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Abstract

Mineral exploration, a critical endeavor for resource discovery, is inherently complex and fraught with
uncertainties stemming from diverse and often incomplete geospatial data. Traditional uncertainty
management approaches frequently fall short in this challenging environment. This paper provides a
comprehensive review of the Evidential Belief Function (EBF), a robust mathematical framework rooted
in Dempster-Shafer Theory (DST), and its application in mineral exploration, particularly in Mineral
Prospectivity Mapping (MPM). The report delves into the theoretical foundations of EBF, detailing its
core concepts and distinguishing features from classical probability theory. It systematically outlines
the methodology for EBF-based MPM, from data preparation and mass function derivation to evidence
combination and map generation. Through an examination of practical case studies, the effectiveness of
EBF in addressing real-world exploration challenges is demonstrated. A comparative analysis with
alternative MPM methods highlights EBF's strengths in explicit uncertainty modeling and robust data
fusion, while also acknowledging its limitations, particularly concerning conflicting evidence and
computational complexity. Finally, the paper explores future research directions, emphasizing the
potential for integration with advanced Al, enhancement of 3D mapping, refinement of mass function
derivation, and the development of user-friendly software tools to further advance intelligent mineral
exploration.

Keywords: Evidential Belief Function, Mineral Prospectivity Mapping, Dempster-Shafer
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INTRODUCTION

Mineral exploration is a complex, multidisciplinary process designed to identify and evaluate
mineral resources, involving a variety of geological methods to understand the distribution
of minerals, geological structures, and subsurface characteristics (Sabin, 1999; Reedman,
2012). This process typically progresses from initial discovery to eventual production
(Reedman, 2012). However, it is inherently uncertain due to complex terrains, limitations in
data acquisition, and the diverse nature of geoscientific information, which ranges across
scales, techniques, and accuracies (Yousefi et al., 2024). As global demand for critical minerals
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escalates, the need for more efficient and intelligent methods of predicting the location of
resources has become increasingly urgent (Okada, 2021; 2022; D’Orazio, 2024).

While geoscientists are eager to adopt new technologies for data processing, a degree of
skepticism persists regarding the automated interpretations of processed data. The challenge
lies in developing frameworks that can genuinely represent the nuances of geological
knowledge and the inherent unknowns. The complex nature of terrains, coupled with
limitations in data extraction and the diverse scales and accuracies of collected data,
frequently results in missing information (Carranza & Hale, 1997; Jessell et al., 2010; He, 2012).
This leads to data that is often incomplete, ambiguous, or conflicting. Traditional probabilistic
approaches, in contrast, frequently necessitate assumptions such as equi-probabilities or
independence when dealing with missing data (Guardiano & Srivastava, 1993). The pervasive
and unavoidable uncertainties and incompleteness inherent in geological data collection thus
underscore the necessity for a more flexible uncertainty framework. This fundamental
requirement positions the Evidential Belief Function as a natural fit in scenarios where
Bayesian methods might encounter difficulties due to their more stringent assumptions
(Smets & Kennes, 1994; Xu, et al 2017).

The Evidential Belief Function (EBF), rooted in Dempster-Shafer Theory (DST), offers such a
framework by providing a powerful means of modeling and manipulating uncertain
information (Dempster, 1967; Zadeh, 1986; Liu & Wang, 2017). Unlike Bayesian theory, which
directly assigns probabilities to events, DST allows degrees of belief to be distributed across
related subsets, making it well suited to situations with incomplete or conflicting data (Xiao,
2019). Its ability to represent full knowledge, partial ignorance, and total ignorance gives it a
distinctive advantage (Xiao, 2019). Moreover, EBF can integrate continuous data (e.g.,
geochemical measurements, geophysical readings) with categorical information (e.g.,
lithology, fault presence) in a unified framework (Carranza et al., 2008). This makes it
particularly robust for modern “smart systems” in geoscience that depend on diverse, multi-
source data streams (Agterberg, 1990; Marjoribanks, 2010).

This paper aims to provide a comprehensive review of the Evidential Belief Function. It will
cover its theoretical foundations, detailing its core principles and distinguishing features. The
paper will then thoroughly examine EBF's detailed application within mineral exploration,
with a specific focus on Mineral Prospectivity Mapping (MPM), outlining the methodologies
involved and illustrating them through practical case studies. Furthermore, a comparative
analysis will be conducted to assess EBF's performance against other prominent MPM
methods, highlighting its relative strengths and weaknesses. The report will also address
current challenges and limitations inherent in EBF implementation within this domain,
concluding with an exploration of promising future research directions and potential
improvements.

Theoretical Foundations of Evidential Belief Function (EBF)

The Dempster-Shafer Theory (DST), often referred to as evidence theory or the theory of belief
functions, constitutes a comprehensive mathematical framework for reasoning under
uncertainty. This theory was initially introduced by Arthur P. Dempster (Dempster, 1967;
1968) in the context of statistical inference and was subsequently developed by Glenn Shafer
into a more generalized framework for modeling epistemic uncertainty; a mathematical
theory of evidence. DST is particularly valuable in situations where the available data is
characterized by incompleteness, ambiguity, or even conflict, providing a robust mechanism
to manage such complexities. The theory allows for the combination of evidence from various

A. Olasehinde, E. C. Ashano, DUJOPAS 11 (4a): 11-29, 2025 12



Evidential Belief Functions in Mineral Exploration: Theory, Applications and Future Directions

sources to arrive at a degree of belief that comprehensively accounts for all available
information (Moon, 1990).

A key advantage of Dempster's rule is its associativity and commutativity, which means that
the order in which evidence is combined does not affect the final result, allowing for the
sequential aggregation of evidence from numerous sources. This characteristic is particularly
beneficial in multi-sensor environments, where data from various geological, geochemical,
geophysical, and remote sensing "sensors" can be systematically fused (Moon, 1990; Harris, et
al., 2015; Nykanen, 2017). The Dempster-Shafer evidence belief function theory is based on
the generalization of Bayesian lower and upper probabilities (Shafer, 1976, An et al., 1994;
Carranza and Hale 2003}. The EBFs are degree of belief, degree of disbelief, uncertainty and
plausibility (Figure 1)
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Figure1 Diagrammatic description of EBF

Assume a spatial evidence map of an area R with N(R) total number of pixel. According to
Carranza and Hale, (2003), EBF’s can be estimated as follows: The degree of belief, BelC;; that

a mineral exist is
WCijA

Belci= = 1
Y }ilwa jA ( )
A __N(cijna)
Where WaiA =—rm— )
N(D)-N(CijnA)
N(R)=N(Cij)

Thus, WcjA is the weight of Cij in terms of target mineral deposits being more present than
absent in C;; as may be expected. A weight W¢;D for Cj in data set A for proposition Dis

(disbelief that a mineral deposit exist based on Y) is defined as:
WCIijA

Dis ¢j =m 3)
Where Wia = N(Cij)_ljv((cci{jr;A) 4)
N(R)=ND)-[N(CijnA)]

N(R)-N(Cij)

Thus, Wcja is the weight of Cj; in terms of target mineral deposits being more absent than
present in Cj as may be expected. If for Cjcalculated W¢iA = 0, which means that Belc;j= 0,
then the corresponding calculated Wc;ja should be reset to zero so that the corresponding Dis
Cij =0 according to figure 1
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Uccij = 1-Belci- Discij ©
Plscij = Belcij + Unccjjor Plscij= 1- Discj ©)

Maps of EBFs of spatial evidence Map B; can be combined with maps of EBFs of spatial
evidence B, (Dempster 1968; wright and Bonham-Carter, 1996; Carranza and Hale, 2003)

BelX;BelX,+BelX;UncX,+BelX,UncX,

BelX, X, = ; o
DiSXlXZ — DileDist+DilezncX2+DisX2UncX1 (8)
UnCX X, = DKL o

Where {3 =1-Belx;Disx>-DisxiBelxy, which is the controlling factor to ensure that Bel +Unc+Dis
=1. Only maps of EBFs of two spatial evidence can be pooled each time, other maps of EBFs
representing Xz.....Xn are pooled one after the other by continual application of equation 7-9.
The concluding combination of maps of EBFs results in cohesive degree of belief, degree of
disbelief, degree of uncertainty and degree of plausibility for the intention based on set spatial
evidences.

Distinction from Classical Probability Theory and Bayesian Inference

The Dempster-Shafer Theory is not merely an alternative to classical probability theory but
rather an extension and generalization, particularly of Bayesian inference (Shafer, 1976).
Several key distinctions highlight EBF's unique capabilities:

Uncertainty Representation: Classical probability theory represents uncertainty using a
single numerical value (probability), implying a complete state of knowledge about the
likelihood of events (Shafer, 1976). In contrast, DST represents uncertainty using an interval.
This interval explicitly quantifies the degree of ignorance or ambiguity, a crucial capability
that Bayesian inference, which relies on precise probability assignments, cannot inherently
provide (Yager & Liu, 2008).

Additivity: Probability theory mandates that the probabilities of mutually exclusive events
sum to 1. DST does not impose this strict additivity requirement, offering greater flexibility in
representing situations where knowledge is incomplete or uncertain (Shafer, 1976; Yager &
Liu, 2008).

Mass Assignment: While Bayesian probability assigns values directly to individual events or
hypotheses, DST assigns "mass" to sets of possibilities (i.e., subsets of the power set).? This
allows EBF to naturally encode evidence in favor of propositions that might not be precisely
defined or for which evidence is only partially specific. Furthermore, Bayesian probability
typically assesses probabilities directly for the answer to a question of interest, whereas EBF
assesses probabilities for related questions and then considers the implications of these
probabilities for the question of interest (Shafer, 1976; Smets & Kennes, 1994).

Conflict Handling: DST provides a formal mechanism, Dempster's rule, for combining
evidence even when it is conflicting. Bayesian methods, by contrast, generally assume a
single, consistent probabilistic model, and handling conflicting evidence often requires more
complex or ad-hoc adjustments to the prior probabilities (Moon, 1990; Bonham-Carter, 1994).
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The ability of EBF to explicitly model epistemic uncertainty and ignorance through the belief-
plausibility interval is a profound advantage for geological data (Shafer, 1976). Geological
information is rarely complete or perfectly precise; there is often a genuine lack of knowledge
rather than just random variability. For example, a geologist might have strong evidence for
the presence of a specific rock type, leading to a high belief in that proposition, but possess no
information for or against the presence of mineralization within it, resulting in high
uncertainty. EBF's framework allows for a more transparent and realistic representation of
this geological reality, providing a stronger basis for decision-making in data-sparse or
ambiguous geological environments (Bonham-Carter, 1994).

Furthermore, the operational principle of Dempster's rule of combination functions as a
powerful "sensor fusion" mechanism for geospatial data (Shafer, 1976). In mineral exploration,
diverse data streams such as geological maps, geochemical assays, geophysical surveys, and
remote sensing imagery can be conceptualized as different "sensors" providing distinct "items
of evidence" about the subsurface. By combining these independent items of evidence,
Dempster's rule allows these disparate data layers to be integrated into a unified belief about
mineral potential (Gong, 1996; Carranza, 2015). This capability is critical because the multi-
source nature of exploration data necessitates a robust fusion mechanism. EBF achieves this
by allowing beliefs from different "sensors" (data types) to be combined, even when they are
partially overlapping or exhibit some level of conflict (Smets & Kennes, 1994; Yager & Liu,
2008). This systematic integration transforms fragmented geological observations into a
coherent, comprehensive understanding of prospectivity, which is essential for reducing
exploration risk (Bonham-Carter, 1994).

Mineral Exploration Data Types

Mineral exploration is inherently a data-intensive field, relying heavily on the integration of
diverse geospatial datasets to build a comprehensive understanding of the subsurface (Liu et
al., 2015). These data types provide complementary information:

Geological Data: This forms the fundamental backbone of geochemical exploration, offering
crucial insights into the Earth's composition, structure, and evolution. It encompasses
lithological data (information on rock type, composition, and texture), structural data
(orientation, deformation, and relationships between geological features like faults, folds, and
fractures), and mineralization mapping (identifying areas with high concentrations of
valuable minerals).! Geological mapping is essential for documenting rock distribution,
structural controls, and underpins the construction of three-dimensional geological models
that guide exploration and discovery (Sillitoe, 2010; Hronsky & Groves, 2013).

Geochemical Data: Geochemical data reflects geological features and is widely used in
mineral exploration, environmental assessment, and resource potential analysis. It is collected
from rock, soil, and stream sediment samples and reveals elemental compositions and
anomalies associated with mineralization. Due to the challenges of sampling in harsh natural
and geographic conditions, geochemical data often comes with medium-to-low precision and
spatial resolution (e.g., 2 km grid intervals). This data is crucial for delineating mineral
exploitation targets and identifying geochemical halos surrounding potential mineralized
zones (Bai and Zhao, 2023).

Geophysical Data: Geophysical surveys measure the physical properties of the Earth's surface
and subsurface, such as density, magnetic susceptibility, or electrical conductivity, to detect
and map variations or anomalies. These methods can be passive (e.g., magnetometry, gravity
surveys, which measure naturally occurring fields) or active (e.g., electromagnetic, electrical
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resistivity, induced polarization, and seismic surveys, which introduce artificial signals).
Geophysical data is invaluable for locating potential ore environments, delineating ore bodies,
estimating reserves, mapping geologic units, identifying faults, and targeting deposits,
providing critical three-dimensional information about the subsurface (Katiyar et al., 2024).

Remote Sensing Data: Remote sensing provides a vast amount of Earth observation data with
high spatial, temporal, and spectral resolutions. Examples include ASTER L1T data, which
contains 14 bands from visible to thermal infrared, with Short-Wave Infrared (SWIR) channels
being particularly valuable for identifying mineral types. This data is used to analyze satellite
imagery to pinpoint potential mineralization, detect surface alterations, mineral signatures,
and topographic features. It can distinguish ground objects based on their reflection spectrum,
offering rapid acquisition of spatial and spectral information over large areas (Senanayake et
al.,2023). Table provides a summary of these common geospatial data types.

Table 1: Common Geospatial Data Types in Mineral Exploration

Data Type Characteristics/ Examples Primary Information Provided
Geological Lithological maps, structural data (faults, folds), | Rock distribution, age relationships,
mineralization maps, rock outcrops. structural controls on mineralization, ore-

bearing host rocks.
Geochemical | Soil/rock/stream sediment samples, elemental Elemental anomalies, geochemical halos,

concentrations (e.g., Au, Cu, Pb, Zn), portable indicators of underlying mineralization,
XRF readings. environmental impacts.

Geophysical | Magnetic surveys, gravity surveys, Subsurface physical properties (density,
electromagnetic (EM) surveys, electrical magnetic susceptibility, conductivity),
resistivity, induced polarization (IP), seismic hidden geological structures, ore body
profiles. delineation, depth information.

Remote Satellite imagery (e.g., ASTER), airborne Surface alterations, mineral signatures,

Sensing surveys, multispectral /hyperspectral images, topographic features, land cover,
NDVL potential exploration targets over large

areas.

The inherent multi-dimensionality of mineral exploration data creates significant challenges
for integration. Each data type, while valuable, captures only a partial view of the complex
subsurface reality, and their differing characteristics (resolution, dimension, reliability) make
direct fusion difficult (Senanayake et al., 2023). This shows that any effective Mineral
Prospectivity Mapping framework must be capable of handling this multi-dimensional,
multi-resolution data mosaic, which EBF's evidence combination rule is designed to do by
treating each as an independent source of belief.

Furthermore, while data-driven methods are gaining traction, the continued importance of
expert knowledge in mineral exploration is evident. Experts play crucial roles in defining
thresholds for mass functions, selecting appropriate operators, and guiding the treatment of
spurious evidence (Katiyar et al., 2024). This highlights a trend where expert knowledge is not
being replaced but rather augmented and guided by data-driven approaches. The causal
relationship here is that raw data, especially with its inherent uncertainties and conflicts, often
lacks the contextual interpretation that geological expertise provides. EBF, being a
knowledge-driven technique that can also be data-driven, allows for a hybrid approach. This
suggests that the most effective mineral exploration strategies will likely involve a synergistic
blend of advanced computational methods like EBF with the irreplaceable insights of
experienced geologists, moving towards what is termed "knowledge-guided data-driven
modeling" (Katiyar et al., 2024).
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Application of Evidential Belief Function in Mineral Prospectivity Mapping (MPM)
Mineral Prospectivity Mapping (MPM) is a crucial process aimed at identifying locations with
a higher potential for mineral exploration by integrating various explanatory variable
(Carranza et al., 2005; Harris et al., 2015; Nykénen et al., 2017). The Evidential Belief Function
provides a robust and particularly well-suited framework for managing the inherent
uncertainties and integrating the diverse datasets encountered in MPM (Nykénen et al., 2017).
A key advantage of EBF is its explicit quantification of evidence uncertainty, a feature that
distinguishes it from many other MPM modeling techniques (Carranza et al., 2005. This
capability allows EBF to represent not only what is known (belief) but also what is unknown
(ignorance or uncertainty), and what is plausible given the evidence.

The flexibility of the Dempster-Shafer theory, which forms the basis of EBFs, in accepting and
modeling uncertainty is particularly critical when combining diverse datasets that may vary
significantly in spatial resolution, extent, and reliability (Rogova, 2008). EBF can effectively
represent situations ranging from full knowledge to partial or total ignorance, providing a
more complete picture of the geological reality than methods that force a precise probabilistic
assignment where none truly exists (Davoodabadi-Farahani et al., 2018).

Mineral exploration necessitates significant investment and resources, inherently carrying
high financial risk. EBF's capacity to generate belief, disbelief, uncertainty, and plausibility
maps provides a sophisticated view of prospectivity that extends beyond simple probability.
The uncertainty map, in particular, clearly distinguishes between a lack of information and
negative information. This direct link implies that by explicitly quantifying uncertainty and
offering different "risk-taking" (OR operator) or "risk-aversion" (AND operator) integration
strategies EBF empowers decision-makers to make more informed choices about where to
allocate costly exploration resources, such as drilling programs (Davoodabadi-Farahani et al.,
2018). Therefore, EBF functions as a sophisticated risk assessment tool, not merely a predictive
one. It enables companies to optimize their exploration budgets and de-risk projects more
effectively by focusing on areas with higher belief and lower uncertainty, or by identifying
precisely where additional data collection is critically needed to reduce epistemic uncertainty.

Case Studies and Practical Demonstrations
The theoretical advantages of Evidential Belief Functions in managing uncertainty and
integrating diverse datasets are best illustrated through their successful application in real-
world mineral exploration projects (Table 2).

A notable application of EBFs involved mapping the tungsten polymetallic potential in the
Nanling belt, South China by Liu et al., 2014. In this study, EBFs were applied to integrate
seven distinct evidential layers, which included geological, geochemical, and geophysical
data, all extracted from a multi-source geospatial database. The relationships between these
evidential layers and the known tungsten polymetallic deposits were systematically
quantified using the EBFs model. This process resulted in the generation of four
comprehensive EBF maps: a belief map, a disbelief map, an uncertainty map, and a
plausibility map, each providing meaningful interpretations for tungsten polymetallic
potential. The final predictive map effectively categorized the study area into three distinct
target zones: high potential, moderate potential, and low potential areas. Significantly, the
combined high and moderate potential areas accounted for 17.8% of the total study area and
contained 81% of the total known deposits. To evaluate the accuracy of the mapping, Receiver
Operating Characteristic (ROC) curves and the Area Under the Curve (AUC) for the belief
map were calculated. The calculated AUC of 0.81 indicated a satisfactory capability for
correctly classifying areas with existing mineral deposits. The study concluded that EBFs were

A. Olasehinde, E. C. Ashano, DUJOPAS 11 (4a): 11-29, 2025 17



Evidential Belief Functions in Mineral Exploration: Theory, Applications and Future Directions

effectively utilized for mineral potential mapping and, critically, for managing the
uncertainties associated with the evidential layers.

Another compelling demonstration of EBF's utility is its application for Pb-Zn mineral
potential targeting in the Chichakloo area, located east of Takab, Iran (Farzamian, et al., 2022).
EBF model was employed to investigate geochemical and geophysical anomalies with the
objective of delineating Pb-Zn mineralization zones. As part of the methodology, individual
belief, disbelief, plausibility, and uncertainty functions were assigned to the geophysical and
geochemical predictor maps. These individual functions were then systematically integrated
using belief function equations. The resulting belief map provided a clear indication of
significant potential for Pb-Zn mineralization in the eastern part of the study area. This
estimation was conservative, suggesting more than 50% potential for mineralization, while
the associated uncertainty was remarkably low, less than 10%. The increase in the conservative
estimate and the simultaneous decrease in the uncertainty rate within this specific zone, when
compared to individual exploration predictor maps, highlighted remarkable overlapping
anomalies, indicating a strong convergence of evidence.*> Crucially, the accuracy of the
obtained mineral potential map was subsequently validated by the results from drilled
boreholes, which confirmed the existence of Pb-Zn mineralization in the predicted areas.

These case studies collectively demonstrate EBF's robust capability to handle "messy" data
problems and provide sound solutions even when information is "missing" or incomplete, a
common scenario in geological exploration. The explicit generation of uncertainty maps is a
significant advantage, as it provides decision-makers with a clear understanding of the
reliability of the prospectivity predictions. The consistently high accuracy rates observed (e.g.,
AUC of 0.81 in Nanling, >50% potential with <10% uncertainty in Chichakloo, and 84%
success rate for Hybrid EBF methods in other studies) further validate EBF's practical utility
in real-world mineral exploration. The successful outcomes in the Nanling Belt and
Chichakloo area illustrate how EBF functions as a "confidence multiplier" in multi-source data
integration. When multiple independent (or partially overlapping) sources of evidence
converge, EBF's combination rule effectively amplifies the confidence in the shared hypothesis
(e.g., the presence of a mineral deposit) while simultaneously reducing overall uncertainty.
This is particularly evident in the Chichakloo study, where the combined map showed an
increased conservative estimate and decreased uncertainty compared to individual predictor
maps, indicating remarkable overlapping anomalies. This systematic integration implies that
EBF provides a structured methodology to leverage the collective strength of diverse,
imperfect datasets, leading to more robust and reliable prospectively models than any single
data type could achieve on its own.
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Table 2 Case Studies of Evidential Belief Functions (EBFs) in Mineral Exploration

Case Study Location Data Outputs/Maps Key Findings Validation/Accuracy
Integrated Generated
Tungsten Nanling 7 evidential Belief, - Study area ROC Curve analysis
Polymetallic | Belt, South layers Disbelief, classified into — AUC=10.81,
Potential China (geological, Uncertainty, high, moderate, | showing good
(Liuetal,, geochemical, Plausibility low potential predictive accuracy.
2014) geophysical maps zones.
from multi-
source - High &
geospatial moderate zones
database) =17.8% of area,
containing 81%
of known
deposits.
-Demonstrated
systematic
handling of
uncertainty.
Pb-Zn Chichakloo | Geochemical Belief, - Belief map Borehole drilling
Potential area, East and Disbelief, indicated >50% confirmed existence of
(Farzamian of Takab, geophysical Plausibility, potential for Pb- | Pb-Zn mineralization
et al., 2022) Iran anomalies Uncertainty Zn in predicted areas.
maps mineralization in
the eastern part.
- Uncertainty
<10% in
predicted zones.-
Clear
overlapping
anomalies
showed strong
convergence of
evidence.

Comparative Analysis with Other Mineral Prospectivity Mapping Methods

The application of the Evidential Belief Function (EBF) within mineral potential mapping has
attracted attention for its robust treatment of uncertainty and ability to integrate
heterogeneous datasets. Compared to other common GIS-based spatial modeling methods
such as the Weights-of-Evidence (WofE) model, Fuzzy Logic (FL), and Logistic Regression
(LR), EBF offers a distinct balance between interpretability and analytical rigor. Table 3
presents a synthesis of key methodological characteristics and evaluation parameters for these
approaches, while Table 4 highlights the intrinsic strengths and weaknesses of EBF, drawing
on established literature.
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Table 3. Comparative Analysis of EBF and Selected GIS-Based Methods

Criteria EBF WofE Fuzzy Logic Logistic Regression
Uncertainty Explicit modeling using | Probability-based; | Continuous Outputs probability
Representation | belief-plausibility assumes membership estimates; uncertainty
intervals, representing | conditional values captured through
ignorance and independence of representing model diagnostics
ambiguity (Shafer, evidence layers degree of truth (Hosmer et al., 2013).
1976, Sentz & Ferson, (Bonham-Carter, (Bonham-Carter,
2002). 1994). 1994).

Data Fusion Combines Combines binary | Combines Integrates multiple
heterogeneous, predictor layers standardized predictor variables;
possibly conflicting via log-odds ratio | layers using requires numerical
datasets; (Bonham-Carter, operators (AND, | encoding of
accommodates both 1994). OR, Gamma) categorical variables
categorical and (Zadeh, 1965). (Hosmer et al., 2013).
continuous data (An &

Moon, 2015).

Conflict Manages conflicting Ignores conflicting | No explicit Multicollinearity may

Handling evidence via evidence by conflict distort model
Dempster’s default. resolution; coefficients; requires
combination rule, overlap handled | pre-processing.
though high-conflict by fuzzy
cases may produce operators.
counterintuitive results
(Smets & Kennes, 1994).

Interpretability | Produces multiple Generates Membership Probability surface
maps (belief, disbelief, posterior maps are easily directly interpretable;
plausibility, probability maps. | interpretable; model coefficients
uncertainty) for requires may be abstract to
nuanced interpretation subjective non-specialists.
(Bonham-Carter, 1994). thresholding.

Computational Moderate to high; Low to moderate. Low. Moderate; increases

Demand increases with number with number of
of evidential layers predictors and
(Sentz & Ferson, 2002). transformations.

Data Requires well-defined Requires binary Requires Requires predictor

Requirements basic probability evidence maps standardized variables for all
assignments (BPAs); and training input layers. mapped locations and
flexible regarding data | points. sufficient training
scale and format (Sentz data (Hosmer et al.,
& Ferson, 2002). 2013).
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Table 4. Strengths and Weaknesses of the EBF Method

Category | Finding Details
Strength | Explicit Uncertainty Represents ignorance and ambiguity through belief-plausibility
Modeling intervals for a more complete picture of uncertainty than single
probability values (Shafer, 1976, Sentz & Ferson, 2002).
Strength | Robust Data Fusion Combines evidence from multiple, diverse, and potentially conflicting
sources essential in mineral exploration (An & Moon, 2015).
Strength | Flexibility Integrates probabilistic and categorical data; supports both data-driven
and knowledge-driven approaches (Bonham-Carter, 1994).
Strength | Interpretability Produces four distinct maps (Belief, Disbelief, Uncertainty, Plausibility)
for nuanced insights (Bonham-Carter, 1994).
Weakness | Conflict Handling Can yield counterintuitive results in high-conflict situations due to
(Dempster’s Rule) normalization ignoring conflicting mass (Shafer, 1976; Smets & Kennes,
1994).
Weakness | Computational BPA generation and evidence combination can be computationally
Complexity intensive with many attributes (Sentz & Ferson, 2002).
Weakness | Mass Function Determining BPA remains an open research issue with
Derivation subjective/quantitative trade-offs (Sentz & Ferson, 2002).
Weakness | Interpretation of Misinterpretation risk if treated as direct probabilities (Smets & Kennes,
Belief Functions 1994).

The comparison of these methods reveals a fundamental trade-off between the assumptions
a model requires and the richness of the information it can provide regarding uncertainty.
Simpler models often require stronger assumptions about the underlying data or processes
(e.g., precise probabilities, conditional independence) (Shafer, 1976). While these models can
be computationally efficient if their assumptions hold, they may be less robust when those
assumptions are violated, which is a frequent occurrence in complex geological systems.
Evidential Belief Functions (EBF), by contrast, are explicitly designed to handle “missing
information” and “discrepancies between assumptions and reality” (Bonham-Carter, 1994).
By providing a richer representation of uncertainty through its belief intervals and multiple
output maps, EBF offers more comprehensive information to the decision-maker, even if this
comes with challenges such as higher computational complexity or difficulties in mass
function derivation. This implies that the choice of method in Mineral Prospectivity Mapping
(MPM) is not solely about predictive accuracy, but equally about the transparency of
uncertainty and the model’s robustness to real-world data imperfections.

Furthermore, the analysis highlights a clear trend towards “hybridization” in MPM. Multiple
sources refer to the use of “hybrid methods” (Carranza & Hale, 2003). Specifically, Hybrid
Evidential Belief Functions (HEBFs), which combine “And” and “OR” operators, have
demonstrated improved accuracy (Carranza & Hale, 2003). Similarly, fuzzy logic, while
knowledge-driven, can be effectively integrated with data-driven approaches (Zadeh, 1965).
This suggests that no single method is universally superior for all exploration contexts or data
types. The strategic integration of elements from different frameworks such as EBF for its
robust uncertainty handling, fuzzy logic for incorporating nuanced expert knowledge, and
machine learning for identifying complex patterns allows for the maximization of overall
predictive power and robustness in MPM. This indicates that future advancements in MPM
will likely involve increasingly sophisticated hybrid models that dynamically adapt to the
specific characteristics of the exploration area and the available data, moving beyond reliance
on a single, monolithic approach. Mineral Prospectivity Mapping (MPM) relies on a variety
of quantitative and qualitative methods to integrate geological, geophysical, geochemical, and
remote sensing datasets into spatial models of mineral potential. The comparative framework
(Table 5) below synthesizes the strengths, limitations, and uncertainty-handling capabilities
of four widely used methods Weights-of-Evidence (WofE), Logistic Regression (LR), Fuzzy
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Logic (FL), and Evidential Belief Functions (EBF) and reflects on emerging hybrid

approaches.

Table 5 Summary of Comparative Analysis of Mineral Prospectivity Mapping (MPM)

Methods
Method Core Principle | Strengths Limitations Uncertainty Typical
Handling Applications
Weights- Bayesian Simple, Requires Represents Regional-scale
of- probability interpretable; conditional uncertainty as mineral
Evidence using easy to independence; probabilities; prospectivity
(WofE) conditional implement; sensitive to limited robustness | mapping where
independence | well- missing or poor- | when predictor
between established in quality data independence variables are
predictor MPM assumption statistically
layers and violated independent
target
Logistic Generalized Handles both Assumes linear Outputs Predictive
Regression | linear model continuous and | relationship probabilities; modeling
(LR) predicting categorical between uncertainty where training
probability of variables; no predictors and estimates possible data is
occurrence strict log-odds; may via confidence available and
based on independence underperform intervals predictors are
weighted assumption with complex moderately
predictors nonlinear correlated
patterns
Fuzzy Expert-driven | Can integrate Subjective Expresses Areas with
Logic (FL) | membership expert membership uncertainty via scarce training
functions and | knowledge and | function degrees of data but strong
logical qualitative definition; no membership; expert
operators data; flexible in | inherent captures vagueness | knowledge of
combining probabilistic but not mineralization
variables interpretation randomness controls
Evidential | Dempster- Explicitly Mass function Belief/ plausibility | Complex
Belief Shafer theory represents derivation can be | intervals explicitly | geological
Functions | combining ignorance; challenging; quantify terrains with
(EBF) belief, integrates computationally | uncertainty and incomplete,
disbelief, and heterogeneous | intensive for large | ignorance ambiguous, or
uncertainty data without datasets conflicting
masses strict datasets
independence

Challenges and Limitations of EBF in Mineral Exploration

Despite its significant advantages in managing uncertainty and integrating diverse data, the
application of Evidential Belief Functions (EBF) in mineral exploration is not without its
challenges and limitations. Addressing these aspects is crucial for further refining and
optimizing EBF methodologies (Carranza, 2009).

Issues with Conflicting Evidence and Normalization

One of the most significant criticisms of Dempster-Shafer Theory (DST), particularly
concerning Dempster's rule of combination, arises when substantial conflict is encountered
between different sources of evidence. Dempster's rule is a conjunctive operation that strongly
emphasizes agreement and, through its normalization factor, effectively ignores all conflicting
evidence (Shafer, 1976, Sentz & Ferson, 2002). This can lead to counter-intuitive results in
situations characterized by high conflict (Zadeh, 1986).

A classic illustration is the "two doctors" scenario, where two physicians, each assigning a
very low probability (e.g., 0.01) to a brain tumor but high probabilities to other conflicting
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diagnoses, might, when their beliefs are combined using Dempster's rule, result in a 100%
belief in a brain tumor. This outcome, highlighted by Zadeh (1986), is clearly erroneous given
their individual assessments.

This behavior creates what can be described as a paradox of confidence: the model might express
a high degree of belief in a proposition (e.g., the presence of a mineral deposit) even when the
underlying evidence from different sources is strongly contradictory (Smets & Kennes, 1994).
This is problematic because by eliminating conflict from the final belief calculation, the rule
risks obscuring critical inconsistencies that should ideally prompt further investigation or re-
evaluation of the data sources.

The implication for mineral exploration is that blindly applying Dempster's rule without
careful consideration of conflict levels could lead to misallocated resources or overlooked
risks, underscoring the need for robust conflict detection and potentially alternative
combination strategies (An et al., 1994). While various alternative combination rules have been
proposed to address the conflict issue, they often introduce their own limitations, such as
attributing conflict to ignorance or lacking well-justified procedures for parameter
determination (Yager, 1987; Li et al., 2024).

Computational Complexity and Scalability

The implementation of EBF, particularly the process of generating accurate mass functions
and applying Dempster's rule, can introduce significant computational complexity. The
overhead increases with the addition of new attributes or a large number of subsets within
the power set of the frame of discernment (Sentz & Ferson, 2002). While specific details on
EBF's computational demands in large-scale mineral exploration are not extensively
documented, the general computational intensity of deterministic models and complex
algorithms can be high, posing scalability challenges for very large geospatial datasets (An et
al., 1994; Carranza, 2009).

Addressing Spurious Evidence and Spatial Associations

A significant concern in GIS-based data-driven modeling of mineral prospectivity is the
presence of spurious evidence and misleading spatial associations between target mineral
deposits and certain classes of spatial data. Such false correlations can undermine the
reliability of the predictive models (Tangestani, & Moore, 2001; Carranza, 2009; Li et al., 2024).
This challenge, however, can be effectively addressed through knowledge-guided data-driven
modeling. This approach involves leveraging sound geological judgment to preprocess and
treat input spatial data, thereby filtering out spurious evidence and ensuring that only
geologically meaningful associations are transmitted into the prospectivity model (Bonham-
Carter, 2014; Carranza & Laborte, 2015).

Impact of Data Quality and Sparsity

The quality of input data directly impacts the reliability of EBF outputs. Data quality issues,
including inaccuracies, unreliability, and inconsistencies, can lead to incorrect insights and
flawed decision-making in geochemical exploration (Pan, 1993; 1996; Harris et al., 2015). Risks
such as sampling bias and interpretation errors further compound these challenges (Carranza,
2009). Moreover, mineral exploration data, particularly three-dimensional data, is often
sparse, which adds another layer of complexity to modeling and analysis (Porwal et al., 2004).

The inherent "messiness" and potential for misleading patterns in raw geological data
necessitate a human-in-the-loop approach for robust EBF implementation. While EBF is a

powerful mathematical framework, its effective application in mineral exploration is not fully
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automated. The derivation of mass functions often relies on expert judgment (Shafer, 1976;
Smets, & Kennes, 1994). More critically, addressing spurious evidence and spurious spatial
associations requires sound geological judgment and knowledge-guided data-driven modeling
(Bonham-Carter, 2014; Carranza & Laborte, 2015). This highlights a causal relationship: the
inherent imperfections and potential for misinterpretation in raw geological data necessitate
human expertise to preprocess, interpret, and validate the inputs and outputs of EBF models.
This implies that despite the power of EBF, it functions best as an augmentative tool for
geologists, rather than a replacement. Future research should therefore focus on developing
algorithms and tools that facilitate this human-Al collaboration, rather than aiming for fully
autonomous systems that might overlook critical geological nuances (Porwal et al., 2004;
Harris et al., 2015; Li et al., 2024).

Future Directions and Potential Improvements

The Evidential Belief Function (EBF) holds significant promise for advancing mineral
exploration, and several avenues for future research and development can further enhance its
capabilities and widespread adoption (Carranza, 2009; Shafer, 1976).

Integration with Advanced Artificial Intelligence and Machine Learning Algorithms

The synergistic integration of EBF with advanced Artificial Intelligence (Al) and Machine
Learning (ML) algorithms presents a potent direction for future research. Combining EBF
with Al algorithms can enhance model generalization and enable the quantification of
uncertainty by generating numerous realizations representing possible scenarios, which can
be updated as new data becomes available (Porwal et al., 2004; Smets & Kennes, 1994). Hybrid
remote sensing and machine learning mapping techniques have already expanded the scope
of geological studies relevant to mineral exploration (Carranza, et al., 2015). While EBF is
inherently a knowledge-driven Al approach, its integration with data-driven ML and Deep
Learning (DL) algorithms such as Convolutional Neural Networks (CNNs), Random Forests,
or Support Vector Machines (SVMs) can leverage their ability to learn complex non-linear
relationships and extract local meaningful features from geospatial datasets (Carranza, et al.,
2015, Tao et al., 2020). This hybridization can lead to more accurate and robust predictive
models, especially in areas with abundant data.

Enhancing 3D Mineral Prospectivity Mapping with EBF

A critical challenge in modern mineral exploration is to move beyond two-dimensional
prospectivity maps and prioritize new areas for exploration drilling based on estimated depth
and grade of potential deposits, along with the quantified uncertainty of these estimations
(Farzamian, et al., 2022). EBF can play a pivotal role in developing predictive data-driven
models that map potential deposit areas with explicit estimations of depth and grade, coupled
with their associated uncertainties (Bonham-Carter, 2014). Current geological modeling
software already supports advanced 3D modeling, including implicit modeling and numeric
interpolation, and the increasing availability of 3D data in geoscience datasets while adding
complexity and data sparsity presents an opportunity for EBF to contribute to more
comprehensive subsurface understanding (Carranza, et al., 2015; Farzamian, et al., 2022)

The concept of creating a “GIS digital twin in 3D” for geological landscapes to identify new
exploration targets aligns perfectly with the future trajectory of EBF application. The challenge
of prioritizing drilling based on estimated depth and grade with quantified uncertainty
suggests a necessary evolution beyond static 2D prospectivity maps (Porwal et al., 2004). The
increasing availability of 3D data and advancements in computational power enable the
creation of more comprehensive, dynamic “digital twins” of mineral systems. EBF, with its
inherent ability to integrate diverse data and explicitly quantify uncertainty, is uniquely
positioned to contribute to these 3D models (An, 1991; An et al., 1994, Li et al., 2019). This
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allows for not just the identification of where deposits might be, but also a quantifiable
understanding of how confident geologists are about their depth and grade. This represents
a paradigm shift in mineral exploration from static 2D maps to dynamic, probabilistic 3D
models that can be continuously updated, leading to more precise and efficient drilling
strategies.

Refinement of Mass Function Derivation Techniques

The determination of the Basic Probability Assignment (BPA) remains a foundational and
often debated aspect of Dempster-Shafer Theory, frequently cited as an “open issue” (Shafer,
1976; Smets & Kennes, 1990). Future research should focus on the further development and
standardization of quantitative methods for deriving BPAs from objective, multi-dimensional,
and multi-source data. This includes improving methods that consider statistical features,
such as those based on Mahalanobis distance, which are effective at transferring multi-
dimensional data to belief assignments (Carranza, et al., 2015). Automating the design and
calculation of mass functions would significantly increase the viability and practical
applicability of EBF for complex classification and prospectivity problems, reducing the
reliance on subjective expert input in data-rich environments (Porwal et al., 2015).

Development of User-Friendly Software and GIS Tools for EBF Implementation

While GIS is widely recognized as an indispensable tool in mineral prospectivity modeling,
existing Al tools for mineral prospectivity mapping are often inadequate for geologist-
friendly functions and not fully tailored for the specific nuances of mineral exploration
(Carranza, et al 2015). To facilitate wider adoption and effective implementation of EBF, there
is a clear need for the development of specialized software or GIS extensions that streamline
the entire EBF workflow. This includes intuitive interfaces for data input, robust algorithms
for mass function derivation, efficient combination rules, and comprehensive visualization
tools for the four EBF maps belief, disbelief, uncertainty, and plausibility (Carranza and Hale
2003; Yager & Liu, 2008. Tao et al., 2020).

The observation that “no standard protocols exist even for decision making for drilling
operation” and that existing Al tools are “not fully tailored for mineral prospectivity
mapping” or “geologist-friendly” highlights a significant barrier to widespread adoption
(Porwal et al., 2004, Sun et al., 2017). The challenge of “how to determine the basic probability
assignment (BPA) is still an open issue” further underscores this (Shafer, 1976). This implies
that without standardized methodologies for BPA derivation, user-friendly software, and
clear best practices, the widespread adoption of EBF, despite its theoretical advantages, will
remain limited. Therefore, future research and development must prioritize the creation of
robust, standardized, and accessible tools and workflows for EBF implementation in mineral
exploration (Carranza, 2009; Bonham-Carter, 2014). This includes developing clear guidelines
for mass function derivation, user-friendly GIS extensions, and potentially integrating EBF
into existing industry-standard geological modeling software.

CONCLUSION

The Evidential Belief Function, founded on the Dempster-Shafer Theory, represents a
powerful and flexible framework for navigating the inherent uncertainties and complexities
characteristic of modern mineral exploration. Its distinct ability to explicitly model ignorance
and to combine diverse, multi-source geospatial data including geological, geochemical,
geophysical, and remote sensing information provides a more nuanced and robust
understanding of mineral prospectivity than traditional probabilistic methods. The output of
EBF, in the form of belief, disbelief, uncertainty, and plausibility maps, offers critical insights
that are invaluable for de-risking exploration projects and guiding strategic decision-making.
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Practical case studies consistently demonstrate EBF's effectiveness in accurately identifying
potential mineralized zones, validating its utility in real-world scenarios.

While challenges persist, particularly concerning the handling of highly conflicting evidence
and the computational complexity associated with large datasets, ongoing advancements in
artificial intelligence, machine learning, and three-dimensional geological modeling present
significant opportunities for the continued evolution of EBF. Future research should
strategically focus on refining mass function derivation techniques to enhance their objectivity
and automation, developing more intuitive and integrated GIS tools that are tailored for
geological workflows, and fostering hybrid approaches that synergistically combine EBF with
other advanced methodologies. Ultimately, the continued development and widespread
adoption of EBF promise to significantly enhance the precision, efficiency, and intelligence of
mineral exploration efforts, thereby contributing to the sustainable discovery of vital
resources in an increasingly data-rich and inherently uncertain world.
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