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Abstract 

Accurate estimation of Zenith Tropospheric Delay (ZTD) is essential for enhancing the accuracy of Global 

Navigation Satellite System (GNSS) positioning and atmospheric modelling. Traditional tropospheric delay 

models, including numerical weather models, analytical models, and empirical approaches, often struggle to 

capture the complex nonlinear variations in ZTD. To overcome these limitations, this study explores the use of 

five machine learning models (Kolmogorov–Arnold Network (KAN), Long Short-Term Memory (LSTM), 

Multilayer Perceptron Neural Network (MLPNN), Extreme Gradient Boosting (XGBoost), and Random Forest) 

to predict ZTD across four GNSS COR stations in Ghana: Accra, Ho, Kumasi, and Akim Oda. Meteorological 

parameters (pressure, temperature, and relative humidity) and geospatial features (latitude and ellipsoidal 

height) were utilised as input variables. Model performance was assessed using Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination (R²). Results showed that the KAN 

model consistently outperformed all other models, achieving test RMSEs of approximately 10 mm and R² above 

0.976, demonstrating its capacity to model nonlinear and sequential atmospheric patterns with interpretability 

and efficiency. LSTM and MLPNN also yielded competitive results, while ensemble methods, particularly 

Random Forest, lagged in generalisation and accuracy. The findings highlight the potential of interpretable 

deep learning techniques like KAN to improve GNSS-based atmospheric modelling and precise positioning 

applications in tropical regions. 
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1. Overview 

The widespread deployment of Continuously 

Operating Reference Stations (CORS) has 

significantly enhanced Global Navigation Satellite 

System (GNSS) capabilities, enabling high-

resolution geodetic studies of tectonic and non-

tectonic processes, such as interseismic strain, 

postseismic deformation, and surface displacements. 

These analyses rely heavily on coordinate time series 

derived from continuous CORS data [1]. However, 

GNSS positioning accuracy is significantly affected 

by atmospheric delays, particularly Zenith 

Tropospheric Delay (ZTD), which can introduce 

errors of 2 to 22 m depending on satellite elevation 

angles [2]. To improve GNSS precision and support 

atmospheric water vapour monitoring, advanced 

tropospheric delay modelling techniques are essential 

[3][4][5][6][7][8] and [9]. 

Traditionally, tropospheric delay models are 

categorised into three main types: numerical weather 

models (NWMs), analytical models, and empirical 

models. NWMs, such as the European Centre for 

Medium-Range Weather Forecasts (ECMWF) 

[10][11] and [12] and the Global Forecast System 

(GFS) [13], estimate delays using global and regional 

atmospheric data. Analytical models utilise 

mathematical equations derived from direct 

meteorological observations, with prominent 

examples including the Hopfield [14], Saastamoinen 

[15], and Black [16] models. Empirical models are 

based on statistical analyses of historical atmospheric 

and GNSS data, such as the University of New 

Brunswick (UNB) series [17], the European 

Geostationary Navigation Overlay Service (EGNOS) 

model [18], the TropGrid models [19][20] and the 

Global Pressure and Temperature (GPT) series 

[21][22][23] and [24]. The traditional models for 

estimating tropospheric delay typically depend on 

single-function approaches for modelling and curve 

fitting. However, these methods struggle to 

accurately capture the inherently complex and 

nonlinear variations in tropospheric delay [25].  
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In contrast, machine learning models have 

demonstrated strong capabilities in approximating 

nonlinear functions, allowing for a more precise 

representation and prediction of these intricate 

variations. Various machine learning techniques 

have been effectively employed for tropospheric 

delay forecasting and have proven robust in this field. 

The most adopted methods include Artificial Neural 

Networks [26][27][28][29][30] and [31], Backpro-

pagation Neural Networks (BPNN) [32] and [33], 

Long Short-Term Memory (LSTM) [34][35] and 

[36] and Multilayer Perceptron Neural Networks 

(MLPNN) [37].  

While traditional deep learning models such as 

LSTM and MLP/ANN have demonstrated 

effectiveness in modelling nonlinear and temporal 

processes, they exhibit key limitations in scientific 

domains. LSTMs, for example, often suffer from data 

inefficiency, high sensitivity to hyperparameter 

tuning, and limited interpretability, particularly in 

applications with sparse or noisy observations [38]. 

Similarly, MLPs and other ANNs are prone to 

overfitting due to dense parameterisation and 

therefore offer limited transparency in how features 

influence predictions [39]. Ensemble methods such 

as Random Forest and XGBoost, while powerful in 

many structured learning tasks, lack native temporal 

modelling capabilities and rely heavily on post-hoc 

explanation tools due to their inherent model opacity 

[40].  

Recently, the Kolmogorov–Arnold Network 

(KAN) has emerged as a novel neural architecture 

designed to improve interpretability and 

computational efficiency. Based on the 

Kolmogorov–Arnold representation theorem, it 

models multivariate functions through compositions 

of learnable, spline-based univariate transformations, 

enabling data-adaptive and locally interpretable 

function approximation [41]. KAN has demonstrated 

strong performance in complex scientific regression 

tasks using fewer parameters. For example, 

polynomial-enhanced KANs achieved accuracy 

comparable to MLP-based PINNs and DeepONets on 

PDE benchmarks while maintaining compact 

structures [42], and shallow KANs have 

outperformed MLPs in modelling physical systems 

with high accuracy and low complexity [43]. These 

attributes make KAN particularly suitable for 

modelling complex geophysical phenomena like 

Zenith Tropospheric Delay (ZTD), where 

interpretability, functional complexity, and data 

constraints are critical. 

In view of the robust performance of the KAN, 

this study introduces KAN for Zenith Tropospheric 

Delay (ZTD) prediction for the first time and 

evaluates its performance against four widely used 

machine learning models including Long Short-Term 

Memory networks (LSTM) [44], Multilayer 

Perceptron Neural Networks (MLPNN) [37], 

Extreme Gradient Boosting (XGBoost) [45], and 

Random Forest [46]. These benchmark models have 

been successfully applied in prior ZTD prediction 

studies across various climatic zones, providing a 

solid basis for performance comparison and 

validation. By introducing KAN and systematically 

comparing it to established methods, this research 

aims to assess its applicability and potential 

advantages for GNSS meteorological modelling.  

 

2. Tropospheric Delay in GNSS 

GNSS systems, such as GPS, GLONASS, or BeiDou, 

rely on microwave signals transmitted from satellites 

to ground-based receivers. As these signals pass 

through the neutral atmosphere (troposphere), they 

experience delays due to variations in temperature, 

pressure, and water vapour content. This delay, 

known as tropospheric delay, consists of hydrostatic 

and wet components and affects both the carrier and 

code phases equally. These delays are particularly 

significant under high-humidity, low-pressure, and 

variable temperature conditions common in tropical 

regions. Figure 1 shows signal path delays in Global 

Navigation Satellite Systems. 

 

 
 

Figure 1: Signal path delays in Global Navigation 

Satellite Systems (GNSS) 

 

The tropospheric delay is the additional delay in 

GNSS signals caused by the troposphere and is 

expressed in terms of total refractivity (N) [47]. The 

Zenith Tropospheric Delay (ZTD), comprising the 

Zenith Hydrostatic Delay (ZHD) and Zenith Wet 

Delay (ZWD), represents the total delay in the zenith 

direction. ZHD, which makes up about 90% of ZTD, 

is accurately estimated using surface meteorological 

data, whereas ZWD is highly variable due to 

atmospheric moisture dynamics [48][49] and [50]. 

Since the troposphere is non-dispersive below 

15 GHz, it affects all GNSS frequencies uniformly, 

influencing both carrier and code signals [51].  
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The atmospheric refractive index mainly governs this 

delay. The delay in the zenith direction is expressed 

as the path integral of refractivity N, as shown in 

Equation 1: 

 
6

0
10 ( )

toph

ZTD N h dh−=   
Equation 1 

Where:  

     N = (n-1) × 106 

      h = altitude 

   htop = neutral atmosphere (50 km to 100 km [52]) 

 

The refractivity N can be decomposed into two main 

components as depicted in Equation 2: 

 
 

N = Nd + Nw 

Equation 2 

Where:  

     Nd  = hydrostatic (dry) component 

     Nw = wet component.  

 

These components are derived from atmospheric 

parameters, shown in Equation 3 [52]: 

 

1 2 3 2
,d w

P e e
N k N k k

T T T
= = +

 
Equation 3 

Where: 

     P = total atmospheric pressure (hPa)  

     T = absolute temperature (K) 

     e = the water vapour pressure  

    k1 = 77.689 J/hPa 

    k2 = 71.2952 K/hPa 

    k3 = 375463 K2/hPa  

 

The total Zenith Tropospheric Delay is thus typically 

partitioned into two additive components, 

represented by Equation 4: 
 

 

ZTD ZHD ZWD= +  
Equation 4 

Where: 

ZHD = zenith hydrostatic delay 

ZWD = zenith wet delay.  

 

The hydrostatic delay constitutes about 90% of the 

total tropospheric delay and exhibits minimal 

variation over time and space. In contrast, the wet 

component is highly variable, primarily influenced 

by atmospheric water vapour content [53]. The 

Zenith Hydrostatic Delay (ZHD) can be calculated 

from surface pressure using the Saastamoinen model 

[54], represented by Equation 5: 

0.0022768
( , )

P
ZHD

f H




=

 
Equation 5 

 

Where: 

     Pδ = surface atmospheric pressure at the station  

    (hPa or mbar) 

      Ø = Geodetic latitude of the station (in degrees) 

      H = ellipsoidal height in meters.  

 

The function f(Ø,H) accounts for the variation in 

gravity with latitude and elevation and is usually 

approximated using Equation 6: 

 

f(Ø,H) = 1- xcos(2Ø)  0.00028H 

Equation 6 

 

Where: 

     x = 0.00266 

 

This formulation assumes a hydrostatic equilibrium 

of the atmosphere and is widely used due to its 

accuracy and simplicity [54]. The zenith wet delay is 

associated with the partial pressure of water vapour 

and is defined by Equation 7: 
 

 

6

2 3 20
10 ( )

toph e e
ZWD k k dh

T T

−= +
 
Equation 7 

 

The terms used in Equation 7 are as defined in 

Equation 3. 

 

3. Materials and Methods 

3.1 Study Area 

Ghana, located in West Africa, spans between 

latitudes 4.5° N and 11.5° N and longitudes 3.5° W 

and 1.5° E. It is bordered by Burkina Faso to the 

north, Côte d’Ivoire to the west, and Togo to the east, 

with the Gulf of Guinea forming its southern 

boundary along a 550 km stretch of the Atlantic 

coast. The Survey and Mapping Division (SMD) of 

the Lands Commission initially established five 

GNSS Continuously Operating Reference Stations 

(CORS) in Accra, Kumasi, Takoradi, Tamale, and 

Bolgatanga. Later, the Licensed Surveyors 

Association of Ghana (LiSAG) deployed eight 

additional CORS stations in Accra, Kumasi, 

Takoradi, Tarkwa, Koforidua, Akim Oda, Winneba, 

and Ho. Although the SMD-operated stations are 

currently inactive, the LiSAG stations remain 

operational. This study focuses on four of these 

active GNSS CORS sites, as illustrated in Figure 2. 
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Figure 2: Location of selected GNSS CORS in Ghana 

 

3.2 Dataset Description 

The dataset employed in this study comprises GNSS 

observations from four Continuously Operating 

Reference Stations (CORS) located in Kumasi, Ho, 

Accra, and Akim Oda, covering the period from 2020 

to 2022. The dataset includes RINEX observation 

files containing pseudorange and carrier phase 

measurements, which are essential for precise 

positioning, along with navigation files that provide 

satellite ephemeris data to support accuracy 

enhancement. To account for site-specific 

atmospheric influences, meteorological parameters 

such as temperature (°C), pressure (hPa), and relative 

humidity (%) were sourced from the Ghana 

Meteorological Agency at locations near the stations. 

The data were selected across well-defined time 

intervals to ensure comprehensive temporal coverage 

for Zenith Tropospheric Delay (ZTD) estimation. 

The use of dual-frequency GNSS receivers at all 

stations mitigates ionospheric delay, thereby 

improving the reliability of the derived ZTD values. 

Figure 3 illustrates the temporal distribution and 

availability of GNSS data across the four stations 

from 2020 to 2022, highlighting variations in data 

acquisition performance. ZTD estimation was 

performed using the PRIDE PPPAR software, which 

implements the Precise Point Positioning with 

Ambiguity Resolution (PPPAR) method.  

 

 

 
 

Figure 3: Data availability for the selected 

COR stations 

 

Table 1 summarises the PPPAR strategies employed. 

ZTD values were computed at a temporal resolution 

of 30 seconds, and the daily mean ZTD was obtained 

by averaging all epoch-based ZTD values, as defined 

in Equation 8. 

 

1

n
i

i

STD
ZTD

n=

=  

Equation 8 

Where:  

      n  = the total number of epochs (2,880) 

ZTDi = the ZTD at each epoch 
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Table 1: Strategies implemented in the PRIDE PPPAR 
 

Component Strategy 

Input Data Dual-frequency GNSS (RINEX, L1/L2) 

Observation Types GPS/GLONASS raw pseudorange and carrier phase 

Temporal Resolution 30 s 

Positioning Mode Static PPP (for fixed CORS stations) 

Quality Control Cycle slip detection/correction, configurable elevation cutoff (15°),  

outlier rejection via residual analysis 

Clock and Orbit Corrections IGS Final Precise Orbit and Clock products 

Ionospheric Mitigation Dual-frequency ionosphere-free linear combination 

Ambiguity Resolution LAMBDA method 

Tropospheric Modelling Saastamoinen model (ZHD) with pressure corrections; ZWD estimated using 

meteorological data; VMF3 for mapping function 

Tidal Corrections Solid Earth tides, ocean loading, pole tides (IERS conventions) 

Antenna Corrections IGS antenna phase centre offsets/variations (receiver and satellite) 

Tropospheric Gradients Estimated to account for horizontal asymmetries 

Processing Strategy Sequential least squares with Kalman filtering 

Output  Total ZTD (metres) 

 

3.3 Machine Learning Techniques 

This study employed five machine learning (ML) 

techniques to develop predictive models for 

estimating Zenith Tropospheric Delay (ZTD). The 

selected methods include the Kolmogorov Arnold 

Network (KAN), Multi-Layer Perceptron Neural 

Network (MLPNN), Long Short-Term Memory 

(LSTM), Extreme Gradient Boosting (XGBoost), 

and Random Forest (RF). Model development for all 

techniques was conducted using MATLAB R2024, 

except for XGBoost, which was implemented in 

Python. The methodological workflow adopted in 

this study is illustrated in Figure 4. Detailed 

descriptions of the applied ML techniques are 

provided in the subsequent subsections. 

 

3.3.1 Kolmogorov-Arnold Networks (KAN) 

KAN is a neural architecture based on the 

Kolmogorov–Arnold representation theorem, which 

states that any continuous multivariate function can 

be represented as a finite sum of univariate function 

compositions [55]. This foundation allows KAN to 

simplify complex nonlinear relationships into 

interpretable components, improving model 

expressiveness and transparency. The mathematical 

expression of the theorem is given in Equation 9. 
 

 

( )( )
2 1

1 ,
1 1

( ,..., )
n n

n q q p p
q p

f x x x 
+

= =

=   

Equation 9 

Where:  

         Øq,p = univariate functions that map each input  

                    variable 

xp and Øq = continuous functions. This allows  

                    KAN to model complex interactions  

                    dimensional data through  

                    compositions of simpler univariate  

                    functions 

KAN builds on the Kolmogorov-Arnold 

representation theorem by replacing traditional fixed 

linear weights with adaptive, spline-based univariate 

functions. Unlike conventional MLPs that use fixed 

node activations, KAN employs learnable B-spline 

activation functions along edges, which are 

dynamically adjusted during training. This design 

enables more effective modelling of complex, 

nonlinear patterns. The mathematical form of a KAN 

layer is presented in Equation 10 as: 

 

Ø = {Øq,p}, p = 1, 2, …, nin, q = 1, 2, …, nout 
 

Equation 10 
 

Where: 

      Øq,p = parametrised functions with learnable  

        parameters 

 

KAN's structure enables it to model complex 

nonlinear relationships more effectively than 

traditional MLPs. To improve its representational 

power, deeper architectures have been introduced, 

formed by stacking multiple KAN layers in sequence 

[56]. The formulation of a deeper KAN is given in 

Equation 11: 

 

KAN(x) = (ØL-1 0 ØL-2 0 … 0 Ø0)(x) 
 

Equation 11 

Where: 

      ØL = a KAN layer 

 

Increasing the network depth enables KAN to learn 

more complex patterns and dependencies. Each layer 

L transforms the input x using learnable functions 

Øq,p enhancing the model’s flexibility and capacity. 

Table 2 outlines the KAN architecture and 

hyperparameters used in this study. 
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3.3.2 Long Short-Term Memory (LSTM)  

LSTM networks are a variant of recurrent neural 

networks (RNNs) designed to overcome the 

vanishing gradient issue by using memory cells and 

gating mechanisms [56]. These include the input gate 

(managing new information), forget gate (handling 

past data retention), and output gate (controlling 

output flow). Equations 12–15 describe the LSTM 

cell’s forward propagation. 

 

it = σ(Witxt + Wirht-1 + Wicct-1 + bi) 

Equation 12 

 

ft = σ(Wftxt + Wfrht-1 + Wfcct-1 + bf) 
        Equation 13 

 

Ct = ftCt-1 + itg(Wcxxt + Wcrht-1 + bc) 

Equation 14 

 

 

ot = σ(Wotxt + Worht-1 + Wocct-1 + bo) 

Equation 15 

 

Where: 

      t = current time 

     it = value of the input gate 

     ft = value of forget gate  

    Ct = state of the current time’s memory cell  

     ot = value of output gate 

   ht-1 = output state of the previous hidden layer 

      σ = activation function of each node in the  

            network, in which the sigmoid function  

            is used 

 

Table 3 also provides a detailed summary of the 

LSTM model architecture and the corresponding 

hyperparameter configurations used in this study. 

 
 

 
 

Figure 4: Schematic workflow for methodology 
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Table 2: Summary of model architecture and parameters for KAN  
 

Component Implemented Setting 

Hierarchical Layers 3 Layers (Kolmogorov-Arnold Function Decomposition) 

Intermediate Mixing Learnable Weights λpq for feature interactions 

Basis Functions Multiple trainable univariate functions Øq(x) per layer 

Transformation Function Ø(x) = αtanh(bx + c) + dx2 + ex 

Output Aggregation Summation over transformed inputs 

Normalization Min-Max Scaling 

Optimization Algorithm Adam (with dlgradient for backpropagation) 

Loss Function Mean Squared Error (MSE) 

Batch Size 25 (Mini-Batch Training) 

Learning Rate 0.005 (Adaptive Learning Rate) 

Epochs 1,000 
 

Table 3: Summary of model architectures and parameters for LSTM 
 

Component LSTM 

Recurrent Layer LSTM (128 neurons, last output mode) 

Dropout Probability 0.3 

Fully Connected Layer 64 neurons 

Feature Scaling Min-Max Normalisation 

Activation Function Swish 

Batch Size 25 

Optimizer Adam 

Learning Rate 0.01 

Epochs 1,000 

 

3.3.3 Multilayer Perceptron Neural Network 

(MLPNN) 

MLPNN is a widely adopted ANN architecture 

known for its effectiveness in nonlinear regression 

and classification tasks [57]. It comprises an input 

layer, one or more hidden layers, and an output layer, 

with each neuron computing a weighted sum of its 

inputs followed by an activation function, as shown 

in Equation 16. 
 

( )
1

n

ij i j
i

X w x b
=

= +  

Equation 16 

Where: 

      wij = interconnecting weights of input data 𝑥𝑖 

       bj = bias for the neuron 

        n = number of input data 

 

This sum X then passes through the transfer function 

F, which generates the output, as shown in Equation 

17. 

( )
1

( )
n

ij i j
i

Y F x F w x b
=

 = = +
    

Equation 17 

 

Hidden and output layers typically use linear or 

nonlinear activation functions. A common nonlinear 

function is the sigmoid, which compresses outputs to 

the range between 0 and 1, as shown in Equation 18. 
 

1
( )

1 x
F X

e−
=

+
 

Equation 18 

 

If the input and output layers have negative values, 

then the tansig transfer function is used, which is 

expressed as Equation 19. 

 
2

2

1
( )

1

x

x
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F X

e

−

−

−
=

+
 

Equation 19 

 

Table 4 provides a summary of the MLP architecture 

and its hyperparameters employed in this research. 

 

3.3.4 Random Forest (RF) 

Random Forest is a regression method that combines 

multiple Decision Trees (DTs) to predict a target 

variable. Given an input vector x with relevant 

features, RF builds K regression trees and averages 

their outputs for prediction [58]. The RF predictor is 

defined in Equation 20. 
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1

1
( ) ( )

K
K
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k

f x T x
K =

=   

Equation 20 

 

RF mitigates overfitting and enhances model 

generalisation by employing bagging a technique that 

constructs each decision tree using a distinct 

bootstrap sample drawn from the original dataset 

with replacement. This means individual samples 

may appear multiple times in a subset or not at all, 

introducing variance across trees and reducing 

correlation among them. Each model in the ensemble 

follows the form {h(x,ɵ_k), k = 1…, K}, where {ɵ_k} 

represents an independently sampled random vector. 

This diversity improves robustness to input 

fluctuations and increases prediction accuracy, as 

demonstrated in prior studies [58]. Table 5 shows the 

Summary of RF architectures and parameters used in 

developing the model in this research. 

 

3.3.5 Extreme Gradient Boosting (XGBoost) 

XGBoost is a highly scalable gradient boosting 

framework that employs an ensemble of decision 

trees [59]. Like conventional gradient boosting, it 

incrementally optimises the objective function by 

minimising a specified loss function. However, as 

XGBoost exclusively uses decision trees as its base 

learners, a modified loss function is applied to 

regulate tree complexity, as illustrated in Equation 

21. 

( )( ) ( )
1 1

,
N M

xgb i i m
i m

L L y F x h
= =

= +    

Equation 21 

Where: 

      L(yi, F(xi)) = loss function that measures the  

                           difference between the actual target    

                           and the predicted value F(xi) 

              Ω(hm) = regularisation term that controls the  

                           complexity of the base learners  

                           (typically, decision trees) 

                    N = the total loss over all training  

                           samples 

 

The sum over m = the total complexity penalty for all 

M weak learners.  

 

The regularisation term used in XGBoost is 

expressed in Equation 22: 
 

( )
21

2
m

h T w  = +  

Equation 22 

Where: 

T = number of leaves of the tree 

w = output score of the leaves.  

 

Table 6 presents a summary of the architecture and 

hyperparameters used for the XGBoost model. 
 

Table 4: Summary of model architectures and parameters for MLPNN 
 

Component MLPNN 

Architecture Feedforward neural network 

Hidden Layers 3 layers (8, 4, 2 neurons) 

Feature Scaling Min-Max Normalisation 

Training Algorithm Levenberg–Marquardt backpropagation (trainlm) 

Loss Function Mean Squared Error (MSE) 

Learning Rate 0.001 

Epochs 1 000 

Training Goal Performance goal of 1e−7 
 

Table 5: Summary of model architectures and parameters for RF 
 

Parameter Implemented Setting 

Model Type Random Forest (TreeBagger) 

Number of Trees 300 (Increased from 20) 

Splitting Criterion Mean Squared Error (MSE) 

Min Leaf Size 3 

Max Splits per Tree 50 (Manually set for better feature separation) 

Feature Selection Bagging (Bootstrap Aggregation) 

Out-of-Bag (OOB) Prediction Enabled 

Base Learner Decision Tree (Regression) 

Learning Rate Implicitly controlled via tree depth & feature bagging 

Cross-Validation 5-Fold Applied 

Surrogate Splitting Enabled  
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Table 6: Summary of Model Architecture and Parameters for XGBoost 
 

Parameter XGBoost 

Boosting Method Extreme Gradient Boosting (XGBoost) 

Objective Function reg:squarederror 

Number of Trees  300 

Maximum Tree Depth 5 

Learning Rate 0.05 

Subsample Ratio 0.8 

Column Sample by Tree 0.8 

Feature Scaling Min-Max Normalisation 

Cross-Validation Not Applied 

Random Seed 42 

Base Learner Decision Tree 

 

3.4 Model Selection Justification 

The selection of models in this study was informed 

by both their established relevance in Zenith 

Tropospheric Delay (ZTD) prediction and the need to 

evaluate emerging neural architectures. XGBoost, 

Random Forest, Long Short-Term Memory (LSTM), 

and Multilayer Perceptron Neural Networks 

(MLPNN) have been widely employed in previous 

ZTD-related studies, demonstrating varying levels of 

predictive accuracy and robustness [60] [61] [62] and 

[63]. These models serve as representative baselines 

for ensemble learning methods (XGBoost and RF), 

recurrent neural networks (LSTM), and classical 

feedforward architectures (MLPNN). 

In addition to these conventional models, this 

study incorporates and assesses the Kolmogorov 

Arnold Network, a recently proposed neural 

framework introduced by [41]. KAN is theoretically 

grounded in the Kolmogorov Arnold representation 

theorem and departs from traditional MLPs by 

replacing fixed linear weights with learnable 

univariate functions. These functions, implemented 

via adaptive spline transformations, allow KAN to 

approximate complex multivariate relationships with 

greater efficiency and flexibility [41]. This design 

renders KAN highly expressive while maintaining 

lower parameter complexity compared to deep 

multilayer networks. 

Recent benchmarking studies have demonstrated 

that KAN not only outperforms conventional MLPs 

but also competes favourably with deeper 

architectures in domains such as mathematical 

modelling, partial differential equations, and time-

series forecasting, all while utilising significantly 

fewer parameters [42] and [43]. Furthermore, KAN’s 

white-box structure enhances model interpretability- 

an important consideration in geophysical 

applications such as ZTD prediction, where 

transparency and explainability are essential for 

operational trust and integration within GNSS-based 

systems [64]. 

 

 

3.5 Data Normalisation  

To ensure constant variability in the dataset, 

normalisation is performed to scale the data into the 

ranges [-1, 1] and [0, 1]. Data normalisation improves 

convergence speed, thereby reducing the chances of 

getting stuck in local minima [65]. In this study, the 

input variables were normalised into the interval [-1, 

1] using Equation 23 as follows: 
 

( )( )max min min

min

max min

i

i

y y x x
y y

x x

− −
= +

−
 

Equation 23 
 

Where: 

yi = the normalised data  

xi = the measured ZTD data 

xmax and xmin = the maximum and minimum  

                        values of the measured ZTD data 

     ymax and ymin = the values at 1 and -1, respectively 

 

3.6 Network Training and Testing 

To estimate the Zenith Tropospheric Delay (ZTD) 

using machine learning, this study employed a 

supervised learning framework to develop both deep 

learning and ensemble-based predictive models. 

Supervised learning, a common approach, allows 

models to learn mappings between inputs and outputs 

from labelled datasets. In this context, input features, 

including meteorological and geospatial variables, 

were used to predict corresponding ZTD values. To 

ensure the models' robustness and generalisability, 

the dataset was divided into two separate subsets: a 

training set and a testing set. This division followed 

the hold-out cross-validation method, a standard and 

effective technique in predictive modelling. 

Although there is no fixed ratio for train-to-test 

splitting, it is generally recommended that the 

training set be significantly larger than the test set, so 

the model can learn from a broader range of data 

patterns and improve its generalisation to unseen 

data. Table 7 lists the input and output parameters 

used across all models. 
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Table 7: Input and output parameters for all models 
 

Variable Name Symbol Units Function 

Latitude Φ ° Input 

Ellipsoidal Height H m Input 

Pressure P hPa Input 

Temperature T °C Input 

Relative Humidity RH % Input 

Zenith Total Delay ZTD m Output 

In this study, temporal segmentation was applied to 

maintain the dataset's chronological order, which is 

crucial for time-dependent predictions such as ZTD. 

Data from 2020 to 2021, making up about 70% of the 

dataset, were assigned to model training and 

optimisation. The remaining 30%, comprising data 

from 2022, was kept solely for testing. This temporal 

split supports an unbiased evaluation of model 

performance on future data, providing a realistic 

assessment of their use in operational GNSS 

applications.  

 

3.7Model Performance Evaluators  

The predictive accuracy of the models developed for 

estimating Zenith Tropospheric Delay (ZTD) was 

evaluated using three standard statistical metrics: 

Root Mean Square Error (RMSE), Mean Absolute 

Error (MAE), and the Coefficient of Determination 

(R²). These metrics collectively offer a robust 

assessment of model accuracy, consistency, and 

explanatory power: 

• Root Mean Square Error (RMSE) reflects the 

square root of the mean of squared differences 

between predicted and actual values. It places 

greater emphasis on large errors, making it 

sensitive to outliers. 

• Mean Absolute Error (MAE) represents the 

average of the absolute differences between 

predicted and actual values, providing an 

intuitive measure of the typical prediction 

error. 

• Coefficient of Determination (R²) indicates 

the proportion of variance in the actual data 

that is captured by the model’s predictions. 

Values closer to 1 signify better model 

performance. 

 

The mathematical formulations of these performance 

metrics are presented in Equations (24) to (26): 
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Equation 26 

 

Where: 

N = total number of test samples 

oi = observed values 

p = predicted values, 

ō = mean of the observed values 

p̄= mean of the predicted values 

 

These metrics were computed for both the training 

and testing datasets to assess not only the goodness-

of-fit during training but also the generalisability of 

the models to unseen data. The comparative analysis 

based on these metrics enabled the identification of 

the most effective model for accurate ZTD 

prediction. 

 

4. Results and Discussion 

4.1 Daily Variation of Observed and Predicted ZTD 

The daily variations of observed ZTD and the 

corresponding predicted values for the year 2022 at 

each GNSS CORS station are presented in Figures 5 

to 8. All models demonstrated a high degree of 

agreement with the observed ZTD, closely tracking 

the temporal patterns with minimal deviations. The 

Kolmogorov Arnold Network (KAN) and Long 

Short-Term Memory (LSTM) models exhibited 

strong generalisation capabilities across all stations, 

effectively capturing both high-frequency 

fluctuations and broader seasonal trends. Ensemble-

based models, including XGBoost and Random 

Forest, also yielded competitive results, with slightly 

improved alignment during periods of lower 

atmospheric variability. At the Accra station (Figure 

5), all models successfully reproduced the seasonal 

dynamics, with KAN and XGBoost closely matching 

the observed peaks and troughs.  
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The Ho station (Figure 6) exhibited slightly more 

frequent variations, but model performance remained 

robust, particularly for KAN and LSTM. In Kumasi 

(Figure 7), where atmospheric variability was more 

pronounced, prediction accuracy was slightly 

reduced, though KAN and LSTM still maintained 

reasonable performance. In Figure 8 at Akim Oda, all 

models capture the overall trends, but KAN and 

LSTM deliver the most precise and consistent 

predictions. Random Forest and XGBoost exhibit 

minor deviations, particularly during periods of rapid 

atmospheric change. 

 

4.2 Comparative Performance of Developed Models 

The comparative performance of the predictive 

models was evaluated using statistical metrics, 

including RMSE, MAE, and R². The results obtained 

for each model across the GNSS CORS stations are 

summarised in Table 8. These metrics provide a 

comprehensive assessment of each model's 

predictive accuracy and generalisation capability. 

Observing from Table 8, KAN achieved the highest 

predictive performance across all evaluated GNSS 

stations, with RMSE values of approximately 10 mm 

and R² between 0.976 and 0.977. MLPNN and LSTM 

networks followed KAN by recording RMSEs 

between 10.0 mm and 10.9 mm, with R² values 

averaging around 0.974. Although MLPNN and 

LSTM are well-established for nonlinear regression 

and temporal modelling, respectively, KAN 

outperformed both by offering efficient, transparent 

modelling of nonlinear ZTD patterns with fewer 

parameters and stronger generalisation, particularly 

in tropical environments.  
 

 
 

Figure 5: Daily variation of actual and predicted ZTD values at Accra CORS (2022) 
 

 
 

Figure 6: Daily variation of actual and predicted ZTD values at Ho CORS (2022) 
 

 
 

Figure 7: Daily variation of actual and predicted ZTD values at Kumasi CORS (2022) 
 

 
 

Figure 8: Daily variation of actual and predicted ZTD values at Akim Oda CORS (2022) 
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Table 8: Comparative performance of machine learning models across GNSS stations 
 

 

Station 

 

Model 

RMSE 

(Train) 

(mm 

RMSE  

(Test) 

(mm)  

MAE  

(Train) 

(mm) 

MAE  

(Test) 

(mm) 

R²  

(Train) 

R²  

(Test) 

 

 

Accra 

KAN 10.10 10.00 8.00 8.00 0.976 0.977 

MLPNN 10.30 10.40 8.50 8.60 0.974 0.974 

LSTM 10.40 10.60 8.40 8.70 0.974 0.974 

XGBoost 10.70 11.60 8.10 9.20 0.975 0.966 

Random Forest 12.10 16.40 9.30 13.00 0.967 0.944 

 

 

Ho 

KAN 10.10 10.10 8.00 8.10 0.976 0.977 

MLPNN 10.20 10.20 8.30 8.30 0.976 0.976 

LSTM 10.40 10.40 8.20 8.40 0.975 0.977 

XGBoost 10.70 11.70 8.30 9.10 0.973 0.970 

Random Forest 13.20 18.20 10.30 14.60 0.959 0.928 

 

 

Kumasi 

KAN 10.00 10.10 8.10 8.10 0.977 0.975 

MLPNN 10.30 10.50 8.40 8.40 0.977 0.972 

LSTM 10.20 10.40 8.00 8.40 0.977 0.971 

XGBoost 11.00 12.10 8.40 9.60 0.973 0.966 

Random Forest 15.30 19.60 12.00 15.60 0.948 0.902 

 

Akim 

Oda 

KAN 10.10 10.20 8.10 8.10 0.977 0.976 

MLPNN 10.50 10.90 8.30 8.60 0.975 0.975 

LSTM 10.40 10.80 8.20 8.70 0.975 0.974 

XGBoost 10.40 12.00 8.10 9.30 0.975 0.968 

Random Forest 15.40 18.10 12.00 13.80 0.946 0.930 

 

 

As seen in Table 8 again, XGBoost achieved slightly 

lower performance, with test RMSEs ranging from 

11.6 mm to 12.1 mm and R² between 0.965 and 

0.970. While XGBoost is known for its strong 

performance on structured, tabular datasets, it lacks 

native mechanisms for modelling sequential or 

temporal dependencies, an important limitation when 

predicting time-dependent atmospheric phenomena 

such as ZTD. The Random Forest model recorded the 

weakest performance among the evaluated models, 

with test RMSE values reaching up to 19.6 mm and 

R² values dropping to 0.901 in some stations, notably 

Kumasi (Table 8). This result is consistent with 

broader observations in the literature that ensemble 

tree models often struggle with generalisation when 

dealing with continuous temporal dynamics [66].   

 

4.3 Comparative Analysis in Light of Existing  

      ZTD Literature 

Compared to prior neural networks, hybrid models, 

and ensemble models, KAN delivered comparable or 

superior accuracy with fewer parameters and better 

generalisation, particularly under tropical conditions. 

For example, a hybrid LSTM–RBF approach applied 

to 65 Antarctic stations reported RMSEs ranging 

from 6.4 mm to 32.8 mm (mean 10.9 mm) [67]. 

Similarly, a convolutional LSTM (TropNet) 

achieved ~11.5 mm RMSE for 6-hour ZWD forecasts 

in the U.S. [68], while global ZTD residual prediction 

using LSTM produced RMSEs around 14.4 mm on 

unseen 2020 data [69]. An LSTM-encoder model 

using GPT3 input achieved 14.43 mm RMSE and 

0.95 R2 across 178 Australian stations [70]. A hybrid 

Informer–LSTM model was used to predict ZTD at 

11 stations in Europe, achieving 19.1 mm RMSE, 

14.5 mm MAE, and 0.916 R2 [71]. MLP model 

achieved RMSEs between 20 and 30 mm for short-

term ZTD prediction across Europe [37]. A 1D CNN 

trained on radiosonde-based ZWD data reported 

RMSEs from 26.9 to 42.9 mm [72]. XGBoost 

modelled Zenith Wet Delay (ZWD), yielding RMSEs 

between 10.1 mm and 16.2 mm [73]. Random Forest 

predicted global ZWD with RMSEs of 31 mm 

(radiosonde) and 24 mm (GPS-RO) [74]. A hybrid 

RF + CNN model for ZTD in China achieved 

32.4 mm RMSE [75].  

Despite the strong performance of deep learning 

approaches and ensemble models, KAN stands out 

for its unique balance of predictive power, efficiency, 

and interpretability. Its ability to achieve competitive 

results with fewer parameters enhances its suitability 

for data-scarce or tropical regions where both model 

robustness and transparency are critical. 
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5. Conclusion 

This study demonstrated the application of advanced 

ML models to accurately predict ZTD over selected 

GNSS CORS sites in Ghana. Among the models 

evaluated are KAN, LSTM, MLPNN, XGBoost, and 

Random Forest. KAN consistently exhibited superior 

performance across all locations, achieving test 

RMSE values around 10 mm and R² exceeding 0.976. 

This outcome underscores the efficacy of spline-

activated architectures like KAN in modelling 

complex, nonlinear atmospheric patterns, 

particularly in tropical environments. LSTM and 

MLPNN models also delivered competitive results 

with RMSE values between 10.0–10.9 mm and R² ≈ 

0.974, validating their relevance for ZTD forecasting. 

In contrast, ensemble models such as XGBoost and 

Random Forest, though effective on tabular data, 

showed relatively limited ability to model temporal 

dependencies inherent in tropospheric dynamics, 

reflected in higher RMSEs of up to 19.6 mm and 

reduced generalisation, particularly for Random 

Forest. 

Furthermore, the uniformity of model 

performance across stations highlights the shared 

meteorological patterns typical of Ghana’s tropical 

climate. However, localised variations, particularly 

observed in Kumasi, may be attributed to 

microclimatic influences or unresolved spatial 

heterogeneity. Future enhancements could consider 

integrating additional spatial metadata such as land 

cover type or vegetation indices (e.g., NDVI). Prior 

studies have demonstrated that surface 

characteristics, including vegetation density and land 

use, influence near-surface atmospheric moisture 

content and can affect GNSS-derived ZTD estimates. 

Incorporating such geospatial indicators may 

improve model responsiveness to local land 

atmosphere interactions, particularly in 

heterogeneous or semi-urban terrains. 

It is also crucial to acknowledge a key limitation 

of this study: the geographic confinement of the 

dataset. All GNSS stations used for training and 

validation are located within Ghana, situated in the 

equatorial low-latitude zone (approximately 4.5°N to 

7.5°N). Consequently, the models were trained solely 

on data reflecting tropical climatic conditions and 

may not generalise effectively to other regions, 

especially subtropical high-pressure zones or 

subpolar regions where meteorological variables 

such as pressure, temperature, and relative humidity 

follow different dynamics. As machine learning 

models are inherently data-driven and lack physical 

interpretability, they are known to perform poorly  

when extrapolating beyond their training data. This 

limitation underscores the importance of retraining or  

 

validating such models with region-specific data 

before applying them operationally outside tropical 

environments. 

Moreover, machine learning should be 

recognised as a powerful numerical tool rather than a 

physically grounded scientific model. While it 

enables the capture of nonlinear and complex 

patterns in data, its predictions are heavily contingent 

on the quality, quantity, and representativeness of 

training data. As such, results should always be 

interpreted with an understanding of these 

constraints, particularly in scientific contexts where 

interpretability, causality, and physical 

generalisation are essential. 
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