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Abstract: Subsurface geological formations are vital for validating deep engineering design 
assumptions, particularly in weathered terrains where unstable ground conditions pose risks. 
Geophysical investigations often face challenges due to inverse problem uncertainties and 
inadequate subsurface data. While resistivity and seismic P-wave velocity (Vp) imaging offer 
valuable insights, subsurface complexity necessitates integrated approaches for reliable 
characterization. This study introduces a machine learning-assisted geophysical–geotechnical 
framework combining electrical resistivity tomography, seismic refraction tomography, and 
borehole-based standard penetration tests (SPT-N). ML optimization metrics, including k-means 
clustering, PCA, Silhouette, elbow, and supervised linear regression, enhance analytical precision. A 
field survey over an 800 m segment in Kabota-Tawau, Sabah, Malaysia, utilized 490 collocated 
resistivity–Vp datasets to optimize cluster identification and interpretation accuracy. The analysis 
delineated four lithological units based on resistivity and Vp variations correlating with surface-
subsurface properties. Clustering demonstrated strong performance, with an R² value approaching 
1, a Silhouette score of 0.78, and an 88% reduction in the sum of square errors. Vulnerable zones, 
including weathered layers, fractures, and faults, were identified as critical for geotechnical 
consideration. In contrast, relatively weathered bedrock with hard-to-very-hard properties was 
deemed optimal for deep structural foundations requiring minimal reinforcement. This non-invasive 
approach enhances subsurface characterization, offering a reliable framework for construction site 
suitability and groundwater resource identification. It provides significant value for sedimentary 
regions with similar geological settings, advancing geotechnical and environmental planning. 

Keywords: Geophysical–geotechnical investigation; statistical correlation; p-wave velocity (Vp) soil 
penetration test; machine learning (ML); k-means clustering; supervised regression modeling 
 

Introduction 

Society faces critical challenges that demand innovative solutions to address various geophysical 
challenges. The challenges lie in showcasing the implications of environmental variability, 
monitoring and easing polluted air, assessing infrastructure susceptibility to natural and human-
induced hazards, analyzing the future accessibility and extraction of water and subsurface minerals, 
and understanding the underlying factors of ground failures, seismic events, and flooding events 
[1,2]. Addressing these issues requires an interdisciplinary approach, encompassing physics, 
geology, hydrology, and other fields that collectively contribute to geosciences. This discipline seeks 
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to unravel the complexities of earth’s systems and their interconnected components [3]. 
Advancements in statistical evaluation, specifically through ML, are transforming geoscience 
research by uncovering hidden patterns within vast datasets. ML offers remarkable benefits across 
multiple domains, enabling breakthroughs that drive impactful innovations [4]. 

A diverse array of applications, involving neural networks, deep learning, natural language 
processing, language detection, and computer vision, have significantly profited from the utilization 
of ML techniques. Various unsupervised machine learning algorithms, including k-means, 
hierarchical, density-based, and fuzzy-based clustering [5], is proposed as effective means for data 
analysis, showcasing robust reliability measures. Integrating geoscience approaches with ML enables 
the resolution of several geophysical challenges, including the identification of surface-subsurface 
geological structures [6–8]. The examination of subsurface soil-rock components shows substantial 
intricacies and problems in geosciences, particularly due to the complicated and diverse 
characteristics of their core formations [9]. This occurrence impedes the analysis and comprehension 
of subsurface data [10,11]. 

Subsurface assessment provides a comprehensive evaluation of the geological and physical 
attributes of the earth’s subsurface strata. To accurately comprehend the subsurface’s nature and 
properties, it is essential to conduct thorough studies and analyses of various geophysical, geological, 
and geochemical data analyses in the investigated region. Comprehending physical parameters, like 
the strength, durability, and permeability of subsurface geological structures, is crucial for 
guaranteeing the safety of engineering operations [3]. Combination of diverse geophysical 
methodologies, including electrical resistivity tomography (ERT) and seismic refraction tomography 
(SRT), together with borehole data and machine learning, offers a robust strategy for identifying the 
spatial variation of physical properties, such as electrical resistivity, conductivity, and seismic 
velocity [12–14], environmental characteristics [15,16], temporal dimensions, and geochemical 
characteristics [8] of the region under investigation. This multidisciplinary framework enhances the 
resolution and accuracy of subsurface characterization, enabling a deeper understanding of 
geological structures and processes. This strategy surpasses the efficacy of using these technologies 
individually or relying only on traditional measures. By combining these two inversion outputs with 
machine learning, it may be possible to resolve the uncertainties in the inverse problem and improve 
our understanding of the subsurface [17]. 

Utilizing the models of p-wave velocity (Vp) and electrical resistivity (ER) in conjunction with 
machine learning for subsurface exploration allows for establishing clear relationships between 
physical and geotechnical properties at specific depths [18,19]. This technique streamlines the 
subsurface categorization of the explored area through its unique lithology, thereby improving the 
interpretation of subsurface conditions and enhancing the accuracy of predictions for engineering 
and environmental applications. The research conducted by [15] examined the correlations between 
the electrical resistivity tomography and seismic refraction tomography of a significantly weathered 
swelling mudstone subjected to diverse freezing, thawing, wetting, and drying circumstances. An 
increase in the frequency of wetting-drying cycles demonstrated a substantial surge in resistivity. 
Prior research by, [12,20] examined the characteristics of granite by ERT and SRT assessments. The 
study results revealed a significant improvement in the depiction of some geological features that 
may have possibly been overlooked or misinterpreted. Furthermore, they used cluster analysis to 
combine the subsurface images and develop a conceptual subsurface model. 

Moreover, the analysis of subsurface soil-rock characteristics in diverse environments has been 
conducted using Vp and resistivity data, along with machine learning, as shown in earlier research 
[17,20–22]. Akingboye & Bery, (2023) established strong empirical associations between Vp and 
resistivity in tropical granitic terrains utilizing geotomographic data and supervised statistical 
modeling. However, the use of machine learning (ML) in geophysical research is still underutilized 
in areas like Kabota-Tawau, Sabah, Malaysia. This constraint prevents a more comprehensive 
advancement in the characterization and optimization of both surface and subsurface features. Also, 
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it is important to note that there are not many well-documented empirical correlations between Vp 
and resistivity, especially in the case of tropical sedimentary terrain. 

The application of emerging and increasingly popular technologies in geological studies remains 
underexplored, yet their potential to enhance and optimize the understanding of surface and 
subsurface features across diverse environments is immense. This study builds on the foundational 
works of [17,23] in granitic landscapes and draws partially on the insights of [22] in Malaysia. By 
leveraging these prior investigations, this research seeks to integrate innovative techniques to 
decipher the surface-subsurface geology of the study area and establish empirical relationships 
between Vp and resistivity datasets acquired from the site. This research is particularly significant 
for developing a robust analytical framework to accurately characterize soil-rock conditions in a cost-
efficient manner. The methodology involves two discrete stages: first, inversion and interpolation of 
the geophysical datasets to identify coincidence positions; second, application of k-means clustering 
to the resulting extracted datasets from the interpolated mesh models to classify lithologies within 
the specified area. The analysis further explores correlations between the Vp and resistivity variables 
to establish their interconnectivity with borehole-based standard penetration test (SPT-N) datasets. 
SPT-N is a globally recognized subsurface engineering evaluation method widely used to assess soil 
strength and consistency, offering insights into soil properties such as density, shear strength, and 
bearing capacity. The proposed methodological framework is expected to significantly enhance the 
ability to model accurate soil-rock conditions and provide a cost-effective framework for 
infrastructure designs. 

Location and Geology of the Study Area 

Kabota-Tawau region of Sabah, the study area located in northern Borneo, is bounded by the 
South China Sea to the west, the Sulu Sea to the northeast, and the Celebes Sea to the southeast, as 
illustrated in Figure 1. Positioned in the northeastern area of the island of Borneo, this region holds 
significant importance. [24]. The intricate tectonic framework of southeast Sabah has revealed a 
diverse array of lithologies and sedimentary structures, reflecting a variety of depositional 
environments. These range from continental settings, such as coal deposits, to shallow marine 
environments characterized by cross-bedded sandstones, and deep marine settings with turbidite 
formations. However, the fossil content within these rock units is sparse, providing limited 
biostratigraphic data from foraminifera or macrofossil species. [25]. 

The northern area of Borneo, Sabah, has an intricate geological past that has significantly 
influenced its tectonic development [26–28]. This region’s rock formations are categorized into five 
distinct tectonostratigraphic provinces according to age and lithology aas explained in [29]: (i) an 
ophiolite complex or basement underlying the sedimentary sequences; (ii) sedimentary layers 
ranging from the Eocene to Lower Miocene; (iii) pyroclastic deposits from the Early to Middle 
Miocene; (iv) chaotic deposits and mélanges from the Middle Miocene; and (v) shallow marine to 
fluvial-deltaic sediments from the Early to Late Miocene. The Tawau Hills, a component of Sabah 
Parks, encompass an area of 280 km² and are located around 25 km northwest of Tawau town. This 
area has seen several tectonic events since the early Tertiary period [25,30] The principal geological 
formations in western Sabah are the Crocker Formation and the Rajang Group. 
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Figure 1. A generalized geological map of Sabah, Malaysia adapted from [29]. 

Methodology 

The study employed an integrated approach using SRT and ERT to explore the geological 
characteristics beneath the surface of the study site. Field locations for SRT and ERT data collection 
were carefully selected to facilitate an extensive evaluation and profiling of lithological strata, 
including their properties and subsurface attributes. The survey design strategically positioned 
geophysical profiles near three existing boreholes (BH1, BH2, and BH3), as depicted in the aerial 
geophysical data acquisition map in Figure 2a. This strategic setup enabled cost-effective and efficient 
data collection. 

The aerial map (Figure 2a) illustrates two Lines, L1, spanning 500 m, and L2, measuring 300 m. 
These lines were arranged to align spatially with BH1, BH2, and BH3. Traverse 1 (L1) stretches from 
the northern section of the study area toward its eastern edge, while Traverse 2 (L2) begins at the 
terminus of L1 and extends southward. BH1 and BH3 were located near L1, whereas BH2 was 
situated along L2. These boreholes served as constraints for geophysical modeling of the subsurface 
lithologies and determining the SPT-N of the subsurface soils. The ERT and SRT measurements along 
L1 and L2 were conducted with respective lengths of 500 m and 300 m (Figure 2b). An electrode 
spacing (ΔE) and geophone spacing (ΔG) of 5.0 m were maintained for optimal resolution (Figure 
2b). The configurations of the ERT and SRT traverses are represented by blue and red lines, 
respectively, in the map, providing a clear visualization of the survey layout. This integrated 
approach facilitated a detailed subsurface investigation, enhancing the interpretation of lithological 
and geotechnical properties in the research region. 
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Figure 2. (a) Aerial map showing geophysical data acquisition for the study area, with defined ERT and SRT 
transects (L1 and L2) and borehole locations. (b) Layout of the two survey traverses. 

ERT and SRT Field Data Acquisition 

The ABEM SAS Terrameter 4000 and ES 10-64C models of the ABEM LUND Resistivity System, 
together with their associated accessories, were employed to assess the electrical resistivity responses 
of soil-rock units. This imaging system performs high-resolution 2-D electrical imaging surveys using 
multiple electrodes and permits the selection of preferred protocols. For this study, the Wenner-
Schlumberger array was employed, which combines the Wenner-alpha and Schlumberger arrays 
[31]. This configuration enhances the system’s ability to investigate at greater depths while ensuring 
sensitivity to horizontal and vertical structures, resulting in an improved signal-to-noise ratio for the 
resistivity models. The resulting resistivity figures were of high quality, with minimal or negligible 
error impact [32]. 

For SRT, the ABEM Terraloc Mk 8 equipment was used to measure Vp via seismic refraction 
techniques. The data collection process involved both forward and reverse shooting. The optimal 
number of shots per point was maintained at 7–10, with offsets set 30 m beyond the first and last 
geophones. At each offset, 10 shots were fired into the subsurface, providing a robust dataset for 
constructing high-fidelity subsurface models with enhanced spatial resolution. Inline shots were 
positioned at the midpoint of the geophone spread, representing the center between the first 12 and 
the final 12 receivers. This placement maximized coverage and ensured uniform data acquisition 
across the survey area. The combination of forward and reverse shooting and inline shots enabled 
the generation of detailed and accurate seismic velocity models, complementing the resistivity data 
for a comprehensive subsurface evaluation. 
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Field Data Modeling and Processing for ERT 

Inversion and modeling techniques were employed during the processing of data to create 
accurate resistivity sections of the subsurface. The apparent resistivity data provided an initial 
approximation of the resistivity distribution, which was refined through inversion. The RES2DINV 
software, as outlined by [33,34], was employed to invert the field-measured apparent resistivity data. 
This process utilized the finite element method combined with strong smoothness-constrained least-
squares inversion (L2-norm) and a four-node configuration. The method allowed for the 
customization of damping factors and flatness filters to account for varying data characteristics. The 
damping factor was set at 0.05, with a minimum value of 0.01, to enhance the resolution and precision 
of the inversion models. The iterative process continued until the absolute error was reduced to 7.9% 
and 5.9% for lines L1 and L2, respectively, within a maximum of five iterations. The final inversion 
results are presented in Figure 3, which displays the inverse resistivity sections with topography for 
both traverses. 

 
Figure 3. Generated 2-D composite ERT inversion model with topography for L1 with 500 m length. 

Field Data Modeling and Processing for SRT 

An 800 m seismic profile was recorded along the same ERT data traverses (Figure 2) to construct 
a regional 2-D Vp model, which was combined with the electrical resistivity model. Advanced SRT 
processing techniques, including trace editing, filtering, and picking first-arrival times, were applied 
using SeisOpt@2D software [35]. The auto-gain control method was used to address hidden and 
masked layers, particularly where low-velocity zones lay beneath high-velocity layers or where thin 
layers lacked sufficient velocity contrast. Weak Vp signals were enhanced, and the first arrivals were 
manually analyzed using SeisImagerTM [36], as illustrated in Figure 4. The inversion of first-arrival 
travel times combined the finite-difference solution of the Eikonal problem with the multi-stencils 
fast marching method and simulated annealing global optimization, using the Refraction Inversion 
and Optimization Technique (RIOT) in high-resolution mode. This approach minimized structural 
artifacts and provided precise Vp models, as illustrated in Figure 5. The final models were visualized 
with SurferTM software [37], incorporating topography and uniform color scaling for clearer 
subsurface characterization. 

Most importantly, the ERT and SRT inversion models were constrained using data from BH1, 
BH2, and BH3, which enhanced model accuracy and ensured a detailed understanding of the 
subsurface lithology. This integrated approach also effectively addressed hidden and masked layers, 
providing a comprehensive view of the subsurface properties in the research region. 
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Figure 4. A typical ray-path illustration for the processed Vp data for L1 in the research region. 

 

Figure 5. Generated RIOT’s Vp models for L1 with 500 m length. 

Results 

Lithological Profiles for the Assessed Boreholes 

Borehole logs in the study area uncovered a spectrum of lithological profiles, starting with stiff 
clayey silt layers at the surface and extending to highly resistant lithologic units at greater depths 
with their Vp and resistivity signatures (Figure 6a–e). Previous studies (Akingboye & Bery, 2023; 
Bauer et al., 2010; Colombo et al., 2008) demonstrate that rock/soil characteristics can be integrated 
utilizing joint inversion methods to integrate various geophysical parameters, based on an assumed 
relationship between simulated physical properties. (such as porosity and water saturation) and 
observed lithologies. However, these methods require adjustments based on drilling log data to 
accurately reflect subsurface conditions. 

In this study, the inversion results for Vp and resistivity were improved using borehole data, 
improving the accuracy of subsurface layer delineation, their depths, and thicknesses. The inversion 
models reveal distinct soil profile classifications, such as surficial and weathered soils (Figure 6a–d). 
These include a topsoil layer of stiff clayey silt, a middle layer of stiff to hard clayey/silty weathered 
units, and a deeper layer of hard to very hard clayey/silty weathered materials. Resistivity values for 
these strata extend from 0.5–30 Ωm (topsoil), >30–70 Ωm (weathered units), to >70–125 Ωm (hard 
weathered units), while Vp values span from 100–700 m/s (topsoil), 700–1100 m/s (weathered units), 
to 1100–1900 m/s (harder layers). These values align with different subsurface lithologies, including 
topsoil, medium stiff to very stiff clayey silt, and highly weathered/fractured units. The Vp models 
for L1 and L2 show similar trends, with hard to very hard lithologic units at or near the surface. 
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Figure 6. Inversion models for ERT and SRT showing (a and b) L1, (c and d) L2, and (e) created borehole logs 
for BH1, BH2, and BH3 in the study area. 

A distinct feature in the study area is a dense, grey, mottled brown silty sand layer located 
between 4.5 and 10 m depth under the stiffly layered topsoil near BH2 (Figure 6c–e). This strata is 
deemed appropriate for light-to-moderate construction [40–42]. Beneath the extremely stiff clayey 
silty layer near BH1 (Figure 6a–b, e), a layer unit composed of coarse blocks and a muddy matrix was 
observed between 11 and 21.45 m depth. This layer, exhibiting weak, light brownish, and dark grey 
deposits, is extensively fractured and displaying tilloid features, making it unsuitable for civil 
construction [38]. In contrast, a clayey silt or silty clay layer from 21.0 to 45.5 m near BH1, 22.5 to 45.5 
m near BH2, and 27.0 to 45.5 m near BH3 are hard to very hard, with a color range from pale brown 
to grey (Figure 6a–e). This section is suitable for high-load-bearing structures [43,44]. The borehole 
logs present key insights related to the lithological configuration and depths of the earth layers, 
confirming the weathered overburden materials’ extent and indicating significant weathering over 
time [30,45]. Despite depths reaching up to 55 m, neither the resistivity nor Vp models suggest the 
presence of bedrock, highlighting the distinctive nature of the area due to extensive weathering. 

The topsoil layer thickness typically ranges from 2 m to 15 m (Figure 6). The weathered layer 
boundaries under L1 and L2 exhibit different characteristics: L1 has a sharp boundary (Figs. 6a–b), 
while L2 shows an undulating boundary (Figs. 6c–d). The stiffness of the weathered layers ranges 
from hard to extremely hard, with thickness values between 2 and 7 m. Notably, the topsoil towards 
the eastern region of L2, near BH1, has a depth of about 7 m. These features suggest a considerable 
load-bearing capacity across the region, particularly where the geological structure includes a mix of 
hard and very hard lithologies. The regions exhibiting low resistivity values (<10 Ωm) may indicate 
pronounced weathering and fracturing, often associated to water saturation [6]. The geological 
characteristics in the study area exert significant structural influences on environmental 
considerations, especially infrastructure and groundwater resource management. The variations in 
Vp and resistivity values, as observed, are directly linked to the physical and geomechanical 
properties of the underlying rock and soil structures, supporting findings from [17,46]. 
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Discussion 

Integrated Application of Geotomographic Analysis and k-Means Clustering 

The spatial alignment of the ERT and SRT data points was achieved through interpolation of the 
modeled ERT and SRT meshes of Figure 6a–d. In this integration, most ERT stations were positioned 
at the same locations as the seismic shooting stations, providing a direct spatial overlap. To combine 
the Vp and resistivity data, univariate models were overlaid on a shared mesh grid that covered the 
study area. The interpolated mesh sections were mapped onto the final grid, as illustrated in Figure 
7. From this final grid, 491 data points were carefully selected, ensuring uniform spatial resolution 
and consistent space intervals between points. Following the interpolation of the inversion models 
mapped onto the shared grid, the points that coincided in space were grouped, forming a “joint 
parameter space” (JPS), as defined by [47]. The scatterplot for these coincident points, presented in 
Figure 8a, provides insights into the connections between resistivity and Vp values. This aids in 
uncovering associations within the data, which is essential for a more robust analysis of subsurface 
conditions. 

 

Figure 7. Depictions of the interpolated ERT–SRT mesh models generated for (a) L1 and (b) L2. 
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Figure 8. (a) Visualization of the 491 extracted data points from the mesh model in a scatter plot (b) Plot of RS 
index against the number of clusters based on k-means analysis. (c) Silhouette score for k-means clustering. 

To further enhance the comprehension of the region and optimize the results, a clustering 
technique was applied to the data. Clustering, as a technique for grouping observations based on 
specific criteria, is widely used in data analysis [48,49]. Within the context of this study, the k-means 
clustering algorithm was chosen to classify the data points into clusters by minimizing the sum of 
squared errors (SSE). As illustrated in Eq. 1, the Within-Cluster Sum of Squares (WCSS) is a key metric 
in k-means clustering analysis. It measures the compactness of clusters by quantifying the variability 
of data points within each cluster. This approach, first introduced by [50] and later expanded by [51], 
identifies cluster centroids by iteratively adjusting their positions to minimize the total SSE across all 
clusters. The k-means algorithm is particularly effective in identifying centroids in partitioned 
datasets, making it a valuable tool in geophysical data analysis [18]. 

Identifying the optimal number of clusters, k, poses a challenge, as highlighted by [52]. Several 
methods are employed to assess clustering quality, with the Elbow and Silhouette methods being the 
mostly used. These methods were used in this study to validate the uniqueness and consistency of 
the clusters. The Elbow method involves plotting the SSE as a function of k and identifying the point 
where the rate of decrease slows, while the Silhouette method evaluates the compactness and 
separation of the [53]. Both methods, as shown in Figs. 8b and 8c, provided validation for the 
clustering results, ensuring the reliability and relevance of the identified clusters. By employing k-
means clustering, along with the Elbow and Silhouette validation techniques, the study was able to 
identify distinct subsurface layer classification, enhancing geophysical model interpretation. This 
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integrated approach not only helped refine the spatial characterization of subsurface features but also 
provided a more accurate understanding of the underlying geological structures. 

𝑊𝐶𝑆𝑆 =  ∑ ∑ (𝑐௞ −  𝑥௜)
ଶ

௫೔ఢ஼ೖ

௞
௞ୀଵ         (1) 

Where 𝑥௜  is a point in C୩  being the mean of the kth cluster, WCSS is the within-cluster sum of 
squares or SSE. 

Figure 8a presents a scatterplot of the modified dataset after the application of the Principal 
Component Analysis (PCA), showing a single, expanded cluster without clear segmentation or 
centroid assignment. This plot illustrates the data in its raw, unsegmented form, highlighting the 
complete arrangement of the data points before clustering. In contrast, Figure 8b illustrates the 
association between the number of clusters (k) and the R-squared index (RS index), which quantifies 
the goodness of fit for the clusters formed. The RS index is useful for assessing how well the data 
points fit within their assigned clusters, with higher values indicating better cluster cohesion. 
Additionally, Figure 8c shows the Silhouette scores, which provide an evaluation of the degree of 
similarity in data points are within their clusters compared to those in other clusters. A high 
Silhouette score suggests well-separated and distinct clusters, while a low score demonstrates that 
some data points might be inadequately assigned to their respective clusters. The k-means clustering 
algorithm employed in the current research operates iteratively to partition the dataset into k-distinct 
clusters [54]. Initially, centroids are randomly placed, and each data point is assigned to the cluster 
whose centroid is nearest, typically using Euclidean distance as described in Eq. 2. After the initial 
assignment, the centroids are recalculated as the average of all points in each cluster. The new 
centroids are then used to reassign the data points, and the process is iterated until convergence is 
achieved — which happens when the centroids no longer change significantly between iterations, 
indicating stable clusters. The iterative process of k-means ensures that the data points are grouped 
into clusters that are as compact and well-separated as possible, with minimal overlap. The clustering 
process is fine-tuned using validation methods such as the RS index and Silhouette scores to ensure 
that the final clustering solution is both meaningful and reliable. These metrics guide the 
determination of the ideal number of clusters (k), ensuring that the model reveals the core patterns 
in the data without overfitting or underfitting. The estimation of the Silhouette coefficients, s(i), 
requires the application of Eq. 3 [55,56], and Eq. 4 [57] in ccases where the C୍ = 1, C୍ < 1, and C୍ = 0, 
respectively. To assess the correctness of the cluster analysis and obtain a value of s(i) near +1, it is 
essential that a௜  << b௜ . This signifies that the data has been effectively partitioned into clusters [58]. 

𝑑௘௨௖(𝑎, 𝑏) =  ඥ∑ (𝑎௜ −  𝑏௜)ଶ௡
௜ୀଵ         (2) 

𝑠(𝑖) = 0, 𝑖𝑓 |𝐶ூ| = 1         (3) 

𝑠(𝑖) =  

⎩
⎪
⎨

⎪
⎧1 −

௔(௜)

௕(௜)
, 𝑖𝑓 𝑎(𝑖) < 𝑏(𝑖)

0, 𝑖𝑓 𝑎(𝑖) = 𝑏(𝑖) 
௕(௜)

௔(௜)
− 1, 𝑖𝑓 𝑎(𝑖) > 𝑏(𝑖)

        (4) 

Where 𝑠(𝑖) represents the silhouette width of the point (i), 𝑎௜  is the average distance between the 
𝑖𝑡ℎ point and all the points within the clusters (𝑖 = 1, 2, … , 𝑛), 𝑏௜ is the average distance from point 
(𝑖) to all points in the nearest neighboring cluster (the next best cluster it could belong to) and 𝑑௘௨௖ is 
the Euclidean distance. 

Assessing the most suitable number of clusters (k) is a significant challenge when using the k-
means algorithm, as no established theoretical method exists for accurately redefining k. The process 
often involves executing clustering algorithms with different k values and selecting the optimal k 
based on predefined criteria, balancing effective clustering with meaningful physical interpretation. 
Cluster validity, which uses external criteria to determine k, is a common approach [47,59,60]. 
Researchers have introduced a range of assessment measures, such as the Bayesian Information 
Criterion (BIC) and Akaike Information Criterion (AIC), to address this challenge [47,61,62]. 
However, achieving an optimal k remains complex, even with these objective measures. This 
research, therefore, prioritizes two primary criteria—compactness and separation—for evaluating 
and selecting the best clustering approach [49,63,64]. Additionally, the RS index, as outlined in Eq. 5, 
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is employed as a validation metric, consistent with the work of [65,66]. These measures aim to ensure 
robust clustering outcomes. 

𝑅𝑆 =  
ௌௌ೟ି ௌௌೢ

ௌௌ೟
=  

ௌௌ್

ௌௌ೟
         (5) 

Where SS୲ is the total sum of squares distance between the points in the dataset, SS୵ is the sum of 
squares distance within each cluster, and SSୠ is the square distance between points belonging to the 
distinct groups. 

The RS index for a given cluster set is computed as the ratio of SSୠ  to SS୲  (see Eq. 5). SSୠ 
quantifies the dispersion among the clusters Since SS୲  =  SSୠ  +  SS୵, then, as SSୠ  increases, SS୵ 
decreases, and vice versa. The degree of contrast between groupings in clustering directly correlates 
with the similarity within each group: greater distinctions lead to more uniform clusters, and vice 
versa. The RS index quantifies this relationship by measuring dissimilarity across clusters (low inter-
class similarity) and uniformity within clusters (high intra-class similarity). RS values range from 0 
to 1, where an RS of 0 indicates no disparities between groups, while an RS of 1 signifies significant 
variations. The optimal number of clusters is determined when introducing an additional cluster no 
longer considerably alters the dataset’s information content. To identify this optimal k, clustering was 
iteratively performed for values of k extending from 2 to 11. An inflection point, often referred to as 
the “elbow,” was observed in the RS curve, as demonstrated in Figure 8b. This inflection at 𝑘 = 4 
marks the ideal number of clusters, validating it as a suitable constraint for the chosen clustering 
approach. 

K-Mean Clustering with Validity Index 

The k-means clustering algorithm, widely recognized in data analysis for recognizing patterns, 
is distinguished by its assured convergence [18]. [19] utilized the elbow and silhouette methods to 
detect patterns in the dataset, revealing masked subsurface layers. PCA was employed to streamline 
dataset dimensions while ensuring critical traits, streamlining the clustering process. The results 
derived from the clustering are illustrated in Figure 9a, with each point in the JPS correlating to a 
specific location in the research area. This allows clusters in the JPS to be projected back onto the 
spatial domain, with each cluster being characterized by a combination of Vp and resistivity values, 
defined by the cluster centers (x), as detailed in Table 1. The k-means algorithm effectively partitions 
the JPS into distinct clusters. However, identify the ideal number of clusters (k) remains a challenge, 
as no definitive standards exist for its selection. This highlights the importance of employing 
clustering validity indices to assess and validate the clustering results. 
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Figure 9. (a) Clusters of parameters identified from the transformed dataset using the k-means algorithm 
revealing the partitioning achieved post-inversion. (b) Silhouette plot illustrating k on four clusters with an 
average silhouette score of 0.67. 

Table 1. Organizing datasets into clusters based on spatial arrangement of of centroids. 

Number of 

clusters (k) 

Vp Centroids 

(m/s) 

Resistivity Centroids 

(Ωm) 

Silhouette value for each 

cluster 

1 (Blue) 529.02 13.13 0.74 

2 (Yellow) 851.86 23.58 0.75 

3 (Black) 1221.50 46.11 0.74 

4 (Green) 1604.95 65.89 0.78 

Employing a clustering validity index together with a clustering approach is a well-established 
approach to identify the ideal number of clusters. The appropriate value of k can be identified by 
analyzing the peak or lowest index value, based on the chosen validity index. These indices are 
generally classified into two classes: external and internal. Internal indices assess the data’s inherent 
properties, while external indices rely on external information, such as labels. Internal measures are 
commonly used to improve clustering algorithms, while external indices are primarily used for 
validation purposes [67]. Internal validity indices, such as the silhouette and elbow methods, are 
particularly effective in determining the optimal k value and other clustering characteristics, such as 
handling skewed distributions [68,69]. The silhouette index, introduced by [70] and discussed by [67], 
quantifies both the separation between clusters and the cohesion within each cluster. It evaluates the 
closeness (cohesion) of data points within a cluster and the distance (separation) between clusters. 
The ideal value of k corresponds to the highest silhouette value (not the average), indicating the most 
efficient clustering partition. The optimal silhouette coefficient can be derived using Eq. 6. 

𝑠(𝑖) =  
௕(௜)ି௔(௜)

ெ௔௫ {௔,௕(௜)}
         (6) 

The ideal number of clusters, k, is revealed by the highest silhouette value, which indicates well-
defined clusters with minimal overlap. The silhouette coefficient spans from -1 to 1, with higher 
values demonstrating significant clustering. A mean silhouette score of 0.67 was set as the threshold 
for quality, with clusters exceeding this value considered well-separated. Figure 9b shows that the 
𝑘 = 4  configuration provides the best clustering, as it has the highest average silhouette score, 
indicating compact and distinct clusters. This conforms to the RS-index near 1 (Figure 8b), confirming 
the reliability of the clustering results. Silhouette coefficients of 0.78 and 0.75 were estimated for 
clusters 4 and 2, while clusters 1 and 3 exhibit a Silhouette value of 0.74, compared to the average 
Silhouette value of 0.67 as suggested by k-mean (refer to the red, blue, and green lines in Figure 9b). 
Cluster 4, with a score of 0.78, was identified as the most optimal for the study. 

Figures 10 (a–d) depict the inter-cluster distances and data point distribution per cluster, which 
strengthens the case for the clustering method’s analytical success. Since RS, average silhouette, and 
the silhouette values of the best-performing clusters are all <1 (see Silhouette scores of the best four 
performing clusters in Table 1 and the average silhouette coefficients of different clusters, ranging 
from 1 to 10 (Tables 2), This reveals that the arrangement of clusters (lithology) is based on well-
defined entities. 
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Figure 10. Inter-cluster spacings calculated for cluster (!-4), highlighting resistivity arrangement within clusters 
through histograms illustrating the range of Vp data these clusters. 

Table 2. Average Silhouette scores, RS values for each k, and SSE results for spherical and overlapping 
clusters. 

Silhouette score for k Average Silhouette score for 

k 

WCSS (or SSE)x107 %change of SSE 

2 0.58 2.01 --- 

3 0.57 102 98.01 

4 0.67 9.21 88.96 

5 0.59 6.05 1420.69 

6 0.58 3.68 64.33 

As shown in Eq. 1, the SSE provides another approach for validating clustering validity. Table 2 
provides the SSE outcomes for cluster examination, involving the the rate of change of SSE for k 
between 2 and 6. At k=4, the SSE shows the highest rate of change. The rate of change (%change) is 
realized by applying Eq. 7, where i ≥ 2. Cluster analysis sorts the modified dataset according to the 
resistivity distribution and Vp range within the clusters. 

%change =  
(ௌௌா ௢௙ ௞೔షభି ௌௌா ௢௙ ௞೔)∗ଵ଴଴ 

ௌௌா ௢௙ ௞೔
       7 

Figure 11 presents average histograms for each cluster, detailing their associated resistivity and 
Vp values. These histograms assess the effectiveness of clustering in distinguishing the subsurface 
characteristics within the study area. The centroid distributions provided in Table 1 further support 
this analysis. To visualize spatial clustering, density maps and density maps with contours (Figs. 11a–
b) highlight sections where cluster boundaries, fractures, interconnections, or overlaps may occur 
within the subsurface units [6]. The analysis reveals overlapping lithologic units at specific depths, 
indicative of complex geological arrangements with gradual transitions between strata, as suggested 
by [71]. Using cluster centroids derived from the modified dataset facilitates the identification of these 
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transitional zones. Table 3 summarizes the clustering results, including the resistivity and Vp ranges 
as well as their centroid values for each lithologic unit. These clusters correspond to distinct 
lithologies within the study area: Cluster 1: Clayey topsoil; Cluster 2: Stiff to extremely stiff 
clayey/silty units; Cluster 3: Extremely stiff to hard clayey/silty units, and Cluster 4: Hard to very 
hard clayey/silty units. The resistivity values of these layers range from 0 – 20 Ωm, 5 - 30 Ωm, <30 – 
50 Ωm, and 50 to >125 Ωm, respectively, with corresponding Vp of <100-700 m/s, 700 to <1100 m/s, 
1100-1400 m/s, and <1400 to >1900 m/s. This classification aids in identifying transitions and potential 
zones of interest for further geotechnical or hydrological investigations. Figure 12 captures a broad 
range of Vp and resistivity values, reflecting the spatial variability of subsurface lithologies across 
the study area. These results significantly enhance understanding of the temporal evolution and 
interconnections of lithologic properties, providing valuable insights for interpreting subsurface 
conditions and their geotechnical implications. 

 

Figure 11. Average histogram plots and the cluster range of parameters in each of the clusters. 
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Figure 12. Density plots demonstrating (a) clusters and (b) overlapping ranges in different clusters. 

Table 3. Clustering analysis showing Vp-resistivity relationships for lithologic units. 

Cluster Vp 

centroids 

Resistivity 

centroids 

Range of ρ 

values (Ωm) 

Range of Vp 

values (m/s) 

Lithological units 

1 529.02 13.13 0.5–20  <100–700 topsoil (clayey silt) 

2 851.86 23.58 5–30  700–1100  completely weathered soil 

unit (medium-stiff clayey silt) 

3 1221.50 46.11 30–50  1100–1400  highly weathered/fractured 

units (very stiff to hard clayey 

silt) 

4 1604.95 65.89 50 to >125 1400 to 

>1900 

relatively 

weathered/fractured units 

(hard to very hard clayey silt) 

Resistivity-Vp Correlations for Identified Lithologic Units 

This research primarily focuses on modeling and establishing of an integrated resistivity-Vp 
statistical relationship for the lithologies identified in the study area. The initial phase involved 
independently examining resistivity and Vp values alongside their geotechnical attributes, 
specifically SPT-N values, to understand their individual and combined behavior. Statistical 
associations were determined by regressing the integrated datasets from the mesh models (Figure 7). 
Regression analysis is a key method for quantifying relationships between variables, although it can 
be limited in addressing nonlinear data in complex scenarios [21,72]. Nevertheless, it provides a 
framework for predicting outcomes, visualizing trends, and analyzing causal or correlational 
dynamics. 

In this study, 491 data points were analyzed using simple linear regression (SLR) to explore the 
correlation between resistivity (ρ\rho) and Vp. The regression plot (Figure 13) reveals a positive 
trend between resistivity and Vp. The relationship is expressed in Eq. 8, showing A robust linear 
association with R2 of 0.801. This suggests that Vp, as the independent variable, accounts for 80.1% 
of the variability in resistivity. This high R2R^2 value underscores the robustness of the linear model 
in describing the resistivity-Vp relationship. The integrated resistivity-Vp equation reflects the 
sensitivity of these parameters to lithological variations and clay content at the study sites, as noted 
by [22,73]. The strong correlation highlights the suitability of the model for interpreting subsurface 
materials and provides a reliable tool for geotechnical and geophysical assessments in the region. 
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Figure 13. Visualization of resistivity–Vp correlation for 491 integrated data points. 

𝜌 =  0.0501 𝑉𝑝 − 15.614  (𝑅ଶ = 0.801)      8 
To enhance model accuracy and improve correlation efficiency between Vp and resistivity for 

each lithologic unit, Vp and resistivity values along the line of fit in Figure 13 were extracted for 
targeted prediction accuracy (Figure 14). From the 491 data points initially used for the SLR in Figure 
13, 51 were selected to represent specific lithologies: topsoil (clayey/silty sand), completely weathered 
layers (medium clayey silt), highly weathered/fractured units (stiff to hard clayey silt), and relatively 
weathered bedrock (very hard to hard clayey silt/silty clay), as summarized in Table 5. This sample 
size aligns with datasets validated in prior studies, such as [74], 31 [75], and 32 [17], ensuring reliable 
regression analysis. Lithology-specific regression models, summarized in Eqs. 9–12, yielded high R2 
values of 0.9656, 0.9770, 0.9590, and 0.9639, corresponding to prediction accuracies of 96.56%, 97.70%, 
95.90%, and 96.39% for clusters 1 through 4, respectively. These lithology-based empirical 
relationships provide more accurate resistivity modeling by capturing the nuanced correlations for 
each lithology, especially in regions with complex soil-rock boundaries, fractures, and faulted layers. 
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Figure 14. Resistivity-Vp regression plot for data point along the line of fit for a specific lithologic unit at Site 1. 

𝜌௖௟௨௦௧௘௥ ଵ =  3.554 𝑉𝑝 +  503.64  (𝑅ଶ = 0.9656)     9 
𝜌௖௟௨௦௧௘௥ ଶ =  4.7276 𝑉𝑝 +  741.4  (𝑅ଶ = 0.9770)     10 
𝜌௖௟௨௦௧௘௥ ଷ =  5.0778 𝑉𝑝 +  987.19  (𝑅ଶ = 0.9590)     11 
𝜌௖௟௨௦௧௘௥ ସ =  2.988 𝑉𝑝 +  1409.80  (𝑅ଶ = 0.9639)     12 
The evaluation of R2 values for each lithologic unit reveals that the combined resistivity-Vp 

empirical correlations surpass those reported by Zeng et al. (2018), which ranged from 0.641 to 0.816, 
as cited in [17]. While the findings of [17,76] align with the current research’s resistivity-Vp 
correlation (Figure 13), the distinct lithology-based empirical models exhibit excellent R2 values, 
demonstrating improved accuracy and predictive capability. Variations in equipment, geological 
conditions, and evaluation methodologies likely account for the differences between the cited studies 
and this investigation. As noted by [17], factors such as soil and rock conditions, root mean square 
error (RMSE), model uncertainty, and statistical assumptions significantly influence the predictive 
power of empirical relationships. The higher R2 values of the lithology-based models provide 
enhanced characterization of both surface and subsurface layers within the study area and similar 
geological contexts. These correlations are particularly advantageous in regions with limited 
borehole data, saturated or loose soils, or where seismic refraction is impractical. The refined 
resistivity-Vp relationships offer a robust framework for subsurface modeling, improving 
geophysical assessments in comparable settings. 

Figure 15 highlights the correlation between SPT-N values from boreholes BH1, BH2, and BH3 
with measured resistivity and Vp of the subsurface lithologies. At SPT-N values of 15–25 blows, Vp 
and resistivity were below 500 m/s and 7.6 Ωm, respectively. For SPT-N values exceeding 50 blows, 
Vp and resistivity increased to 520 m/s and 13.4 Ωm, respectively. These correlations provide critical 
insights into subsurface material properties and geotechnical conditions. An SPT-N value of 25 
generally indicates dense, compacted materials such as dense clay, silt, or weathered rock [8,21]. 
Resistivity and Vp values below 15 Ωm and 1000 m/s suggest unconsolidated or poorly compacted 
materials, likely indicative of weathered or loose formations. Such materials may have poor drainage 
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due to fine-grained composition (e.g., clay or silt), resulting in high water retention and saturation. 
These conditions reduce resistivity and influence subsurface hydrology and foundation stability [8], 
[21]. Saturated, stiff clay or silt, characterized by high blow counts and low resistivity/Vp values, 
aligns with findings of compacted but water-saturated materials [77,78]. SPT-N values exceeding 50 
blows, which indicate highly compacted soils or potential bedrock, were excluded from the 
correlation analysis. According to [73], such values suggest resistance beyond standard SPT 
capabilities, often representing dense sands, gravels, hard clays, or cemented layers suitable for 
foundation applications. These high blow counts reflect robust layers, offering high bearing capacity 
and minimal deformation under loads. 

 
Figure 15. SPT-N correlation with seismic velocity and resistivity corresponding to the depth of the SPT-N. 

From all the borehole data collected in the research area, five sets of SPT (N) and geophysical 
data were chosen based on the depth of the SPT-N used for correlation analysis. These datasets were 
used to measure the precision of the statistical correlations created between SPT-N and geophysical 
data for the study area. The precision of the SPT-N values for the selected data was evaluated using 
the empirical relationships in Eqs. 13 and 14, respectively. Table 4 delineates the efficacy of predictive 
equations that correlate measured and estimated geophysical datasets using borehole data at 
corresponding depths. The correlation between Vp and SPT (N) exhibits percentage matches between 
90% and 100%, whereas the correlation between resistivity and SPT (N) demonstrates percentage 
matches between 93% and 99.9% throughout the study area. Percentage matching reflects the 
accuracy, showing how closely the predicted values match the observed values. The study accurately 
describes the layers of soil and rock below the surface in the study area, showing a strong statistical 
link between SPT (N) and the datasets. This association underscores the differences in lithological 
characteristics, including density, porosity, and compaction, vital for geotechnical and geological 
assessments. The integration of these prediction models shows substantial possibilities for enhancing 
subsurface research, minimizing borehole drilling expenses, and effectively evaluating geological 
conditions over extensive regions. 

Table 4. Performance of the predicted equations and their percentage matching. 

S/N Velocity (Vp) (m/s) Resistivity (Ωm) 

SPT 

(N) 

Obs. 

Vp 

(m/s) 

Pred. 

Vp 

(m/s) 

Percentage 

Matching 

SPT 

(N) 

Observed 

Resistivity 

(Ωm) 

Predicted 

Resistivity 

(Ωm) 

Percentage 

Matching 

(%) 
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1 30 899.55 810.19 90.07 14 9.3154 8.7037 93.4335 

2 29 825.58 774.07 93.76 17 9.1196 9.0964 99.7456 

3 50 1520.34 1532.59 100.81 17 9.1056 9.0964 99.8990 

4 27 760.86 701.83 92.24 30 10.8702 10.7981 99.3367 

5 25 641.99 629.59 98.07 42 13.1114 12.3689 94.3369 

Table 5. Summary of the resistivity-Vp regression analysis for specific lithologic units and their engineering 
implications. 

Lithologic 

units/Clusters 

Range of 

Vp values 

(m/s) 

Range of ρ 

values 

(Ωm) 

R2 

values 

Engineering Implication  

Cluster 1: Topsoil 

(Clayey/silty sand) 

<100–700 0–20  0.9656 Unconsolidated lithology which 

is unsuitable for engineering 

structures 

Cluster 2: 

Completely 

weathered layer 

(medium clayey silt) 

700–1100 5– 30  0.9770 Not ideal for extensive 

construction projects; moderate 

compaction is recommended for 

lighter structures with enhanced 

reinforcement. 

Cluster 3: Highly 

weathered/highly 

fractured units (stiff 

to hard clayey silt) 

1100–1400 30–50  0.9590 Moderate compaction is needed, 

along with excavation of loose 

soils and sealing water paths, to 

strengthen the load-bearing 

capacity. 

Cluster 4: Relatively 

weathered bedrock 

(hard to very hard 

clayey silt/silty clay) 

1400 to 

>1900 

50 to >125 0.9639 Well-compacted, making the 

layer more reliable for 

supporting heavy loads, 

complex, and stable structures. 

Sealing continuous water 

sections further improves load-

bearing capacity. 
The relationships between SPT-N, resistivity, and Vp are quantified with strong correlation 

coefficients (R2) of 0.9052 for resistivity and 0.9192 for Vp, demonstrating predictive accuracies of 
90.52% and 91.92%, respectively. Positive slopes in Eqs. 13 and 14 confirm a direct relationship, where 
increasing SPT-N corresponds to higher resistivity and Vp, indicative of increasing soil density or 
strength. This trend suggests a transition from low-density/strength to high-density/strength 
materials, marking a progression toward highly compacted or weathered lithologies [17,79]. These 
robust regression models underline the reliability of the geophysical parameters in evaluating soil 
properties and subsurface conditions. 

𝜌 = 0.1309(𝑁) + 6.8711   (𝑅ଶ = 0.9052)     13 
𝑉𝑝 = 36.12(𝑁) − 273.41   (𝑅ଶ = 0.9192)     14 
As presented in Table 5, dense lithology with low resistivity and Vp may effectively sustain 

loads due to their density but needs further consideration for drainage. Saturated, low-resistivity 
clays or silts may have settling problems under load if water content changes, thereby compromising 
the integrity of foundations over time. Layers below the ground that have these low parameter values 
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and moderate SPT-N may not be strong enough to hold heavy loads without extra soil reinforcement. 
Examining the site for foundation placement may indicate the need for ground enhancement, as these 
strata may be prone to settling, particularly under dynamic loads. 

Conclusion 

This study highlights the effective use of k-means clustering, augmented by PCA, Silhouette, 
and Elbow methods, alongside supervised linear regression, to characterize subsurface lithological 
units in the Kabota-Tawau area of Sabah, Malaysia. By integrating resistivity and Vp data obtained 
from ERT and SRT models, this research enhances the identification of lithological boundaries and 
improves geotechnical assessments through the inclusion of SPT-N values. The combined 
geophysical and geotechnical approaches provided crucial insights into subsurface properties, weak 
zones, and spatial variations in resistivity, Vp, and SPT-N. Positive correlations between these 
parameters confirm that increasing SPT-N values are associated with higher resistivity and Vp, 
suggesting a transition from low-density/strength to high-density/strength materials, which is useful 
for evaluating the suitability of subsurface conditions for engineering applications in similar 
sedimentary regions. 

K-means clustering successfully delineated distinct lithological units, identifying key resistivity 
and Vp ranges for each unit. Machine learning metrics, such as PCA, RS index, and silhouette score, 
refined the clustering process, resulting in reliable models with a silhouette score of 0.67 and an RS 
value approaching 1. A significant reduction in SSE (88.96%) further validates the precision of the 
clustering method. The R² values exceeding 0.801 for the resistivity-Vp empirical correlations 
demonstrate strong accuracy and predictive capability, with a confidence level of over 80%. This 
approach effectively classified the subsurface lithologies, identified weak zones, and highlighted key 
areas for geotechnical and geomechanical evaluation, especially in regions with limited borehole 
data. However, the assumption in k-means clustering of spherical, equally sized clusters may not 
always be accurately representing the complexities of subsurface formations. Future research could 
improve accuracy by applying advanced clustering techniques, such as fuzzy or hierarchical 
clustering, which are better suited to handle complex geological structures. Furthermore, 
incorporating machine learning algorithms like Support Vector Machines (SVM) or Random Forests 
could enhance the prediction of lithological boundaries by better modeling non-linear interactions. 
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