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Abstract

The Global Navigation Satellite System (GNSS) has emerged as a backbone of modern civilisation,
industry, and society. Degradations and disruptions of the GNSS Positioning, Navigation, and Timing
(PNT) service performance are caused by natural and adversarial sources. The ionospheric effects
form the principal single class of the GNSS PNT performance degradation causes. Traditional GNSS
ionospheric correction models appear unable to resolve the problem for their global nature, and the
intrinsic lack of agility and flexibility. Here we contribute to the case with the proposal of concept
and methodology for tailored GNSS ionospheric correction model development in support of GNSS
resilience development, based on: (i) a massive dataset of long-term (annual) GNSS-derived total
electron content TEC observations, as target variable (ii) a massive dataset of geomagnetic field
density components, as predictors, and (iii) utilisation of statistical/machine learning predictive model
development methods. The proposed approach emerges as a component of the previously introduced
architecture-agnostic Ambient-Aware Application-Aligned (AA2?) GNSS PNT concept, introducing
the GNSS positioning environment situation awareness. Proposed concept and methodology is
successfully demonstrated in the case of tailored GNSS ionospheric correction model development
using the R environment for statistical computing in the case-scenario of mid-latitude single-frequency
commercial-grade GNSS rover.

Keywords: GNSS PNT; ionospheric effects; predictive model; statistical learning; machine learning;
AmbientAware Application-Aligned (AA?) GNSS PNT; GNSS observations; geomagnetic field density

1. Introduction

The Global Navigation Satellite System (GNSS) has become one of the principal cornerstones of
modern civilisation, empowering a growing number of technology and socio-economic applications, both
systems and services [1,2]. Degradation or disruptions of the GNSS Positioning, Navigation, and Timing
(PNT) service result in economic, safety, privacy, and health issues and costs, on levels from the individual
to national and international [2]. Maintaining the GNSS PNT performance at levels required by GNSS
applications has become the essential task for GNSS operators [1,2], as well as the prime research subject
for multidisciplinary teams across the world. Recent developments show the advancement and resilience
of the GNSS PNT can be accomplished by utilisation of the Machine Learning (ML)-based models [3]
developed on the increasingly available related massive data sets [4,5].

The ionospheric effects, especially the ionospheric delay of a satellite signal as a radio-wave
propagation property, have been known as the major natural contributor to the GNSS positioning
error, thus degrading its PNT performance [5-8]. Advanced mitigation of the GNSS PNT ionospheric
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effects remains the challenge for GNSS researchers, operators, application developers and users, as the
standard GNSS ionospheric correction models, such as Klobuchar [8] or NeQuick [9] models, fail to
meet demand for robust and resilient GNSS PNT due to their global nature and inability to respond
to spatially and temporarily limited ionospheric phenomena affecting the GNSS PNT performance
[1,5,7,10,11]. Ionospheric conditions, including radio-wave propagation properties, result from a
number of physical and chemical phenomena generated by the space weather effects and others [6-8].
The space weather phenomena are of extremely complex nature [6,8,11]. Those have been recently
analysed and modelled using ML methods [4,7].

Our group has proposed the Ambient-Aware Application-Aligned (AA2?) GNSS PNT concept
[1,12], which exploits the ability of a user mobile GNSS device to collect both the GNSS pseudoranges
needed for positioning estimation and the observations of positioning environment, such as obser-
vations of geomagnetic field density components, to advance the GNSS PNT resilience against the
adversarial natural effects [1,5,12]. Development of a tailored GNSS ionospheric correction model is
among the tasks to be completed in the AA? GNSS PNT realisation [1,12]. Here we refer to a proposal
for methodology of a bespoke GNSS PNT ionospheric correction model for the AA? GNSS PNT,
developed using ML methods applied on experimental geomagnetic indices observations related to
GNSS PNT performance, conceived earlier by our group [1]. The proposed methodology has been
assessed in this research in the use case of regions in South and Southeast Europe. A number of
candidate GNSS PNT ionospheric correction models are developed, their performance assessed, and
the optimal model selected and discussed in terms of application in targeted application classes.

The manuscript reads, as follows. This Section introduces the reader to the problem and motiva-
tion of the research. Section 2 outlines the research methodology, the ML-based model development
methods in particular, and describes the experimental observations taken by the International GNSS
Service (IGS) network reference station at Matera, Italy, and the International Real-time Magnetic
Observatory Network (INTERMAGNET) reference station at Lonjsko Polje, Croatia, used for devel-
opment of candidates for the GNSS PNT ionospheric correction model. Section 3 presents results of
the model developments and validation, as well as the evidence for selection of the optimal model.
Section 4 discusses the research results from the perspectives of the optimal model’s ability to improve
the GNSS PNT resilience against the ionospheric effects, and challenges of the model’s deployment, in
the AA? GNSS PNT process in particular. This Section provides the concluding remarks, as well as the
summarised contributions of the presented research.

2. Materials and Methods
2.1. Dataset Preparation

Data preprocessing, as well as the development and implementation of prognostic models for
ionospheric delay, was carried out within the statistical computing environment R [13], supported by
specialised packages that facilitate data preparation, machine learning model construction, optimisation,
and performance assessment [14,15]. Data necessary for the stated development were obtained from two
datasets; one containing estimated values of the total electron content (TEC) and the other containing
observations of geomagnetic field density components, both acquired throughout the year 2014.

TEC values are estimated from raw Global Positioning System (GPS) pseudorange observations
collected from the International GNSS Data Repository, provided by NASA [16] and further processed
using the GPS-TEC program [17]. The data set was obtained from the IGS reference station in Matera
(Italy), sampling at 30-second intervals. The components of the geomagnetic field density Bx, By,
and Bz represent the three orthogonal directions of the geomagnetic field in the Earth’s ionosphere
and primarily describe variations in the geomagnetic field. Their values are measured in nanoteslas
(nT) and were obtained from the online data repository of the International Real-Time Magnetic
Observatory Network (INTERMAGNET) [18]. These components were recorded at the Lonjsko Polje
(Croatia) INTERMAGNET reference station with a sampling interval of one minute.
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The dataset used in this study was generated by processing raw observation files using an R-based
data aggregation and cleaning script. The script iteratively loaded daily records for the year 2014,
extracted relevant parameters, and combined them into a unified data structure. For each day, total
electron content (TEC) values were read from files in the .Std format, while geomagnetic field density
components were already recorded with a one minute sampling interval and did not need additional
modifications. Invalid or missing TEC entries, including non-numeric values and measurements
less than or equal to zero, were removed to ensure data integrity. Additionally, records containing
placeholder values (99,999) in any geomagnetic field component were excluded. The resulting merged
dataset contains 523,700 individual observations and includes the parameters DATE, TIME, Bx, By,
Bz, and TEC. Statistical analysis of the refined dataset yielded a mean TEC value of 13.37, a standard
deviation of 10.00, and a variance of 100.05, indicating a consistent and physically plausible distribution
of measurements suitable for subsequent model development and validation.

Figure 1 displays the density plot and the normal distribution of the TEC values from the refined
data set. The observed distribution is asymmetrical, with lower values being prevalent, and deviates
from a normal distribution, which highlights the need for a model capable of capturing the non-linear
relationships and heterogeneity within the data.

Density and normal distribution
0.100

0.075

0.050

Density

0.025

0.000 —
0 20 40 60
Target values [TECU]

Figure 1. Data density (blue bars and line) and normal distribution (pink dashed line) of the refined data.

Figure 2 presents the median, interquartile range, and outliers for both predictors Bx, By & Bz and
the target value TEC where it is evident that most of the data are concentrated within the lower range (0 to
20 TECU), indicating that most of the measurements occurred under stable ionospheric and geomagnetic
conditions. The intercorrelations between the variables were analysed, with the result shown in Figure 3,
where a notable correlation was observed; 0.73 between By and Bz. This value suggests a moderate to strong
correlation, which is generally sufficient to have a visible impact on the development and performance of
the prognostic model, so it was taken into account when developing the models.
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Figure 2. Box plots of the analysed variables: (a) total electron content (TEC); (b) geomagnetic field component By;
(c) geomagnetic field component By; and (d) geomagnetic field component B..
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Figure 3. Correlogram of the used dataset.

2.2. Models

The previously described dataset was randomly divided into two subsets, a training set and a
testing set, in a ratio of 80% to 20%, respectively. Such a division is necessary to mitigate the issue of
overfitting, which would hinder models’ effective generalisation to new, unseen data. This partitioning
ensures that each developed model is trained and evaluated on identical datasets, facilitating fair and
consistent model evaluation while eliminating potential biases stemming from differing input data.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The development of a prognostic model m for TEC ionospheric delay using magnetic field
components Bx, By, and Bz as predictors can be generalised, as shown in Equation (1).

TEC = m(Bx, By, Bz) (1)

2.2.1. Linear Regression

Linear regression represents a fundamental statistical machine learning model used for predicting
continuous values, operating by modelling the linear relationship between one or more independent
variables and a dependent variable, which represents the target value of interest. The linear regression
model seeks to determine the coefficients 51, B2, B3, and B4 for the predictor variables Bx, By, Bz and
the mutual interaction effect By * Bz (motivated by the results of the prior correlation analysis) while
minimising the discrepancy between observed and predicted values. The function implemented in the
model is shown in 2, where 3y denotes the intercept constant and € denotes the random error (residual)
and is based on the principles of linear statistical models outlined in [19].

TEC = Bo+ P1*Bx+ o x By+ B3« Bz+ By * (ByxBz) + € (2)

2.2.2. Decision Tree

The decision tree model is based on a hierarchical structure that represents a series of binary
decisions, with each decision directing the data toward one of the two subtrees. The algorithm in
this approach involves recursively partitioning the data into progressively smaller subsets through a
sequence of simple decision rules, represented as tree nodes, until a final prediction, represented as
tree’s leaf nodes, is reached [20].

2.2.3. Gradient Boosting

The gradient boosting model represents an ensemble learning approach that sequentially com-
bines multiple weak learners, typically decision trees, to form a strong predictive model. Each new tree
is trained to minimise the residual errors of the previous ensemble, thereby progressively improving
prediction accuracy through an additive optimisation process [21]. This method is particularly effective
for capturing complex nonlinear dependencies between input variables and the target output, while
maintaining high flexibility in model fitting.

The training process involved 2000 sequential trees (n.trees = 2000) with a maximum interac-
tion depth of 16 (interaction.depth = 16), allowing the model to learn high-order feature interac-
tions. A shrinkage factor of 0.4 (shrinkage = 0.4) was applied to control the learning rate and reduce
overfitting, while 12-fold cross-validation (cv.folds = 12) was used to ensure model robustness and
generalisation. By iteratively refining predictions through gradient-based optimisation, the gradient
boosting model achieves a balanced trade-off between accuracy and computational complexity.

2.2.4. Random Forest

The random forest model is an ensemble learning technique that constructs a large number of
decision trees during training and outputs the average prediction of all individual trees for regression
tasks. By introducing randomness both in the selection of data subsets and feature subsets used for
node splitting, the random forest effectively reduces overfitting and variance compared to a single
decision tree, resulting in improved model stability and generalisation [22].

The forest consisted of 100 decision trees (ntree = 100), each trained on randomly sampled
subsets of the training data. This configuration allowed the model to balance predictive accuracy with
computational efficiency while ensuring adequate representation of underlying data variability.

2.2.5. K Nearest Neighbors

The K-nearest neighbors (KNN) model is a non-parametric, instance-based learning algorithm
that performs predictions by analyzing the proximity of data points within the feature space. Unlike
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parametric models, KNN does not rely on an explicit functional form; instead, it infers the target
value of a new observation based on the average of the target values of its K nearest neighbors in
the training dataset. This property allows KNN to effectively model nonlinear relationships between
predictors and the response variable but at the cost of higher computational demands, especially for
large datasets [23].

Model training was performed using a repeated 10-fold cross-validation scheme (method =
"repeatedcv", number = 10, repeats = 5), ensuring robustness and reducing the risk of overfitting.
The optimal number of neighbors (K) was determined automatically by testing 10 candidate configura-
tions (tuneLength = 10) and selecting the one yielding the best validation performance. Due to its
instance-based nature, the KNN model requires substantially more computational time compared to
tree-based and linear models.

2.2.6. Neural Network

The neural network model is a data-driven machine learning approach capable of capturing highly
complex and nonlinear relationships between input and output variables through interconnected
layers of artificial neurons. Each neuron performs a weighted summation of its inputs followed by
the application of an activation function, allowing the model to learn intricate mappings between
predictor variables and target response [24].

The feedforward neural network architecture consisted of two hidden layers, each containing 64
neurons with rectified linear unit (ReLU) activation functions (activation = ’relu’), and a single
output neuron for predicting the TEC. The model was compiled using the root mean square propaga-
tion optimizer (optimizer_rmsprop) and the mean squared error loss function (loss = ’mse’), with
mean absolute error (mae) tracked as an additional performance metric.

2.3. Model Evaluation
The developed TEC prediction models are evaluated based on three key criteria:

1.  Predicted vs. Observed (P-O) diagram alongside with the Probability-Probability diagram (P-P),
. Root mean square error (RMSE),
3. Adjusted R?.

The P-O diagram offers a visual comparison of predicted and observed outcomes, where the
ideal line x = y is an indicator of perfect prediction, while the P-P diagram graphically represents the
comparison between the cumulative distribution of predicted values and the cumulative distribution
of observed values. The P-O diagram provides insight into the accuracy of individual predictions
compared to observed values of TEC, commonly known as goodness-of-fit, whereas the P-P diagram
illustrates whether the model’s predicted TEC values follow the same distribution as the observed
values. The root mean square error (RMSE) is used to measure the average magnitude of the error
between predicted and observed values, highlighting the model’s overall predictive accuracy along
with systematic biases inherent to the considered phenomenon. RMSE is calculated according to 3,
where y; are the observed values, 1j; are the predicted values, and # is the number of observations.

RMSE = 4| Y (vi — ¥i)? 3)
i=1

The adjusted coefficient of determination (adjR?) is derived from the standard coefficient of

S|

determination R? (determined using (4), with 7 being the mean of the observed values), which
indicates how well the model can describe the original variance contained within the data set.

n L 0)\2
R2:1_71Ly_1)2 )
i (yi—79)
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The adjR? improves on the standard coefficient of determination R? by incorporating penalties
for the inclusion of excessive predictors p, thus reducing the likelihood of model overfitting. The
calculation of the adjR? is shown in (5).

adjR* =1 — (“;Ijz;(fl_l)) ©)

In addition to the aforementioned three key criteria, to gain a comprehensive understanding
of each model’s qualities from different perspectives [25], two more metrics were recorded for each
model: (i) maximum residual value, which represents the largest single error among all predicted
values and (ii) model development time expressed in seconds.

3. Results

The model performance assessment described in Section 2.3 was applied to six TEC prediction
models developed to allow a thorough comparative analysis. The evaluation results for each model
are summarized in Table 1.

Table 1. Performance assessment results of models.

Model RMSE [TECU] Max. Residual [TECU] Adj. R*> [%] Development Time [s]
Linear regression 9.001426 30.763 0.1884 0.04
Decision tree 8.273675 36.408 0.3157607 0.07
Gradient boosting 5.730889 36.85178 0.7445679 3663.85
Random forest 4911834 40.83849 0.7293617 4414.39
K-nearest neighbors 4.638222 35.14286 0.8646796 18274.81
Neural network 7.125561 37.7001 0.4954369 703.42

The linear regression model expectedly demonstrated the shortest development time, a result of
the nature of the algorithm’s operation. This highly efficient computability comes at the cost of poor
prediction accuracy, with its RMSE, adjR?, and maximal residual values being the lowest performing
among the developed models.

In contrast, the random forest and gradient boosting models provided substantially better fit to
the data, with RMSE values of 4.91 TECU and 5.73 TECU, respectively, and adjR? values exceeding
0.72. While the random forest achieved slightly lower average prediction errors, the gradient boosting
model demonstrated improved ability to limit large individual residuals, achieving the lowest maximal
residual value among the ensemble methods (36.85 TECU).

The KNN model exhibited the highest overall predictive performance, attaining an RMSE of 4.64
TECU and an adjR? of 0.865, albeit at the cost of considerably longer development time (18 274.81
s). The precision of this model highlights the effectiveness of instance-based learning in capturing
complex nonlinear relationships between geomagnetic field components and TEC variations.

According to the model evaluation criteria defined in Section 2.3, the KNN model achieved
the best overall balance between predictive precision and variance explanation, while the gradient
boosting model remained the most effective among the ensemble-based approaches. Given its highest
adjR? and lowest RMSE, the KNN model was therefore selected as the most accurate and reliable
predictor of TEC values within the analysed dataset.

Figure 4 depicts each model’s P-O diagram, revealing a relatively large dispersion of prediction
points in each diagram, with some predictions, like those of gradient boosting and neural network
models, extending into negative TEC values; an occurrence that is inherently impossible.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 4. P-O diagrams of the evaluated TEC prediction models: (a) linear regression; (b) decision tree; (c) gradient
boosting; (d) random forest; (e) KNN; and (f) neural network. The reference line, indicating perfect prediction, is

shown in pink.

The systematic underprediction at lower values, as displayed by each model’s P-P diagram in

Figure 5, suggests that the models may struggle with extreme values of the distribution, reducing their

reliability in such instances. The behaviours observed in the graphical analysis of the above-mentioned

figures suggest that systematic deviations may arise from the inherent data distribution, indicating
that the issue could be related to shared underlying assumptions or data preprocessing steps rather
than being specific to the architecture of any individual model.
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Figure 5. P-P diagrams of the evaluated TEC prediction models: (a) linear regression; (b) decision tree; (c) gradient

boosting; (d) random forest; (e) KNN; and (f) neural network. The reference line, indicating perfect prediction, is
shown in pink.

4. Discussion

Presented research aimed at development of a single all-purpose statistical learning-based GNSS
ionospheric correction model. The model is anticipated to predict the TEC, a GNSS environmental
variable that determines the GNSS ionospheric delay, based on the yearlong set of experimental
observations. The rationale behind utilisation of the annual data set lies in presumption that during
that time-span observations are available for all kinds of space weather events affecting the GNSS
PNT performance, with proportional frequency of occurrence. Additionally, the experimental GNSS
observations used for model development were collected in the mid-latitude region with numer-
ous GNSS-related applications users, thus establishing a valuable case for the GNSS ionospheric
error/delay correction model development.

The original data set is split into training and testing sub-sets without further classification based
on the intensity levels of the space weather events affecting the GNSS PNT performance. The presented
approach is embraced to yield a single all-purpose climatological model of the TEC, given the assumed
real cases of space weather events, with the proportional rates of occurrence.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Methods for learning-based model development were selected in consideration of statistical
properties of both the target (TEC value) and predictors (Bx, By, Bz). Several candidate models are
developed, and assessed for their performance in terms of: (i) ability to describe the bias in TEC values,
assessed through analysis of RMSE, and Maximum of residuals (TECyyegicted = TECopserved) (ii) ability
to describe variance in TEC values, assessed through the analysis of adjR? and (iii) ability to offer
linear P-O diagram, thus allowing for sustained errors across the range of target variable values (TEC).
Additionally, model development time is assessed to infer suitability to be deployed on a small GNSS
devices/processes with limited power and computational resources.

The Linear Regression Model emerges as the worst performer out of six candidates. Although
it extends the smallest Maximum of residuals, other performance indicators are well beyond the
competitors. More advanced Decision Tree and Neural Network Models, respectively, develop in a
reasonably fast manner but extend far insufficient performance indicators. More computationally
extensive and, the structurally complex Gradient Boosting, and Random Forest, in particular, provide
a reasonable performance with the proportionally extended development time.

The KNN Model emerges as the unquestionable winner. It extends the second lowest Maximum
of residuals, after the Linear Regression Model, the lowest RMSE, and an impressive adjR?, confirming
the ability to describe more than 86% of the variance contained in the original dataset.

The approach of developing a single all-purpose model takes its toll in the general lack of linearity
in P-O diagrams of all contenders. The KNN Model and Neural Network Models appear as winners,
considering the P-O diagram criterion.

This manuscript introduces and demonstrates a new methodology for customised /tailored GNSS
ionospheric correction model development based on the experimental observations of the GNSS
environmental (geomagnetic field density) conditions. In such terms, the GNSS ionospheric correction
model based on statistical learning and situation awareness renders suitable for implementation in the
AA? GNSS PNT.

Consideration of a single annual data set taken at the single reference point asks for continuation
of the research in which the will be assessed for their spatio-temporal (geographic, seasonal, Solar
Maxima etc.) performance. Additionally, the methodology for geomagnetic data quality and integrity
assurance is to be developed, thus preventing and mitigating potential adversarial spoofing attacks on
GNSS ionospheric model development and, consequently, on GNSS PNT performance.

5. Conclusions

Ionospheric effects remain the major source of GNSS PNT performance degradation, affecting the
dominant class of single-frequency GNSS PNT users across disciplines and domains of applications.
Here, a new approach in the GNSS ionospheric correction model development and deployment is
introduced, based on long-term GNSS and geomagnetic field density observations and utilisation of
the statistical learning-based model development approach. Proposed methodology is demonstrated
in the case scenario of the GNSS ionospheric correction model development based on a single location
annual set of observations. The KNN model emerges as the optimal statistical learning-based TEC
prediction model. It features a consistent and advanced correction ability, with the lowest RMSE, the
lowest RMSE /Maximum of residuals ratio, and the respectable ability to describe more than 86% of
the variance in the original data.

The new approach proposed in the GNSS ionospheric correction modelling has significant
prospects for utilisation in a wide range of GNSS PNT services, including distributed Positioning-as-a-
Service and AA? GNSS PNT.

The research will continue with addressing the spatio-temporal performance and sustainability of
the novel statistical learning-based GNSS ionospheric correction model, as well as with the resilience
development against the adversarial geomagnetic spoofing attacks on both the models and the resulting
GNSS PNT performance.
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Abbreviations

The following abbreviations are used in this manuscript:

GNSSs Global Navigation Satellite System
PNT Positioning, Navigation, and Timing
TEC Total Electron Content

AA? Ambient-Aware Application-Aligned
ML Machine Learning

IGS International GNSS Service
INTERMAGNET International Real-time Magnetic Observatory Network
GPS Global Positioning System

KNN K-Nearest Neighbors

ReLU Rectified Linear Unit

P-O Predicted vs. Observed

P-P Probability-Probability

RMSE Root Mean Square Error

ad jR2 Adjusted Coefficient of Determination
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