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Abstract This study examines the impact of collinearity on unsupervised machine learning algorithms
(UMLAs), specifically Self‐Organizing Maps (SOMs), for detecting lithological boundaries in geophysical
data. Using a multi‐scale experimental framework that includes bivariate isotropic clusters, geologically
complex Noddy simulations, and real‐world data from Victoria, Australia, we show that SOMs exhibit inherent
robustness to collinearity in variable geological settings due to their distance‐based optimization and
neighborhood smoothing. Performance evaluation across UMLAs reveals that distance‐based algorithms
maintain stability under collinear conditions, while other methodologies such as Agglomerative Clustering
show sensitivity or K‐means and Gaussian Mixtures Models (GMMs) show classification performance
degradation. Critically, collinear features improve classification when cluster separation is minimal in synthetic
models, and derivative transforms enhance boundary detection, despite high predictor correlation. We propose
the use of a Geological Complexity Index (GCI) analysis to identify areas prone to collinearity issues by
geospatially mapping a novel distinction between geologically meaningful, model‐relevant “good” collinearity
in high‐GCI settings and redundancy‐related “bad” collinearity in low‐GCI regions, which are typically
characterized by high noise‐to‐signal ratios.

Plain Language Summary Self‐Organizing Maps (SOMs) perform reliably when analyzing
correlated geophysical measurements, unlike traditional statistical clustering methods that struggle with
redundant data. This robustness stems from their distance‐based learning approach, which naturally handles
correlations between features. When geological boundaries overlap or are subtle, including correlated features
can actually improve classification accuracy rather than degrade it. We introduce a method to distinguish
between beneficial correlations—those reflecting genuine geological relationships in complex settings—and
problematic redundancy in simpler, noise‐dominated environments. This distinction helps practitioners decide
when correlated features enhance model performance and when they should be removed.

1. Introduction
Self‐Organizing Maps (SOMs) have gained popularity as an unsupervised machine learning clustering algorithm
(UMLA), which projects high‐dimensional data onto a lower‐dimensional space (Kohonen, 1990, 2013; Kohonen
et al., 1996). They can be used for pattern recognition and classification in geophysical data analysis, such as
identifying geological boundaries (Carneiro et al., 2012) and classifying lithological units from complex,
multivariate geophysical data sets (Cracknell & Reading, 2014; Reading et al., 2015; Xu et al., 2025b).

A common concern in multivariate analysis is collinearity (Tomaschek et al., 2018), where predictor variables are
highly correlated with each other (Morlini, 2006). In traditional statistical methods, such as multiple linear
regression (Morrissey & Ruxton, 2018), collinearity leads to singularity problems during matrix inversion,
resulting in unstable parameter estimates and reduced predictive power (Mason & Perreault, 1991). Conse-
quently, preprocessing techniques, such as principal component analysis (PCA), are often applied to eliminate
redundancy before analysis (Dascălu & Cozma, 2009; Jolliffe, 2002). However, there is growing evidence that
UMLAs, including SOMs, may respond differently to collinearity compared to classical statistical methods
(Curtis & Ghosh, 2011; Palomino‐Echeverria et al., 2024).

This distinction is particularly relevant in geophysical applications, where derived data sets often exhibit spatially
variable collinearity due to their shared origin and underlying geological complexity (Brazell et al., 2019; Feyen
& Caers, 2006; Fouedjio & Klump, 2019). Geophysical data processing commonly involves calculating various
transforms from raw measurements to enhance specific features of interest (Dentith & Mudge, 2014;
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Fairhead, 2015). Common transforms include vertical derivative (1VD), which enhances shallow features and
sharpens boundaries; tilt angle, which normalizes signal amplitude and enhances edges regardless of depth; and
analytical signal amplitude (ASA), which responds to magnetization boundaries regardless of direction (Isles &
Rankin, 2013; Jacobsen, 1987; Khalil et al., 2016; Smith et al., 2022). Previous studies have shown benefits from
combining multiple transforms in geological interpretation (Cooper & Cowan, 2008; Holden et al., 2008). Each
transform emphasizes different aspects of the underlying geological structures, potentially providing comple-
mentary information (Xu et al., 2024; Xu & Green, 2023). Nevertheless, these transforms are mathematically
derived from the same rawmeasurements and frequently exhibit high mutual correlation. In aeromagnetic surveys
—commonly deployed for mineral exploration—transforms including ASA and 1VD show correlation co-
efficients exceeding 0.8 in homogeneous lithological domains (Doo et al., 2007; Reid, 2007; Reid et al., 1990).
Similarly, gravity gradiometry transforms, for example, tensor components, display domain‐specific collinearity
patterns due to shared source‐field relationships (Cao et al., 2024). Recent advances in computational geophysics
and hydrology have examined collinearity variations across spatial domains using moving‐window analysis
approaches and data assimilation. For example, ensemble smoother methods with covariance localization
explicitly address domain‐dependent correlations to reduce spurious dependencies (Todaro et al., 2021). In
geophysics, Euler deconvolution workflows employ sliding‐window analysis to improve solution stability and
depth estimation reliability by reducing the effects of noise and incorrect structural index selection (Reid
et al., 1990; Stavrev & Reid, 2007; Thompson, 1982; Uieda &Barbosa, 2012). This methodology is similar to part
of the workflow adopted in fractal complexity analysis used in mineralization characterization studies (Ford &
Blenkinsop, 2008). It allows quantification of local statistical relationships between geophysical parameters.

The proposed multi‐scale experimental framework expands further on sliding window approaches allowing a
closer (three‐dimensional) evaluation of the impact of collinearity on the performance of UMLAs, particularly
SOMs, for 3D lithological boundary detection. Progressing from controlled synthetic models to real‐world
scenarios in Victoria, Australia, we also consider the transition from synthetic (less geologically complex)
models to more realistic scenarios. Central to this work is the use of forward modeling as a controlled laboratory
for collinearity analysis. By generating synthetic geological models with defined architectures and simulating
their geophysical responses using Noddy (Guo et al., 2021; Jessell & Valenta, 1996), we enable the first sys-
tematic investigation of how geological structures manifest as distinct patterns of collinearity in data. This
approach uniquely allows the characterization of geologically meaningful collinearity versus statistically
redundant collinearity, moving beyond traditional statistical treatments. The framework progresses from
controlled synthetic experiments to a real‐world case study in Victoria, Australia (Xu et al., 2025b), addressing
three research questions: (a) How does spatial variability in collinearity affect pattern classification across
geological contexts? (b) Can regional/areal collinearity mapping inform local algorithm selection and tuning
pipelines to improve geophysical processing and in turn facilitate geological interpretation? (c) What key dif-
ferences emerge between synthetic and real‐world classification outcomes, and how can they guide future ma-
chine learning applications in geophysics? Quantitative assessments of algorithm performance provide theoretical
insights into collinearity sensitivity. Findings are contextualized by the scale of synthetic models and the scope of
real‐world validation, which may affect their applicability to other crustal settings, particularly those in different
tectonic environments or in geologically and temporally distinct terranes.

2. Method
We implemented a three‐stage experimental framework to examine collinearity effects in SOM‐based
geophysical data classification. Each stage shares a common methodological core: (1) generation of input fea-
tures with known or quantifiable collinearity patterns, (2) application of SOM, and (3) quantitative evaluation
against reference labels. The stages differ in data complexity and evaluation metrics: Stage 1 used isotropic
clusters with induced statistical collinearity and implement auxiliary UMLAs, including K‐Means, DBSCAN,
Agglomerative clustering, and Gaussian Mixture Models (GMM), for clustering; Stage 2 uses geologically
realistic synthetic Noddy models to examine both geological and mathematical collinearity, involving the N‐Net
trained on known lithology labels followed by SOM‐based clustering; Stage 3 applies the methodology to field
data with inherent collinearity patterns in Victoria, Australia, implementing additional spatial correlation analysis
on SOM‐based clustering.
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2.1. Simple Synthetic Models ‐ Isotropic Clusters

To establish a baseline understanding of SOM performance under controlled conditions of cluster separation and
feature collinearity, we constructed a synthetic data set comprising two distinct isotropic clusters in bivariate
feature space. Each cluster consisted of n= 1000 points randomly sampled from bivariate Gaussian distributions.
Cluster 1 was centered at (μpc11, μpc21) = (− d/2, − d/2) with equal standard deviations σpc11 = σpc21 = σ, while
Cluster 2 consisted of n points drawn from a Gaussian distribution centered on (+d/2, +d/2), with standard
deviations σpc12 = σpc21 = σ.

To introduce controlled collinearity, we derived a third feature, PC1b, from PC1 through the transformation
PC1b = PC1 + ε, where ε represents Gaussian noise drawn from N(0, 0.02). This construction ensured strong
correlation between PC1 and PC1b while introducing minor deviations. Additionally, we included two inde-
pendent noise variables, Noise 4 and Noise 5, each drawn from standard normal distributions N(0, 1), to simulate
irrelevant features commonly encountered in real‐world data sets.

We systematically varied two parameters to control data set characteristics: the standard deviation σ, ranging from
0.2 to 0.8 to modulate intra‐cluster dispersion, and the inter‐cluster distance d, ranging from 0.5 to 6.5 to adjust
cluster distinctiveness. Figure 1 illustrates the resulting feature relationships for representative values of μ and σ.
The correlation matrix reveals the designed linear dependencies among input features, particularly the strong
correlation between PC1 and PC1b, while Noise 4 and Noise 5 remain uncorrelated with the principal
components.

2.1.1. UMLA Implementation

For simple synthetic models, we implemented a standard SOM algorithm with consistent parameters to facilitate
direct comparison across our models. Our implementation used a 20 × 20 node architecture arranged in a rect-
angular grid, maintaining sufficient resolution to capture feature space complexity while avoiding excessive
computational overhead. We conducted 1000 training iterations for each experiment, beginning with an initial
learning rate of 0.3. A Gaussian neighborhood function was used to govern the adaptation of nodes surrounding
the best‐matching unit. Euclidean distance served as the key metric for winner determination. Weight vectors
were initialized randomly within the range of input data values to ensure unbiased starting conditions. The
Unified Distance Matrix (U‐Matrix) was computed as the mean Euclidean distance between each SOM node's
weight vector and its immediate neighbors, providing a visualization of cluster boundaries and topological
structure within the trained SOM. The SOM implementation was based on the MiniSom library (Vettigl, 2025)
with custom modifications to accommodate our experimental design requirements and output analysis
procedures.

Further experimentation aimed at expanding the spectrum of ML to evaluate how other UMLAs perform with
fixed configurations aligned with the two‐cluster structure of our synthetic data sets. All expanded UMLAs
utilized scikit‐learn implementations (v1.2+) with parameters held constant across experiments (Pedregosa
et al., 2011). We briefly describe the chosen algorithms and their relative implementation. K‐Means is a partition‐
based clustering method (Milligan & Cooper, 1987). It groups data into k clusters by minimizing within‐cluster
sum of squared Euclidean distances to each cluster centroid (Ahmad & Dey, 2011; Jain, 2010). This corresponds
to assuming clusters with equal isotropic covariance structure, so the method effectively partitions data into
compact, isotropic groups. The methodology is sensitive to collinearity, as correlated features distort distance‐
based assignments (Albuslimi et al., 2021; Hajnajafi et al., 2021). As a centroid‐based algorithm, K‐Means re-
quires pre‐specification of cluster count (k). We set k= 2 to match the known generative structure of our synthetic
data. The default initialization in scikit‐learn was used to optimize centroid seeding, mitigating sensitivity to
initial conditions. The algorithm minimizes within‐cluster variance using Lloyd's iterative optimization (Portales
et al., 2025), with convergence determined by a relative tolerance of 1e− 4 and a maximum iteration of 300.
DBSCAN is a density‐based clustering method (Ester et al., 1996). It identifies clusters as high‐density regions
separated by low‐density areas. It is robust to collinearity if the underlying density structure remains discernible
but struggles with uniform density distributions (Elahifar & Hosseini, 2024; Özdemir et al., 2021). This density‐
based method requires no preset cluster count but is sensitive to distance scales. Input features were standardized
via StandardScaler to ensure equal feature weighting. The key parameters, neighborhood radius and core point
threshold, are set to 0.5 and 5, which were calibrated to separate high‐density regions while minimizing noise in
synthetic prototypes. The resulting labels were binarized using modulo 2 to align with our two‐class evaluation
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framework, converting noise points and cluster labels to binary outputs. Agglomerative Clustering is a hierar-
chical clustering method. It merges similar points iteratively, forming a dendrogram (Tokuda et al., 2022). While
it captures nested structures, collinearity can distort linkage metrics, affecting cluster cohesion (Tokuda
et al., 2022). Using a hierarchical approach, we fixed the number of clusters to 2 and applied Ward's linkage
(Miyamoto et al., 2015) to minimize within‐cluster variance during merging. Euclidean distance served as the
affinity metric. No connectivity constraints or distance thresholds were applied. GMM is a probabilistic clustering
method (Reynolds, 2009). It assumes that data is generated from a mix of Gaussian distributions. It accommo-
dates elliptical clusters but may overfit with collinear features due to covariance matrix estimation issues.
However, covariance matrix estimation can become unstable when feature collinearity induces near‐singularity in
the covariance matrix or when the ratio of samples to covariance parameters is unfavorable within individual
mixture components (Boualla et al., 2015; Wallet & Hardisty, 2019). In our data sets, both factors contribute:

Figure 1. Visualization of feature relationships in Model 1 with cluster distance of 2.0 and standard deviation of 0.4.
(a) Pairwise scatter plots of features colored by cluster membership. The diagonal presents frequency distributions for each
feature by cluster membership, while off‐diagonal panels display scatter plots of feature pairs colored by cluster assignment.
(b) Correlation matrix of the input features. Note the ∼1.0 correlation between PC1 and PC1b demonstrating the intentional
feature redundancy.
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mathematical derivatives introduce strong feature correlations, while minor lithological units occupy limited
spatial extents. The probabilistic framework assumed two Gaussian components. Full covariance matrices
accommodated elliptical cluster shapes. Parameters were estimated via Expectation Maximization (Sammut &
Webb, 2010). Convergence occurred when log‐likelihood improvement fell below 1e− 3 or after 100 iterations.

2.1.2. Performance Evaluation

Model performance was evaluated using two input configurations applied to the simple synthetic models: (a) Raw
set: a simplified set containing only the uncorrelated primary features (PC1 + PC2), and (b) Extended set: a
feature set incorporating collinear components and random noise (PC1 + PC2 + PC1b + Noise). Quantitative
evaluation includes four standard metrics: overall accuracy (the proportion of correctly classified instances),
precision and recall for each cluster, and the F1 score (the harmonic mean of precision and recall; De Diego
et al., 2022; Gong, 2021). Since ground truth labels were known for the bivariate synthetic data, they served as a
reference for comparison. To isolate the impact of collinearity, results were reported both individually and as in
performance ratios between the raw and extended input sets. Quantitative results are reported from a single,
representative run. The stability of these results was verified through a sensitivity analysis comprising 10 in-
dependent runs with different random initializations. Variation in core performance metrics is assessed using the
coefficient of variation (CV), defined as the ratio of the standard deviation to the mean and expressed as a
percentage (Lovie, 2005).

2.2. Complex Synthetic Models ‐ Noddy Geophysical Simulations

2.2.1. Synthetic Model Built‐Up

We developed six distinct geological scenarios using Noddy (Jessell & Valenta, 1996) to generate synthetic
geophysical responses, representing pseudo‐realistic subsurface 3D geological models incorporating variable
degrees of geological complexity.

Noddy is a 3D geological forward modeling package that builds synthetic models by sequentially applying
geological events such as deposition, folding, faulting, and intrusion. It can also generate gravity and magnetic
responses, making it a useful tool for testing inversion methods and developing synthetic geophysical data sets.

The six models, Q001–Q006, comprise 4–6 lithological units and 4–8 deformation events in their structural
histories. The lithological units include igneous units such as mafic volcanic (basalt), felsic intrusive (granite),
and intermediate intrusive (gabbro and diorite); regional metamorphic rocks including gneiss and schist; and
sedimentary units comprising chert, carbonaceous rock, sandstone as psammitic sediment, mudstone as pelitic
sediment, and unconsolidated sedimentary cover deposits. A set of structural brittle discontinuities, and ductile
deformation was incorporated into the model, dominated by sine folds, plane faults, igneous intrusions, and tilting
episodes.

We developed a Geological Complexity Index (GCI), which is normalized to a 0–1 scale, to quantitatively
represent the model's complexity. The index follows a weighted linear aggregation approach commonly used in
composite indicator construction (Greco et al., 2019; Nardo et al., 2008) and is conceptually consistent with the
geodiversity framework (Lindsay et al., 2013), in which geological complexity is quantified through a weighted
combination of multiple geological components to characterize model heterogeneity and structural variability.

Index = ∑
n

i=1
wi

xi
Mi

Where:

• xi = observed value for component i,
• Mi = maximum (or normalization constant) for component i,
• wi = weight of component i, with ∑wi = 1.

For GCI:

• x = [LithologyCount, DeformationEvents, StructureTypes],
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• M = [8,8,4],
• w = [0.5, 0.3, 0.2].

The weights were assigned based on the relative contribution of each component to computational complexity and
geological heterogeneity, with the lithology count receiving the highest weight due to its direct influence on
material property variations throughout the model domain. As shown in Table 1 and exemplified in Figure 2, the
map of Model Q001 spanned a 1212 by 845 m area at a resolution of 1212 × 845 grid elements.

For each Noddy model, we computed two geophysical responses through forward modeling, resulting in (a) Total
Magnetic Intensity (TMI) data, magnetic anomalies (from susceptibility contrasts and remanence), and (b)
Gravity fields, gravity anomalies (from density contrasts). We then applied first‐order vertical derivatives,
analytical signals, and tilt transforms to the geophysical responses, which are commonly used in geophysical
interpretation (Dentith & Mudge, 2014; Fairhead, 2015). The Tilt Angle, calculated as the arctangent of the ratio
between the vertical derivative and the horizontal gradient magnitude, provided edge detection capabilities
largely independent of amplitude. As shown in Figure 2, lithological units exhibit distinct but variable
geophysical signatures, which directly influence SOM clustering results. Additional maps for scenarios Q001–
Q006 are provided in the Figures S1–S6 of Supporting Information S1, and a working example of GCI is
shown in Text S1 of Supporting Information S1.

2.2.2. Collinearity and PCA Analysis

We examined two collinearity types: (a) geologically driven collinearity, where multiple geophysical responses
co‐vary due to shared geological controls, and (b) statistically redundant collinearity from mathematical deri-
vations, for example, tilt transforms of TMI data. For geologically driven collinearity, we calculated moving‐
window Pearson correlations (5 × 5 grid elements) between fundamental parameters (TMI vs. Gravity) and
Variance Inflation Factors, using a VIF threshold of 5, and mapped these zones to local GCI from Noddy's ground
truth. The local GCI is simplified to combine two equally weighted components: the Local Lithology Count and
the Lithology boarder Length, where border length counts adjacent lithology changes within each window.
Collinearity hotspots were identified when local‐to‐global correlation ratios exceeded the 90th percentile
threshold, with results visualized as correlation heatmaps overlaid with GCI contours (0–1 scale) and statistically
significant hotspots (p < 0.05).

Statistically redundant collinearity was assessed on the four geophysical parameters, including TMI, TMI Tilt,
Gravity, and Gravity Tilt, for each lithological unit present in the models. The PCA serves two purposes: (a)
visualization of feature relationships in reduced‐dimension space, and (b) quantification of variance explained by
principal components to assess the degree of collinearity within each geological setting. For each Noddy model,
we generated PCA scatter plots projecting lithological units onto the Principal Component 1 (PC1) versus
Principal Component 2 (PC2) space, where each rock type is represented by data points colored according to its
lithological classification. To facilitate interpretation and reduce visual complexity, we also created simplified
elliptical representations showing lithological unit centroids and their associated standard deviations as confi-
dence ellipses.

2.2.3. SOM Implementation and Evaluation Framework

A fundamental challenge in applying SOMs to geological interpretation is the mismatch between UMLA outputs
and geological reality. SOMs naturally partition data into a large number of distinct classes based on their
similarities, yet geological models are constructed with a predetermined number of lithological units—ranging
from 3 to 8 lithological units in our synthetic data sets. To address this challenge, we implemented two ML
pipelines that work in concert: a feedforward neural network that acts as a geological knowledge enhancer and an
SOM‐based classifier that performs the final lithological mapping. Figure 3 provides a workflow diagram of this
architecture.

The SOM implementation utilized a 25 × 25 grid architecture (625 nodes total), configured through systematic
sensitivity analysis to capture the geophysical variations present in the synthetic data sets. Grid size selection
involved evaluating configurations from 10 × 10 to 30 × 30 nodes, with classification accuracy and cluster
separation serving as optimization criteria. Smaller grid configurations failed to adequately represent the subtle
geological patterns observed in the data, while larger grids introduced computational overhead without
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meaningful performance gains. The SOM training used 15,000 iterations with an initial learning rate of 0.5 and a
sigma value of 1.5, applied to standardized input features. These hyperparameters were determined through
systematic grid search across learning rates (0.1, 0.3, 0.5, 0.7) and sigma values (1.0, 1.5, 2.0, 2.5), with the
selected configuration yielding a stable convergence.

The framework incorporates geological knowledge through a four‐layer feedforward neural network (N‐Net) that
serves as a feature enhancement (Bebis & Georgiopoulos, 1994; Liang et al., 2023). This network was initially
trained on the complete synthetic data set using an 8‐dimensional geophysical feature vector, comprising raw
magnetic and gravity measurements alongside their respective derivatives and transforms. Training used the
Adam optimizer (Kingma & Ba, 2014) over 50 epochs with dropout regularization to prevent overfitting (Sri-
vastava et al., 2014). The trained network generates probability distributions across lithological classes for each
spatial location. These probability vectors are integrated with the original geophysical features, expanding the
input space to 8 + n dimensions, where n represents the number of lithological classes for each geological model.
This augmented feature set provides the SOM with both raw geophysical signatures and learned geological
constraints, enabling unsupervised clustering that incorporates data‐driven lithological patterns while preserving
exploratory capabilities for identifying unknown geological structures. This approach renders the overall pipeline
semi‐supervised, as it combines supervised feature learning (N‐Net training) with unsupervised spatial clus-
tering (SOM).

Three progressively complex input configurations were evaluated to assess collinearity effects and feature
complexity impacts. The first set used a minimal configuration with raw TMI and gravity data only, creating a 2‐
dimensional feature vector representing the most constrained input. The second set used an extended configu-
ration combining TMI and gravity with their respective derivative transforms, producing an 8‐dimensional feature
vector that included raw TMI and gravity measurements, first vertical derivatives of both fields, tilt angle
transforms of both fields, and analytical signal transforms of both fields. This configuration introduces mathe-
matical collinearity through the derivative relationships between features. The third set applied PCA to the 8‐
dimensional feature set, retaining components explaining 95% of variance to address collinearity while preser-
ving essential geophysical information.

Figure 2. Visualization of the Noddy Model and their geophysical response quantile plot of the lithology units using percentiles (0, 10, 50, 90, 100). (a) Model Q001;
(b) Model Q002; (c) Model Q003; (d) Model Q004; (e) Model Q005; (f) Model Q006. Each panel displays a 3D block model (1212 × 845 × 470 m) and corresponding
geophysical response plots. TMI is shown in nanotesla (nT), and gravity response is in microgals (μm/s2).
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The methodology employed a multi‐stage process for lithological classification. Initial clustering begins with the
enhanced SOM performing unsupervised clustering on the augmented feature space, identifying natural data
groupings informed by both geophysical measurements and neural network‐derived geological constraints.
Following this initial clustering, K‐means clustering aggregates SOM outputs to match the expected number of
lithological units for each geological model, directly addressing the dimensional reduction challenge by
consolidating the large number of SOM nodes into geologically meaningful lithological classes. To balance the
deterministic clarity and automation provided by K‐means against the risk of partially disregarding the SOM's
topological structure, the final stage involves lithological assignment using maximum likelihood estimation,
where each cluster adopts the lithology class most frequently represented in the corresponding ground‐truth
spatial region.

Classification performance was evaluated against synthetic ground‐truth lithological maps from Noddy
geological simulations. Primary performance indicators included overall classification accuracy from pixel‐wise
comparison between predicted and ground‐truth maps, Adjusted Rand Index measuring agreement between
cluster assignments and true lithological boundaries (Hubert & Arabie, 1985), and Silhouette coefficient
assessing cluster separation quality (Rousseeuw, 1987). Detailed performance analysis incorporated confusion
matrices providing class‐wise performance assessment with both raw counts and normalized proportions, F1‐
scores for individual lithological classes that balance precision and recall, addressing class imbalance, and
confidence measures quantifying the proportion of pixels within each cluster belonging to the assigned dominant
lithology. Spatial analysis components examined misclassification mapping to identify systematic spatial error
patterns and per‐class precision and recall metrics to evaluate performance variability across lithological units.

Figure 3. Visualization of the workflow.
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2.3. Real‐World Case Study

To contextualize our synthetic model results, we present a comparative analysis of geophysical signatures from
real geological units in eastern Victoria, Australia. Following Xu et al. (2025b), this region provides an estab-
lished reference data set with known lithological classifications. The SOM was implemented using a 10 × 10
hexagonal grid, trained for 200 epochs until convergence, with Euclidean distance as the similarity metric. No
new clustering or lithological mapping was performed; rather, we analyze the geophysical feature relationships
within existing geological classifications to compare signal characteristics between real and synthetic rocks.

The geophysical survey incorporated eight data sets at 50 × 50 m resolution: TMI (Geological Survey of Vic-
toria, 2008), magnetic first vertical derivative (1VD), magnetic analytic signal (AS), potassium, thorium, total
gamma‐ray count, uranium (Minty et al., 2009; Skladzien & Bibby, 2005), and gravity measurements (Wynne &
Bacchin, 2009). The lithological classification encompasses 111,319 rock samples collected across a
330 × 115 km region (Willman et al., 2005), representing 12 distinct geological units (Xu et al., 2025c), including
psammitic and pelitic sedimentary rocks, chert (quartz‐rich sedimentary units), felsic and intermediate/mafic/
ultramafic (i/m/u) intrusive and volcanic rocks, as well as contact and regional metamorphic units. This multi‐
parameter data set is standardized to reflect realistic patterns of collinearity driven using geological processes
and interrelated measurement responses. Additional maps for the Victoria case study are provided in the Figures
S6 of Supporting Information S1.

We implemented a dual‐scale analytical approach for comparison with our synthetic models (Section 2.2). The
regional analysis encompassed the full 330 × 115 km zone, comprising 6600 × 2300 grid elements at 50 m
resolution. The local analysis involved one 60 × 40 km focus area (1200 × 800 grid elements at 50 m resolution)
selected for geological similarity to Noddy models. These local zones capture distinct lithological configurations
mirroring Q001–Q006 scenarios while maintaining consistent analytical resolution. We implemented R2, the
coefficient of determination (Dangeti, 2017), to examine the relationship between PCA‐derived feature distances
and geographic distances for each lithological unit, as it quantifies the proportion of variance in geographic
distances explained by PCA‐derived feature distances implemented by spatial correlation analysis. This analysis
quantifies whether geophysical similarity measured in PCA space correlates with spatial proximity, providing
insights into the spatial coherence of lithological classifications. For each pair of grid points within the same
lithological unit, we calculated: (a) Euclidean distance in PCA space using the first two principal components, and
(b) geographic distance based on easting and northing coordinates. High coefficient values indicate strong spatial
coherence, where geophysically similar locations are geographically clustered, while low correlation suggests
heterogeneous geophysical responses within lithological units.

3. Results
3.1. Collinearity Robustness in UMLA: Literature Synthesis

The SOM's advantageous properties are mathematically verifiable, and a worked example is shown in Text S2 of
Supporting Information S1. While traditional techniques such as linear regression, the solution requires
computing w = (XTX)− 1XTy, where singularity issues arise when columns of the design matrix X are linearly
dependent. SOMs instead use competitive learning based on Euclidean distance. The winning node i∗ for input x
is determined by i∗ = argmin

i
‖x − wi‖, where wi represents weight vectors. This L2‐normminimization remains

well‐defined regardless of the rank of x, making SOMs inherently robust to multicollinearity (Yin, 2008).

The neighborhood function's mathematical formulation explains SOMs' resilience to noise and redundancy. The
weight update rule wi(t + 1) = wi(t) + α(t) hi ∗ i(t) (x − wi(t)) incorporates a kernel function hi∗i(t), for
example, Gaussian, that smoothly distributes updates across neighboring nodes. Let input x = s + n, where s is
the shared correlated signal and n is noise. For two correlated inputs x1 = s + n1 and x2 = s + n2, the update
becomes wi ← wi + α(t) hi∗i(t) (2s + n1 + n2 − 2wi). Through this formulation, we observe that signal
components s are reinforced while noise terms n1 + n2 tend to cancel to zero mean. This is akin to an implicit
variance reduction mechanism.

From an optimization perspective, SOMs minimize a topological distortion measure (Kohonen, 2001):
∑
t
∑
i
hi∗i(t)‖x − wi‖

2. This is fundamentally different from PCA's objective of minimizing reconstruction error
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⃦
⃦X − WWTX

⃦
⃦2. By the Eckart‐Young theorem (Golub et al., 1987), the Frobenius norm error

⃦
⃦X − WWTX

⃦
⃦

F
2 equals the sum of squared discarded singular values ∑n

i= k+1σ
2
i . Here, WWTX is the rank k

approximation of X. When collinearity exists, some σi ≈ 0, the reconstruction error becomes dominated by these
near‐zero singular values and the pseudoinverse operations in PCA involving 1

σi
amplify noise, making the so-

lution numerically unstable. In contrast, SOMs are agnostic because their optimization operates directly on input‐
space distances without requiring full‐rank covariance matrices (Flexer, 1999).

Empirical validations align with these mathematical insights. Yin (2008) showed that the SOM algorithm's
Lyapunov stability, which could converge to a topology‐preserving mapping even when rank (x) < dim (x).
Flexer's (1999) clustering experiments on rank‐deficient data sets further confirmed that SOMs maintain
approximately constant quantization errorQ = 1

N∑
N
i=1‖x − wi‖

2, where N is the number of input x regardless of
the degree of collinearity. Some empirical work also suggests that SOMs may adaptively down‐weight redundant
inputs during training (Kiviluoto, 1998). For PCA, the reconstruction error grows as 1

σk
for small singular values

σk of the data matrix x. However, in most applications, PCA or factor analysis is applied beforehand to explicitly
address multicollinearity (Nourani et al., 2013).

The ability to handle collinear features is not unique to SOMs but extends to other UMLAs. Collinearity
robustness is not algorithm‐specific, but rather arises from computational primitives, including distance com-
parisons, local updates, and topological objectives (Hastie et al., 2001; Jain et al., 1999):

1. Distance‐BasedMethods AvoidMatrix Inversion: Clustering algorithms that rely solely on pairwise distances,
for example, Euclidean and Manhattan, or topological relationships, are invariant to linear dependencies in
features because they operate on the input space rather than a parameter space requiring matrix inversion. For
example, in the Agglomerative Clustering method, the linkage criterion, single, complete, Ward, etc., com-
putes pairwise distances between points or clusters, for example, d(xi,xj) = ‖xi − xj‖2 (Ramos Emmen-
dorfer & de Paula Canuto, 2021). Collinear features do not alter the relative distances as they contribute
redundantly to the norm. For example, if xi = [vi,vi] and xj = [vj,vj] where the input shows perfect
collinearity, the distance reduces to

̅̅̅
2

√
|vi − vj|, preserving ordinal relationships. Similarly, as previously

shown, the winner selection in the SOM argmin
i
‖x − wi‖ depends only on the input‐space geometry, not the

rank of the design matrix. In contrast, GMMs rely on covariance matrices (XTX) or eigen decompositions,
which fail when rank (X) < dim (X)

2. Noise Averaging in Local Updates: Algorithms that distribute learning across local neighborhoods, such as
SOMs and hierarchical clustering, implicitly average out noise in collinear features while reinforcing
consistent signals. For example, in hierarchical clustering, Ward's method merges clusters by minimizing

variance within them (Murtagh & Legendre, 2014). For collinear features, Variance = ∑
n

i=1
‖xi − μ‖2, where μ

is the cluster mean. Redundant features contribute identical directional errors, effectively weighting the true
signal more heavily. Similarly, in SOM, the neighborhood kernel hi∗i(t) smooths updates, as previously
derived.

3. Topology Preservation: In clustering, topology refers to the preservation of neighborhood relationships,
wherein data points that are proximate in the original feature space remain spatially close within the clustered
representation. This concept is analogous to maintaining the relative spatial configuration of geological for-
mations during dimensionality reduction, such as when projecting a three‐dimensional structure onto a two‐
dimensional plane. Clustering methods that prioritize topology, for example, SOMs, hierarchical clustering,
and DBSCAN, over linear separability are inherently robust to collinearity because they preserve ordinal or
structural relationships rather than optimizing linear projections. In hierarchical clustering, the dendrogram
structure relies solely on relative distances, unaffected by whether these distances result from independent or
collinear features. The cophenetic correlation—a measure of how well the dendrogram preserves input
distances—remains invariant under linear transformations of collinear features (Liu et al., 2022; Smith &
Dubes, 1980). Comparably, the topographic mapping error hi∗i(t)‖x − wi‖

2 in SOM penalizes neighborhood
violations with non‐linear dependencies.

Clustering algorithms differ in how they handle pairwise distances or density estimates, both of which can be
affected by redundant or highly correlated features. The degree of this influence varies across methods. In terms of
empirical implications, the agglomerative clustering methods although theoretically based on pairwise distances
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that ignore variable dependencies, are nonetheless affected by feature collinearity. Studies have shown that
cophenetic correlation coefficients and silhouette scores often improve when correlated features are removed or
transformed (Hastie et al., 2009; Meigoony et al., 2014; Shahrestani & Sanislav, 2025). For example, studies
consistently show that applying PCA prior to K‐means clustering improves clustering validity indices and helps
recover the underlying cluster structure in the presence of multicollinearity (Ghezelbash et al., 2023; Jain, 2010;
Jooshaki et al., 2021). Consequently, hierarchical clustering is not inherently robust to collinearity, and pre-
processing steps to reduce feature redundancy are commonly recommended. DBSCAN is comparatively less
sensitive to collinearity. Some reports caution that duplicated or highly correlated dimensions can complicate the
selection of density thresholds (ε) and skew cluster boundaries (Ester et al., 1996; Parsons et al., 2004; Saxena
et al., 2017). While DBSCAN demonstrates reasonable empirical robustness, its reliability improves when
redundant dimensions are removed or compressed (Li et al., 2023; Perafan‐Lopez et al., 2022). Similarly,
empirical evidence suggests that full‐covariance GMMs perform well when such correlations are present
(Murphy, 2012). However, when data dimensionality is high or the number of observations is limited, dimen-
sionality reduction techniques or regularization are typically used to stabilize estimation (Facchinelli et al., 2001;
Wilks, 2019).

3.2. Simple Synthetic Models: Baseline Collinearity Effects

The result from a single representative run is presented in Figure 4. It revealed systematic patterns in the
degradation of SOM performance attributable to the distinctiveness of the clusters. Figure 4 illustrates a triphasic
relationship between cluster separation and collinearity effects. The most pronounced performance differential at
minimal separation (distance 0.0–0.5), the extended feature set outperformed the raw set, suggesting that collinear
features may provide a compensatory signal when clusters overlap. This beneficial effect disappeared at moderate
distances (1.0–2.0), where performance ratios declined slightly to 0.95–0.99, indicating a decrease in initial
sensitivity to feature redundancy. Beyond this range (distance >2.0), the ratios stabilized at 0.99–1.0, as sufficient
separation rendered collinearity irrelevant. These patterns are visually corroborated by UMAP projections
(Figures 3a and 3b), where collinear features introduce measurable boundary uncertainty at intermediate distances
while maintaining overall topology. The exact performance of the SOM is shown in Figure S8 of Supporting
Information S1.

Similarly, Figure 5 shows how K‐Means, DBSCAN, Agglomerative clustering, and Gaussian Mixture Models
(GMM) respond to collinearity challenges. Unlike SOMs, these algorithms exhibited less consistent performance
patterns. K‐Means and GMM showed mild sensitivity to collinear inputs, with small gains at minimal separation
but degradation at intermediate cluster standard deviation. DBSCAN and Agglomerative Clustering were more
robust, showing degradation at low distances and high standard deviation.

3.3. Complex Synthetic Models: Geological Structure Influence

Figure 6a illustrates the comparison of classification results in NoddyModel Q002 in three feature configurations:
Raw, All, and PCA‐processed. The results suggest that the derived features, despite collinearity, can be beneficial
when paired with appropriate preprocessing, reinforcing their utility in geological interpretation. Raw data
provided reasonable but incomplete boundary delineation, while derivatives improved edge definition at the cost
of noise in homogeneous regions. PCA‐processed features delivered the most balanced results, maintaining sharp
boundaries while minimizing misclassification in uniform lithologies. Spatial correlation mapping (Figure 6b)
identifies two dominant collinearity regimes: (a) geologically driven collinearity (ρ > 0.6) concentrated at
structural boundaries (e.g., fold zones in Q002 with GCIlocal > 0.8 GCIglobal), and (b) statistically redundant
collinearity prevalent in homogeneous regions, particularly for tilt‐derived features. Classification results
demonstrate that both pelitic sedimentary and sedimentary cover inference benefits from collinearity in low‐GCI
zones, while PCA processing optimally mitigates redundant collinearity in pelitic sedimentary and intrusive
inferences in high‐GCI regions, reducing uniform lithology misclassification. Additional maps for scenarios
Q001 to Q006 are provided in the Figures S8–S12 of Supporting Information S1.

Across the 6 Noddy models, feature space organization (Figure 7) shows that geological complexity directly
impacts cluster separability—low GCIglobal exhibit well‐separated lithology ellipses (<40% overlap), whereas
high GCIglobal show >80% intersection between units such as pelitic sediments and carbonaceous rocks, for
example Figure 7f. Igneous units show tight, well‐defined ellipses with minimal overlap, while complex
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Figure 4. SOM classification results for the simple synthetic model. (a) Two‐dimensional Uniform Manifold Approximation and Projection (UMAP) showing the
geometric distribution of the raw feature set (PC1 + PC2) with cluster distance = 2.0 and standard deviation = 0.4. UMAP is a manifold learning technique used to
visualize high‐dimensional structure while preserving local and global relationships; (b) UMAP projection of the extended feature set (PC1 + PC2 + PC1b + Noise)
with cluster distance = 0.5 and standard deviation = 0.6; (c) performance ratio comparison across cluster parameters, precision ratio, (d) recall ratio, (e) F1‐score ratio,
(f) accuracy ratio. In panels (c–f), the x‐axis shows cluster distance (0.5–3.5), the y‐axis shows standard deviation (0.2–0.8), and the color map indicates metric
performance ratio, with values <1.0 indicate performance degradation with collinear features, values ≈1.0 show neutral effects, and values >1.0 demonstrate beneficial
collinearity effects.
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structural models exhibit larger ellipses with significant overlap, indicating greater geophysical similarity across
different lithological units. Table 2 reveals a systematic relationship between geological complexity (quantified
by GCI) and the effects of collinearity on lithological classification. Three distinct regimes emerge from the data:
High‐complexity models (Q006‐GCI = 0.88, Q005‐GCI = 0.68) exhibit extreme collinearity in fundamental
parameters (VIF values up to 19 for TMI in Q005), with PC1 accounting for 91%–96% of the variance. However,
these models achieve relatively modest overall accuracy (Q006: 48%–49%, Q005: 54%–59%), with PCA pro-
cessing providing consistent but incremental improvements. The high VIF values represent meaningful
geophysical covariance, as evidenced by PCA's ability to enhance performance for specific lithologies, partic-
ularly intermediate intrusive in Q005 (from 0% to 74% F1‐score). Intermediate‐complexity models (GCI 0.55–
0.61) demonstrate more substantial benefits from preprocessing strategies. Q004 shows notable improvement
with PCA processing (from 61% to 66% overall accuracy), with mafic volcanics gaining significantly (from 60%
to 71% F1‐score). Interestingly, only the Mafic volcanic unit appears to benefit from PCA processing, as the F1‐
score for the felsic intrusive unit dropped dramatically—from 62% with all inputs to 0% when using PCA‐
processed inputs. Q002 and Q003 exhibit progressive accuracy gains moving from raw data through deriva-
tive inclusion to PCA processing (Q002: 57% → 58% → 59%; Q003: 45% → 48% → 52%). The low‐complexity

Figure 5. Comparison of UMLS's Robustness to Collinearity. Rows (top to bottom): Accuracy, Precision, Recall, F1‐Score;
Columns (left to right): K‐Means, DBSCAN, Agglomerative clustering, GMM. All panels share the same spatial scale, with
cluster distance (x) ranging from 0.5 to 6.5, cluster std (y) ranging from 0.2 to 0.8, and the color map indicating metric
performance (0.6–1.4 scale) and the actual performance labeled on the grid.
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Figure 6.
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model (Q001‐GCI = 0.51) exhibits the highest overall performance, achieving 70% accuracy with PCA pro-
cessing compared to 61% with raw data. This model shows minimal collinearity (VIF < 2 throughout) and
demonstrates that preprocessing becomes increasingly beneficial as feature complexity increases. Lithological
responses vary markedly by unit type and geological context. Sedimentary cover units generally maintain
consistent performance across all models (59%–84% F1‐scores), while specialized units show model‐specific
sensitivity. Pelitic sediments respond favorably to PCA processing in most cases, mafic volcanics benefit sub-
stantially from enhanced feature sets in Q004, and intermediate intrusive shows dramatic improvement with
derivative processing in Q005. Chart and metamorphic rocks consistently achieve zero F1‐scores across all input
configurations in multiple models, indicating fundamental classification challenges that transcend preprocessing
strategies. These variations show that processing effectiveness and classification performance depend on both
geological complexity and lithological assemblage. Notably, the results reveal a novel approach to map collin-
earity effects across distinct geological domains, providing insights into the interplay between geological
structure and geophysical response.

3.4. Real‐World Analysis: Local Collinearity Variations

Real‐world lithological clustering shows significantly greater overlap compared to synthetic models, with several
rock types occupying similar regions in the PCA space. As shown in Figure 8a, Principal component analysis
reveals PC1 (51.8%) and PC2 (19.2%) as the dominant variance components, with subsequent components PC3‐
PC5 showing progressively smaller contributions with <10% variance each (full breakdown in Figures S13 of
Supporting Information S1). Sedimentary units (psammitic and pelitic rocks) form partially overlapping clusters,
indicating similar geophysical signatures despite different geological origins. Intrusive units show moderate
separation, with felsic and i/m/u rocks forming distinct but adjacent clusters. Metamorphic units closely resemble
contact metamorphic rocks, and both occupy a central position in feature space with extensive overlap with other
lithologies. Figure 8b illustrates that real‐world lithological units have larger standard deviations compared to
synthetic models, indicating greater geophysical heterogeneity within individual rock types. This heterogeneity
reflects the natural complexity of geological processes, including variable mineral compositions, alteration ef-
fects, and structural modifications that are not fully captured in synthetic models. Spatial patterns in the study area
in Figure 8c align with the PCA‐derived clusters. The documented spatial variability in rock sample density (Xu
et al., 2025b) shows that sedimentary rocks, particularly pelitic and psammitic types, exhibit a geometric clus-
tering pattern, whereas igneous and metamorphic units display more irregular spacing.

Local collinearity variations across geography in Figure 7d mirror the heterogeneity trends observed in Figure 7b.
Principal component analysis reveals PC1 (39.4%) and PC2 (23.2%), with subsequent components PC3‐PC5
showing progressively smaller contributions with <20% variance each with the full breakdown in Figure S14
of Supporting Information S1. Nevertheless, the summarized R2 for each of the 12 lithological units in both
eastern Victoria and the focused area indicate weak to no relationships between PCA‐derived feature distances
and geographic distances for most lithological units, as shown in the Figures S15 and S16 of Supporting
Information S1.

4. Discussion
4.1. Geological Context Determines Collinearity Impact

Our results demonstrate that collinearity effects are governed by cluster separability, which aligns with theoretical
expectations.

In the isotropic cluster experiments, collinearity effects were governed by the degree of separation between
clusters. When clusters were minimally separated (distance <0.5), collinear features provided compensatory

Figure 6. Lithological classification and collinearity analysis for Noddy Model Q002, GCIglobal = 0.55. (a) Classification results showing (top to bottom): Ground truth
geology; raw input clusters; all input clusters; PCA‐processed input clusters with component plots and predicted lithology maps below each column. Displayed from left
to right are the predicted lithology maps and the misclassification map. In the latter, white regions denote grid elements that were correctly classified. (b) Spatial
Collinearity Analysis: Enhanced correlation analysis between TMI and gravity responses presented as isolines to emphasize spatial continuity of geophysical
relationships. Absolute Pearson correlation coefficients (|R|, color scale 0–1) were used to represent true collinearity regardless of positive or negative correlation
direction, as both indicate statistical dependence. All maps share the same 100 m increment spatial scale (easting x, northing y).
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signals that improved classification accuracy, suggesting that redundancy can mitigate ambiguity in overlapping
distributions. This benefit diminished as inter‐cluster distance increased, with performance ratios stabilizing near
unity for well‐separated clusters. Notably, topology‐preserving algorithms like SOMs and distance‐based
methods (DBSCAN, Agglomerative Clustering) exhibited inherent robustness to collinearity, outperforming
parametric methods (K‐Means, GMM) that rely on covariance structures.

The Noddy simulations revealed that collinearity effects are modulated by geological complexity (quantified via
GCI). In low‐GCI models, mathematically redundant collinearity, for example, derivative‐induced correlations,
could be safely reduced through PCA without information loss. In contrast, high‐GCI models demonstrated that
geologically driven collinearity reflecting shared geological discontinuities (either structural, lithological or
petrophysical) enhanced classification when preserved, particularly at lithological boundaries. Intermediate‐GCI
regimes required a balanced approach where selective PCA improved discrimination of sedimentary units while
the benefits of expanded feature sets became apparent for igneous classifications.

The Victoria case study reveals how geological complexity manifests as both spatial partitioning and organi-
zational heterogeneity within lithological domains. Geological complexity, in this context, extends beyond the
number of lithological units or structural features—it represents the degree of partitioning and the internal or-
ganization of geophysical properties within and across geological boundaries. The real‐world data exhibited
pervasive within‐unit geophysical heterogeneity, evidenced by weak spatial coherence (R2 < 0.1) between PCA‐
derived and geographic distances, contrasting sharply with the relatively homogeneous synthetic lithological
units.

These observations align with the multi‐step iterative clustering approach described by Xu et al. (2025b), where
highly processed data establish broad geological domains based on regional trends, moderately processed data
refine lithological indicators, and simply processed data capture fundamental geophysical properties. Their
strategy of excluding “clean” cluster nodes at each step and progressively refining mixed components mirrors our

Figure 7. PCA representations of six Noddy synthetic models (Q001–Q006; panels a–f). For each model, the left panel displays a scatter plot of lithology types in PCA
space (PC1 vs. PC2), while the right panel presents a simplified visualization with ellipses indicating the mean and standard deviation of each lithology cluster. The X
markers indicate the centers of the SOM nodes derived from the clustering experiment using PCA‐processed inputs. Axis labels correspond to principal components
(PC1: x‐axis; PC2: y‐axis), with colors assigned according to the legend.
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finding that processing effectiveness depends on both the scale of geological partitioning and the degree of in-
ternal heterogeneity within each partition.

4.2. Implications for Adaptive SOM Implementation

Our findings have several practical implications for geoscientists applying UMLAs to geological interpretation.

1. Practitioners should reconsider conventional feature selection approaches that aggressively reduce dimensions
to eliminate collinearity. As demonstrated in our experiments and supported by studies such as Xu
et al. (2025b), collinear features can reinforce important geological patterns when used with appropriate
clustering algorithms, provided the algorithm is configured with a sufficiently detailed topology and trained to
convergence with appropriate parameters.

2. Our results support a layer‐based approach where multiple geophysical transforms, even if mathematically
derived from the same raw data, can substantially enhance boundary detection and lithological discrimination

Table 2
Performance Metrics for Different Input Configurations Across 6 Noddy Models

Model
# Input

Overall
accuracy

(%)

Adjusted
rand
score

Silhouette
score

Sedimentary
cover (%)

Psammitic
sediment

(%)

Pelitic
sediment

(%)
Metamorphic

rocks Chert
Carbonaceous

rock
Felsic

intrusive
Intermediate
intrusive

Mafic
volcanic

F1‐Score

Part (a) Classification scoring

Q001 Raw 61 0.31 0.14 84 63 0 – – – 34% – –

Q001 All 66 0.38 0.15 84 56 50 – – – 0% – –

Q001 PCA 70 0.42 0.12 84 63 0 – – – 34% – –

Q002 Raw 57 0.10 0.04 59 0 69 0% – – – – –

Q002 All 58 0.14 0.04 66 0 70 0% – – – – –

Q002 PCA 59 0.24 0.08 70 46 67 0% – – – – –

Q003 Raw 45 0.04 0.24 56 0 54 – – – 0% – –

Q003 All 48 0.16 0.12 66 0 49 – – – 0% – –

Q003 PCA 52 0.19 0.08 69 45 48 – – – 0% – –

Q004 Raw 61 0.36 0.19 81 0 50 – – – 0% – 60%

Q004 All 62 0.28 0.04 74 0 53 – – – 62% – 56%

Q004 PCA 66 0.36 0.18 77 0 61 – – – 0% – 71%

Q005 Raw 54 0.28 0.15 63 45 54 – – 31% – 0% ‐

Q005 All 56 0.32 0.15 69 44 48 – 0% 0% – 71% –

Q005 PCA 59 0.31 0.13 69 51 56 – 0% 0% – 74% –

Q006 Raw 48 0.13 0.05 67 0 0 – 0% 40% 13% – –

Q006 All 48 0.03 0.02 64 0 0 – 0% 0% 33% – –

Q006 PCA 49 0.05 0.09 65 0 4 – 0% 0% 40% – –

Model
number GCIglobal

Mean
GCIlocal

VIF
TMI

VIF
gravity

VIF TMI
derivative

VIF gravity
derivative

PC1 variance
explained (%)

PC2 variance
explained (%)

Part (b) Complexity indexes

Q001 0.51 0.065 1.8 1.8 1.43 1.39 80.90 19.10

Q002 0.55 0.067 8.8 8.4 1.29 1.43 88.80 11.20

Q003 0.55 0.065 3.4 3.4 1.13 1.15 80.90 19.10

Q004 0.61 0.067 7.3 7 2.22 2.4 84.70 15.30

Q005 0.68 0.065 19 17 1.72 2.53 95.50 4.50

Q006 0.88 0.065 2.1 2 2.52 2.57 90.60 9.40
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Figure 8. PCA of Victoria rock samples. (a) Scatter plot showing lithology types in PCA space (PC1 vs. PC2); (b) Elliptical representations of cluster means and standard
deviations for each lithology; (c) Rock samples in Victoria. Modified from Xu et al. (2025b). The blue dashed box shows the location of the focused area in panel (c).
The x‐axis represents easting, unit in meters. The y‐axis represents northing, unit in meters. Coordinate: GDA 94 (Zone 55). (c) Inferred lithology map of the focused
area in Victoria, modified from Xu et al. (2025b), and its elliptical representations of cluster means and standard deviations for each lithology. The color presents the
corresponding lithology units and sample units in the legends.
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(Ghoneim et al., 2024; Wang et al., 2024). The N‐Net's output layer appends class‐probability dimensions to
the original 8 geophysical features, yielding an 8 + n dimensional feature vector. Incorporating the learned
class‐probabilities is known to enhance class separability in deep neural networks (He & Su, 2023). None-
theless, expanding the feature space reintroduces classic high‐dimensional challenges. The curse of dimen-
sionality (Banks & Fienberg, 2003) describes how adding dimensions exponentially inflates the feature‐space
volume. It also grows as the distance to the nearest neighbor approaches the distance to the farthest neighbor,
meaning that distance‐based metrics lose discriminative power (Beyer et al., 1999).

3. Our experiments demonstrate that additional improvements can be achieved through hybrid preprocessing
strategies. The combination of dimension reduction techniques, for example, PCA, with post‐processing
approaches, for example, label smoothing (Gong et al., 2018; Müller et al., 2019), proved particularly
effective, consistent with the findings of Nourani et al. (2013), who applied wavelet decomposition before
SOM clustering. The development of adaptive SOM implementations should consider local collinearity
patterns when determining optimal network architecture and training parameters. Areas with high input
correlation may benefit from larger neighborhood functions to promote smoothing, while regions with in-
dependent features may require more focused learning to preserve sharp boundaries. This adaptive approach
represents a departure from traditional uniform parameter selection and aligns with recent advances in spatially
adaptive machine learning for geophysical applications.

4. Our study emphasizes that the optimal approach depends on the specific geological context and signal‐to‐noise
characteristics of the available data. Research has consistently shown that derivative products improved edge
detection despite introducing collinearity, while in low‐noise settings lead to clear lithological contrasts (El‐
Omairi & El Garouani, 2023; Rafati et al., 2014; Zhenlong et al., 2023). This context dependence suggests that
successful implementation requires careful consideration of local geological conditions rather than application
of universal preprocessing protocols.

5. Conclusion
This study demonstrates that collinearity in geophysical data sets does not universally impair unsupervised
machine learning classification performance, challenging conventional preprocessing assumptions. Through
systematic evaluation across synthetic and real‐world scenarios, we establish that Self‐Organizing Maps and
related distance‐based clustering algorithms exhibit inherent robustness to feature correlation due to their
mathematical formulation and topological optimization objectives. Our experimental framework reveals that
collinear features improve classification when (a) cluster separation is minimal, requiring additional feature
dimensions to resolve ambiguities, and (b) geological complexity demands enhanced boundary detection capa-
bilities. The geospatial variability of collinearity effects necessitates adaptive rather than uniform preprocessing
strategies, as optimal feature utilization depends on local geological complexity and signal characteristics.

This convergence reveals that collinearity is not merely a statistical artifact to be eliminated, but rather a signature
of geological processes that can be used or mitigated depending on the context. For instance, alteration zones
associated with mineralization often emerge in higher‐order PCA components, which are frequently disregarded
despite their relevance for mapping ore‐related features (Behera & Panigrahi, 2022; Pradhan et al., 2022; Skilbrei
& Kihle, 1999). Our results support adaptive layer‐based approaches where multiple geophysical transforms,
even if mathematically derived from the same raw data, can enhance boundary detection and lithological
discrimination in complex geological settings while potentially introducing redundancy in simpler
configurations.

While our synthetic experiments provide valuable controlled insights, several limitations warrant consideration.
The synthetic models, while geologically realistic, represent idealized scenarios without the measurement noise,
processing artifacts, and incomplete geological knowledge that characterize real‐world data sets. The Victoria
case study, though representative of southeastern Australian geology, captures a specific tectonic environment
and lithological assemblage that may not encompass the full range of collinearity patterns present in other
geological settings. Furthermore, quantitative performance metrics, while providing objective measures, may not
fully capture the nuanced interpretation requirements that ultimately determine the success of clustering algo-
rithms in supporting geological reasoning and hypothesis testing.
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