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Abstract—Total Electron Content (TEC) present in the 

ionosphere plays a crucial role in the transmission of 

signals through the ionosphere. So, the study of 

ionospheric TEC, its variations (diurnal, monthly, 

seasonal, yearly, etc.), and the various effects like solar 

activity, geomagnetic activity, etc. on TEC becomes an 

important topic for navigation. The machine learning 

methods are very useful to solve non-linear prediction 

challenges, especially for short-term GPS TEC 

forecasting due to the composite spatio-temporal 

variations. This study analyzes the performances of 

seven different machine learning models viz, 

RandomForest, XGBoost, GradientBoosting, 

LightGBM, LSTM, GBDT, GRU, and compares them 

to predict the ionospheric TEC over two low-latitude 

stations Pathum Wan (13.74° N, 100.54° E) and 

Bangalore (12.97° N, 77.59° E) separated by 23° 

longitude in the year 2009, low solar activity period 

(65.8 < F10.7 < 86.9). The model outputs have been 

validated by the real time data over the two locations. 

Solar quiet period is selected for the better analysis of 

day-to-day changes of the ionosphere which is 

important to improve the accuracy of physics-based 

models of the ionosphere. The monthly average TEC 

values predicted by all the models show strong 

agreement with the observed TEC values at both 

stations, with correlation coefficients 0.88 < R2 < 0.93 

over Pathum Wan and 0.85 < R2 < 0.92 over Bangalore. 

The Root Mean Square Errors (RMSE) in the 

correlation plots are found between 2.13 to 2.87 over 

Pathum Wan and 2.29 to 3.25 over Bangalore. The 

values of Mean Absolute Errors (MAE) over these two 

locations are in between 1.48 to 2 and 1.51 to 2.27 

respectively.  Among all seven models LightGBM (R2 = 

0.926 over Pathum Wan and 0.918 over Bangalore) and 

XGBoost (R2 = 0.923 over Pathum Wan and 0.914 over 

Bangalore) show the best correlations with lowest 

RMSE (2.1 over Pathum Wan and 2.3 over Bangalore) 

and MAE (1.5 over both Pathum Wan and over 

Bangalore). 

 

Index Terms—TEC, VTEC, Ionosphere, Machine 

Learning, RMSE, MAE, Correlation  

 

1. INTRODUCTION 

 

The total electron content (TEC) refers to the 

integrated number of electrons along the signal’s 

transmission path. The delay experienced in any 

transionospheric satellite radio communication is 

directly proportional to the TEC along the signal’s 

path. TEC is essential to provide an overall 

explanation of the ionosphere with high temporal 

resolution. Hence, measurement of total electron 

content under various geophysical conditions has 

become crucial because of the high demand and 

growing reliance of aircraft and ground-based 

navigation on transionospheric communication 

systems. Equatorial Ionization Anomaly (EIA) 

regions, influenced by equatorial electrodynamics, 

exhibit distinct characteristics compared to other 

regions. Because of the huge variability of the 

equatorial ionization anomaly, TEC shows 

considerable daily variations, especially in equatorial 

and low-latitude regions. The formation and variation 

of EIA has been investigated by using ionosonde data 

and TEC obtained from various sources like satellite 

beacons, in situ satellite measurements etc. [1], [2], 

[3], [4], [5] 

The thorough study of TEC in different solar-

terrestrial events provides a complete understanding 

of the ionosphere and helps in modeling. TEC can be 
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estimated by physical models [6], [7] mathematical 

models [8], [9] and empirical models [10], [11] in 

addition to the scientific analysis. The international 

reference ionosphere (IRI) is one of the most popular 

empirical models which is basically used to validate 

other models, [12], [13]. It is considered as a 

recommended international standard.  The most 

recent version of the IRI model is IRI-2016 [14] 

where electron density is calculated by extending the 

anchor points of peak electron densities of E and F-

layer. NeQuick model is used to estimate the 

maximum electron density [15]. 

Machine learning (ML) and deep learning (DL) have 

made significant contributions in ionospheric 

modeling with better accuracy [10]. Wavelet neural 

networks [16] are used for ionospheric tomography 

whereas PCA (Principal Component Analysis) and 

Neural Networks for ionospheric forecasting [17]. 

Machine learning techniques have been increasingly 

utilized to enhance the understanding and prediction 

of ionospheric Total Electron Content (TEC), 

presenting promising avenues for global and regional 

ionospheric studies. 

The use of Neural Networks (NNs) for modeling of 

Vertical Total Electron Content (VTEC) for both 

quiet and disturbed geomagnetic conditions is 

increasingly attracting the attention of researchers 

because of the availability of advanced Graphics 

Processing Units (GPUs) and the capability of 

production and handling of big data [18], [19], [20], 

[21] used the neural network approach trained using 

the Levenberg-Marquardt algorithm to predict 

ionospheric TEC over various regions of Europe, 

capturing effectively the nonlinear behavior 

associated with space weather events. The results of 

Neural Networks (NN) has been evaluated against the 

International Reference Ionosphere (IRI) model over 

Chumphon, South Africa, and low-latitude regions of 

India (from equator to EIA region) [22], [23], [17] . 

To predict total electron content (TEC), recurrent 

neural network (RNN) based upon deep learning 

technique was suggested by [24]. LSTM is used to 

develop some ionospheric models to predict TEC 

[12], [25]. On the otherhand, some ionospheric TEC 

maps were built by using bidirectional LSTM 

algorithms [26], [27]. Generative adversarial 

networks (GAN) are also used in some TEC 

forecasting methods [28], [29] to improve the IRI 

[30]. [31] used four different ML approaches for 

ionospheric TEC, such as LSTM, adaptive neuro-

fuzzy inference system, ANNs, and GBDT for the 

development of the model of ionospheric TEC. Some 

other ML methods like the nearest neighbor method, 

the prophet model, decision trees were also 

introduced for ionospheric TEC modeling [32], [33], 

[34]. The scientific data analysis methods and 

modeling approaches are developed continuously to 

enhance the accuracy of Total Electron Content 

(TEC) prediction for both military and civilian 

applications. 

This study offers a comparative evaluation of seven 

different machine learning models viz.  Random 

Forest Model, XGBoost Model, Gradient Boosting 

Model, LightGBM Model, LSTM, GBDT, GRU for 

the ionospheric TEC prediction over low latitude 

stations Bangalore (India) and Pathum Wan 

(Thailand) during low solar activity period. Different 

parameters indicating their performance are chosen 

and listed in detail.  

 

2. METHODOLOGY 

 

2.1. Dataset: 

Daily fluctuations in VTEC over the two locations, 

Pathum Wan (13.74° N, 100.54° E) and Bangalore 

(12.97° N, 77.59° E), were acquired from 

International GPS Service (IGS) through the use of 

the GPS-TEC program [35] at a 5-min interval. Fig. 1 

illustrates the latitudes and the longitudes of stations 

on the map. The hourly Dst data, Ap index and Kp 

index were derived from the online source 

https://wdc.kugi.kyoto-u.ac.jp/dstdir/. Solar flux data 

are acquired from the online source 

https://psl.noaa.gov/data/timeseries/month/SOLAR/ 

(NOAA Physical Sciences Laboratory) 

 
Fig.1 Map showing the locations 

https://wdc.kugi.kyoto-u.ac.jp/dstdir/
https://psl.noaa.gov/data/timeseries/month/SOLAR/
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2.2. Model approach: 

This work aims to estimate the TEC in the regions of 

Pathum Wan and Bangalore with the help of a 

comparative analysis of 7 machine learning models: 

LSTM, GBDT, GBM, XGBoost, LightGBM, GRU, 

and Random Forest Regressor for the year 2009. Fig. 

2 shows the flow chart of the model. Over 8000 data 

points for each station were used for the hourly 

average of VTEC. The dataset was split into two 

subsets: 75% was utilized for model training, 

whereas the remaining 25% was reserved for testing 

to evaluate model performance.  

 
Fig. 2 Flowchart of the models 

 

2.2.1. LSTM (Long Short-Term Memory) 

LSTM networks are a variant of RNN created to 

resolve the difficulty of learning long-term 

dependencies in sequential data [36]. As illustrated in 

Fig. 3, the core feature that enables LSTMs to retain 

information over long periods is the memory block. It 

is a recurrent sub-network consisting of a memory 

cell and three gates. The memory cell acts as an 

internal storage unit, preserving temporal information 

across time steps. The system consists of three types 

of gates: input, forget, and output. The input gate 

controls the flow of new information into the 

memory cell. Forget gates decide the amount of 

previously stored information that should be retained 

or discarded. Output gates manage the amount of 

information from the memory cell that is used to 

generate the output and passed to the next layer. This 

gate-based system enables LSTMs to selectively 

store, update, and utilize information, making them 

highly effective for tasks like time series forecasting. 

 
Fig. 3 LSTM memory block 

 

A. GBM (Gradient Boosting Machines) 

GBM is a technique that utilizes ensemble learning to 

build a robust predictive model by progressively 

merging several weak learners, usually decision trees. 

The model is optimized iteratively by reducing the 

residual errors from earlier predictions. [37] . At each 

step m, the model is represented as: 

 f_m(x) = f_{m-1}(x) + ρ_m h_m(x) 

where f_m(x) denotes the model at iteration m, f_{m-
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1}(x) is the model from the prior iteration, h_m(x) is 

the newly added regression tree trained on the 

residuals, and ρ_m is the learning rate controlling the 

contribution of the new tree. The objective function 

minimized by GBM is typically the loss function L(y, 

f(x)), which guides the model updates. The residuals 

are computed as the negative gradient of the loss 

function: 

 r_{mi} = - ∂L(y_i, f_{m-1}(x_i)) / ∂f_{m-1}(x_i) 

By fitting each new regression tree to the residuals, 

the model gradually improves its predictive accuracy. 

This approach enables GBM to model complex non-

linear relationships and handle various data types, 

making it suitable for regression and classification 

tasks. GBM also demonstrates robustness against 

outliers and can effectively capture intricate patterns 

in the data [38]. 

B. XGBoost 

XGBoost is a widely used decision tree-based 

machine learning algorithm in data science due to its 

high accuracy and efficiency. It is an advanced 

implementation of Gradient Boosting which 

combines the predictions of multiple weak classifiers, 

such as Classification and Regression Trees (CART) 

or linear classifiers, into a stronger classifier by 

iteratively adding weak trees with different weights. 

XGBoost enhances model performance by 

performing second-order Taylor expansion on the 

cost function, which provides richer information 

during optimization [39]. The objective function for 

this model can be expressed as: 

Obj = ∑_{i=1}^{n} l(y_i, ŷ_i) + ∑_{k=1}^{K} 

Ω(f_k) 

where n denotes the number of training instances, y_i 

denotes the true label, ŷ_i is the predicted value, K is 

the total number of regression trees, f_k represents 

the k-th regression tree, and Ω(f_k) is the 

regularization term that penalizes the complexity of 

the tree to avoid overfitting. XGBoost improves 

computational speed through parallel and distributed 

calculations and can effectively handle missing 

values. This comprehensive approach enables 

XGBoost to deliver highly accurate predictions while 

maintaining generalization ability [40]. 

C. GBDT (Gradient Boosting Decision Trees) 

GBDT is a machine learning technique based on 

ensemble methods that merges several weak learners 

and creates a robust predictive model. It is widely 

used for the problems of regression and 

classification. The GBDT model builds decision trees 

sequentially, with each tree correcting the errors of its 

predecessor by minimizing the specified loss 

function. The model can be expressed as a 

summation of decision trees: 

 f(x) = ∑_{m=1}^{M} h_m(x, Θ_m) 

where h_m(x, Θ_m) denotes a decision tree defined 

by its set of parameters Θ_m, and M is the total 

number of trees. The model is developed 

incrementally using a forward stage-wise approach, 

where the m-th step updates the model by adding a 

new regression tree: 

 f_m(x) = f_{m-1}(x) + ρ_m h_m(x, Θ_m) 

 The parameters Θ_m of each tree are determined by 

minimizing the loss function: 

 Θ_m = argmin_Θ ∑_{i=1}^{N} L(y_i, f_{m-

1}(x_i) + h_m(x_i, Θ)) 

 The loss function, typically the mean squared error 

(MSE), is given by: 

 L(y, f(x)) = 1/2 (y - f(x))^2 

 At each iteration, the GBDT algorithm computes the 

pseudo-residuals: 

 r_{mi} = -∂L(y_i, f_{m-1}(x_i)) / ∂f_{m-1}(x_i) 

The new regression tree is fitted to these pseudo-

residuals, improving the model’s performance. 

GBDT efficiently captures nonlinear interactions and 

mitigates overfitting through the use of learning rates 

and regularization terms, making it highly effective 

in modeling GNSS time series data and other 

complex patterns [41]. 

D. LightGBM 

LightGBM is a gradient boosting framework that 

leverages decision trees to achieve high performance 

in machine learning tasks. It uses a histogram-based 

algorithm to discretize continuous feature values, 

significantly reducing memory consumption and 

improving training speed. Unlike traditional level-

wise tree growth, LightGBM employs a leaf-wise 

growth approach, splitting the node with the highest 

split gain, which enhances accuracy but requires 

regularization techniques to prevent overfitting. The 

model’s hyperparameters play a crucial role in 

performance optimization, including max_depth, 

which controls tree depth and mitigates overfitting, 

n_estimator to specify the number of boosting 

iterations, and learning_rate to regulate the step size 

of each iteration. Grid Search Cross-Validation 

(GSCV) is used to optimize hyperparameters by 

systematically searching combinations of parameter 
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values and evaluating model performance using 

cross-validation. LightGBM's loss function uses the 

negative gradient to approximate residuals through 

Taylor expansion, with complexity which is managed 

via regularization terms such as L1 regularization. 

This approach makes LightGBM highly efficient, 

capable of handling large datasets, and robust against 

overfitting while maintaining high accuracy [42], 

[43]. 

E. GRU (Gated Recurrent Units) 

GRUs, proposed by Kyunghyun Cho in 2014, are a 

simplified variant of LSTM networks. They were 

developed to mitigate issues like vanishing and 

exploding gradient problems in RNNs. GRUs utilize 

two gating mechanisms: the update gate and reset 

gate, which control the flow of information within the 

network  

 
Fig. 4 GRU Architecture 

 

The update gate zt controls the extent to which past 

information is preserved, calculated as 

𝑧𝑡=(𝑤(𝑡)𝑥𝑡+𝑢(𝑡)ℎ𝑡−1+𝑏) 

Where, 𝑤 and 𝑢 represent weights, 𝑥𝑡 is the input, 

ℎ𝑡−1 is the hidden state, and 𝑏 is the bias.. 

The reset gate 𝑟𝑡 defines the degree to which past 

information is forgotten, expressed as 

𝑟𝑡=(𝑤(𝑟)𝑥𝑡+𝑢(𝑟)ℎ𝑡−1+𝑏). 

The candidate hidden state ℎ𝑡′ is computed as 

ℎ𝑡′=tanh (𝑤𝑥𝑡+𝑟𝑡⊙𝑢ℎ𝑡−1), where ⊙ represents the 

Hadamard product. 

Finally, the current hidden state ℎ𝑡 is derived as 

ℎ𝑡=𝑧𝑡⊙ℎ𝑡−1+(1−𝑧𝑡)⊙ℎ𝑡′. 

GRUs are computationally efficient due to their 

simpler architecture, which requires fewer parameters 

and less training time compared to LSTMs, making 

them ideal for sequential data tasks [44]. 

F. Random Forest Regressor 

Random Forest (RF) is an ensemble-based technique 

that constructs several decision trees to perform 

regression tasks, reducing prediction variance and 

enhancing accuracy. The RF algorithm operates by 

creating M regression trees, each tree built from 

bootstrap samples of training data. The predicted 

value at input u for the j-th tree is denoted by m_s(u; 

θ_j, S_s), where θ_j represents random variables, and 

S_s is the fitting sample. The final prediction is the 

average of all tree predictions: 

m(u) = E[v|u = u]    

The training data consists of: 

S_s = ((u_1, v_1), …, (u_s, v_s))   

For each tree, a random subset of predictor variables 

is selected for node splitting, reducing correlation 

between trees. The number of trees (M), number of 

variables (m_try), number of sampled data points 

(bs), and minimum node size (node size) are critical 

hyper-parameters. Cross-validation methods like 

bootstrap resampling are used to optimize m_try, 

often minimizing the Root Mean Squared Error 

(RMSE). PCA is then applied to the ensemble of 

regression tree predictors, decomposing them into 

principal component scores and eigen functions: 

T_i = ∑_(j=1)^B α_ij φ_j  

where α_ij represents principal component scores, 

and φ_j represents eigenfunctions. The Bayes-Linear-

Gauss method is used to find new coefficients α 

ensuring perfect fit at sampled locations. This method 

is defined by: 

α ~ N(μ, C)  

with mean μ and covariance matrix C computed from 

PCA scores. Conditional coefficients are obtained 

through Monte Carlo sampling, reconstructing 

regression tree predictors: 

T̂_i = ∑_(j=1)^B α̂_ij φ_j  

The final prediction is the average of the 

reconstructed regression tree predictors: 

m̂(u) = 1/T ∑_(i=1)^T T̂_i(u)  

This method ensures accurate predictions that match 

observed values while maintaining computational 

efficiency [45]. 
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3. RESULTS AND DISCUSSION 

 

3.1. Monthly variations of hourly averaged vertical 

TEC over the stations  

Fig. 5 and Fig. 6 represent the diurnal variations of 

VTEC over Pathum Wan and Bangalore, the two low 

latitude stations. The solid line represents the result 

obtained from the real time data analysis whereas the 

dotted lines show the outputs of the seven models 

viz., RandomForest, XGBoost, Gradient Boosting, 

Light GBM, Gradient Boosting Decision Trees, 

GRU, and LSTM. Similar TEC variations are 

observed in both real-time measurements and model-

generated outputs. The observed TEC is lower than 

the model results during January, June, July, August. 

In contrast, real-time TEC exceeds model predictions 

in March, April, and October. In February, May, 

September, November, and December, the real-time 

TEC variations closely match the predictions of the 

models. This similarity suggests that the models are 

effectively capturing the general trends and variations 

of TEC, which could be influenced by factors like 

geomagnetic activity, solar radiation, and ionospheric 

dynamics. However, slight deviations might exist due 

to dynamic space weather conditions, localized 

anomalies, or model limitations. 

The low latitude stations have been selected in our 

study because the E×B drift, particularly near the 

equatorial region, causes significant vertical plasma 

transport, leading to higher charge densities and more 

pronounced TEC variations in the low latitude 

stations. This makes low-latitude regions ideal for 

studying ionospheric dynamics, such as equatorial 

ionization anomaly (EIA) effects and space weather 

influences. The longitude difference between the 

selected low-latitude stations allows for an 

assessment of how well the model captures 

ionospheric variations across different longitudes. 

Since ionospheric conditions can vary with longitude 

due to factors like geomagnetic field asymmetry, 

zonal winds, and electrodynamic processes, this 

approach helps evaluate the model's accuracy and 

efficiency in different longitudinal sectors.  

 

This study investigates and predicts Total Electron 

Content (TEC) during a period of low solar activity 

and geomagnetically quiet conditions, aiming to 

better understand the day-to-day variability of 

ionospheric behavior with minimal influence from 

space weather disturbances. 

 
Fig. 5 Diurnal variations of real time VTEC along with model outputs over Pathum Wan, 2009 
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Fig. 6 Diurnal variations of real time VTEC along with model outputs over Bangalore, 2009 

 

3.2. Performance comparison of various model 

outputs with the observed TEC 

To evaluate the effectiveness of the machine learning 

models, the predicted TEC values are compared 

against the observed TEC measurements over the 

stations Pathum Wan and Bangalore. Fig. 7 and Fig. 

8 represent the correlation between all seven model 

outputs with the observed TEC values, with the 

RMSE and MAE.  From the figures it is seen that the 

predictions of TEC by all models are highly 

consistent with the observed value. The results over 

Pathum Wan and Bangalore are shown in Table 1 and 

Table 2 respectively. R2 values lie in between 0.88 to 

0.93 over Pathum Wan and 0.85 to 0.92 over 

Bangalore with RMSE in between 2.125 to 2.872 and 

2.290 to 3.248 over the locations respectively. MAE 

is in between 1.481 to 1.998 over Pathum Wan and 

1.508 to 2.268 over Bangalore. 

Among all seven models LightGBM and XGBoost 

show the best correlations. The R² value between the 

LightGBM output and the observed TEC is found to 

be 0.926 over Pathum Wan and 0.918 over Bangalore 

and that between the XGBoost output and the 

observed TEC was 0.923 over Pathum Wan and 

0.914 over Bangalore. Moreover, these two models 

give the lowest error values with RMSE = 2.1 over 

Pathum Wan and 2.3 over Bangalore and MAE = 1.5 

over both Pathum Wan and over Bangalore.  

[30] applied four distinct machine learning models, 

i.e., Artificial Neural Network (ANN), LSTM, 

Adaptive Neuro-Fuzzy Inference System using 

Subtractive Clustering (ANFIS-SC) and Gradient 

Boosting Decision Tree (GBDT) to forecast 

ionospheric TEC over three IGS stations of low-

latitude region (16°S to 10°S) during solar and 

geomagnetic extreme conditions and improvised the 

prediction accuracy 37.93% to 49.28% during high 

solar activity period and from 28.16% to 67.39% 

during the magnetic storm period in compare to 

Global Ionospheric Map (GIM) prediction model. 

[46] proposed machine learning based model and 

used that model as an empirical model of TEC over 

some regions of Europe. Their prediction was highly 

compatible with the observed value of TEC with 

RRMSE (relative RMSE) value 12.76%.   



© June 2025 | IJIRT | Volume 12 Issue 1 | ISSN: 2349-6002 

IJIRT 181516 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4956 

 
Fig. 7 Correlations of VTEC obtained from all seven model outputs with the observed value over Pathum Wan 
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Fig. 8 Correlations of VTEC obtained from all seven model outputs with the observed value over Bangalore 
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Table. 1. Test data predictions by all seven models over Pathum Wan 

 

Table. 2. Test data predictions by all seven models over Bangalore 

 

4. CONCLUSIONS 

 

Seven Machine Learning approaches have been 

employed to predict the variations of TEC over two 

low latitude stations, Pathum Wan and Bangalore. A 

comparative analysis of the performance of these 

seven models against observed TEC has been 

conducted in this study. 

The following conclusions have been drawn: 

i) Diurnal Variation Capture: The diurnal variations 

of TEC predicted by all models closely match the 

observed TEC for all months. This indicates that the 

models effectively capture the general trends and 

temporal variations in TEC. 

ii) Monthly Mean Accuracy: The monthly mean TEC 

values predicted by the models show strong 

agreement with the observed values at both stations. 

The correlation coefficients range from 0.88 to 0.93 

over Pathum Wan and from 0.85 to 0.92 over 

Bangalore, demonstrating the models' reliability in 

predicting long-term TEC trends.  

iii) Error Metrics: 

● The RMSE values in the correlation plots range 

from 2.125 to 2.872 over Pathum Wan and 2.290 

to 3.248 over Bangalore. 

● The Mean Absolute Error (MAE) values range 

from 1.481 to 1.998 over Pathum Wan and 1.508 

to 2.268 over Bangalore. 

These results collectively indicate that the machine 

learning models used in this study are capable of 

accurately predicting TEC variations over both 

stations. 
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Pathum Wan 

Model Root Mean Square Error  

(RMSE) 

Mean Absolute Error 

(MAE) 

Linear correlation (R2) 

RandomForest Model 2.359 1.612 0.909 

XGBoost Model 2.170 1.485 0.923 

Gradient Boosting Model 2.352 1.626 0.909 

Light GBM Model 2.125 1.481 0.926 

LSTM 2.872 1.956 0.882 

GBDT 2.699 1.998 0.896 

GRU Model 2.403 1.665 0.905 

Bangalore 

Model Root Mean Square Error Mean Absolute Error Linear correlation (R2) 

Random Forest Model 2.527 1.641 0.900 

XGBoost Model 2.353 1.548 0.914 

Gradient Boosting Model 2.579 1.698 0.896 

Light GBM Model 2.290 1.508 0.918 

LSTM 3.248 2.268 0.852 

GBDT 2.883 2.056 0.883 

GRU Model 2.699 1.784 0.886 
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