletion regions with some
improvement in time duration in comparison to the FT
method as observed visually from the TEC values. Here,
we have taken the bandpass algorithm as a reference to
check the efficacy of the ML technique on the other hand
each case is also checked visually with original TEC data
in the first panel as shown in Fig. 9. In very few cases like
multiple artifacts or discontinuity in TEC values, the cur-
rent trained ML has detected the depletions but also some
isolated 10s or spikes are seen.

The major advantage of the ML technique is that it does
not require manual assumptions/inputs like fixing thresh-
old values for the detection or changing the filter band-
widths to accommodate different depletion durations. As
we have seen from Fig. 9 (ii & iii), ML has accurately
detected the depletions with multiple sub-structures in it
where the FT accuracy is less as visually observed. The
ML method can be improved by training it with more com-
plex cases and more data points, as discussed by many ML
researchers (Sarker et al., 2021, Najafabadi et al., 2015).
The error in the detection of depletions is 15.2 percent in
the current test dataset, i.e., 61 were detected by ML out
of 72 depletions which are visually examined. Here, this
error in the ML method is defined as the inaccurate detec-
tion of the entire depletion, as shown in Fig. 9 and dis-
cussed above. Thus, the ML method has an advantage
over the FT method, i.e., once trained it is simple and easy
to be used for future analysis. However, the ML has a lim-
itation, if the training datasets are not large enough, it may
not be trained properly and so the model will not be accu-
rate. By increasing the size of training dataset, the model
becomes more general by virtue of being trained on more
examples and could decrease the error in the identification
of TEC depletions. The results may vary depending upon
the significant difference in the solar activity period chosen.

5. Summary

Real-world complex problems are comprised of non-
linear systems mostly. In such systems, the output is not
proportional to the inputs given. To solve such systems
or to better understand them ML is a new technical
approach. The variation in TEC depending upon iono-
spheric condition is one such non-linear phenomenon.
The data sets of Earth’s ionospheric space are typically
imbalanced especially near EIA regions, due to the avail-
ability of many days of quiet conditions and a few hours
of storms. This poses a serious problem in any mathemat-
ical algorithm that tries to find patterns in the data. It is
also problematic for defining meaningful metrics that
assess the ability of a model to predict interesting events.
When ML techniques are applied with the proper amount
of data sets, we can obtain better sensitivity and
separability.
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In the current study, the detection of TEC depletions is
considered, which are day-to-day varying events and are
highly dependent on various electrodynamic environmental
factors. In this study, we tried to evaluate ML efficacy to
detect TEC depletions using data from low latitude GPS
stations Hyderabad and Mumbai from March 2014, the
results are quite significant. We have used RFM technique
to detect the TEC depletions which are compared to FT as
shown in Fig. 9. The training accuracy obtained in RFM is
97.6%, with a minimum classification error of 0.023 per-
cent, and truly positive cases that is the positive predictive
value (PPV) is 96.8 percent. We have observed an error of
about 15.21 percent in the identification of TEC depletions
using the ML with the given training dataset. Thus, the ML
using RFM detects the TEC depletions quite well with a
scope of future improvements as discussed in the result’s
section. With ML methods, if large datasets are not given
for training, it may not be trained perfectly. Hence with
ionospheric datasets, the results may vary depending upon
the significant differences in ambient TEC owing to
changes in solar activity. Thus, adding more datapoints
increases the training accuracy. Future works in this field
can be focused on the development of feature selection
and fuzzy logic for performance enhancements.
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