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Abstract
Mineral Prospectivity Mapping (MPM) is an pivotal methodology for identifying 
prospective deposits across large regions using complex geophysical datasets. 
The application of machine learning could significantly improve these processes. 
However, a critical challenge in data-driven mineral prospectivity mapping is the 
class imbalance between the mineralized locations and large background, which can 
severely limit model performance. To address this, this study systematically evaluates 
two machine learning workflows: a supervised Multilayer Perceptron (MLP) and a 
contrastive representation learning with radius classifier. The algorithm applied to 
a geophysical dataset from Finland included integrated data balancing (M ≈ N ), 
nested cross-validation, and methods for uncertainty quantification (radius distance 
and Shannon entropy) and interpretability (Shapley Additive exPlanations(SHAP)). 
The supervised MLP performed well with an Area Under the Curve (AUC) of 0.99, 
perfect of recall 100%, and Geometric Mean (G-mean) of 0.9937. The Shapley 
Additive explanations analysis showed that magnetic and pseudo-gravity anomalies 
are among those more significant features. Findings indicate that a well developed 
MLP can address significant data imbalance, successfully reducing the investigation 
footprint to around 1% of the total area while detecting all known deposits. The use 
of uncertainty maps showed that such deposits are found in high-confidence zones 
(low-uncertainty) along transitional corridors at geological boundaries, providing a 
reliable and economical framework for directing mineral exploration.

Keywords  Mineral prospectivity mapping, Multilayer perceptron, Contrastive 
representation learning, Uncertainty estimation, Model interpretability

1  Introduction
Mineral Prospectivity Mapping (MPM) is a geospatial scientific method that focuses 
on identifying areas with high potential for mineral deposits [1]. MPM economically 
reduces exploration expenses by focusing on high-probability areas. MPM helps in 
economic development and understanding of Earth surface [2]. The success of MPM, 
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however, depends on resolving intrinsic issues with data validity and quality, a process 
made more difficult by the nature of mineral exploration.

Simplicity and clarity of conventional Geographic Information System (GIS)-based 
methods—such as logistic regression and weights-of- evidence—have made them rather 
popular [3]. Nevertheless, these conventional techniques often struggle with imbalanced 
datasets found in mineral exploration; known mineral occurrences are somewhat rare 
relative to undiscovered regions. This leads to often erroneous forecasts either omitting 
important areas or producing too high false positives.

MPM is at a crucial a turning point. As near-surface deposits are becoming more and 
more scarce, mineral exploration is moving beyond intuition-based tools and towards 
data-driven, Artificial Intelligence (AI)-based tools that can interpret the complex and 
non-linear geological patterns in the high-dimensional data [4–7]. Recent reviews show 
that intelligent lithological mapping continues to be problematic in terms of data fusion 
and interpretability, and thus requires strong future frameworks [8]. Two major chal-
lenges compromise the reliability and adoption of machine learning in mineral pros-
pecting and mining: extreme class imbalance, characterized by a few known deposits 
overshadowed by millions of background locations [9–11], and the "black box" nature of 
predictive models, which affects trust and operational applicability [12, 13]. This study 
handles these challenges using a thorough comparative approach which includes con-
trastive representation learning, supervised classification, uncertainty quantification, 
and feature interpretability to attain transparent, high-performance mineral targeting.

We focus on a real-world dataset comprising only 17 annotated mineralized points 
embedded within 1,843,564 raster cells, representing one of the most imbalanced sce-
narios in geospatial prediction [14, 15]. To address this, we develop and evaluate two 
complementary workflows: (1) Contrastive Representation Learning (CRL)-Radius, a 
novel contrastive representation learning approach that learns a 2D embedding space 
from multi-source geophysical data (magnetic, gravity, electromagnetic) without rely-
ing on class labels during pre-training, then applies a simple global prospectivity circle 
to identify high-potential zones [16, 17]; (2) a supervised Multilayer Perceptron (MLP) 
trained using 17-fold nested stratified cross-validation [11, 18], where each outer fold 
holds out one entire deposit to simulate realistic discovery conditions, and an inner 
16-fold grid search optimizes hybrid resampling—Synthetic Minority Over-sampling 
Technique (SMOTE) oversampling of mineralized points and random undersampling of 
background data [19, 20];

This study is guided by three research questions: 

1.	 Does contrastive learning create embedding space where a simple global-circle rule 
both recovers known belts and reveals new corridors

2.	 With very few positives, how should we balance oversampling (M) and undersampling 
(N) to get the best generalization without adding too many synthetic points or wasting 
compute?

3.	 Do our uncertainty measures (radius distance, Shannon entropy) and SHAP 
explanations agree, so we know both where to explore and why?

The experiment demonstrates that both CRL−Radius and the supervised MLP achieve 
high recall and AUC value, effectively recovering all known deposits while concen-
trating high−prospectivity predictions into spatially continuous, corridor−like belts 
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that encompass very low study area [21]. For data−balancing state the ideal value was 
around the diagonal M ≈ N , which specifically prevents underfitting (low M, high N) 
and over-fitting (high M, low N), leading to stable F1−scores from [0.92, 1.00]. Shap-
ley Additive exPlanations (SHAP) analysis pinpoints magnetic properties (Mag AS, Mag 
TD), pseudo−gravity (Pseu Grv) and electromagnetic responses (EM Inph, Em Qd) as 
the main drivers during both embedding and classification stages [22]. More precisely, 
the CRL−Radius SHAP values identify the effect of features on the embedding structure 
while the MLP SHAP values clarify classification decisions, revealing a consistent set of 
geophysically interpretable variables.

Moreover, both the radius-based and entropy-based uncertainty maps showed that the 
recognized mineralized points lie in low uncertainty regions enclosed with thin decision 
corridors, which represent high model confidence where transition regions (i.e., among 
various classes of rocks) exist in decision spaces, and small differences or geophysical 
contrast are essential [23]. These locations are coincide with different geological features 
trends. Used alongside with SHAP, this forms a robust feedback loop: wherever uncer-
tainty is high, more investigation is required; while the feature identification clarify the 
reasons for the ambiguity or or prospective.

This paper further discusses explainable AI, which implements representation learn-
ing, balanced supervised training, and spatial prospectivity mapping. This work 
enhances geoscience towards being more consistent, clear, and useful at the same time. 
Their integration is essential in mineral exploration to foster confidence and direct field 
operations.

2  Related work
Mineral Prospectivity Mapping (MPM) has continuously evolved from traditional meth-
ods to advanced machine learning (ML) and deep learning techniques. These advances 
in machine learning can integrate geoscientific data from different source. Tradition-
ally, mineral exploration were based on statistical techniques such as logistic regression, 
Weights-of-Evidence (WoE), and fuzzy logic [1, 3, 24]. The transition from classical to 
data-driven approaches during recent decades made exploration more accurate and reli-
able by integrating data from different sources, such as remote sensing, geophysics, and 
geochemistry[2, 9].

2.1  Supervised machine learning based approaches

Supervised machine learning algorithms are commonly used techniques for MPM in 
the domain of mineral exploration. Numerous machine learning techniques help in 
recognizing the mineralization. For example random forests, support vector machines, 
ensamble learning, and multilayer perceptrons can identify complex patterns from geo-
physical and geochemical signals [9, 11]. Here, Josso et al. deployed random forests to 
forecast Fe–Mn crusts in coastal environments, while Farahnakian et al. utilized ensem-
ble learning to examine geophysical data for the prediction of minerals in Finland [2, 
11]. In order to further improve these classifiers, recent works have been able to apply 
swarm-intelligence optimization to both Support Vector Machines (SVM) [25, 26] 
and nature-inspired algorithms such as Harris Hawks optimization to Random Forests 
[27] in geochemical anomaly detection. The above models outperform classical meth-
ods, as they can identify complicated, nonlinear correlations among geological data. 
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Nonetheless, the dependency of the model on labeled data, susceptibility to class imbal-
ance, and limited capacity to quantify prediction uncertainty still continue to make them 
difficult to trust and implement in other unexplored domains.

2.2  Unsupervised/self-supervised representation learning

In MPM, unsupervised and self-supervised learning is becoming increasingly important 
as researchers consider mechanisms to use the limited amount of labelled data and bet-
ter the transfer of models across regions. Research papers with methods such as Isola-
tion Forest and Extended Isolation Forest and and Bayesian Kernel Density Estimation 
(KDE) have demonstrated that complex geoscientific data can be mineralized with 
no supervision [28, 29]. On the same note, self-organizing maps, which use a cluster-
ing mechanism, are capable of creating interpretable maps to be explored with mini-
mal manual labeling [30]. More recently, the area of representation learning has been 
given the attention it deserves due to its capacity to overcome label shortage and domain 
transfer. For example, graph-contrastive learning and Simple Framework for Contras-
tive Learning of Visual Representations (SimCLR) are used in geoscientific graph analy-
sis, subsurface imaging, and seismic interpretation. An example is contrastive graph 
attention networks, used to achieve interpretable mapping at regional scale, and they 
are effective at combining multimodal data [31]. These strategies help models in extract-
ing meaningful information from various datasets and geological contexts. Nonetheless, 
these techniques have seldom been used on tabular geophysical rasters such as mag-
netic, electromagnetic and radiometric data which are critical to MPM, which creates a 
significant research gap.

2.3  Geophysical data fusion & uncertainty quantification

In order to achieve effective MPM, complementary geophysical layers (magnetic, elec-
tromagnetic, radiometric) are to be fused in a single predictive signal. The recent lit-
erature focuses on multi-modal fusion using deep architects [32] or probabilistic models 
[33]. Zhang et al. suggested a 3D uncertainty-constrained MPM model that relies on 
Bayesian neural networks and measures epistemic uncertainty through Monte Carlo 
dropout [33]. However, the majority of uncertainty estimates do not have an interpre-
tation to them: entropy or variance maps show the points where uncertainty is actu-
ally large, but not the cause. Post-hoc MPM explanations have been attempted with 
SHAP and Local Interpretable Model-agnostic Explanations (LIME) with little or no use 
of uncertainty layers [34]. The combination of SHAP with Shannon entropy (in MLP) 
and embedding-distance uncertainty (in CRL) to form a joint where and why system of 
exploration guidance is presented in our work.

2.4  Spatial imbalance handling

This severe spatial imbalance in MPM (i.e., 17 deposits vs. 1.8 million background points) 
requires special techniques. Synthetic Minority Over-sampling Technique (SMOTE) 
and Random Undersampling (RUS) are some of the frequently used resampling tech-
niques to balance training data [19, 20]. More recent attempts propose spatially con-
scious validation (e.g. spatially k-fold CV) and hybrid resampling [11, 15]. Farahnakian 
et al. demonstrated that SMOTE + random undersampling has higher recall, but do not 
provide any recommendations to choose the oversampling (M) and undersampling (N) 
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ratios, instead of trial and error [11]. This study bridges the gap by mapping M-N trade-
offs within nested spatial CV, with systematic M-N mapping illustrating the diagonal, 
representing the stability zone that neither underfits nor overfits.

2.5  Hybrid and deep-representation approaches

Recent researches leverage the traditional ML classifier with deep learning or self-super-
vised feature extraction methods to enhance the quality of representations. Deep auto-
encoders, convolutional neural networks (CNNs) and graph-based models have been 
considered to learn spatial relation in geoscientific data [9, 35]. Deep learning archi-
tectures have proved to be highly effective in learning the complicated spatiotemporal 
behavior in various applications, including medical imaging [36, 37], which motivates 
their implementation to geological settings. The notable ones are the regimentation of 
indicator elements via convolutional algorithms [38] and the application of geologically-
constrained deep learning via frequency domain filtering to mitigate uncertainty [39]. 
Contrastive Representation Learning (CRL) has become one of the promising paradigms 
that are learning strong low-dimensional embeddings through maximizing similarity 
between samples with similar geological origins and minimizing similarity between dis-
parate samples [7]. Even though CRL has been effectively used in computer vision, its 
use on tabular geophysical data is not widely used. This study will implement a CRL-
Radius workflow to learn mineralization-relevant manifolds without explicit supervision 
and classify them with a simple geometric decision boundary.

The development of MPM has taken place in the form of supervised learning, unsu-
pervised anomaly detection, uncertainty modeling, and hybrid resampling. Neverthe-
less, the literature reviewed in Table  1 demonstrates that there are still a number of 
significant gaps that need to be filled. First, contrastive learning has not been experi-
mented with tabular geophysical data, and none of the studies have examined the qual-
ity of embeddings or simple geometric decision rules in the case of extreme imbalance. 
Second, SMOTE with undersampling is commonly used, but there is no clear bench-
mark for selecting the oversampling (M) and undersampling (N) ratios at scales beyond 
1:100,000, which often results in unstable models. Third, uncertainty and interpretability 
are normally recorded independently, and their field lacks a common strategy that com-
bines uncertainty with feature-level explanations. To address the mentioned gaps, the 
research paper is providing a combined CRL-Radius and MLP model that introduces 
embedding-based geometric classification, systematic M-N mapping under nested spa-
tial cross-validation, and combined uncertainty and interpretability to make mineral tar-
geting clearer.

3  Study area and dataset
3.1  Geographic and geological setting

The study area is located in western Finnish Lapland, which covers regions of the Kolari, 
Kittilä, and Muonio municipalities, encompassing a region approximately 70 × 75 km 
(Fig. 1A). The Geological Survey of Finland (GTK) provides diverse information incor-
porating both Archean and Paleoproterozoic domains as given in Fig. 1B. The Archean 
basement comprises paraschist, gneiss, Tonalite-Trondhjemite-Granodiorite (TTG) 
gneiss, and migmatite, as well as quartz-rich and quartz-poor volcanic rocks. The 
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Paleoproterozoic formations consist of carbonate rocks, quartzite, parschist, granites, 
and mafic-to-intermediate plutonic rocks, including diorite and gabbro.

This research mainly focuses on iron oxide-copper gold (IOCG) mineralisation. Fig-
ure 1B shows 17 known IOCG mineral occurrences in the area, which are marked with 
red stars. Most of these deposits are found along faults where synorogenic monzonite 
intrusions intersect the rock that surrounds them. The information related to these 
known mineral occurrences was taken from the national mineral deposit database of the 
GTK.1

3.2  Geophysical datasets and features

The Geological Survey of Finland (GTK) provides a diverse archive of geoscientific data, 
which includes airborne geophysical data, lithological maps, till geochemistry, etc. In 
this study, however, we intentionally used airborne geophysical data. The above strategy 
complies with the main goals of the Horizon Europe Exploration Information System 
(EIS) project that focuses on deep-penetrating indicators of the hidden mineral systems. 
The modern exploration of mineral deposits is more interested in deep-penetrating geo-
physical techniques, which play a vital role, whereas the surface information is less infor-
mative [5]. In addition, the geophysical datasets have a consistent coverage and spatial 
resolution (50 m x 50 m) of the entire area, which is important for minimizing sampling 
bias and achieving robustness in machine learning analysis [6].

Surface-based datasets, like till geochemistry and detailed lithological maps, have not 
been incorporated since they have an irregular spatial distribution in most instances. 
These datasets are primarily near-surface processes and in most cases, they have to be 
heavily interpolated to get continuous coverage which may impose some level of uncer-
tainty and bias in the analysis.

1 https://tup​a.gtk.fi/pa​ikkatieto/m​eta/mine​ral_deposits.html

Fig. 1  Study area geology with known mineral occurrences (red stars). A The study area location in Finland. B The 
generalized geology of location area

 

https://tupa.gtk.fi/paikkatieto/meta/mineral_deposits.html
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3.2.1  Data generation and processing

The layer of geophysical evidence was created by The Geological Survey of Finland 
(GTK) based on low-altitude aerial geophysical surveys that were conducted between 
1972–2007 and flown with a standard 200  m line spacing and with a nominal terrain 
clearance of about 30 m. The preprocessing of these survey data was carried out using 
common methods like leveling and micro-leveling. The operations reduce the noise 
of the data and improve the geographic uniformity of the study area. The procedures 
resulted in spatially uniform raster grids which could be utilized in the analysis at the 
regional scale. Local geomagnetic parameters were considered because the magnetic 
measurements are affected by the main magnetic field of Earth. The magnetic inclination 
of the area of study is 77.1◦ and magnetic declination is 7.7◦E at the equivalent location 
of 67.5◦N and 24.0◦E respectively as per the National Oceanic and Atmospheric Admin-
istration (NOAA) / National Centers for Environment Information (NCEI) International 
Geomagnetic Reference Field (DGRF2000).

To ensure objectivity and reproducibility, no manual weighting of expert and/or sub-
jective enhancement of the individual layers was performed on the individual layers. 
Before being used in any machine learning method, all geophysical layers were resa-
mpled to a uniform spatial resolution of 50 m × 50 m. The layers were then scaled to 
the numerical range between 0 and 1, thus ensuring that there was equivalent spatial 
weighting among datasets that had different physical units and dynamic ranges [6].

The final resulting dataset comprised 13 geophysical evidence layers, which are derived 
using magnetic, airborne electromagnetic, and radiometric data.

3.2.2  Mineral systems framework and evidence layer selection

The IOCG mineral system is viewed in mineral prospectivity mapping as a set of inter-
acting ore-forming subsystems, which operate before, during and after mineralization 
[5, 40]. These subsystems are made up of metal and fluid sources, fluid transportation 
routes, mineral deposition, and preservation conditions. All geophysical evidence layers 
were thus identified and subjected to processing to reflect one or more of these subsys-
tems using measurable physical properties.

 	• Airborne Electromagnetic (AEM) Data (Traps and Deposition): The AEM dataset 
accounts for the electrical properties of the subsurface.2 The features it includes are 
the in-phase and quadrature components of the secondary field, apparent resistivity, 
and the electromagnetic ratio. The above features are sensitive to variations in the 
electrical conductivity of the subsurface and give an indirect measure of the changes 
in hydrothermal, fluid circulation and lithological difference [41]. They show the 
process of mineral formation. Areas that have high electrical conductivities usually 
indicate the presence of sulfide minerals or fluid openings. These areas may either be 
physical or chemical traps where the metals are accumulated or deposited with time 
[5, 41].

 	• Magnetic Data (Source and Pathways):The magnetic data show how the Earth’s 
magnetic field changes because of the qualities of rocks underneath the surface.3 
The magnetic data is available in the form of Total Magnetic Intensity (TMI) and its 

2 https://tup​a.gtk.fi/pa​ikkatieto/m​eta/aero​electromagnetic_raster_data_of_finland.html
3 https://tup​a.gtk.fi/pa​ikkatieto/m​eta/aero​magnetic_raster_data_of_finland.html

https://tupa.gtk.fi/paikkatieto/meta/aeroelectromagnetic_raster_data_of_finland.html
https://tupa.gtk.fi/paikkatieto/meta/aeromagnetic_raster_data_of_finland.html
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different derivatives, like the analytic signal, tilt derivative, the directional cosine of 
the tilt (45◦), and pseudogravity. These derivatives contribute to the strengthening of 
the geological boundaries, structural discontinuities, and the contrast of variations 
between subsurface densities. In mineral systems, the magnetic layers mostly 
illustrate processes that happen before and during mineralization. TMI and the 
pseudogravity are sensitive to the intrusive rocks and are sources of heat and metal 
[42]. In addition, the derivatives show faults and structural corridors. These corridors 
are channels through which the hydrothermal fluids are transported through the 
crust [40].

 	• Radiometric Data (Preservation and Footprint): Radiometric dataset involves the 
use of natural gamma radiation on the surface of the earth to establish the quantity 
of the radioelements present in the air.4 These data include potassium (K), uranium 
(U), thorium (Th), and total gamma-ray. These layers consider both the natural 
gamma radiations and near-surface geochemical variations [43]. Radiometric 
characteristics mainly represent the subsequent phases of mineralization. They are 
used to demonstrate the degree of preservation of a mineral system. These features 
determine areas of alteration e.g. potassic alteration and broader geochemical 
patterns in relation to IOCG mineralization [6, 43].

Figure 2 shows 13 geophysical evidence layers and positions of 17 known mineralized 
occurrences. These layers provide information on different physical properties of the 
subsurface, such as electrical conductivity (AEM data), magnetic susceptibility, magnetic 
derivatives structural features, and near-surface geochemical data (radiometric K, U, Th 
and total gamma). The layers has different features of mineral systems such as trapping 
events, fluid pathways and geochemical signatures. The majority of mineral occurances 

4 https:​​​//tu​pa.​gt​k.fi/paikka​tiet​o/meta​/aeroradi​ometri​c_ra​st​er_data​_of_finland.html

Fig. 2  Generated geophysical evidence layers used in the study area (Lapland, Finland). All 13 maps are normal-
ized to the range between 0 and 1 for consistency. The yellow stars locate the position of the 17 known mineralized 
IOCG occurrences. The data includes a–d electromagnetic, e–h magnetic intensity and generated derivatives, i 
pseudogravity, and j–m radiometric. Data sourced from GTK

 

https://tupa.gtk.fi/paikkatieto/meta/aeroradiometric_raster_data_of_finland.html
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are related to anomalies, which can be found in several evidence layers. Therefore, this 
spatial relationship reveals that the geophysical evidence layers can provide valuable 
geological information for mineral prospectivity mapping.

3.3  Final dataset composition

A dataset with two classes, known deposit locations and geophysical background points, 
presents an extreme imbalance for mineral prospectivity mapping(MPM). The dataset 
has 17 annotated (mineralized) samples, which are the places where positive (the known 
IOCG deposits) are located. The other 1,843,564 raster (background) points, which are 
not known to have large deposits, are the negative (non-mineralized) samples. The 13 
geophysical features listed above describe each sample, whether it is positive or negative. 
The ratio to the mineralized to the non-mineralized points is approximately 1 to 108,445.

All background points considered as negative represent a simplifying assump-
tion. Carranza et al. discusses that background locations in MPM should be unknown 
because they might contain mineral deposits [44]. However, the simplifying assumption 
is commanly used when working with large and imbalanced data in MPM. In particular 
Farahnakian et al. used the above mentioned approach on IOCG data, treating the back-
ground data as non-mineralized for machine learning modeling [11].

The above assumption is valid in this research due to two reasons. To begin with, the 
fact that the frequency of mineral deposits is very low (approximately 1:108,445) implies 
that the chance of accidental sampling and discovering a latent deposit and declaring it 
negative is very low. Second, random undersampling of samples eliminates this potential 
further, given that the likelihood of such sparse latent deposits taking over the training 
data is minimized. Therefore, the backgrounds are mostly regarded as non-mineralized, 
yet they play the critical role in mineral exploration. False positive is not necessarily 
inappropriate in MPM. It is typically a sign of the location of a new deposit. The model is 
made to identify these high-probability locations so they can be further explored.

4  Methodology
This section details the computational methodology to develop and evaluate mineral 
prospectivity mapping(MPM) in extremely imbalanced data environment. The main 
issue is the presence of very few amount of known mineral locations compared to the 
whole background area. In order to handle this class imbalance, robust validation and 
two different pipelines namely, (1) a geometric (radius) classifier based on Contrastive 
Representation Learning (CRL-Radius), and (2) a supervised Multilayer Perceptron 
(MLP), were implemented.

This methodological framework aims at addressing significant issues in MPM through 
the integration of state-of-the-art techniques. The problem of severe data imbalance 
is handled by implementing effective tactics such as data resampling and classification 
threshold optimization— methods supported in recent MPM research [10, 11].

4.1  Nested cross-validation

A powerful validation techniques called Nested cross-validation was implemented to 
obtain an unbiased estimate of the model performance and tune hyperparameters. This 
two-level approach is important for the prevention of information leakage from the 
model tuning process to the final performance evaluation.
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The stratification in Stratified K-Fold Cross-Validation (SKCV) is vital since it makes 
sure that the very small number of positive samples persists the same across all folds, 
such that no fold has zero positive cases.

 	• Outer Loop (Model Evaluation):A 17-fold Stratified K-Fold Cross-Validation (SKCV) 
was deployed for the final model assessment. Given the 17 annotated samples, this 
procedure is equivalent to a Leave-One-Out Cross-Validation (LOOCV) for the 
positive class. During each of the 17 iterations, an annotated point is held out as 
the test set, and the model is trained on the remaining 16 annotated points along 
with the corresponding background raster data. The performance metrics from each 
of the 17 test sets are collected and averaged to produce the final reported model 
performance.

 	• Inner Loop (Hyperparameter Tuning): For each of the 17 outer folds, a different 
16-fold SKCV was run on the 16 training data. The only thing this inner loop 
does is use Grid Search to get the best hyperparameters. A model is trained on 15 
annotated points and tested on the last one for each set of hyperparameters. The 
hyperparameter set that gives the best average performance over these 16 inner folds 
is chosen and used to train the final model for that outer loop.

4.2  Class imbalance handling

A major challenge in mineral prospectivity is the class imbalance, as mineralized loca-
tions are scarce compared to the background points. To fix this:

 	• Synthetic Minority Over-sampling Technique (SMOTE): This method makes fabricate 
samples of the minority class in the training.

 	• Random Undersampling (RUS): Under samples negative examples to get a balanced 
class distribution, thereby preventing the model from being biased towards majority.

 	• Fold-wise application: To prevent data leakage, Both oversampling and 
undersampling are implemented on the training split of each fold to prevent from 
data leakage.

This hybrid approach makes sure that classifiers get required minority and majority sam-
ples during training without altering the validation or test data.

4.3  Foundational methodologies

4.3.1  Multilayer perceptron

A multilayer perceptron (MLP) is a type of supervised deep neural network that contains 
multiple layers of nodes, encompassing an input layer, one or more hidden layers, and an 
output layer. Except for those in the input layer, every node is a neuron that makes use of 
a non-linear activation function. This structure has been specifically created to replicate 
the behavior of neurons in the human brain.

Figure 3 shows a picture of the fundamental components of a multilayer perceptron 
(MLP). It shows a general block diagram that shows how the MLP architecture func-
tions when put together. Input Layer: This layer gets the input signal. Hidden layer: This 
is the name for the levels that are in between the input and output layers of a multilayer 
perceptron (MLP). These layers are mostly in charge of doing the real math that the MLP 
does. Output Layer: This layer makes the network’s final prediction or output.
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4.3.2  Contrastive representation learning

Siamese Networks have emerged as a fundamental architecture in the domain of con-
trastive representation learning. Their objective is to acquire a feature space in which 
similar samples are grouped together, while dissimilar samples are spread apart. The Sia-
mese Network has been widely adjusted for several representation learning tasks, espe-
cially in situations when labeled data are scarce but an abundance of unlabeled data.

As illustrated in the Fig. 4, a Siamese Network consists of two or more identical sub-
networks, usually neural networks, that share similar architecture and weights. Follow-
ing the processing of one of the two input samples by each subnetwork, the outputs of 
these subnetworks are subsequently compared using a contrastive loss function.

Twin Networks At the heart of a Siamese Network, there lie two identical subnet-
works. Typically, these subnetworks consist of deep neural networks such as multilayer 
perceptron (MLP) or convolutional neural networks (CNNs) designed for processing 
picture input. The primary characteristic is that both subnetworks possess identical 
parameters (weights and biases), which means that the procedure of extracting features 
is the same for both inputs.

 	• Input Layer: The Siamese Network is capable of processing two inputs, which may 
include pictures, text, or any other form of statistical information. Typically, these 
inputs are denoted as x1 (positive pair) and x2 (negative pair).

 	• Shared Network Architecture: Every input passes through a network fθ , which is 
parameterized by θ. The function fθ(x) transforms the input x into a feature space 

Fig. 4  Schematic representation of a siamese network for contrastive representation learning

 

Fig. 3  Representation of multilayer perceptron neural network
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that allows for the quantification of the similarity or dissimilarity between the input 
features. Given that the networks are identical, we have fθ(x1) and fθ(x2).

 	• Embedding Layer: The embedding layer can use the results from the subnetworks to 
make feature vectors with fewer dimensions. That means these vectors can used to 
estimate the similarity between different inputs.

 	• Distance Measure: Distance based measure is a measure which is used to measure 
the outputs of the two networks. The Euclidean distance is the most frequent 
metric, however depending on the application, other metrics like cosine similarity 
can also be used.The Euclidean distance between the outputs fθ(x1i) and fθ(x2i) is 
calculated via the following formula, where ϵ (epsilon) is a small constant (e.g. 10−7) 
added within the square root to ensure numerical stability and prevent the undefined 
gradient in case the distance is extremely small: 

	 Di(fθ(x1i), fθ(x2i)) =
√

∥fθ(x1i) − fθ(x2i)∥2
2 + ϵ� (1)

 	• Contrastive Loss Function: In contrastive learning, the objective is to maximize the 
distance between different pairings (negative pairs) and reduce the distance between 
similar pairs (positive pairs). A contrastive loss function is employed to do this, 
consolidating the embeddings of similar pairs and separating the embeddings of 
dissimilar pairs.

 	• For a batch of N sample pairs, the contrastive loss L is given by: 

	
L = 1

2N

N∑
i=1

[
yi D2

i + (1 − yi) max(0, m − Di)2
]

� (2)

 Where:

 The Euclidean distance between the feature vectors is denoted by denoted by Di, 
as defined in Eq. (1).
 yi is a binary label; a value of 0 denotes a dissimilar pair of inputs and a value of 1 
indicates a similar pair of inputs.
 A margin parameter called m indicates a minimum amount that the network will 
attempt to enforce between dissimilar pairings.
 The distance between similar pairs is kept to a minimum by the first term, yi · D2

i .
 This second term, (1 − yi) · max(0, m − Di)2, encourages dissimilar pairs to be 
at least m distance units apart by penalizing negative couples only if their distance 
is smaller than the margin, m.

 By minimizing this loss function during training, the network is effectively tuned to 
generate representations that separate dissimilar inputs from similar ones and cluster 
similar inputs together.

4.4  Proposed modeling pipelines

Two different workflows were applied using methods described above of MLP and CRL, 
to assess their performances for producing mineral prospectivity mapping. Each pipeline 
is unique in its approach to learning features and classification. The next parts illustrate 
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a detailed, step-by-step description of each workflow, which aligns with the processes 
shown in the diagrams.

4.4.1  Contrastive representation learning with radius classifier(CRL-radius)

The CRL-Radius pipeline shown in Fig.  5 uses Contrastive Representation Learning 
to transform high-dimensional geophysical data into a compact 2D embedding space 
where mineralized points form dense clusters, making classification possible through a 
simple geometric proximity rule.

The compression of 13 geophysical features into embedding space is not intended to 
capture all the variations of the feature, as linear methods such as Principal Compo-
nent Analysis (PCA) do. The contrastive technique enhances the embedding by closely 
mapping samples related to mineral deposits while separating different samples. In this 
context, the method acts like a discriminative compression tool. Therefore, it boosts the 
geophysical signals that help in identifying minerals and suppresses the ones that do not 
contribute to this task.

The process begins with inner-fold contrastive training. In each inner fold, 15 anno-
tated deposits together with associated raster points are used to train a Siamese encoder 
fθ  using the contrastive loss described in Sect.  4.3.2. The encoder learns an embed-
ding function that brings similar samples closer and pushes dissimilar ones apart. Once 
trained, the encoder is applied to all relevant data in that fold—including the held-
out validation deposit and background points—to generate 2D embeddings for every 
sample.

Within each inner fold, the cluster center is computed as the mean of the 15 train-
ing-deposit embeddings. A candidate classification radius is then set as the Euclidean 
distance from this center to the inner validation annotated embedding. This candidate 

Fig. 5  Mineral prospectivity workflow using contrastive representation learning and radius-based classification
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radius represents the decision boundary for that fold. Its effectiveness is assessed by ver-
ifying that the outer validation annotated point lies inside or outside the circle.

This procedure is repeated across all 17×16 outer–inner fold combinations, resulting 
in multiple circles. These are aggregated to form a global classification circle and the 
radius is taken as the average of the optimal radii obtained from all folds.

After completing cross-validation, the Contrastive Representation Learning model 
is retrained on the entire dataset, using all annotated and raster points. The trained 
encoder embeds the full dataset into the 2D space, from which the global center is cal-
culated as the mean embedding of all annotated points. Using the previously estimated 
global radius, a global prospectivity circle is drawn in the embedding space. Each raster 
point is then evaluated: points falling inside the global circle are predicted as probable 
mineralized locations, while those outside are predicted as non-mineralized.

Predictions are evaluated using confusion matrices, Success-Rate Curves (SRC), 
uncertainty quantification, and SHAP-based interpretability applied to the embeddings 
and classifications. The final output is a prospectivity map that highlights regions with 
the highest potential for mineralization.

4.4.2  Supervised multilayer perceptron

This pipeline uses a nested spatial cross-validation method to make sure that model 
evaluation is robust along with the optimal hyperparameter tuning as shown in Fig. 6. 
The dataset is first divided into 17 outer folds (spatial K-fold cross-validation, SKCV), 
where each fold holds out one annotated deposit and its associated raster points as the 
test set. Within each outer training set, a 16-fold inner SKCV is used for hyperparameter 
optimization and decision threshold selection.

During each inner fold, the training data is balanced using a hybrid resampling strat-
egy. Annotated (positive samples) points are oversampled with SMOTE to synthetically 
expand the minority class from 15 points to 1,626,659, while negative samples (raster 
points) are randomly undersampled to match the same count, resulting in a balanced 

Fig. 6  Mineral prospectivity mapping via multilayer perceptron with nested spatial cross-validation
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dataset. These resampled data is then used to train the MLP classifier one various sets of 
hyperparameters. Hyperparameters tuning is performed on various sets of hyperparam-
eters in the inner loop.

The model selection is done with the help of a crucial metric called Geometric mean 
(G-mean) used in class imbalance scenario. We consider one of various evaluation met-
rics such as accuracy, sensitivity, specificity, weighted F1-score besides G-mean along 
with some confusion matrices to have an extensive understanding of the model. Once 
you have found the best one, you retrain the model on the entire outer training set using 
these best parameters. Next, it make predictions on the outer test set that corresponds 
with this.

This process is repeated across all 17 outer folds, and metrics are averaged to produce 
an unbiased performance estimate. After cross-validation, the best-performing MLP 
configuration is retrained on the entire dataset and used to score every raster point, pro-
ducing both probability maps and binary prospectivity maps indicating predicted min-
eral potential.

4.5  Model evaluation and selection

To ensure that we could obtain an unbiased performance estimate and perform robust 
model selection, we conducted nested cross-validation in the model evaluation. The can-
didate model was trained and evaluated multiple times with different resampling settings 
to deal with severe class imbalance in the inner loop. The geometric mean (G-mean) 
was selected as the main criterion because it strikes a balance between sensitivity and 
specificity, thus being quite fair when one of the classes is much smaller than the other. 
The Additional metrics to calculate include the accuracy, sensitivity, specificity, weighted 
F1-score, and confusion matrices.

Receiver Operating Characteristic (ROC) curve is used to test a classifier’s ability to 
distinguish between the classes. This graph shows the true positive rate in function of 
the false positive rate. The curve provides a more detailed picture showing model per-
formance at different thresholds, while the Area Under the Curve (AUC) summarizes 
this data into one number. Perfect discrimination is represented by an AUC of 1.0 for the 
model. Since a random classifier will have an AUC of 0.5; any higher value of AUC sug-
gests that the classifier is better, in terms of discrimination.

A success-rate curve, or SRC, is a plot of abundance (as the cumulative percentage 
of known deposits captured; y-axis) versus area (as the cumulative percentage of area 
inspected; x-axis), which ranks all cells in order by model scores [45]. The steeper the 
SRC, the better the priority; the diagonal indicates random selection. In conjunction 
with the SRC, the Prediction-Area (P-A) plot is also utilized to determine the practical 
utility of the model to exploration targeting [46].

The inner loop identified the optimal configuration, the corresponding model was 
then retrained on the entire outer-training set and evaluated on held-out outer-test set. 
This separation of model tuning and evaluation avoided information leakage, leading to 
performance estimates that are transferable to new spatial locations. At last, the vari-
ance estimation including uncertainty maps was implemented measuring model stability 
among folds in outputs of prospectivity.
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4.6  Uncertainty quantification and feature interpretability

There are two ways of measuring uncertainty. In the case of the MLP-based model, we 
use the Shannon entropy of the projected probability p as:

	 H(p) = − [p log p + (1 − p) log(1 − p)]� (3)

in which the outcome is normalized into [0, 1].
Entropy is strongest at p=0.5 and lowest near 0 or 1, therefore high-entropy zones are 

decision borders and suitable follow-up spots. The distance to the global prospectiv-
ity circle in the 2-D embedding determines CRL-Radius. Values near zero imply severe 
uncertainty, whereas large positive or negative distances indicate confidence.

SHAP uses Shapley values to assign each feature a local contribution to a prediction. 
Positive values push a sample toward the mineralized class, and negative values pull it 
away; averaging absolute values ranks global importance. Applied to CRL-Radius, SHAP 
shows which features move points toward the deposit-centered region of the embed-
ding. Applied to the MLP, it explains which features raise or lower predicted probability, 
giving a clear link between geophysics and model output.

4.7  Final prospectivity map generation

s The generated models were ultimately used to predict the probability of mineralization 
for all raster cells in the study area and yielded the final prospectivity maps. The model 
generated non-binary probabilities that were displayed as a prospectivity probability 
map representing the gradient of mineral potential throughout the region. Using the 
optimal decision threshold determined during the inner-loop cross-validation, a binary 
prospectivity map was generated.

5  Implementation
All experiments were conducted in a controlled computational environment to ensure 
reproducibility and scalability of the proposed method. We used several statistical, 
machine learning, and deep learning frameworks to clean, train models and for Visu-
alization. The computational pipeline was executed on a high-performance computing 
(HPC) system with specialized resources for CPU-bound and GPU-accelerated work 
loads, as appropriate based on model complexity. Systematic log of each experiment was 
maintained that included splits, model configuration, hyperparameters, and generated 
outputs as probability maps or the classification label.

Model evaluation was conducted based on nested cross-validation. The outer loop had 
17 folds, in each of which one annotated deposit was left out with the rasterized neigh-
borhood for testing, and the rest constituted the training set. In every outer training set, 
a 16-folds inner loop was performed for hyperparameter optimization and model selec-
tion. We performed preprocessing, resampling, and parameter tuning steps only inside 
the inner folds so data leakage was not an issue. Performance metrics were calculated on 
the outer test sets and averaged over the 17 folds and bootstrapped confidence intervals.

For imbalance handling, SMOTE was applied to oversample the minority class (anno-
tated deposits) and random undersampling was used to reduce the majority class (back-
ground raster points), achieving approximately a 1:1 class ratio. Resampling was applied 
only to training splits in the inner loop; validation and test splits preserved the origi-
nal class distributions. All features were standardized using a standardscaler fit on the 



Page 18 of 36Nidhi et al. Discover Computing          (2026) 29:288 

inner-training data, with separate fitting for each outer fold. For contrastive models, 
features were standardized prior to encoder training, but the resulting 2D embeddings 
were left unscaled.

Two pipelines were implemented. The first, CRL-Radius (Fig. 5), employed a Siamese 
MLP encoder trained with a contrastive loss to produce 2D embeddings where mineral-
ized deposits formed compact clusters. In each inner fold, the center of the mineralized 
cluster was defined as the mean of embeddings from the 15 training deposits, and the 
classification radius was calculated as the Euclidean distance to the embedding of the 
single validation deposit. This radius was validated against background intrusion and 
averaged across all inner folds to form a global decision boundary. After cross-valida-
tion, the encoder was retrained on all data, the full raster was embedded, and points 
were classified as mineralized if they fell inside the global circle.

The second pipeline, supervised multilayer perceptron (MLP, Fig. 6). The custom tabu-
lar dataset uses these 13 geophysical features as input, fed into a Rectified Linear Unit 
(ReLU) feedforward architecture with batch normalization and dropout. Inner loop 
hyperparameter tuning: hidden layer widths, dropout rates, learning rate, batch size, 
weight decay and class weighting. Models were trained using binary cross-entropy loss 
and Adaptive Moment Estimation (Adam) optimization with early-stopping on inner-
validation G-mean.

To guarantee reproducibility and transparency in the form of the model architecture, 
a thorough grid search was used to determine the best hyperparameters. Table 2 pro-
vides the search-space that was actually searched in the inner loop cross-validation and 
the optimal values found to be used in the final MLP model. Since the Geometric Mean 
(G-mean) is robust to extreme class imbalance, it was given priority during the selection 
process.

In second pipelines, the primary model selection metric in the inner loop was the geo-
metric mean (G-mean) of sensitivity and specificity, which provides a balanced measure 
under severe class imbalance. Outer-loop evaluation included G-mean, sensitivity, spec-
ificity, weighted F1-score, accuracy, ROC-AUC curve, and confusion matrices.

Model predictions uncertainty was measured by the variability in classification out-
comes between outer folds. An uncertainty map was created to represent the variance of 
the predicted probabilities, which was displayed alongside the corresponding prospec-
tivity probability map. The final outputs consisted of probability maps and uncertainty 
layers.

Table 2  Detailed hyperparameter search space and optimal values for the MLP model
Hyperparameter Search space Optimal value
Hidden layer sizes [(2,), (4,), (6,), (8,), (10,), (16,), (32,), (2, 2), (4, 2), (8, 2), (16, 2), (16, 4)] (16, 2)

Activation function [relu, tanh, logistic] relu

Initial learning rate [0.0001, 0.001, 0.01] 0.01

Solver [adam, sgd] adam

L2 penalty (Alpha) [0.0001, 0.001, 0.01, 0.1] 0.0001

Batch size [32, 64, 128, 256] 256

Max iterations [1000] 1000
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6  Results and discussion
6.1  Contrastive representation learning with radius classifier(CRL-radius)

The CRL-Radius pipeline constructs a low-dimensional embedding where mineralized 
points form a compact cluster, and classification reduces to a geometric rule: points are 
predicted “mineralized” if their embedding lies inside a global prospectivity circle. The 
circle’s center is the mean embedding of annotated deposits and its radius is aggregated 
from 17×16 inner–outer validation splits.

6.1.1  Inner–outer validation behavior

In each outer fold, we ran a 16-fold inner loop. For a given inner fold, the center of the 
prospectivity circle is the mean embedding of the 15 training deposits (blue points; black 
star). The radius is set by the inner-validation deposit (purple point) as its Euclidean dis-
tance from that center. We then test the outer-held-out deposit (green point) by check-
ing whether its embedding lies inside the dotted circle.

As the example in Fig. 7 shows, the inner-validation deposit typically lies near the edge 
of the training cluster, so the radius envelopes the cluster without being overly large. The 
outer-held-out deposit falls inside the circle, illustrating that the geometry learned from 
the inner loop generalizes to the unseen outer test case.

Aggregating all splits yielded a global radius of 0.1400 and a global center of (0.4636, 
0.5643) in embedding coordinates, which is shown in Fig. 8.

6.1.2  Classifier outcomes

After all the dataset was embedded and the global prospectively circle was generated, 
5,776 raster points were classified as being inside the circle, with 1,837,888 considered 
outside. Figure 8 shows the confusion matrix with all annotated deposits as positives (n 
= 17).

 	• True Negatives (TN)= 1,837,888 (99.69%) Background points were correctly 
predicted as non-mineralized.

 	• False Positives (FP)= 5,776 (0.31%) background points that we mistakenly classified as 
mineralized.

Fig. 7  One outer/inner split; training deposits (blue), mean center (black star), inner-validation deposit (purple) 
defining the radius, outer-held-out deposit (green), and the resulting circle
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 	• False Negatives (TN)= 1 (5.88%) A known deposit miss-classified by the classifier.
 	• True Positives (TP)= 16 (94.12%) → Known deposits classified as mineralized 

correctly (Fig. 9).

Effective Calculation and Interpretation of Key Metrics within Mineral Prospectivity 
Mapping (MPM):

Fig. 9  Confusion matrix for CRL-Radius classifier

 

Fig. 8  All annotated deposits in the embedding space with the global circle
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Whereas the last metric is almost "perfect", the accuracy of 99.69% sounds very good, 
but in MPM this metric does not give much information because of extreme class 
imbalance.

 	• Recall/Sensitivity (94.12%): Nearly all known deposits are identified. In MPM, this 
metric was significant because missing a deposit (FN) could mean overlooking a 
valuable target.

 	• Specificity (99.69%): Almost all of the background points are excluded from the 
mineralized class, providing an effective control against large-scale overprediction.

 	• Precision (0.28%): A small ratio of predicted mineralized points are actual known 
minerals. At early stage exploration precision will inevitably be quite low as the 
objective is to include all true deposits (at the cost of additional false positives).

 	• F1-score (0.55%): This value is low due to low precision value, which is acceptable for 
general targeting.

 	• Weighted-F1 (99.84%): High because the dominant back-ground class is almost 
perfectly classified.

 	• G-mean (0.9686): Good balance between correctly detected deposits and avoiding 
false alarms.

In the context of mineral prospectivity mapping(MPM), the outcome reflects a deliber-
ate trade-off between capturing all true mineralized locations and limiting false alarms. 
The model achieves very high recall, meaning it successfully identifies nearly every 
known deposit, which is critical in exploration since missing a deposit (false negative) 
could mean overlooking a valuable target area. This comes at the cost of low precision—
many of the points predicted as mineralized are actually background—but in early-stage 
targeting, this is acceptable. A small false positive rate applied to a very large background 
dataset naturally yields thousands of candidate locations, yet these extra points are man-
ageable because they serve as a broad initial search space.

6.1.3  Ranking power and threshold

Test performance (from higher to lower) and threshold behavior demonstrate the 
strength of the model in CRL-Radius. That is, Fig. 10 demonstrates an AUC of 0.9996, 
demonstrating nearly excellent separability between points related to mineralization and 
those background in the learned embedding space forever (predicated on the inverse-
distance score).

For exploration decision-making, the Success-Rate Curve (SRC) [45] offers a more 
meaningful perspective as shown in Fig. 11. The SRC shows that a small top-ranked frac-
tion of the study area contains the majority of known deposits, confirming the model’s 
ability to concentrate exploration effort into high-yield zones.

The global circle radius works as a human-understandable decision-threshold. Reduc-
ing the radius helps to eliminate false positives and increase precision but might result in 
some deposits being missed out (lower recall), suitable to high-confidence, focused drill-
ing campaigns. This in turn raises recall (i.e.,most of the deposits are captured) but at the 
cost of more false positives which is theoretically an ideal condition for a wider regional 
early-stage screening work-up process.
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6.1.4  Uncertainty quantification and feature interpretability

The uncertainty analysis of the CRL-radius classifier is based on the Euclidean dis-
tance between the decision radius and the point. To interpret this, these distances were 
transformed into estimated probabilities with a sigmoid function to enable us to obtain 
the Shannon entropy of each raster point (scaled between 0 and 1). The points on the 
boundary are those with a maximum entropy of 1.0 (highly uncertain) and the points 
deep inside or deep outside the radius are close to an entropy of 0.0 (high confidence).

Figure 12 demonstrates the spatial distribution of model uncertainty in a simple and 
clear manner. Dark purple areas indicate the mineralized and non-mineralized predic-
tion with high model certainty. The thin Yellow corridors indicate the areas of highest 

Fig. 11  Success-rate curve (SRC) for the radius workflow

 

Fig. 10  ROC curve for the radius workflow
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uncertainty of the model. The 17 identified mineralized locations (red stars) are gen-
erally located in high-confidence areas, with a mean probability of 0.9600 and a low 
mean entropy of 0.1215 (Table 3). The uncertainty is highest in deposit ID 2 (H=0.9999) 
because the deposit is slightly beyond the decision boundary but very close. This agrees 
with its location in Fig. 8.

Feature interpretability, assessed using SHAP values for the encoder’s first embedding 
coordinate (Fig. 13), identifies magnetic variables (Mag_AS, Mag_TD) along with grav-
ity and electromagnetic attributes (Pseu_Grv, EM_Inph, Em_Qd) as the most influential 
in shaping the learned embedding space. SHAP features ranking is based on the average 
absolute SHAP value. The SHAP values of Mag_AS are rank first due to the high abso-
lute values of the SHAP values that are mostly within the range of −0.3 to −0.6. PseuGrv 
(Rank 2) is larger in shap values which are around −0.2 to 0.8 but the mean value of 
the absolute ones is a little lesser. These SHAP values show what feature characteristics 
have an impact on the shape of the learned embedding. Features with bigger SHAP val-
ues decide how the data points are distributed and clustered around the deposit area. In 
simple terms, CRL-SHAP shows variables that determine geological similarity and litho-
logical continuity. This explains why gravity, along with electromagnetic variables, is so 
important, as shown in Fig.  13. Such properties characterize the embedding space so 
that the mineralized belts appear to be clear and connected.

Fig. 12  Uncertainty map for CRL-Radius classifier
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Table 3  Estimated probability of mineralization (P) and Shannon entropy (H) of the 17 known 
mineralized occurrences of the CRL-Radius classifier
ID Probability (P) Entropy (H)
1 0.9928 0.0613

2 0.4935 0.9999

3 0.9984 0.0174

4 0.9983 0.0185

5 0.9979 0.0220

6 0.9984 0.0167

7 0.9972 0.0279

8 0.9969 0.0299

9 0.9980 0.0208

10 0.9977 0.0234

11 0.9969 0.0299

12 0.9964 0.0345

13 0.9888 0.0885

14 0.9938 0.0540

15 0.9878 0.0949

16 0.9979 0.0217

17 0.8888 0.5035

Summary Statistics (N = 17)

Mean 0.9600 0.1215

Std. Dev. 0.1230 0.2540

Min 0.4935 0.0167

Max 0.9984 0.9999
The smaller values of the entropy mean that the model is more confident in the prediction of the deposits

Fig. 13  SHAP summary for the radius workflow
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Together, the uncertainty map guides where to focus further exploration, while the 
SHAP plot explains why predictions are made, enhancing both the operational utility 
and transparency of the CRL-Radius approach.

6.1.5  Prospectivity mapping

The final prospectivity map as shown in Fig. 14 categorizes each raster point according 
to its location in relation to the global prospectivity circle. The points inside the circle 
(orange) show possible mineralized zones, while the points outside (blue) show areas 
that are not mineralized. The red stars on the annotated deposits mostly line up with the 
orange zones. This shows that the classifier does a good job of finding known mineral-
ized belts.

The orange points show connected belts and clusters that line up with known min-
eralized deposits. They also show new areas that have not been explored enough and 
need more exploration. This pattern is quite similar to what the CRL-Radius classifier is 
meant to do: make concentrated, corridor-like areas where the embedded data is most 
like known deposits.

Fig. 14  Prospectivity map derived from the global-circle decision rule in the 2D contrastive embedding space
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6.2  Supervised multilayer perceptron

The supervised MLP workflow depicted in Fig.  6 utilized the 17-fold nested stratified 
K-fold cross-validation (SKCV) methodology to evaluate prediction performance under 
significant class imbalance. For testing, each outer fold kept one annotated deposit and 
its corresponding background raster points. The rest of the data went through 16-fold 
inner SKCV to fine-tune the hyperparameters. To address the class imbalance, a hybrid 
resampling method was used. This includes SMOTE oversampling of minority (miner-
alized) instances and random undersampling of majority (background) instances. This 
assured that the model trained from a balanced collection of classes.

6.2.1  Effectiveness of data balancing

The dataset included 17 annotated positive (mineralized) points and 1,843,564 raster 
points. We used a 17-fold stratified outer cross-validation (SKCV) method. Each outer 
fold had 16 annotated positives and 1,735,119 raster points in the training set and 1 
annotated and 108,445 raster points in the test set. We used an inner 16-fold SKCV for 
hyperparameter tuning within each outer training set. This gave us training folds with 15 
annotated positives and 1,626,659 raster points, and validation folds with 1 annotated 
positive and 108,445 raster points.

To explore a range of M (over-sampling) and N (under-sampling) combinations, we 
generated 20 logarithmically spaced values between 15 and 1,626,659. This produced 
the sequence in Fig. 15, ensuring denser sampling for small values—where changes have 
the greatest relative effect—and coarser spacing for large values—where performance 
is expected to plateau. These values formed the grid over which we evaluated model 
performance.

Fig. 15  Weighted F1-scores for different oversampling (M) and undersampling (N) combinations, showing un-
derfitting in the bottom-right, overfitting in the top-left, and optimal balanced performance along the diagonal
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The results, shown in Fig. 15, reveal three distinct regions. The area around bottom-
right corner (low M, high N) suffers from underfitting, as the minority class is poorly 
represented; weighted F1-scores drop as low as 0.33 at (M=29, N=1626659) and 0.38 
at (M=15, N=883661). The top-left corner (high M, low N) indicates overfitting: while 
scores are near-perfect, they are driven by an excessive number of synthetic positives 
combined with a small set of negatives, increasing the risk of memorizing artifacts. The 
diagonal where M ≈ N , which means balanced sampling, seems to have the most stable 
and generalizable performance. Here, weighted F1-scores consistently range from 0.92 
to 1.00 without relying on extreme sampling.

Figure  15 shows that the model’s performance improves and stabilizes when the 
amounts of oversampled positive samples (M) and undersampled negative samples (N) 
are kept about balanced. The structure, such as M = N = 6702, is a large oversampling 
of the 15 mineralized deposits, but that does not imply that the geological evidence is 
artificially overestimated. This approach involves the resampling method in the geophys-
ical features and is evaluated under the context of nested cross-validation. The findings 
of the results, in these settings, indicate that the model generalizes to previously unseen 
folds (data) rather than just memorizing the mineralized deposits. In fact, the miner-
alized locations are very sparse in the 13-dimensional feature space. Dense resampling 
gives a smooth approximation of the actual geophysical pattern of the mineral deposits, 
and thus the MLP is able to learn the pattern smoothly.

This behavior is similar to the findings of Prado et al., who showed that the balanced 
training strategy results in stable and efficient prospectivity models [47]. Although Prado 
et al. investigated small resampling ratios, this study applies their balanced-learning 
concept to larger resampling scales using an MLP model. This approach is also justified 
by the study by Farahnakian et al., who have confirmed that the hybrid resampling of 
oversampling and undersampling is effective in dealing with the issue of class imbalance 
in Finnish mineral exploration data [11]. The success-rate curve further confirms these 
results by showing that the predicted known deposits are highly concentrated in small 
regions.

Only one configuration,(1626659,1626659), achieved a perfect F1-score of 1.00 in 
this grid search. While this setting maximizes performance in terms of the metric, it 
also requires the largest possible synthetic oversampling and undersampling, resulting 
in very high computational cost and potential over-smoothing of decision boundaries. 
Several slightly smaller diagonal configurations—such as (480037, 480037), (141662, 
141662), and (76956, 76956) produced near perfect scores (0.98-−0.99) while being 
far more efficient and less prone to synthetic-data artifacts. For most applications, 
these smaller balanced settings in the good-fit zone are the practical choice, reserving 
(1626659, 1626659) for final models only when computational resources are abundant 
and marginal performance gains are critical.

6.2.2  Predictive efficiency and confusion matrix

The performance of the MLP classifier was evaluated using a confusion matrix as shown 
in Fig. 16. The model can distinguish between annotated (mineralized) points and non-
mineralized background points. From the confusion matrix, the results can be seen as 
TN = 1,820,572 (98.75%), FP = 22,992 (1.25%), FN = 0 (0.00%), and TP = 17 (100.00%). 
The model employs the following performance metrics:
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 	• Recall(100.00%): All known deposits are identified. In MPM, this metric was 
significant because missing a deposit (FN) could mean overlooking a valuable target.

 	• Specificity (98.75%): Almost all of the background points are excluded from the 
mineralized class, providing an effective control against large-scale overprediction.

 	• Precision (0.07%): A small ratio of predicted mineralized points are actual known 
minerals. At early stage exploration precision will inevitably be quite low as the 
objective is to include all true deposits (at the cost of additional false positives).

 	• F1-score (0.14%): This value is low due to low precision value, which is acceptable for 
general targeting.

 	• Weighted-F1 (99.51%): High because the dominant back-ground class is almost 
perfectly classified.

 	• G-mean (.9937): Good balance between correctly detected deposits and avoiding 
false alarms.

In MPM, the objective is to attain perfect recall by allowing certain false positives to 
ensure that no deposit is missed. A total of 22,992 background points were identified as 
probable mineral points, thereby narrowing the search to very promising regions.

6.2.3  Ranking power and threshold

The performance of the MLP model as a predictor was re-evaluated rigorously with 
three complementary metrics to overcome possible evaluation bias: the Receiver Oper-
ating Characteristic (ROC) curve, the revised Success-Rate Curve (SRC), and the Predic-
tion-Area (P-A) plot.

The AUC of the ROC curve (Fig. 17) is 0.9986 indicating that the mineralized and the 
background samples are very discriminated.

To identify the practical utility of the model to exploration targeting we used Pre-
diction-Area (P-A) plot proposed by the recent reviews of imbalanced data in mineral 
prospectivity [46]. First, the continuous predictive probabilities of the model were reclas-
sified with the aid of the data-driven Concentration-Area (C-A) fractal model in order to 
form the plot. The Prediction-Area plot (Fig. 18) compares the rate of prediction with 

Fig. 16  MLP confusion matrix
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the area of study that is being occupied at different levels of probability. The model is 
able to predict, at the intersection of the two curves, 70% of the known deposits with 
only 30% of the total area. The intersection has a normalized density of 2.33 and the 
objective weight of 0.85. Since prospectivity models with normalized density above 1 is a 
good predictor of a mineral site [48], the high-prospectivity areas indicated by the MLP 
model give good targets to be used in further exploration.

To further validate the model, the Success-Rate Curve (Fig. 19) shows that the model 
is capable of ranking the most likely locations of minerals in the correct order [45]. The 
curve is steep and takes a huge percentage of known incidences in the highest percentile 
of the study area. This confirms mineralization is strongly correlated with the high prob-
ability scores which effectively narrows the search space during follow-up exploration. 

Fig. 18  MLP prediction–area curve

 

Fig. 17  MLP ROC-AUC curve
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These findings are consistent with those of Farahnakian et al. (2024), who found that 
MLP worked more effectively as an imbalanced data classifier [11].

6.2.4  Uncertainty quantification and feature interpretability

We applied an Shannon entropy formula based on information theory to predicate 
uncertainty of the MLP classifier. The uncertainity of model is high(i.e.1) when its pre-
dicted probability is 0.5 and low(0) when the prediction is 0 or 1.

The uncertainty map based on entropy (Fig.  20) shows that MLP model offers high 
confidence in most of the study area. To measure this observation quantitatively, we 
computed the Shannon entropy of the predicted probabilities of the 17 known mineral-
ized sites (Table 4).

The quantitative analysis presented in Table 4 proves the presence of the known 
deposits in low uncertainty (high confidence) zones. The model indicates high mineral-
ization probabilities (mean P ≈ 0.97) of the known occurrences giving a very low mean 
entropy of 0.099. This means that the model is assured that it identified the following 
specific targets.

Spatially, the deposits themselves are often located in high-confidence areas, although 
often enclosed between thinly correlated "corridors" of increased entropy. These cor-
ridors are used as the point of transition: presumably geological contacts or structural 
boundaries, where the decision surface of the model passes between mineralized and 
non-mineralized classes. This review is also consistent with the concepts of effective 
exploration targeting presented by Yousefi et al. (2024), in which robust targets are char-
acterized by a high prospectivity and low uncertainty.

Feature interpretability, assessed using SHAP values for MLP(Fig. 21), identifies mag-
netic variables (Mag_AS, Mag_TD) along with gravity and electromagnetic attributes 
(Pseu_Grv, EM_Inph, Em_Qd) as the most influential in shaping the learned embedding 
space. In contrast to CRL-SHAP, these SHAP values show how individual features affect 
the prediction of mineralization in the supervised MLP model. The SHAP analysis of 
the MLP model indicates that Mag_AS is the most influential feature, with SHAP values 

Fig. 19  MLP cumulative success rate curve
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reaching approximately 0.9–1.0, followed by Em_Qd (Rank 2, SHAP > 0.6) and Rd_TC 
(Rank 3, SHAP ≈ 0.30). In contrast, Pseu_Grv is ranked last (Rank 13), with most SHAP 
values clustered around zero, indicating a negligible impact on the model output. Here, 
the model focuses on the variables that separate mineralized areas from the large back-
ground under extreme class imbalance. Because of this MLP model, magnetic derivative 
and other high-contrast signals look more important, as shown in Fig. 19, and help to 
decide the final mineralization prediction. Here, these SHAP values reflect influence on 
classification directly.

The uncertainty map and SHAP plot combined can give direction to subsequent 
exploration, and the rationale behind prediction can be obtained, as well as enhance the 
operational utility and interpretability of the model. The differences between Figs.  13 
and 21 indicate that the CRL-radius and the MLP play different but complementary 
roles. CRL-SHAP illustrates the effects of the features on the embedding into an valuable 
geological pattern and the MLP-SHAP explains the same features being used to make 
the distinction between the mineralized regions and the background. The consistency in 
the characteristics of magnetic, pseudogravity, and electromagnetic attributes suggests 
that these are real indicators of IOCG mineralization.

6.2.5  Prospectivity maping

This plot, Fig. 22, illustrates squeezed, high-probability areas (warm colors) contrasted 
with a low-probability background (dark blue). These high-prospectivity regions show 
up as distinct curvilinear belts that are spatially continuous.

Fig. 20  Spatial distribution of uncertainty of epistemic model using Shannon entropy. Large values (yellow) show 
transition zones at which predictions are sensitive to minor changes in geophysical features. Small values (purple) 
denote high model confidence. It is important to note that the locations of known mineralized points (red stars) 
overlap with regions of low uncertainty, and are bounded by transitional corridors
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Table 4  Estimated probability of mineralization (P) and Shannon entropy (H) of the 17 known 
mineralized occurrences
ID Probability (P) Entropy (H)
1 0.9975 0.0175

2 0.9869 0.0696

3 0.8707 0.3850

4 0.9995 0.0041

5 0.9818 0.0909

6 0.9879 0.0653

7 0.9493 0.2005

8 0.9972 0.0194

9 0.9994 0.0048

10 0.9966 0.0229

11 0.9657 0.1494

12 0.9977 0.0162

13 0.9888 0.0615

14 0.9866 0.0711

15 0.9599 0.1683

16 0.9987 0.0098

17 0.9015 0.3218

Summary Statistics (N = 17)

Mean 0.9744 0.0987

Std. Dev. 0.0384 0.1131

Min 0.8707 0.0041

Max 0.9995 0.3850
Lower entropy values indicate higher model confidence in the predicted deposits

Fig. 21  SHAP feature importance plot
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From the figure, we can see that annotated points (mineralized) are located within or 
near the most probable zones. This validates that there is a robust correlation between 
model predictions and established deposits. By targeting these clearly identified areas, 
the map highly narrows the exploratory search space for MPM.

7  Conclusion
In this research, two workflows of mineral prospectivity mapping(MPM) for extreme 
class imbalances, i.e., (1) CRL-Radius; and (2) supervised Multilayer Perceptron (MLP) 
were evaluated in an integrative framework.

The supervised MLP exhibited superior overall performance, achieving recall of 100%, 
an AUC of 0.9986, and a G-mean of 0.9937. The success-rate curve included all deposits 
that constituted less than 1% of the area, significantly reducing the exploration footprint. 
Along the diagonal line M ≈ N , the weighted F1 score constantly ranged from 0.92 to 
1.00, demonstrating no instances of underfitting or overfitting.

The CRL-Radius also has a good performance (recall 94.12%, AUC 0.9996) and 
obtained spatially continuous belt-like corridors due to its geometric rule.

According to SHAP, the key features were often identified as the magnetic and pseudo-
gravity signatures. The enhanced MLP uncertainty map is impressive with all the 17 
deposits now being detected with high confidence (low uncertainty) with narrow tran-
sitional corridors. These corridors align with geological boundaries, hence model uncer-
tainty aligns with an exploratory objective.

In conclusion, MLP did well with the class balance M ≈ N  strategy, nested cross-vali-
dation, uncertainty, and explainability. Although the CRL-MLP approach did not exceed 

Fig. 22  This map shows the spatial distribution of predicted mineralization probabilities, with warmer colors indi-
cating higher likelihoods. Annotated mineralized points (red stars) are overlaid to validate the model’s predictions
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the supervised baseline, the study lays a foundation for future hybrid representation 
learning. The joint strength of success-rate efficiency, interpretable feature importance, 
and uncertainty mapping underpins trustworthy, cost-effective exploration.
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