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ABSTRACT

RESUMEN

Este estudio investiga el uso de algoritmos de aprendizaje automático para la modelización de las ondulaciones del 
geoide en entornos con escasez de datos, utilizando Ibadan, Nigeria, como caso de estudio. Se emplearon un total de 
207 puntos de control, asignando el 70% para entrenamiento y el 30% para pruebas. Se evaluaron seis algoritmos: Re-
gresión Lineal Múltiple (MLR), Bosques Aleatorios (RF), Regresión con Impulso Gradiente (GBR), Árbol de Decisión 
(DT), Regresión de Vectores de Soporte (SVR) y K-Vecinos Más Cercanos (KNN). La evaluación de los modelos se 
realizó utilizando el error cuadrático medio (RMSE), error absoluto medio (MAE), coeficiente de determinación (R²) y 
validación cruzada de 5 pliegues para garantizar robustez. Entre los modelos probados, GBR y SVR obtuvieron el mejor 
rendimiento. El modelo GBR alcanzó un RMSE de prueba de 0.047 m con un R² de 0.9785, mientras que el modelo 
SVR mostró un RMSE de prueba más bajo de 0.026 m y un R² más alto de 0.9934. Los resultados de la validación cruza-
da fueron consistentes, con GBR obteniendo un RMSE de 0.043 m y un R² de 0.9828, en comparación con el RMSE de 
SVR de 0.056 m y R² de 0.9719. Estos resultados destacan la gran capacidad de generalización y aplicabilidad práctica 
de ambos modelos. Además, el modelo GBR se aplicó para derivar alturas ortométricas a partir de alturas elipsoidales 
basadas en GNSS, y la salida se validó frente a alturas ortométricas derivadas de GNSS, obteniendo un RMSE de 0.047 
m. El estudio concluye que el aprendizaje automático, en particular GBR y SVR, ofrece un enfoque complementario 
efectivo para la predicción del geoide y la transformación de alturas verticales en regiones con acceso limitado a datos 
gravimétricos, con importantes implicaciones para el desarrollo de infraestructura geodésica, la topografía y la mejora 
de la referencia vertical en regiones en desarrollo.

This study investigates the use of machine learning algorithms for geoid undulation modelling in data-sparse environ-
ments, using Ibadan, Nigeria as a case study. A total of 207 control points were utilized, with 70% allocated for training 
and 30% for testing. Six algorithms were assessed: Multiple Linear Regression (MLR), Random Forest (RF), Gradient 
Boosted Regression (GBR), Decision Tree (DT), Support Vector Regression (SVR), and K-Nearest Neighbors (KNN). 
Model evaluation was conducted using root mean square error (RMSE), mean absolute error (MAE), coefficient of 
determination (R²), and 5-fold cross-validation to ensure robustness. Among the models tested, GBR and SVR yielded 
superior performance. The GBR model achieved a test RMSE of 0.047 m with an R² of 0.9785, whereas the SVR model 
demonstrated a lower test RMSE of 0.026 m and a higher R² of 0.9934. Cross-validation results were consistent, with 
GBR yielding an RMSE of 0.043 m and R² of 0.9828, compared to SVR’s RMSE of 0.056 m and R² of 0.9719. These 
results highlight the strong generalization ability and practical applicability of both models. Additionally, the GBR 
model was applied to derive orthometric heights from GNSS-based ellipsoidal heights, and the output was validated 
against GNSS-derived orthometric heights, yielding an RMSE of 0.047 m. The study concludes that machine learning, 
particularly GBR and SVR, provides an effective complementary approach for geoid prediction and vertical height 
transformation in regions with limited access to gravimetric data, with important implications for geodetic infrastruc-
ture development, surveying, and vertical referencing improvement in developing regions.
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1. Introduction

In recent years, the global drive for precise geospatial infrastructure has 
emphasized the need for efficient and scalable techniques to determine gravity-
related surfaces, particularly the geoid (Erol & Erol, 2013). As the reference 
surface for orthometric heights, the geoid plays a critical role in mapping, civil 
engineering, flood modeling, and environmental monitoring (Alsadany et al., 
2024). However, generating accurate geoid undulation estimates remains a 
challenge in regions lacking dense terrestrial gravity data.

Traditionally, orthometric heights measured from the geoid, which 
approximates mean sea level are determined through spirit leveling combined 
with gravity observations. Although this method is highly accurate, it is also 
labour-intensive, time-consuming, and impractical over large or inaccessible 
areas (Featherstone & Kuhn, 2006; Rangelova et al., 2010). In contrast, 
ellipsoidal heights obtained from Global Navigation Satellite Systems 
(GNSS) are easier to acquire but reference a geometric surface, not the geoid. 
Consequently, accurate conversion from ellipsoidal to orthometric heights 
requires precise estimates of geoid undulations which is the vertical separation 
between the geoid and the ellipsoid (Heiskanen & Moritz, 1967; Fotopoulos, 
2005; Dawod & Abdel-Aziz, 2020; Konakoglu & Akar, 2021; Raufu & Tata, 
2022; Elshewy et al., 2024).

One conventional approach to estimating geoid undulations is the 
geometric method, which utilizes known ellipsoidal and orthometric heights to 
compute undulations at discrete points using the relation N = h - H. This method 
is especially effective over small or moderately sized regions (Erol and Celik, 
2006; Raufu and Tata, 2021). It generates a surface model based on reference 
benchmarks with known height data (Rabah & Kaloop, 2013; Doganalp & 
Selvi, 2015; Cunderlík et al., 2020; Trojanowicz et al., 2020).

Machine learning (ML), a subset of artificial intelligence, offers a 
promising solution due to its capacity to capture nonlinear patterns and 
relationships in complex datasets. Unlike traditional interpolation techniques, 
ML models learn from data and can produce highly localized predictions 
with minimal reliance on direct ground measurements. Prior research has 
demonstrated the success of ML models such as Random Forests, Support Vector 
Regression (SVR), Gradient Boosting, and Artificial Neural Networks (ANN) 
in geoid prediction tasks (Kao et al., 2014; Kaloop et al., 2018; Albayrak et al., 
2020; Konakoglu & Akar, 2021; Erol & Erol, 2021). For instance, Zaletnyik 
et al. (2008) applied a wavelet-based SVR model to refine gravimetric geoid 
values using GNSS-levelling data, achieving sub-3 cm accuracy and strong 
generalization. Alsadany et al. (2024) developed a ML-based geoid model 
for Egypt, comparing multiple algorithms and finding that random forest and 
extra trees significantly outperformed linear regression in accuracy, with the 
latter yielding a standard deviation of just 0.11 m. Similarly, Erol & Erol (2013) 
showed that adaptive neuro-fuzzy inference systems (ANFIS) and wavelet 
neural networks (WNN) outperformed both ANN and polynomial regression 
for local geoid modeling in Turkey. Despite their promise, ML models must 
be carefully validated to ensure robustness and generalizability. Model 
architecture, input feature selection, and regional topographic conditions all 
influence performance. Therefore, evaluating ML predictions against global 
models and known benchmarks is critical to assess reliability.

In this study, we evaluate six supervised learning algorithms: Multiple 
Linear Regression (MLR), Random Forest (RF), Support Vector Regression 
(SVR), K-Nearest Neighbors Regression (KNN), Gradient Boosting 
Regression (GBR), and Decision Tree Regression (DT) to model geoid 
undulations. Using terrain-derived predictors such as geographic coordinates, 
elevation, and surface curvature, we test these models in Ibadan, Nigeria, a 
region characterized by limited gravity data. The predicted undulations are 
compared with global geoid model values and validated through k-fold cross-
validation. We train and validate several regression models, comparing their 
performances using standard statistical metrics including mean absolute error 
(MAE), root mean square error (RMSE), and the coefficient of determination 
(R²). Our objective is not only to assess their predictive capability but also to 
demonstrate the utility of ML in enhancing orthometric height determination 
in regions where conventional geoid modeling is constrained by limited data 
availability.

2. Materials and Methods

Study area

The study area covers approximately 3,080 km², located between 
latitudes 7° 15’ N and 7° 45’ N and longitudes 3° 45’ E and 4° 00’ E within 
Oyo State, southwestern Nigeria. Figure 1 shows the geographic location and 
distribution of ground control points in the study area. Ibadan lies within the 
tropical rainforest zone, characterized by a humid tropical climate with distinct 
wet and dry seasons. The topography is generally undulating, with elevations 
ranging from approximately 150 m to 275 m above sea level. The terrain 
includes low hills and gentle valleys, contributing to a diverse landscape.

Figure 1. Distribution of control points in the study area

Method

Data acquisition and preparation

This study utilized, 207 second order control points covering the entire 
area of Ibadan obtained from the Office of the Surveyor General of Oyo State, 
Ibadan, Nigeria. Each point has accurately determined geodetic coordinates 
(longitude, latitude) and ellipsoidal heights via GNSS static measurement in 
the World Geodetic System (WGS) 1984 and Universal Transverse Mercator 
(UTM) zone 31N reference system. The spatial density of the points (1 point 
per 5 km2) demonstrated a good characterization of the topography. The 
corresponding geoid undulations at these points were derived from the Earth 
Gravitational Model 2008 (EGM2008) (Pavlis et al., 2012) via the International 
Centre for Global Earth Models (ICGEM) Calculation Service relative to the 
WGS84 reference datum. Subsequently, the orthometric heights (H) of the 
control points were determined by subtracting the EGM08 geoidal heights (N) 
from the ellipsoidal heights (h) obtained from GNSS through the mathematical 
relationship (H = h – N). 

To incorporate terrain characteristics into the geoid undulation prediction, 
a high-resolution Digital Elevation Model (DEM) from the AW3D30 dataset 
was employed. The AW3D30 DEM has a spatial resolution of approximately 
30 m, which provides sufficient detail to capture local terrain variability 
across the study area. Raufu (2024) investigated seven global DEM models 
over Ibadan and concluded that the AW3D30 model consistently provided the 
highest accuracy, closely representing the actual terrain. Terrain derivatives 
such as profile curvature and plan curvature were computed from the DEM 
using standard Geographic Information System (GIS) terrain analysis tools. A 
3×3 moving window was used for curvature estimation, which is commonly 
adopted to capture local surface geometry while minimizing noise. Profile 
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curvature describes the rate of change of slope in the direction of maximum 
slope, while plan curvature represents curvature perpendicular to the direction 
of maximum slope and influences surface flow convergence and divergence. 
These curvature parameters enhance model sensitivity to terrain variability, 
which is often critical in geoid modelling, especially in regions with complex 
topography. 

The final feature set used for training the models included: X (latitude), Y 
(longitude), h (ellipsoidal height), profile curvature, and plan curvature and the 
target variable for prediction was geoid undulation (N). No manual weighting 
was assigned to individual variables; all features were allowed to contribute 
automatically during model training.

The complete dataset was split into 70% for training and 30% for testing 
using a random state seed of 42 to ensure reproducibility. The training data were 
used for model learning, while the testing data served to assess generalization 
performance. Table 1 summarizes key statistical metrics of the geodetic 
datasets employed in the analysis, such as average values, range (minimum and 
maximum), variability (standard deviation), and distribution shape (skewness). 
The datasets for latitude, longitude, and geoid undulation exhibited negative 
distortions, which were characterized by a longer tail on the lower end of the 
value range. Although some asymmetry was present, the skewness remained 
relatively low, suggesting an overall tendency toward a normal distribution. The 
consistency of these statistical indicators across datasets implies a high level of 
uniformity. Meanwhile, Figure 1 illustrates how the training and testing datasets 
are distributed across the study area.

Table 1. Statistical metrics of the geodetic datasets employed in the study

Datasets Statistical 
properties

Longitude 
(°) Latitude (°)

Geoid  
undulation  

N (m)

Training

minimum 3.566 7.055 24.847
maximum 4.123 7.715 26.294
average 3.898 7.402 25.734
Standard 
deviation 0.123 0.145 0.343

skewness -0.471 -0.285 -0.462

Testing

minimum 3.552 7.062 24.908
maximum 4.135 7.734 26.300
average 3.892 7.413 25.765
Standard 
deviation 0.134 0.129 0.323

skewness -0.287 -0.197 -0.689

Machine learning models

In this study, six supervised machine learning (ML) regression algorithms 
were employed to model the relationship between spatial-terrain variables and 
geoid undulation. These models include both parametric and non-parametric 
approaches, linear and nonlinear models, and tree-based and instance-based 
learning algorithms. A brief description of each algorithm is presented below.

Multiple linear regression (MLR)

Multiple linear regression (MLR) is a statistical technique that models 
the linear relationship between a single dependent variable and multiple 
independent variables (Şahin et al., 2013). The model assumes that geoid 
undulation Y can be predicted as a weighted sum of explanatory variables X₁, 
X₂, ..., Xₙ, expressed as:

Y = a₀ + a₁X₁ + a₂X₂ + ... + aₙXₙ + ε	 (1)

where: Y is the dependent variable (geoid undulation), Xᵢ are the 
independent variables (e.g., terrain parameters), aᵢ are the regression coefficients 
representing the influence of each variable, ε is the error term.

MLR is straightforward to interpret and computationally efficient. 
However, it assumes linearity, homoscedasticity, and absence of 
multicollinearity.

Random forest regression (RF)

Random forest is an ensemble learning method based on decision trees. 
It operates by constructing a large number of individual decision trees during 
training and outputting the average prediction of the individual trees. Each 
tree is trained on a bootstrap sample of the data, and during node-splitting, a 
random subset of features is considered, reducing overfitting and improving 
generalization.

Support vector regression (SVR)

Support vector regression is a kernel-based method that finds a function 
f(x) that has at most ε deviation from the actual targets y for all training data, 
and at the same time is as flat as possible. Unlike traditional regression models, 
SVR focuses on fitting the data within a defined margin of tolerance. SVR 
can capture both linear and non-linear relationships depending on the kernel 
function used. It is suitable for high-dimensional data but can be sensitive to the 
choice of hyperparameters and kernel.

K-nearest neighbors regression (KNN)

K-nearest neighbors is a non-parametric, instance-based learning 
algorithm. It predicts the value of a new observation based on the 
average of the K closest training samples in the feature space. The 
algorithm assumes that similar input features will yield similar outputs. 
KNN does not make assumptions about the underlying data distribution and 
can model complex, nonlinear functions. However, it can be computationally 
expensive and sensitive to the choice of K.

Gradient boosting regression (GBR)

Gradient boosting is a sequential ensemble method that builds models 
stage-by-stage by minimizing the residual errors of previous models. Each 
successive model is trained on the gradient of the loss function. The final model 
is a weighted sum of weak learners, enabling it to model complex, non-linear 
relationships. GBR is powerful and flexible, often yielding high accuracy, but it 
requires careful tuning of hyperparameters.

Decision tree regression (DT)

Decision tree regression uses a tree-like structure where the dataset is 
split into homogeneous subsets based on input features. Each internal node 
represents a decision rule, and each leaf node a prediction value. The algorithm 
recursively partitions the feature space into regions with minimal variance. 
DT models are interpretable and non-parametric, but single decision trees can 
overfit the training data.

Model implementation

All six ML models were trained and evaluated using Python’s scikit-
learn library. Hyperparameter tuning was conducted for each model to optimize 
performance. For instance, the DT model was regularized using parameters 
such as max_depth, min_samples_split, and min_samples_leaf, while SVR 
and KNN were combined with feature scaling using StandardScaler. Ensemble 
methods: RF and GBR were implemented with 100 estimators and fixed 
random seeds for reproducibility.

K-fold cross-validation method

In geospatial modelling and machine learning applications, the accuracy 
and generalization ability of predictive models largely depend on how the 
available data is partitioned for training and evaluation. Among various 
resampling techniques, k-fold cross-validation stands out as a robust method for 
assessing model performance, especially when dealing with relatively limited 
or spatially sparse datasets (Stone, 1974; Kohavi, 1995).

In the k-fold cross-validation approach, the entire dataset is randomly 
divided into k equal-sized subsets or “folds.” The modelling process is repeated 
k times, such that in each iteration, one unique fold is held out as the testing 
dataset while the remaining k-1 folds are used for training. This process ensures 
that each data point is used once for validation and k-1 times for training. After 
completing all iterations, the performance metrics (R², MAE, RMSE) from 
each fold are averaged to provide a more reliable and generalized estimate of 
model performance (Rodriguez et al., 2009; Konakoglu, & Akar, 2021).
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This technique addresses several limitations associated with simpler 
partitioning methods, such as the hold-out validation technique, which may 
inadvertently bias results depending on how the data is split. Particularly in 
geodetic and topographic applications, where data availability is often spatially 
constrained, k-fold cross-validation offers a statistically rigorous approach for 
performance assessment. It minimizes the variance associated with a single 
random split and provides a more comprehensive evaluation of a model’s 
predictive capabilities.

In this study, five-fold cross-validation (Figure 2) was employed to 
ensure reliable performance evaluation, especially considering the modest size 
of the dataset (207 points). By adopting this method, each model was subjected 
to five training and testing iterations, thereby minimizing the potential for 
biased results that might arise from a single hold-out split. The average of the 
metrics obtained across all five iterations was computed to assess the overall 
performance. This approach was particularly effective in guarding against 
overfitting and underfitting, which are common pitfalls in data-scarce geospatial 
analyses. Previous research has demonstrated the superiority of k-fold cross-
validation over simple train-test splits, particularly in geodetic applications. For 
instance, Ziggah et al. (2019) showed that hold-out methods can sometimes 
yield misleading results in coordinate transformation studies due to uneven 
data distribution, whereas k-fold cross-validation offered more stable and 
representative performance estimates. 

Figure 2. Diagram of 5-fold cross-validation process

Assessment of prediction accuracy

To assess the predictive performance and generalization ability of the 
machine learning models employed in this study, three statistical evaluation 
metrics were utilized. These metrics include the Mean Absolute Error (MAE), 

Root Mean Square Error (RMSE), and Coefficient of Determination (R²). The 
following equations were employed to calculate the selected statistical metrics.
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Where n denotes the number of datasets, NObs,i represents the observed 
geoid undulation value, NEst,i is the estimated geoid undulation value, and NObs,i 
is the mean of all observed geoid undulation values, computed as the sum of 
NObs,i divided by n 

MAE measures the average magnitude of the errors between predicted 
and observed values, without considering their direction. It provides a 
straightforward interpretation of the average error in the same unit as the target 
variable. RMSE gives a higher weight to larger errors due to the squaring of 
residuals, making it more sensitive to outliers. Lower RMSE values indicate 
better predictive performance and alignment between observed and predicted 
values. R² represents the proportion of the variance in the dependent variable 
that is predictable from the independent variables. It evaluates the explanatory 
power of the model. An R² value closer to 1 signifies a stronger correlation 
between the predicted and observed values.

This combination of metrics allows for a comprehensive evaluation 
of model effectiveness in predicting geoid undulations, thus informing the 
selection of the most suitable model for further application in orthometric 
height determination.

Results and Discussion

This study presents the predictive performance of six machine learning 
models using key statistical metrics for geoid undulation estimation in Ibadan, 
Nigeria. In the training stage, the scatterplot-based comparison of the six models 
is presented in Figure 3, while their statistical performance is summarized in 
Table 1.

From both the scatterplots and the table, it is evident that GBR, SVR, RF, 
DT, and MLR outperformed KNN during training. The linear fitting equations 
in Figure 1 show a strong alignment between predicted and observed geoid 
undulations for most models, with GBR and SVR displaying nearly perfect 
fits. These findings suggest that all six models are capable of modelling the 
geoid undulation of the study area to some degree, but their performances vary 
considerably.

Table 2. Statistical performance of models on training and testing datasets

Datasets Model MAE (m) RMSE (m) R2

Training

MLR 0.059 0.073 0.9542

RF 0.015 0.021 0.9963

SVR 0.008 0.009 0.9994

KNN 0.063 0.082 0.9431

GBR 0.005 0.006 0.9997

DT 0.037 0.048 0.9806

Testing

MLR 0.056 0.076 0.945

RF 0.047 0.063 0.9614

SVR 0.015 0.026 0.9934

KNN 0.062 0.081 0.9368

GBR 0.035 0.047 0.9785

DT 0.063 0.081 0.9375
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Figure 3. Correlation plots of observed and predicted geoid undulation for training data

Among the models tested, GBR exhibited the best performance during 
training, with the lowest MAE (0.005 m) and RMSE (0.006 m), alongside 
the highest R² (0.9997), suggesting exceptional accuracy and minimal error. 
This superior performance is attributed to GBR’s ability to sequentially 
correct the residuals of prior models, allowing it to capture complex, nonlinear 
relationships in the geoid data. Similarly, SVR achieved high performance with 
RMSE of 0.009 m and R² of 0.9994, benefiting from its capacity to generalize 
well by maximizing margins within the feature space. RF also recorded strong 
metrics, with a low MAE of 0.015 m and R² of 0.9963.

In contrast, KNN showed the weakest training performance, recording 
the highest MAE (0.063 m) and RMSE (0.082 m), with an R² of only 0.9431. Its 
poor training performance is likely due to its reliance on local proximity without 
accounting for underlying functional relationships, making it sensitive to noise 
and uneven spatial distributions in sparse geospatial datasets. Furthermore, 
residual plots in Figure 4 reinforce these conclusions, with GBR and SVR 
showing tight residual clustering around zero, while KNN exhibits larger and 
more erratic residuals.
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Figure 4. Residual plots for training data

In the testing stage, Figure 5 shows the scatterplots comparing predicted 
and observed geoid undulations for each model, and Table 1 lists the 
corresponding performance metrics.

Notably, SVR outperformed all other models on the test dataset, 
achieving the lowest RMSE (0.026 m) and highest R² (0.9934). This suggests 
that SVR not only learned effectively during training but also generalized well 

to unseen data. GBR remained a close second with RMSE of 0.047 m and R² of 
0.9785. These results confirm that both models captured the underlying patterns 
effectively and resisted overfitting.

RF and MLR also performed reasonably well on the test data, achieving 
R² values of 0.9614 and 0.945, respectively. However, DT and KNN again 
exhibited lower test performance, with KNN recording the highest RMSE 



47Machine Learning Approaches for Predicting Geoid Undulations to Improve Orthometric Height Determination in Data-Scarce Regions

(0.081 m) and lowest R² (0.9368) among the models. This suggests that KNN’s 
neighborhood-based approach may not generalize well to test conditions where 
point distribution differs significantly from training data.

The residual plots for the testing phase (Figure 6) offer further insights. 
SVR and GBR display the most stable residual distributions, centered tightly 

Figure 5. Correlation plots of observed and predicted geoid undulation for testing data

around zero, indicating unbiased predictions. In contrast, KNN and DT 
residuals are more dispersed and asymmetric, consistent with their poorer 
statistical performance.

To assess model robustness, a 5-fold cross-validation was also performed. 
The average metrics from this analysis are presented in Table 2.
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Figure 6. Residual plots for testing data

Table 3. Cross-validation metrics (MAE, RMSE, R²) for each model

Model CV MAE (m) CV RMSE (m) CV R2

MLR 0.061 0.076 0.9492

RF 0.048 0.066 0.96

SVR 0.031 0.0562 0.9719

KNN 0.081 0.108 0.8974

GBR 0.032 0.043 0.9828

DT 0.075 0.098 0.9147
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GBR and SVR again ranked highest, with CV R² values of 0.9828 and 
0.9719, respectively, and low cross-validated RMSEs. This further highlights 
their robustness and stability across varying data subsets. KNN, on the other 
hand, recorded the lowest cross-validation R² (0.8974) and highest RMSE 
(0.108 m), confirming its inconsistency and reduced generalizability.

The superior performance of GBR and SVR can be attributed to their 
robust capabilities in capturing nonlinear patterns and minimizing overfitting. 
GBR, in particular, benefits from its sequential ensemble structure, which allows 
it to iteratively refine predictions by focusing on errors from previous learners. 
Similarly, SVR’s kernel-based approach enables it to model complex geospatial 
relationships with high precision. In contrast, KNN performed the poorest, 
likely due to its dependence on local data density and sensitivity to noisy or 
unevenly distributed samples, which can be a limitation in geoid modelling 
where spatial variability is high. These findings further support the growing 
consensus on the effectiveness of ensemble ML approaches for geospatial 
modelling in data-limited contexts. The application of 5-fold cross-validation 
also enhances confidence in the stability of GBR predictions, suggesting its 
potential for improving orthometric height accuracy in Ibadan.

Determination of orthometric height using GBR model

Following the successful training and validation of the GBR model for 
geoid undulation prediction, the derived geoid surface was used to estimate 
orthometric heights across the study area. This was achieved by subtracting the 
GBR-derived geoid undulation values from the corresponding GNSS-derived 
ellipsoidal heights. The resulting GBR-based orthometric heights were then 
compared with independently obtained GNSS-derived orthometric heights.

The differences between the GBR-derived and GNSS-derived 
orthometric heights were assessed statistically. The minimum and maximum 
residuals were -0.093 m and 0.149 m, respectively, with a MAE of 0.035 m and 

an RMSE of 0.047 m, indicating a high degree of agreement between the two 
datasets and demonstrating the effectiveness of the GBR model in producing 
reliable orthometric height estimates.

The spatial distribution and visual comparison of the orthometric heights 
are presented in Figure 7. Figure 7 (a) displays the contour and 3D surface 
model of the GNSS-derived orthometric heights, while subfigure 7 (b) shows 
the corresponding outputs from the GBR model. Figure 7 (c) illustrates the 
residuals (the differences between GNSS-derived and GBR-derived orthometric 
heights), highlighting areas of overestimation or underestimation.

From these visual and statistical assessments, it is evident that the GBR 
model closely replicates the orthometric height patterns derived from GNSS 
observations. The relatively low residual values suggest that the GBR model is 
capable of supporting accurate height transformation in regions where traditional 
levelling or dense gravity networks are unavailable. This reinforces the utility of 
machine learning techniques, particularly GBR, in enhancing vertical geodetic 
control and supporting topographic and engineering applications in data-scarce 
environments.

Discussion

The geoid undulation modelling conducted in this study highlights the 
significant capability of machine learning algorithms to address limitations 
in conventional geodetic methods, particularly in data-scarce regions. While 
traditional gravity-based models rely heavily on dense terrestrial observations, 
this research demonstrates how modern predictive models can effectively 
leverage existing satellite and auxiliary geospatial data to improve the 
determination of orthometric heights. By comparing the performance of six ML 
algorithms, this study offers a comprehensive evaluation of their effectiveness 
in modelling geoid undulations.

Figure 7. (a) GNSS-derived orthometric height contour plot (in m) and 3D model, (b) GBR-derived orthometric height contour plot (in m) and 3D model, (c) orthometric 
height differences between GNSS-derived and GBR model orthometric height
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Among the models, GBR emerged as the most robust and accurate, 
achieving the lowest error metrics across all datasets. Its ability to minimize bias 
and variance through the sequential improvement of weak learners explains its 
high R² scores and minimal residuals in both training and validation phases. 
The effectiveness of GBR is further reinforced by its consistent performance 
in the 5-fold cross-validation, demonstrating strong generalizability across 
data subsets. The superior performance of SVR on the test set, despite a 
relatively lower cross-validation score, suggests that while SVR captures 
complex patterns well, it may be sensitive to the training subset distribution 
and hyperparameter tuning, which affects its overall stability. Random Forest 
also performed reliably, although slightly behind GBR, confirming the utility of 
ensemble-based methods in geospatial prediction tasks. In contrast, the KNN 
model exhibited the weakest performance. While KNN has shown strength 
in previous geospatial studies due to its ability to exploit spatial proximity, its 
sensitivity to noise and dimensionality in this context likely contributed to its 
poorer results. Similarly, the DT model, though adept at handling nonlinearities, 
demonstrated signs of overfitting and limited generalization. Multiple Linear 
Regression, while simple and interpretable, was constrained by its inability to 
capture the nonlinear relationships inherent in geoid undulation patterns.

The high statistical agreement observed between the predicted and 
reference geoid undulations indicates that the ML models successfully 
captured the spatial patterns represented in the dataset derived from EGM2008. 
However, it is important to recognize that the accuracy of EGM2008 varies 
regionally and may be influenced by the density of underlying gravimetric data, 
which is relatively sparse in parts of Nigeria. Consequently, the ML models 
developed in this study primarily learn and reproduce the geoid characteristics 
embedded in the EGM2008 model. This implies that any long-wavelength 
biases or distortions present in EGM2008 could also be reflected in the GBR 
and SVR predictions. Therefore, the results should be interpreted as a regional 
refinement and spatial interpolation of the EGM2008 geoid surface rather 
than as an independent gravimetric geoid determination. Future integration 
of terrestrial gravity observations would be necessary to further validate and 
physically strengthen the predicted geoid surface.

ML techniques especially ensemble models such as GBR and kernel-
based methods like SVR demonstrate strong potential as alternatives for 
geoid surface modelling in areas where traditional gravity data are sparse 
or unavailable. The high correlation between predicted and observed geoid 
undulations using GBR emphasizes its practical value for deriving orthometric 
heights from GNSS-based ellipsoidal heights. These findings are consistent 
with previous research highlighting the effectiveness of ensemble ML 
methods for geospatial prediction under limited data conditions (Sorkhabi, 
2015; Elshambaky, 2018; Kaloop et al., 2021; Jayawardana et al., 2024). By 
employing 5-fold cross-validation, the robustness and generalizability of GBR 
are further confirmed, strengthening confidence in its application for improving 
orthometric height accuracy in Ibadan and similar regions. This approach 
enhances vertical positioning precision and provides a useful framework for 
extending geoid modelling efforts in other data-limited environments, while 
acknowledging the need for future gravimetric validation.

In addition to modelling geoid undulation, the GBR model was 
successfully applied to estimate orthometric heights by combining it with 
GNSS-derived ellipsoidal heights. A comparison between GBR-derived and 
GNSS-derived orthometric heights showed minimal residuals, with an RMSE 
of 0.047 m, confirming the practical utility of the model for vertical positioning 
applications. This result illustrates that GBR can support reliable orthometric 
height transformation in regions with sparse gravity data, making it valuable 
for surveying, engineering, and geospatial planning tasks where conventional 
gravimetric geoid solutions are not yet available.

Conclusion

This study has demonstrated that ML techniques, particularly ensemble 
models such as GBR and kernel-based approaches like SVR, can effectively 
model geoid undulation in regions with limited access to conventional 
gravity data, as illustrated in the case study of Ibadan, Nigeria. Among the 
six algorithms evaluated (MLR, RF, GBR, DT, SVR, and KNN), both GBR 
and SVR consistently outperformed others, showing remarkably low error 
metrics and high R² values across training, testing, and cross-validation 
phases. These findings confirm their robustness, generalization capacity, and 

practical relevance for geospatial modelling, especially in data-constrained 
environments. In addition to geoid prediction, the GBR model was employed 
to derive orthometric heights by integrating GNSS-derived ellipsoidal heights. 
The comparison between GBR-derived and GNSS-derived orthometric heights 
yielded minimal residual errors, with an RMSE of 0.047 m, indicating strong 
agreement between the two datasets. This reinforces the potential utility of 
GBR for vertical height transformation in areas where gravity data are sparse 
or unavailable. However, it is important to note that ML-based approaches are 
complementary methods and do not replace gravimetric geoid determination, 
which remains essential for high-precision national and regional geoid 
modelling. The results further support the use of GBR and SVR as reliable 
tools for orthometric height determination in urban regions with similar terrain 
and data limitations. These methods can enhance the precision of vertical 
referencing, support localized geodetic applications, and improve GNSS-
based surveying accuracy where traditional gravity datasets are incomplete. 
For future research, expanding the study to include other urban and semi-urban 
areas will help assess the generalizability of the models. Integrating additional 
datasets such as gravimetric observations, higher-resolution topographic data, 
and satellite altimetry may further refine predictions. Moreover, exploring 
advanced techniques such as hybrid ensemble learning, deep neural networks, 
or physics-informed ML could provide new insights. Investigating the role 
of DEM resolution, feature selection, and terrain variability will also help 
optimize model performance, contributing to the development of more accurate 
and regionally adaptable geoid modelling solutions in data-scarce regions.
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