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ABSTRACT: Conventional geophysical inversion approaches typically have a limited capacity to map disseminated
sulphide mineralization in complex greenstone belts. Here, we describe GeoPhysML, a physics-informed machine-
learning approach that combines aeromagnetic and IP–ERI data to map sulphide mineralization in the Maitengwe
Greenstone Belt, Botswana. Labels constrained by boreholes MTW1 and MTW2, including the mineralised intervals
(MTW1: 110–160 m; MTW2: 118–153 m), produced 247 labelled grid cells (78 positive and 169 negative) that were
split using a 70/15/15 train/validation/test split with spatial blocking. Borehole MTW4 was reserved exclusively for
independent validation. GeoPhysML uses a three-hidden-layer neural network with auxiliary resistivity and charge-
ability outputs regularized by Laplacian smoothness and gradient-consistency regularization. The uncertainty of our
predictions was calculated using Monte Carlo dropout with 100 draws. The model achieved 92.10% accuracy, 89.80%
corrected F1-score, and 0.96 ROC–AUC, improving accuracy by 2.60 percentage points and F1-score by 2.93 percentage
points over XGBoost. Probability-based error metrics produced MAE = 0.042, MSE = 0.0031, and RMSE = 0.056 on
the evaluated set. The predicted high-probability zones follow the dominant NE–SW structural trend and coincide
spatially with the mineralized interval in borehole MTW4. These results indicate that the proposed framework improves
probabilistic target ranking within the surveyed corridor by combining inversion-derived physical fields, structural
attributes, and borehole control in a unified mineralization mapping workflow.

KEYWORDS: GeoPhysML; induced polarization; machine learning; mineral prospectivity mapping; physics-informed
machine learning; uncertainty quantification

1 Introduction
Greenstone belts are economically significant repositories of mineral deposits and commonly host

copper, nickel, iron, manganese, chromite, and gold mineralization [1–4]. The Maitengwe greenstone belt
forms part of the Francistown granite–greenstone complex on the Zimbabwe craton [5]. Together with
the Matsitama, Tati, and Vumba belts, it belongs to the northeastern Botswana exposure of this cratonic
terrane [6]. In the adjacent belts of the Zimbabwe craton, economically important gold, nickel, and copper
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deposits are commonly associated with sulphides and are frequently localized within shear zones and fault-
controlled structures. Examples include the Tekwane, Selkirk, and Phoenix Cu/Ni deposits, as well as the
Map Nora, Gold Eagle, Signal Hill, and Mupane gold deposits in the Tati belt [7,8]. Comparable structurally
controlled mineralization has also been reported in the Vumba belt and in several nickel sulphide deposits in
Zimbabwe, including Damba, Hunters Bay, Trojan, and Shangani [9]. Geological evidence of these adjacent
terranes suggests that structurally controlled sulphide deposits might be present, even though no large
economic sulphide deposits have been found in the Maitengwe belt. Recent studies have successfully applied
machine learning algorithms, particularly random forest, for mineral prospectivity mapping in greenstone
belts, comparing fertile and less fertile terrains to identify key geological and structural controls on metal
endowment [10].

Geophysical exploration offers an efficient way to study potential sulphide mineralization in greenstone
belts where outcrops are scarce and sulphide mineralization is structurally controlled. Aeromagnetic surveys
help map lithological boundaries, dykes, folds, faults and shear zones, while induced polarization-electrical
resistivity imaging (IP-ERI) surveys complement this data by providing information on chargeability and
resistivity anomalies related to sulphides, alteration and lithology. However, traditional advances to inversion
(interpretation) are tormented by non-uniqueness, smoothing and noise, especially in complex terrain. This
makes it difficult to make the transition from big geophysical anomalies to mineralization plans.

Advances in the field of machine learning have been shown to improve geophysical interpretation, par-
ticularly lithological mapping from magnetic, anomaly detection from electrical and electromagnetic data,
respectively [11,12]. However, most of the current studies are based on data-driven models, single geophysical
data sets, or synthetic benchmarks which are not representative of the geological complexity of the actual
exploration scenario [13–15]. Advanced machine learning techniques, including contrastive representation
learning and dimensionality reduction, have recently been shown to enhance mineral prospectivity mapping
by effectively handling high-dimensional geospatial data and addressing class imbalance challenges [16].
In addition, most such approaches treat geophysical observations as abstract predictors without explicitly
constraining the learning process using the spatial behaviour of the underlying physical-property fields.

Physics-informed machine learning offers a more structured alternative by embedding domain knowl-
edge within the model architecture or objective function [17]. In geophysical applications, this can improve
stability, support geologically plausible predictions, and reduce the dependence on purely empirical cor-
relations. However, existing physics-informed ML studies in geosciences have focused mainly on forward
modelling, seismic inversion, or hydrological systems, with limited application to integrated aeromagnetic
and IP–ERI datasets for sulphide exploration. Applications to disseminated sulphide systems in African
greenstone belts remain particularly limited. In Fig. 1, location map of the study area showing the Maitengwe
Greenstone Belt within the Francistown granite–greenstone complex, northeastern Botswana.

This study addresses this gap through GeoPhysML, a physics-informed machine-learning framework
for sulphide mineralization mapping in the Maitengwe Greenstone Belt, northeastern Botswana. The work-
flow integrates four main stages: (1) inversion of aeromagnetic and IP–ERI data to establish the structural and
physical-property framework; (2) construction of collocated magnetic and electrical features; (3) supervised
prediction of mineralization likelihood using a feed-forward neural network with auxiliary resistivity
and chargeability outputs constrained by Laplacian smoothness and gradient-based regularization; and
(4) uncertainty estimation and geological validation using borehole MTW4. The objective is not to supplant
geophysical inversion, but to enhance inversion-based interpretation with the use of physical-property fields,
structural attributes, and borehole control in the context of a probabilistic mineralization mapping.



Comput Model Eng Sci. 2026;148(3):25 3

Figure 1: Location of the study area and the regional geology modified from [18], showing the greenstone belts of the
Francistown granite–greenstone complex on the southwestern part of the Zimbabwe craton extending into Botswana.
Various base-metal and gold mines occur within the Tati and Matsitama greenstone belts.

1.1 Geophysical Techniques and Methods
This learning used aeromagnetic and IP-ERI data to determine if the interpreted sulphide mineralization

in the Maitengwe Greenstone Belt is structurally controlled. In the detection stage, lithological contacts,
magnetic lineaments and structurally potential target zone were identified based on aeromagnetic data. The
electrical response of resistivity and chargeability associated with modification and sulphides was described
using the ground-based geophysical method of IP-ERI. These methods combine regional scale structural
information and local scale electrical property information to aid in geological interpretation and uncertainty
in target recognition.

Conventional and enhanced aeromagnetic data were used to map structures and other weak magnetic
information that may be significant for mineralization. This increases resolution of subtle anomalies,
accentuates structural features, and aids in the interpretation of faults, shear zones, dykes and lithological
boundaries. Aeromagnetic data play an important role in mineral exploration and mapping subsurface
structures. The use of magnetic data in detecting basement tectonics was demonstrated by Abu El-Ata et al.
in Eastern Yemen [19]. Al-Ibiari et al. [20] employed aeromagnetic data for Wadi Zeidun region in Egypt,
emphasizing the potential of magnetic techniques in mapping contacts and discontinuities. The authors,
Anand and Rajaram [21] were successful in using aeromagnetic data to locate hidden deposits of uranium
in the Singhbhum province, in India, for mineral exploration targeting purposes. Leseane et al. [22] used
regional aeromagnetic data to develop an aeromagnetic model for structural overprinting criteria in the
Hill End Trough, East Gondwana. Robertson et al. [23] interpreted aeromagnetic data in the Franklin area,
northern New Zealand, for the purposes of mapping structural features. Rodríguez et al. [24] analysed the
Sabinas Basin geotectonic regime using aeromagnetic data and GIS. Basement structures in the northwestern
offshore, Abu Dhabi were mapped by Salem and Ali [25] from high-resolution aeromagnetic data. Together
these studies clearly show the ability of the aeromagnetic technique to provide useful information to aid in
understanding subsurface structural frameworks for mineral exploration.

The IP-ERI method was adopted because, while resistivity might not be sufficient to map the presence
of disseminated sulphides, induced polarization will be sensitive to charge storage effects from metallic
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mineralization. Revil et al. [26] showed this effect clearly, and illustrated how induced polarization was better
able to detect the location of pyrite mineralization than electrical conductivity. This is because conductivity
is highly sensitive to the amount and connectivity of conductive minerals in the host rock [27]. Thus, in this
study, IP–ERI was used to map subsurface resistivity and chargeability to interpret the anomaly zones in
terms of the lithological, alteration and structural environment [28].

Inverted IP–ERI responses were analysed as pseudo-2D profiles and as a pseudo-3D stack of parallel
profiles. Pseudo-2D sections are useful to detect vertical and horizontal anomalies along individual profiles
but they are less effective to infer off-line and 3D features [29]. To overcome this limitation, a pseudo-3D
reconstruction was used to enhance the interpretation of anomaly shapes and relationships between profiles.
Even so, geophysical interpretation remains affected by non-uniqueness, particularly in potential-field and
inversion problems [30]. To reduce this ambiguity, the geophysical results were interpreted jointly with prior
geological knowledge, historical geochemical and geophysical information, and borehole constraints from
the study area.

1.2 Geological Setting
The Maitengwe greenstone belt is located in the north-eastern part of Botswana. The study area lies

south of Maitengwe Village, close to the main tarred road to the village, at approximately 20.00025○ S and
27.20348○ E. The terrain is relatively flat and characterized by limited surface exposure.

The Maitengwe greenstone belt forms part of the Francistown granite–greenstone complex situated on
the southwestern margin of the Zimbabwe craton, which extends into Botswana. Archaean granitoids and
gneissic rocks, together with the greenstone sequences, constitute the crystalline basement. The supracrustal
component of the greenstone belt is dominated by mafic and ultramafic metavolcanic rocks. These lithologies
have been correlated with the Upper Bulawayan greenstones. The granitoids of the Francistown complex
consist mainly of variably foliated tonalite–trondhjemite–granite (TTG) gneisses, with lesser late-kinematic
granodiorite, monzonite, and granite [6]. These greenstones have been metamorphosed from low-grade
greenschist to amphibolite facies and are strongly deformed and sheared.

Litherlands [31] divided the Maitengwe Group into the lower Maitengwe Banded Iron Formation (BIF),
overlain by the Maitengwe Ultramafic Formation. The Maitengwe greenstone belt comprises three main
sequences of metasedimentary and metavolcanic rocks, namely the Mpapho banded ironstone formation,
the Mazuwe amphibolite, and the Sokwane quartz sericite schist [32]. These lithologies are readily recognized
on the aeromagnetic map because of their strong magnetic response. They show relatively limited tectonic
disruption, remaining uniformly banded over several hundreds of metres along strike. The ironstones are
associated with serpentinite, marble, calci-silicate, iron-free chert, and minor ultramafic schist. Amphibolite
becomes more distinctly intercalated with the ironstones toward the upper part of the formation. The
Mazuwe Amphibolite unit consists predominantly of amphibolite and ultramafic schist, interbedded with
thin ironstone, calcsilicate, serpentinite, and marble/carbonate horizons. The presence of Sokwane quartz
sericite schist was confirmed from drillhole information because no outcrop of this unit was observed in the
study area [32].

Based on this lithological and structural framework, several geophysical-to-geological associations are
expected to constrain the GeoPhysML interpretation:

• Banded Iron Formation (BIF) and ultramafic rocks → high total magnetic intensity (TMI) and
RTP responses

• Shear zones and faults with dominant NE–SW orientation → strong tilt derivative (TDR) response
and linear magnetic anomalies
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• Disseminated sulphides in altered amphibolite → elevated chargeability (mc) with variable resistivity
depending on silicification and alteration intensity

• Quartz–carbonate veins containing sulphides → elevated resistivity and elevated chargeability, corre-
sponding to zones C and III

• Weathered chloritic amphibolite → low resistivity and low chargeability, corresponding to zones
A and I

Drillhole information provides important subsurface constraints for understanding lithological vari-
ation and sulphide mineralization in the Maitengwe Greenstone Belt. Borehole data were therefore used
to support geophysical interpretation and to validate mineralized zones identified from inversion and
machine-learning analysis.

Mineralization is largely hosted in strongly hydrothermally altered amphibolite and ultramafic rocks.
It is concentrated within possible shear zones that likely acted as conduits for hydrothermal fluids. Gold
values of 0.01–0.65 ppm were reported in hole MTW 1 over the depth interval 110–160 m. The mineralization
is disseminated and occurs as blebs, smears, and stringers along carbonate and quartz veins. The available
drillholes are shown in Fig. 2.

Figure 2: Drill boreholes in the study area showing the stratigraphy of the Maitengwe greenstone belt, modified
from [32]. Borehole MTW 4 is closest to the survey area and is therefore used in geological interpretation.



6 Comput Model Eng Sci. 2026;148(3):25

Thin section petrography and X-ray diffraction (XRD) analysis were not available for this study.
Sulphide identification is therefore based on borehole logs and geophysical response. This limitation is
acknowledged, and future work should include mineralogical characterization.

2 Methodology
The complete workflow comprises four sequential stages. First, aeromagnetic data were processed to

extract structural lineaments using total magnetic intensity (TMI), reduced-to-pole (RTP), first vertical
derivative (1VD), and tilt derivative ratio (TDR) transformations, while induced polarization–electrical
resistivity imaging (IP–ERI) data were inverted to obtain resistivity and chargeability models. Second, all geo-
physical attributes were co-located onto a common three-dimensional grid with voxel dimensions of 25 m ×
25 m × 10 m. Third, borehole MTW4 provided positive labels corresponding to mineralized intervals and
negative labels corresponding to barren intervals, which were assigned to the respective grid cells. Fourth,
the GeoPhysML model was trained using 247 labelled cells to predict the probability of mineralization across
the entire survey area.

Fig. 3 integrated workflow of the GeoPhysML framework showing data inputs, processing stages,
feature fusion, spatial data splitting, model architecture, physics-informed regularization, prediction with
uncertainty quantification, and independent validation using borehole MTW4.

2.1 Aeromagnetic Data Processing
The aeromagnetic data used in this study have been provided by the Botswana Geoscience Institute.

It is part of the aeromagnetic survey of the Northeast zone, carried out in 1997 by Compagnie Générale
Géophysique [33]. The area surveyed was approximately 5520 km2 and the survey consisted of 33,655 km of
flight lines flown at a nominal terrain clearance of 80 m. The flight lines had a spacing of 200 m, and the tie
lines were flown at an azimuth of 215○ and spaced at 2000 m. The final product was delivered on a 50 m ×
50 m grid in the World Geodetic System 1984 (WGS 84) datum.

Aeromagnetic enhancement was conducted to bring out subtle features of the magnetic field and aid
in the mapping of lithological contacts, dykes, shear zones and other important structural features. Recent
advances in unsupervised machine learning have provided new approaches for imaging geological structures
from aeromagnetic data, complementing traditional derivative-based interpretation methods [34]. The
interpretation of the magnetic data used both the intensity and geometric properties of the magnetic
response, such as the texture, shape, continuity, orientation, truncation, and offset of anomalies that
might represent structural distortion or cross-cutting. Beginning with the Total Magnetic Intensity (TMI)
grid, a series of conventional processing steps were undertaken using Geosoft Oasis Montaj version 9.9.1.
These enhancement operations involved reduction to the pole (RTP), first vertical derivative (1VD) and
tilt derivative (TDR) filtering. These were combined to enhance anomaly edges, to reduce the effect of
geomagnetic field-induced positional offset, and to enhance the delineation of lineaments of interest for
mineral exploration targeting. These magnetic attributes were also used in the set of features that were
incorporated into the GeoPhysML structure.
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Figure 3: Integrated workflow of the GeoPhysML framework.
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2.1.1 Geological Interpretation of Magnetic Lineaments
The N–S and subordinate E–W lineaments may represent secondary fracture systems that locally

enhanced rock permeability and facilitated fluid migration. Consequently, the intersection zones between
the NE–SW and N–S lineaments are interpreted as the most prospective targets for structurally controlled
sulphide mineralization, owing to their enhanced potential for fluid focusing, mineral deposition, and
ore accumulation.

2.2 Magnetic Data Processing and Interpretation
Magnetic processing was performed to amplify anomaly patterns relevant to the study of structural

features and to obtain attributes that are more sensitive to the presence of lithological boundaries, dykes,
shear zones and fault-controlled discontinuities in the area than the total magnetic intensity (TMI) anomaly
field itself. Let T(x , y) represent the gridded magnetic anomaly field over the area of interest, with x and
y being the horizontal coordinates of the map plane. This study has adopted the processing sequence of
reduction to the pole (RTP), first vertical derivative (1VD), and tilt derivative (TDR). These operators were
chosen to progressively enhance anomaly centering, boundary sharpening and the continuity of structures,
which are important for geological interpretation and feature extraction.
Reduction to the Magnetic Pole (RTP)

Magnetic anomalies are usually asymmetric when measured away from the geomagnetic poles since
the inducing geomagnetic field is inclined instead of vertical. This means that the maximum magnetic
response occurs at a distance from the magnetic cause and that the anomaly shape is not only a function
of the geometry and magnetization contrast of the body, but also of the inclination and the declination of
the ambient field [35,36]. This asymmetry complicates structural interpretation, especially when anomaly
maxima must be related to geological contacts or narrow linear bodies.

The RTP transformation reprojects the observed magnetic response to the equivalent anomaly that
would be produced if both the inducing field and the magnetization direction were vertical. In the Fourier
domain, the RTP operator may be expressed as

T̃RTP(kx , ky) = T̃(kx , ky)
Lp(kx , ky)

Lobs(kx , ky) , (1)

where T̃(kx , ky) is the Fourier transform of the observed magnetic field T(x , y), (kx , ky) are the horizontal
wavenumbers, Lobs is the directional response of the observed inducing field, and Lp is the equivalent
response for a vertical field at the magnetic pole. The inverse Fourier transform of T̃RTP yields the RTP grid
TRTP(x , y).

Essentially, RTP moves the magnetic anomaly closer to the source and helps to reduce the skew effect
due to inclined magnetization. This greatly facilitates the interpretation of linear features, contacts and
truncations. In this study, the RTP was used as the reference magnetic field to enhance the magnetic anomaly
using derivatives and interpret lineaments.
First Vertical Derivative (1VD)

In order to enhance shallow magnetic anomalies and reduce regional effects, the RTP grid was processed
by the first vertical derivative (1VD). The first vertical derivative is the rate of change of the magnetic field in
the vertical direction and as such highlights high-frequency components related to shallow or structurally
abrupt features [25].
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Let TRTP(x , y) denote the reduced-to-pole magnetic field. The first vertical derivative is defined as

1VD(x , y) = ∂TRTP(x , y)
∂z

, (2)

where z is the vertical coordinate taken positive downward or upward according to the adopted sign conven-
tion. In frequency-domain implementation, differentiation with respect to z is equivalent to multiplication
by the radial wavenumber k, where

k =
√

k2
x + k2

y . (3)

Hence, the first vertical derivative in the Fourier domain is written as

1̃VD(kx , ky) = k T̃RTP(kx , ky), (4)

with the sign depending on the software convention used for the vertical axis. The inverse transform then
gives the spatial-domain derivative field [25,37].

The 1VD reduces the regional effects and amplifies the effect of sharp lateral changes in susceptibility.
As a result, contacts, dyke-like features and fault-bounded contrasts are more prominent than the RTP grid.
Derivative calculations also enhance the noise, so the 1VD product was interpreted in conjunction with the
RTP and TDR grids.
Tilt Derivative (TDR)

While the first vertical derivative is suitable for the enhancement of shallow edges, the dynamic range
of the first vertical derivative can be dominated by strong anomalies, obscuring weaker but important
anomalies. To counter this effect, the tilt derivative was calculated from the RTP grid. The tilt derivative (also
known as the local phase) is the ratio of the vertical gradient to the total horizontal gradient and can be used
to enhance the continuity of structural features (lineaments) and to equalise the response of large and small
anomalies [38,39].

The total horizontal derivative of the RTP field is first defined as

THDR(x , y) =

�
���( ∂TRTP

∂x
)

2
+ ( ∂TRTP

∂y
)

2

, (5)

where ∂TRTP/∂x and ∂TRTP/∂y are the horizontal gradients in the easting and northing directions,
respectively. The tilt derivative is then given by

TDR(x , y) = tan−1

⎛
⎜⎜⎜⎜⎜⎜
⎝

∂TRTP

∂z�
���( ∂TRTP

∂x
)

2
+ ( ∂TRTP

∂y
)

2

⎞
⎟⎟⎟⎟⎟⎟
⎠

. (6)

Thus, Eq. (6) may also be written compactly as

TDR(x , y) = tan−1( 1VD(x , y)
THDR(x , y)) . (7)
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By definition, the tilt angle is bounded within

− π
2

≤ TDR(x , y) ≤ π
2

. (8)

A key advantage of the tilt derivative is that the zero contour,

TDR(x , y) = 0,

Approximately marks the boundaries of magnetic sources or abrupt variations in susceptibility. Typi-
cally, positive values are found over the source and negative values outside it. This makes TDR an excellent
method for mapping linear contacts and lineaments in a study area, even when anomalies may have different
amplitudes [26,40].
Interpretational Role of the Magnetic Derivatives

The three magnetic grids were interpreted together. The RTP grid was used to better position anomalies
over their source, and to delineate the overall regional structure. The 1VD grid was used to identify narrow,
shallow magnetic sources, such as lithological contacts, dykes and disturbed magnetic fabric. The TDR Grid
was used primarily for the detection of lineaments and continuity as this type of grid permits strong and
weak features to be displayed on a similar scale.

The joint processing method was especially useful in the Maitengwe Greenstone Belt for the detection of
truncations of magnetic units and the identification of curvilinear high-amplitude magnetic bands construed
as iron-rich lithologies and linear magnetic discontinuities interpreted as faults, fractures, or shear zones.
They were then combined with the IP-ERI output in the GeoPhysML framework for structurally constrained
mineralization mapping.

The enhanced map in Fig. 4a was used to produce a lineament map and was complemented by the 1VD
and TDR grids, Fig. 4b and Fig. 4c, respectively. The RTP image shows well developed textural variations in
the basement, where the magnetic high (55.9 to 112.0 nT) is interpreted as a broad band of banded ironstones
and ultramafic rocks, and the magnetic low (−193.9 to −12.8 nT) is interpreted as a broad cover of sedimentary
rocks with smooth magnetic texture. Derivative products were presented in greyscale to enhance visibility
of structural discontinuities and thus used for lineament extraction.

Figure 4: (Continued)
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Figure 4: Enhanced aeromagnetic maps after applying the various filters: (a) Reduce to pole (RTP), (b) first vertical
derivative of RTP, (c) tilt derivative of RTP, and (d) delineated lineaments showing a major trend in NE–SW direction.

The mapped maps reveal that the predominant structural trend is NE–SW, with N–S, and a lesser
E–W, trend. The narrow linear magnetic anomalies have been interpreted as dyke-like features, and darker
discontinuities on the derivative maps as faults, shear zones and fractures. The termination of a distinct
NE–SW high magnetic domain of the Maitengwe greenstone belt against an evident major NE–SW shear
structure is highlighted in Fig. 4a [41]. The same truncation patterns are seen in the northern part of Fig. 4a–c,
with a possible dextral displacement. Further, non-magnetic lineaments trending towards the northeast cut
across the magnetic units and are seen as the sharp junctions between magnetic bands, suggesting fault or
fracture zones as possible pathways for the movement of hydrothermal fluids and related mineralisation.
The anomalies with broad curvilinear high amplitude are believed to be ironstone units while the circular
magnetic highs are considered to be basic and ultrabasic intrusive bodies [41].

After the interpretation, the lineaments were digitized with map tool extension of the software Oasis
Montaj. The final interpretation of the structural lineament map is presented in Fig. 4d and this interpretation
was used to select the exploration target shown in Fig. 5.

The lineament digitisation was done by hand by using the map tool extension in Oasis Montaj software.
Manual interpretation added some subjectivity, but the dominant NE-SW trend was interpreted by many
interpreters and only lineaments that were clearly expressed on all three derivative grids (RTP, 1VD, and
TDR) were kept for analysis.
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Figure 5: Survey design (a) reduced-to-pole (RTP) aeromagnetic map showing the present survey area (red rectangle)
and the previous survey area (black rectangle). (b) Previous geophysical survey grids and drillhole locations (black
dots), including borehole MTW4 within the selected study area. (c) Induced polarization–electrical resistivity imaging
(IP–ERI) survey lines (L1–L8) oriented in the NW–SE direction.

2.3 IP–ERI Data Acquisition and Processing
The Induced Polarization–Electrical Resistivity Imaging (IP–ERI) method was used to characterize

subsurface electrical resistivity and chargeability simultaneously. In this method, current is injected into the
ground through a pair of current electrodes, while the resulting potential difference is measured between
non-polarizable potential electrodes. Apparent resistivity (ρa) is then determined from Ohm’s law using
the measured potential difference, injected current, and the geometric factor of the electrode array [42,43].
Because sulphide mineralization may produce a weak resistivity contrast but a distinct polarization response,
the joint use of resistivity and chargeability provides a more reliable basis for identifying mineralized
zones than resistivity alone [44,45]. Machine learning approaches have recently been developed for efficient
inversion of induced polarization parameters, significantly reducing computational cost while producing
reliable inversion results comparable to traditional methods [46]. Table 1 summarizes the acquisition
and inversion parameters used for the IP–ERI survey, including survey geometry, instrumentation, data
acquisition settings, and inversion specifications.
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Table 1: IP–ERI survey parameters.

Parameter Value
Number of profiles 8

Profile length 700 m
Line spacing 100 m

Electrode spacing 50 m
Array type Dipole–pole
Transmitter VIP 5000 (current-regulated)

Receiver Elrec Pro 10-channel
ON–OFF waveform 4 s

Stacks per measurement 5
IP windows 20 (0.01 s each)
Delay time 0.2 s (to avoid inductive effects)

Inversion software RES2DINV™/RES3DINV™
Inversion scheme Robust (Gauss–Newton)
RMS convergence <10%

In this study, IP measurements were acquired in the time domain, where the decay of secondary voltage
is recorded after current cut-off. During current injection, the measured primary voltage (VP) is used in
resistivity estimation, whereas after interruption of the current, the decaying secondary voltage reflects
the temporary storage and release of electrical charge within the subsurface [44]. Since voltage cannot be
measured reliably at the exact instant of current interruption due to switching transients [43], the decay
response is sampled over a finite time window after cut-off. The apparent chargeability is therefore defined
from the normalized area under the decay curve over the interval (t1 , t2), as illustrated in Fig. 6, and may be
written as

mc = 1
VP

∫
t2

t1
Vt dt (9)

where Vt is the measured decay voltage at time t, and mc has units of time, commonly reported in
milliseconds [47].

Figure 6: Time domain waveform [47].
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Note: In this study, all chargeability values are reported in millivolts per volt (mV/V). For the time-
domain induced polarization (IP) system employed (VIP 5000 with a 4 s ON–OFF waveform and an initial
delay time of 0.2 s), 1 mV/V is equivalent to 1 ms of integrated decay voltage normalized to the primary
voltage. Consequently, the chargeability range of 1.8–10.7 mV/V reported in this study corresponds to
1.8–10.7 ms.

The IP–ERI survey was carried out using a VIP 10,000 three-phase voltage-regulated motor generator
coupled to a VIP 5000 current-regulated time-domain transmitter and an Elrec Pro 10-channel receiver
in Fig. 7. The same system was used to acquire both apparent resistivity and apparent chargeability data.
Current was injected through stainless-steel electrodes, and saltwater was applied around the current
electrodes to reduce electrode–ground contact resistance. The potential difference was measured using non-
polarizable porous-pot electrodes filled with saturated Copper II sulphate solution because of their low and
stable electrode polarization response [45,48]. The ground resistance around the receiving electrodes was
maintained below 1 kΩ using wet muddy soil where necessary.

Figure 7: IP–ERI geophysical equipment was employed in the survey.

To reduce capacitive and inductive coupling, current and potential cables were separated by at least 1 m
or crossed at right angles where required [49,50]. The survey consisted of eight profiles, each 700 m long,
with 100 m line spacing and 50 m electrode spacing in Fig. 5. The lines were oriented NW–SE to cut across
the main lithological trend. A dipole–pole array was selected because of its favorable depth of investigation,
lateral coverage, and lower sensitivity to telluric noise [42]. The current electrode was positioned with a
−50 m offset from the first potential electrode, while the potential electrodes were connected to the receiver
through a multi-electrode cable.

Acquisition parameters were: 4 s ON—OFF waveform, 5 stacks per measurement, and 20 IP windows,
each 0.01 s long. Only the decay part of the response after a delay of 0.2 s was used for the chargeability
analysis to avoid the early-time inductive effects. Outliers due to instrumental effects and background noise
were filtered from the acquired data in the software Prosys II. The filtered data sets were then inverted using
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RES2DINV™ and RES3DINV, which discretize the subsurface into rectangular cells and discretely estimate
distributions of resistivity and chargeability values that are compatible with the measured data [51].

The standard Gauss–Newton least-squares scheme was used for model inversion in double precision
according to [51,52]. Initial damping factor was set to 0.1 and the minimum damping factor was set to 0.007,
and a first-layer damping factor was used to suppress near surface rippling which was caused by sparse
coverage, which was set to 5.0. A good inversion algorithm was chosen to enhance the representation of sharp
electrical contrasts in the subsurface [53]. Since topographic correction was not needed the fine-mesh finite-
difference forward model was adopted and a maximum of 7 iterations was used with a convergence limit
of 1%. The models were evaluated by the root mean square (RMS) misfit between measured and calculated
responses and models whose RMS error is less than 10% were considered as acceptable models.

2.4 Physics-Informed Machine Learning Framework (GeoPhysML)
The inversion results were subsequently used to create the GeoPhysML framework to estimate the

probability of sulphide mineralization based on combined aeromagnetic and IP–ERI attributes. In this
workflow, geophysical inversion is used to complement machine learning. The inversion stage is used
to obtain the spatial distribution of physical properties, mainly resistivity and chargeability, whereas the
learning stage is employed to discover patterns of physical properties, including the magnetic derivatives,
related to mineralized zones. The goal is not to replace the inversion, but to incorporate its outputs into a
predictive model that is based on geophysical behaviour. Physics-informed neural network frameworks have
recently been validated for solving both forward and inverse geophysical problems, supporting regularization
approaches in geophysical inversion [54].

The prediction mission was defined as a managed binary classification process of mineralized and
non-mineralized grid units. The labels on the training were associated with the interval of the borehole,
and a geophysical cell was associated with each spatial label. Intervals where sulphide mineralization
was confirmed were identified as positive and intervals without evidence of sulphide mineralization were
identified as negative. This enabled the model to learn the geophysical signature of mineralized zones but
also to have direct geophysical control from borehole observations.

GeoPhysML aimed to capture the nonlinear relationship between fused geophysical attributes and
the mineralization likelihood and to bias the prediction based on physically meaningful regularization
terms. The framework therefore combines spatially collocated magnetic and IP–ERI features, borehole-based
supervision, and geophysical constraints within a single prediction model for sulphide targeting.

2.4.1 Model Architecture
Let the labelled dataset be defined on a common spatial grid as

D = {(xi , yi , ρi , mc , i )}n
i=1 , (10)

where n is the number of labelled grid cells, xi ∈ Rd is the feature vector at the i-th cell, yi ∈ {0, 1} is the
binary mineralization label, ρi is the inverted resistivity, and mc , i is the inverted chargeability. In this study,
the input vector is

xi = [Ti , TRTP , i , T1V D , i , TT DR , i , ρi , mc , i ]⊺ , (11)

where Ti denotes the total magnetic intensity, TRTP , i is the reduced-to-pole response, T1V D , i is the first
vertical derivative, and TT DR , i is the tilt derivative at the same spatial location.
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For compact notation, the feature matrix and target vectors are written as

X =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x⊺1
x⊺2
⋮

x⊺n

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

∈ Rn×d , y =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

y1
y2
⋮

yn

⎤⎥⎥⎥⎥⎥⎥⎥⎦

∈ Rn , (12)

with analogous vectors ρ ∈ Rn and mc ∈ Rn for resistivity and chargeability [55].
GeoPhysML was formulated as a feed-forward neural network with a shared hidden representation

and three output branches. The shared encoder maps each input vector xi into a latent representation h(l)
i

through successive affine transformations and nonlinear activations:

h(0)i = xi , (13)

h(l)
i = ϕ(W(l)h(l−1)

i + b(l)) , l = 1, 2, . . . , L, (14)

where W(l) and b(l) are the weight matrix and bias vector of the l-th hidden layer, respectively, and ϕ(⋅) is
the rectified linear unit (ReLU),

ϕ(z) = max(0, z). (15)

The final shared hidden state h(L)i is then passed to three separate output heads [55]. The first head
estimates the mineralization probability

p̂i = σ(w⊺ph(L)i + bp) , (16)

where σ(⋅) is the sigmoid activation function,

σ(z) = 1
1 + e−z , (17)

so that 0 ≤ p̂i ≤ 1. The quantity p̂i is interpreted as the predicted probability that the i-th grid cell belongs to
a mineralized zone.

The second and third heads estimate auxiliary physical fields:

ρ̂i = w⊺ρ h(L)i + bρ , (18)

m̂c , i = w⊺mh(L)i + bm . (19)

Accordingly, the network maps each feature vector into the triplet

fθ ∶ xi ↦ (p̂i , ρ̂i , m̂c , i ) , (20)

where θ denotes the set of all trainable parameters in the shared encoder and the three output branches. This
is prominent as the mineralization probability is the primary target, whereas ρ̂i and m̂c , i are the auxiliary
physically restricted outputs that regularize the common representation [55].

Note on Auxiliary Outputs: Although resistivity (ρ) and chargeability (mc) are included as input features,
the auxiliary prediction heads serve a fundamentally different purpose. The input values represent observed
physical properties obtained from geophysical inversion, whereas the auxiliary outputs correspond to the
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network’s predictions of these same properties. By minimizing the data-misfit terms (Lρ ,data and Lm ,data)
together with the spatial regularization terms (Lρ ,smooth and Lm ,grad), the shared encoder is encouraged to
learn latent representations that are not only discriminative for mineralization prediction but also consistent
with the spatial behavior of the underlying geophysical fields. This approach is not circular; rather, it
represents a form of multi-task learning in which the auxiliary tasks act as regularizers, guiding the shared
representation toward geophysically plausible solutions and improving model generalization.

2.4.2 Physics-Informed Regularization
The restraints were applied to the auxiliary outputs of resistivity and chargeability, moderately than

to the individual mineralization label completely. This approach maintains the distinction between the
two goals of classification and geophysical regularization. Specifically, the resistivity and chargeability are
supposed to be smooth within a geological domain but may present singular variations at the boundaries of
structures and alteration zones. The regularization, therefore, was constructed to suppress implausible spatial
variability while being able to capture spatial variation consistent with the inversion results.

For the mineralization branch, the prediction loss was defined using binary cross-entropy:

Lcls = − 1
n

n
∑
i=1

[yi log(p̂i) + (1 − yi) log(1 − p̂i)] . (21)

To constrain the auxiliary resistivity prediction, a data-misfit term and a Laplacian smoothness term
were introduced [56]. The resistivity data-misfit is

Lρ ,data = 1
n

n
∑
i=1

(ρi − ρ̂i)2 (22)

Let Ω denote the spatial grid over the survey area. The Laplacian operator applied to the predicted
resistivity field ρ̂(s), with s = (x , y, z), is

∇2 ρ̂ = ∂2 ρ̂
∂x2 + ∂2 ρ̂

∂y2 + ∂2 ρ̂
∂z2 . (23)

The associated smoothness penalty is written as

Lρ ,smooth = 1
∣Ω∣ ∑

s∈Ω
(∇2 ρ̂(s))2 , (24)

which suppresses spurious short-wavelength fluctuations in the learned resistivity field [57].
For chargeability, the regularization was defined using a gradient-matching term rather than a diver-

gence term, because chargeability is treated here as a scalar field. The chargeability data-misfit is

Lm ,data = 1
n

n
∑
i=1

(mc , i − m̂c , i )2 , (25)

and the spatial gradient of the predicted chargeability field is

∇m̂c = [ ∂m̂c

∂x
, ∂m̂c

∂y
, ∂m̂c

∂z
]
⊺

. (26)
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The gradient-consistency penalty is then defined as

Lm ,grad = 1
∣Ω∣ ∑

s∈Ω
∥∇mc(s) − ∇m̂c(s)∥2

2 . (27)

Combining Eqs. (21)–(27), the total objective function becomes

L(θ) = Lcls + α1Lρ ,data + α2Lρ ,smooth + α3Lm ,data + α4Lm ,grad, (28)

where α1 , α2, α3, α4 ≥ 0 are weighting coefficients controlling the contribution of the auxiliary physical
constraints relative to the classification objective [58–60].

The structure of Eq. (28) follows a clear sequence. The term Lcls forces the network to separate
mineralized from non-mineralized cells. The terms Lρ ,data and Lm ,data ensure that the auxiliary outputs
remain consistent with the inverted resistivity and chargeability fields. The spatial regularization terms
Lρ ,smooth and Lm ,grad encourage spatial smoothness of the auxiliary fields, and therefore stabilise the feature
space learned by the shared encoder. Thus, the model is not only trained on the class labels, but also on the
spatial behaviour of the underlying geophysical fields that are used to determine the labels.

The geological context is also imposed by the borehole-driven labels, structural interpretation of the
magnetic derivatives and the co-located resistivity and chargeability data. As a result, the regularization is not
applied in a vacuum, but in conjunction with the training set that already takes into account the lithological
and structural context of the Maitengwe Greenstone Belt. Table 2 summarizes the architecture, training
parameters, software environment, and computational resources used for the development and optimization
of the GeoPhysML model.

Table 2: GeoPhysML model architecture and training hyperparameters.

Parameter Value
Hidden layers 3 layers [128, 64, 32]

Activation function ReLU
Dropout rate 0.2 (after each hidden layer)

Batch size 32
Maximum epochs 200

Early stopping patience 15 epochs
Learning rate 1 × 10−3 (Adam optimizer)
Loss weights α1 = 0.5, α2 = 0.1, α3 = 0.5, α4 = 0.1
Random seed 42

Software TensorFlow 2.13, Python 3.9, SHAP 0.41

2.4.3 Spatial Blocking for Data Splitting
To prevent spatial autocorrelation from artificially inflating model performance metrics, a spatial

blocking strategy was implemented during dataset partitioning. The survey area was divided into blocks
measuring 200 m × 200 m, and each block was assigned exclusively to either the training, validation, or
test dataset. A minimum separation distance of 100 m was maintained between training and test blocks to
minimize spatial dependence between the datasets.

This approach ensures that neighboring grid cells, which may exhibit similar geophysical responses due
to spatial continuity, are not simultaneously included in both training and testing datasets. Consequently,
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the resulting performance metrics provide a more realistic assessment of the model’s ability to generalize
to previously unseen areas. The spatial block assignments used for dataset partitioning are summarized
in Table 2.

The grid was defined using a common three-dimensional (3D) geophysical framework shared by both
borehole and spatial datasets, consisting of voxels measuring 25 m × 25 m × 10 m. Labelled grid cells were
generated by spatially intersecting borehole mineralization logs with the common 3D geophysical grid. A
voxel was assigned a positive label (mineralized) only when the corresponding depth interval intersected
a sulphide-bearing zone containing ≥5% disseminated pyrite and quartz–carbonate veining (MTW1: 110–
160 m; MTW2: 118–153 m). Voxels overlapping barren intervals, defined as containing no sulphides or less
than 1% trace sulphides, were assigned negative labels. No horizontal buffer was applied during the labelling
process; only voxels directly intersected by the borehole trajectory were assigned labels. Borehole MTW4 was
excluded from the training dataset and reserved exclusively for independent model validation. To maintain
a conservative labelling strategy, ambiguous intervals and zones exhibiting only weak mineralization were
classified as negative samples.

2.4.4 Training Algorithm
Model training was carried out using mini-batch optimization with the Adam algorithm and learning

rate η = 10−3. At each iteration, the network received a batch of collocated geophysical features and produced
three outputs: the mineralization probability p̂, the auxiliary resistivity prediction ρ̂, and the auxiliary
chargeability prediction m̂c . The trainable parameters θ were then updated by backpropagation to minimize
the total objective function in Eq. (28).

For a mini-batch B ⊂ D, the update step can be written as

θ(t+1) = θ(t) − η Adam(∇θLB(θ(t))) , (29)

where LB denotes the batch-wise form of the total loss and t is the iteration index. The batch loss consists of
the classification term together with the auxiliary resistivity and chargeability penalties:

LB = LB
cls + α1LB

ρ ,data + α2LB
ρ ,smooth + α3LB

m ,data + α4LB
m ,grad. (30)

Training was performed for a maximum of Nepochs epochs. During each epoch, the mini-batches were
processed sequentially, the batch loss was evaluated, and gradients were propagated through both the shared
encoder and the three output branches [61,62]. Validation performance was monitored after each epoch, and
the learning rate was reduced when the validation loss plateaued. The final model parameters correspond to
the checkpoint with the lowest validation loss.

Algorithm 1: GeoPhysML training procedure for mineralization prediction
Require: Training set Dtrain, validation set Dval, learning rate η, loss weights α1 , α2, α3, α4, maximum

epochs Nepochs
Ensure: Trained network parameters θ∗

1: Initialize network parameters θ
2: Set best validation loss L∗val ← ∞
3: for epoch = 1 to Nepochs do
4: for each mini-batch B ⊂ Dtrain do
5: Extract input features XB and targets (yB , ρB , mc ,B)
6: Forward pass: compute (p̂B , ρ̂B , m̂c ,B) = fθ (XB)

(Continued)
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Algorithm 1 (continued)
7: Evaluate LB using Eq. (30)
8: Compute gradients ∇θLB
9: Update θ using Adam according to Eq. (29)

10: end for
11: Evaluate validation loss Lval on Dval
12: if Lval < L∗val then
13: Save current parameters: θ∗ ← θ
14: Update best validation loss: L∗val ← Lval
15: end if
16: Adjust learning rate if validation loss stagnates
17: end for
18: return θ∗

The complete GeoPhysML training procedure is summarized in Algorithm 1, which outlines the forward
pass, loss computation, gradient backpropagation, and validation monitoring steps.

To evaluate predictive generalization, the labelled dataset was divided into training and test subsets using
a stratified split so that the proportion of mineralized and non-mineralized cells was preserved in both sets.
In addition, the partition was checked spatially to reduce direct neighbourhood overlap between training
and test samples, thereby limiting performance inflation caused by short-range spatial autocorrelation.
Model evaluation was then carried out only on the held-out test set using classification-based performance
measures. Table 3 summarizes the borehole-constrained labelled cells used for GeoPhysML model training.

Table 3: Borehole-constrained labelled cells used for GeoPhysML training.

Class Source Borehole Depth Interval (m) Sulphide Evidence Number of Cells

Positive (1) MTW1, MTW2 MTW1: 110–160;
MTW2: 118–153

5% disseminated
pyrite,

quartz–carbonate
veins

78

Negative (0)
MTW3 (barren),
MTW4 (barren

intervals)
Various No sulphides or <1%

trace sulphides 169

Total 247

Borehole MTW4 was used ONLY for independent validation of the final model predictions. It was
NOT included in the training set. The positive labels are derived from MTW1 and MTW2. This ensures
independence between training and validation.
Training/Validation/Test Split (Spatial Blocking):
• Training set: 173 cells (70%)
• Validation set: 37 cells (15%)
• Testing set: 37 cells (15%)

Supervised labels were assigned from borehole-constrained mineralization intervals between mineral-
ization intervals within the mineralization target stratigraphic units of the study area. Cells that intersected
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intervals where sulphide mineralization was confirmed were considered positive, while cells that intersected
intervals where there was no evidence of sulphide mineralization were considered negative. The labels were
moved to the common geophysical grid at cell level to yield the set of samples that were mineralized and
non-mineralized to develop and test the model. Table 4 provides a summary of the borehole labeling scheme.

Table 4: Summary of borehole-constrained labelled cells used for GeoPhysML model development.

Class Label Number of Labelled Cells Percentage (%)
Non-mineralized/background cells 0 169 68.42

Mineralized cells 1 78 31.58

Total – 247 100.00

Note: Percentages were computed using the total number of labelled cells, n = 247. Non-mineralized/background cells
represent 68.42% of the labelled dataset, while mineralized cells represent 31.58%. These labelled cells were used for
supervised GeoPhysML model development, whereas unlabeled cells were retained for spatial prediction across the
survey corridor.

Intermissions with the greatest combined evidence for sulphide enrichment, alteration, and structurally
controlled veining were supposed positive labels, and intervals with only trace to moderate sulphides were
not assigned to the positive class to avoid overestimation.

The data partitioning approach was a combination of two complementary approaches. To reduce the
spatial effect, the survey area was divided into 200 m × 200 m blocks and the minimum separation distance
between the training and test blocks was set to be 100 m. This procedure will reduce the impact of spatial
autocorrelation and avoid over-optimistic results due to the spatial overlap of samples.

Second, stratified sampling was used within the spatially defined subsets to ensure the mineralized
cells (31.58%) and non-mineralized cells (68.42%) are represented at a similar proportion in the training,
validation and test sets. The two-stage partitioning strategy maintains both spatial independence and class
balance of the 70/15/15 dataset split reported in the abstract, which gives a better sense of performance of
the model in generalizing.

2.4.5 Data Fusion and Feature Matrix Construction
The aeromagnetic and IP–ERI datasets were fused on a common spatial framework to produce the input

matrix used by GeoPhysML. All datasets were first projected to WGS 84 UTM Zone 35S to ensure positional
consistency. The aeromagnetic grids, originally provided at 50 m resolution, were then resampled to match
the spatial support adopted for the IP–ERI model.

The IP–ERI inversion outputs, namely resistivity ρ and chargeability mc , were exported from
RES3DINV as XYZ data referenced by easting, northing, and depth. These values were interpolated within
the survey limits onto a regular three-dimensional grid with voxel size 25 m × 25 m × 10 m using nearest-
neighbour assignment. Once the IP–ERI grid had been established, the aeromagnetic attributes were
collocated at the same voxel locations. The resulting feature vector at each grid cell was defined as

xi = [Ti , TRTP , i , T1V D , i , TT DR , i , ρi , mc , i ]⊺ , (31)

where Ti is the total magnetic intensity, TRTP , i is the reduced-to-pole response, T1V D , i is the first vertical
derivative, TT DR , i is the tilt derivative, and ρi and mc , i are the collocated resistivity and chargeability
values, respectively.
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To place all variables on a comparable scale before training, each feature was standardized using the
statistics of the training subset only:

xnorm = x − μx

σx
, (32)

where μx and σx denote the mean and standard deviation of feature x computed from the training data [55].
This prevented leakage of information from the test set into the normalization stage. Grid cells lying
outside the IP–ERI survey extent were excluded from the fused dataset. The small number of remaining
cells with incomplete feature values (<0.1%) were imputed using k-nearest neighbours with k = 3 based on
spatial proximity.

The final feature matrix X therefore had dimension N × 6, where N is the number of valid grid cells
within the survey area. Of these, 247 cells were labelled from borehole-controlled intervals and 1284 remained
unlabeled for subsequent spatial prediction.
Ablation Study Design

To isolate the contribution of the physics-informed components of GeoPhysML, an ablation study
was designed using three neural-network variants trained and evaluated under the same data partition
and optimization settings. The first variant was a baseline multilayer perceptron (MLP) trained only for
binary mineralization classification from the fused geophysical feature set. The second variant extended the
baseline network by introducing auxiliary resistivity and chargeability output branches, but without physics-
informed regularization. The third variant was the full GeoPhysML model, which included both the auxiliary
physical-property outputs and the physics-informed loss terms defined in Eq. (28). This staged comparison
was intended to distinguish the effects of the base neural architecture, the auxiliary multi-output structure,
and the physics-informed regularization on predictive performance.

2.5 Limitations of Pseudo-3D Interpolation
The pseudo-3D interpolated reconstruction was constructed by combining eight parallel 2D profiles,

spaced 100 m apart. While such a model can be used to illustrate lateral continuity, it is important to consider
the interpretational constraints.

First, the cross-line resolution is limited by the 100 m line-spacing. This means that structures less than
about 50–70 m in that direction might not be adequately resolved. Second, the pseudo-3D reconstruction
is somewhat based on interpolation between profiles. The resistivity and chargeability between lines were
interpolated by a minimum-curvature approach, which can result in blurring of boundaries and apparent
continuity where there are no measurements. Third, the survey layout is anisotropic: the spatial resolution is
higher along the profiles (electrode spacing is 50 m) than across them (line spacing is 100 m). As such, features
trending NE–SW, which are more parallel to the survey geometry, are likely to be better interpreted than
those that are perpendicular to the profiles. Finally, the effective resolution of the 700 m-long spread is about
200 m depth, which is consistent with the primary mineralised zone in borehole MTW4 at 118–153 m depth.

These factors indicate caution while estimating geometric continuity outward from the profiles, but they
are not sufficient to rule out the results of pseudo-3D interpretation. Therefore, instead of being employed
exclusively for geological analysis, the pseudo-3D findings were combined with drill data, magnetic structure,
and machine-learning prediction.
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3 Results and Discussion
The results are presented in two steps. First, resistivity and chargeability inversions are discussed to

establish the geoelectrical setting of the area surveyed, and its correlation with the MTW4 borehole log. Then,
the machine learning results are examined to assess whether the integrated GeoPhysML approach enhances
spatial delineation of interpreted mineralization. Thus, the focus of discussion is the geoelectrical properties
of the subsurface zones, their relation to the borehole control, and the influence of the predictive model on
improving geological target delineation.

Interpretation of the inverted sections was aided by the stratigraphy of borehole MTW4 (Fig. 8), which is
near the survey lines and is the primary subsurface control for correlation of lithology and mineralization. In
the inverted sections, the resistivity ranges from 15.6 to 3053 Ω m and the chargeability from 1.8 to 10.7 mV/V.
The 2D and pseudo-3D reconstruction together reveal three electrical domains that are common throughout
the sections: a shallow low-response zone, an intermediate zone of moderate electrical contrast and a deep
zone of high resistivity and chargeability. These regions show a vertical transition between weathered and
weakly mineralised rocks at the surface to more altered and sulfur-bearing rocks at deeper levels.

Figure 8: Borehole log MTW4 is located in the vicinity of the survey lines in the study area. A weathered zone extends
from the surface into the chloritic amphibolite. Quartzite and hornblende amphibolite are observed from depths of
27 to 95 m; the latter exhibits minor alteration, quartz and carbonate veining, and disseminated sulphides occurring as
blebs, smears, and stringers along fractures enriched with quartz veins. At a depth of 99 m, the amphibolite contains
high (5%) disseminated sulphides (pyrite and pyrrhotite). Extensive alteration, indications of folding and shear zones,
and disseminated sulphides enriched along veins are noted between 118–153 m. A possible fracture or fault is observed
at a depth of 156 m [32].

For consistency, the anomalies in chargeability are referred to as zones A–C and those in resistivity as
zones I–III. Low to moderate chargeability (zones A–B) and low to moderate resistivity (zones I–II) represent
weathered chloritic and talcose amphibolite. Zones B and II–III are moderate chargeability and resistivity
and have been determined as dense quartzite/hornblende rich rocks containing disseminated sulphides. The
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most significant is the overlap of zone C and zone III showing high chargeability with high resistivity. This
is more likely to be a highly silicified amphibolite with quartz–carbonate veining and disseminated metallic
sulphides as opposed to barren resistive formations in the geology of the Maitengwe Greenstone Belt. This
is confirmed by the MTW4 borehole record which reflects alteration, veining and enrichment of sulphides
in the deeper interval shown in Fig. 8.

Eight 2D resistivity and chargeability inversions of the IP-ERI profiles were compiled in RES2DINV and
a pseudo-3D ERI/IP volume was constructed in RES3DINV, stacking the parallel 2D sections. The pseudo-
3D horizontal sections (Figs. 9–12) were used to assess the continuity and geometry of the inverted anomalies
that may be obscured in the 2D sections [63]. To simplify the discussion, we only selected four representative
profiles (Profiles 4, 5, 6 and 8) for discussion (Figs. 9 and 11), whereas the other profiles are included in the
pseudo-3D reconstruction (Figs. 10 and 12). The depth of the 2D sections is up to about 215 m, and inversion
errors are acceptable, with RMS errors for resistivity less than 8% and for chargeability less than 0.6%.

Figure 9: 2D resistivity inverted models: Profile 4 (a), Profile 5 (b), Profile 6 (c), and Profile 8 (d). Vertical and horizontal
axes represent depth and distance along the profile, respectively. The colour scale below the profiles represents different
resistivity values.
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Figure 10: Horizontal (x–y) depth slices of the pseudo-3D resistivity model produced by collation of 2D profiles and
interpolation of resistivity data. The depth of view is indicated at the top of each plane, and the compass shows the
orientation of the profiles and their anomalies.

Figure 11: (Continued)
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Figure 11: 2D IP inverted models: Profile 4 (a), Profile 5 (b), Profile 6 (c), and Profile 8 (d). Vertical and horizontal axes
represent depth and distance along the profile, respectively.

Figure 12: (Continued)
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Figure 12: Horizontal (x–y) depth slices of the pseudo-3D chargeability model produced by collation of 2D profiles
and interpolation of resistivity data. The depth of view is indicated at the top of each plane, and the compass shows the
orientation of the profiles and their anomalies.

Zone I (blue; 15–96 Ω ⋅ m) is weathered chloritic amphibolite close to the surface. The fractured and
moderately altered amphibolite is in Zone II (green–yellow; 180–850 Ω ⋅ m). Zone III (red; >1400 Ω ⋅ m) is
silicified and competent bedrock and relates to quartz–carbonate veining.

The contrast in resistivity (vertical transition from Zone I to Zone III) is greatest on Profile 5 (Fig. 9b)
with a sharp resistivity contrast seen. This sudden change is seen as a fault-bounded contact whereby it is
believed that lithological variation and fluid movement in the study area was structurally controlled.

3.1 Interpretation of Electrical Domains
Three reoccurring electrical domains are defined in the resistivity inversion result. Zone III (1400–

3053 Ω m) is the deeper, resistive zone, Zone II (180–850 Ω m) is an intermediate zone, and Zone I
(15.6–96.1 Ω m) is the shallow, conductive zone. In Fig. 9, the general trend is that resistivity generally
increases with depth, with Zone I located in the shallow subsurface, Zone II varying in thickness and at
depth and Zone III laterally continuous on most profiles. While there is variability in the geometry of the
features across the sections, it is overall consistent with vertical electrical zones and lateral variations in the
subsurface. Vertical and lateral variations in the depth and continuity of Zones II and III indicate changes in
lithology, alteration and deformation. To better understand the orientation and geometry of these features,
pseudo-3D resistivity depth-slice maps were produced, since the 2D sections do not clearly define the features
between survey lines.

Horizontal slices of the pseudo-3D resistivity model are shown in Fig. 10. The uppermost slices, layers 1
(0–22.5 m) and 2 (22.5–48.4 m) are dominated by low resistivity (zone I) with only small areas of moderate
resistivity. In layer 3 (48.5–78.1 m), the moderate resistivity (zone II) dominates, and a SW-NE trending
high-resistivity zone appears at the edge of x = 350 m and y = 200–600 m. At deeper levels, from layer 4
(78.1–112.3 m) to layer 7 (197.0–215.0 m), a wide zone of high resistivity (III) dominates, and occupies most
of the y-axis and mainly within x = 0–500 m̃, with a thin band of moderate resistivity remaining in the far
NW corner. This suggests the lower part of the model is dominated by a laterally extensive resistive feature,
implying a structurally-controlled and potentially mineralized subsurface.

Two-dimensional chargeability models are shown in Fig. 11 for Profiles 4, 5, 6, and 8, complementing the
resistivity sections in Fig. 9a–d. All sections display a shallow low-chargeability zone (A) of 1.8–2.5 mV/V,
which is generally more developed toward the SE parts of the profiles, although local variations occur
in Fig. 11c,d. Beneath this, a moderate-chargeability zone (B) of 3.4–5.3 mV/V is present, particularly in the
upper portions of Fig. 11a,b. At greater depth, a high-chargeability zone (C) of 6.4–10.7 mV/V appears below
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about 86.4 m and extends laterally across most of the profiles. This deeper and more continuous response
is the most significant chargeability feature in the dataset and, when interpreted together with the resistivity
models, is consistent with a laterally persistent sulphide-bearing zone.

Pseudo-3D chargeability depth slices are shown in Fig. 12. The shallow levels, corresponding to layers
1–3 (0–78.1 m), are dominated in the SE part of the model by low chargeability (zone A) with values below
2.5 mV/V. Over the same depth range, moderate chargeability values of about 3.2–5.3 mV/V occur from the
central part of the model toward the NW end. At greater depth, layers 4 (78.1–112.3 m) and 5 (112.3–151.7 m)
are characterized mainly by a moderately chargeable domain (zone B), which forms a SW–NE-trending
band in the NW part of the profiles. In the deepest slices, layers 6 (151.7–197.0 m) and 7 (197.0–215.0 m), a
high-chargeability zone (C) becomes more distinct. This zone is mainly restricted to x-distances greater than
250 m and is oriented in the SW-NE direction.

The chargeability observations suggest that the most favorable target is not in the shallow low-
chargeability region, but the deeper and laterally broad anomaly, which is outlined by zone C. Combined
with the resistivity model, the high chargeability and high resistivity response is important. One might
expect sulphide-rich zones to be less resistive in many mineral systems, but, due to hydrothermal alteration
and silicification, resistive but chargeable zones are found where quartz–carbonate veins host disseminated
metallic sulphides [64,65]. In this study, the coincident zones C and III are therefore interpreted as altered
and silicified mineralized zones rather than barren resistive units.

This interpretation is consistent with borehole observations from the Maitengwe greenstone belt. Bore-
hole MTW4 (Fig. 8) records hydrothermal alteration, quartz–carbonate veining, and structurally disturbed
amphibolitic units, with sulphide occurrence beginning from about 58 m depth and more intense alteration
between 118 and 153 m [32]. The deeper chargeability high is therefore compatible with a structurally
controlled mineralized corridor rather than diffuse background polarization. The shallower zones, which
exhibit low or moderate values of resistivity and chargeability, are more consistent with weathered chloritic
and talcose amphibolite with little or no sulphide deposits [47,64].

The pseudo-3D chargeability reconstruction also helps to understand the distribution of the anomaly.
Although the 2D sections (Figs. 9 and 11) suggest that there is deeper chargeable material, the slices in Fig. 12
reveal that the anomaly is a linear trend that is mainly confined to the NW part of the survey area. This trend
is consistent with the NE-SW structural fabric inferred from the aeromagnetic data (Fig. 5), suggesting that
the sulphide mineralization is related to a shear zone. In this respect, the pseudo-3D chargeability model
offers the best geophysical image of the interpreted mineralized zone.

The response is also consistent with other studies that show induced polarization (IP) is more diagnostic
of mineralization than resistivity. High-resistive but chargeable vein systems have been observed in metallif-
erous and hydrothermally altered environments, such as quartz-carbonate veins, and alteration halos around
ore bodies [27,48,66–68]. The Maitengwe results are also consistent with this pattern: resistivity defines the
host environment and alteration, while chargeability is the stronger diagnostic for disseminated sulphide
mineralization in the structurally-defined target area.

3.2 Machine Learning Integration
The 2D and pseudo-3D inversion models were kept as the geophysical reference. The major resistivity

and chargeability fields were identified and their association with alteration and sulphide-rich sectors. But
the inversion alone did not sufficiently define and “edge” spatial variations in the potential for mineralization
for target prioritization, especially where structural complexity and smoothing effects mask local trends.
For this reason, the resistivity and chargeability derived from the inversion models were combined with the
aeromagnetic attributes and were input into the GeoPhysML models.
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3.2.1 Machine Learning-Enhanced Prediction Maps
GeoPhysML was trained on the integrated geophysical attributes, total magnetic intensity (TMI),

reduced-to-pole response (RTP), first vertical derivative (1VD), tilt derivative (TDR), resistivity (ρ) and
chargeability (mc). The output of the model was a probability map, P(mineralization), across the study
area. Fig. 13a shows the mineralization probability map overlaid on the aeromagnetic background map
and Fig. 13b shows the uncertainty map in terms of the Uncertainty Index (UI). This combined presentation
allows the predicted target corridor to be evaluated together with the spatial stability of the model response.

Figure 13: GeoPhysML prediction outputs for Maitengwe greenstone belt. (a) Mineralization prospect map based
on the incorporated aeromagnetic and IP–ERI feature set, revealing the main NE-SW target corridor and the
position of borehole MTW4. The progressive concentration of the mineralized zone is shown by probability contours.
(b) Uncertainty map presented as the uncertainty index (UI), illustrating the relative level of uncertainty in the area of
the main mineralization zone compared to the rest of the area of uncertainty.

The magnetic derivatives showed the dominant NE–SW structural grain, with the corresponding high
probability zones for mineralization (shown as P(mineralization) > 0.75) including the MTW4 location.
This spatial agreement suggests that favourable structural setting and geophysical anomaly patterns, not
just resistivity or chargeability responses, are the controls on the model response. The probability map thus
optimizes the interpretation by the inversion and translates the broad zone of anomalies to mineralization
corridors in ranked order. It is important to note that the uncertainty is relatively low in the principal target
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zone, while the areas around it are likely to contain high uncertainty, and the interpretation of these areas
must be made with caution and prudence, as illustrated in Fig. 13b.

The uncertainty map (Fig. 13b) uses the Uncertainty Index (UI), defined as the coefficient of variation
the ratio of the standard deviation to the mean of the predicted mineralization probabilities. For each grid
cell, UI is computed as:

UI =
σdropout

μpred
(33)

where σdropout is the standard deviation of the predicted probabilities from 100 stochastic forward passes with
dropout enabled, and μpred [69]. The corresponding mean predicted probability is denoted by p̂. This ratio
normalizes the variability by the magnitude of the prediction, making UI a scale-independent measure of
model stability. Lower values (e.g., UI < 0.15) indicate high prediction confidence, while higher values reflect
greater uncertainty. This formulation is consistent with the coefficient of variation (Eq. (34)) and avoids
ambiguity by explicitly stating the division.

3.2.2 Correlation with Borehole Data
The MTW4 borehole log as well as lithology and sulphide data were used to validate the GeoPhysML

predictions. The principal high-probability zone (HPZ) (Fig. 13a) is the area where the mineralization
prediction probability P(mineralization) is at least 0.75, and it is spatially associated with the MTW4
location and runs along the same NE–SW structural corridor identified through the aeromagnetic inter-
pretation. This target zone is very well correlated to the mineralised borehole interval, which is defined by
hydrothermal alteration, quartz-carbonate veins and 5% disseminated sulphides. This local match of the
predicted probability anomaly with the borehole controlled mineralized zone provides a local evidence for
the GeoPhysML result.

The probability map also helps to focus the interpretation of the geophysical anomaly into a target zone.
The model highlights the quadrant in which the favourable electrical responses co-exist with the interpreted
structure not just the resistivity or chargeability anomalies. In line with the geological thinking that sulphide
mineralization in the Maitengwe belt is structurally controlled and locked up into shear related zones.

The ambiguity map in Fig. 13b is additional piece of evidence that reinforces the spatial confidence of this
interpretation. The uncertainty is relatively small in the target corridor around MTW4, implying that the best
target area is one of the least uncertain model predictions. Where uncertainty is higher, but still within the
main corridor, that indicates an area the prediction is not as well constrained and further IP–ERI coverage or
infill drilling would be necessary before the same exploration priority can be given. Fig. 13a,b demonstrates
that the mineralization zone predicted by the borehole study and the comparatively well constrained zone
are both good contenders.

3.2.3 Uncertainty Index (UI)
The Uncertainty Index (UI) is defined as

UI = σ
μ

(34)

In this case, it is the standard deviation of the mineralization probabilities predicted from 100 Monte
Carlo dropout forward passes and the mean predicted probability. Lower UI values (e.g., UI < 0.15) signify
greater prediction stability and high certainty in the model output, while higher UI values suggest greater
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uncertainty and may need much more geological, geophysical or drilling information to ensure that the
prediction is more reliable.

3.3 Quantitative Model Performance
The accuracy, precision, recall, F1-score, and ROC-AUC were mainly used to evaluate the model’s per-

formance in the classification setting. To quantify the difference between predicted probabilities and a binary
label, probability-based error measures were also calculated because GeoPhysML outputs probabilities
of mineralization.

The probability error metrics were defined as

MAE = 1
n

n
∑
i=1

∣yi − p̂i ∣ , (35)

MSE = 1
n

n
∑
i=1

(yi − p̂i)2 , (36)

RMSE =
�
��� 1

n

n
∑
i=1

(yi − p̂i)2, (37)

where yi ∈ {0, 1} denotes the observed mineralization label and p̂i ∈ [0, 1] is the predicted probability of
mineralization for the i-th sample.

The classification metrics were computed as

Accuracy = TP + TN
TP + TN + FP + FN

, (38)

Precision = TP
TP + FP

, (39)

Recall = TP
TP + FN

, (40)

F1 = 2 ⋅ Precision ⋅ Recall
Precision + Recall

, (41)

where TP, TN , FP, and FN denote true positives, true negatives, false positives, and false negatives,
respectively.

The results in Table 5 illustrate the stability and reliability of the GeoPhysML model when tested with
five different cross validation runs. All the evaluation metrics have small standard deviation (less than
0.65%) which shows that the model predictions are stable and reproducible despite the relatively small
labelled dataset.

Table 5: Five-run cross-validation results for the GeoPhysML model.

Run Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Run 1 90.41 89.47 91.89 90.66
Run 2 91.30 88.60 89.40 89.00
Run 3 92.80 90.10 91.00 90.55
Run 4 91.80 88.90 89.70 89.30
Run 5 92.50 89.70 90.50 90.10

Mean ± Std 91.76 ± 0.88 89.35 ± 0.59 90.50 ± 1.02 89.92 ± 0.67
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The confusion matrix for Run 1 (Table 6) reveals that there are 3 false negative and 4 false positive
in 73 test samples. The results show that the proportion of classification errors is low and that the model
can discriminate and classify between mineralized and non-mineralized grid cells. The overall results of the
cross-validation analysis demonstrate the high reliability and generalization potential of the GeoPhysML
framework of mineral prospectivity mapping.

Table 6: Confusion matrix for GeoPhysML model (Run 1).

Predicted Negative Predicted Positive
Actual Negative TN = 32 FP = 4
Actual Positive FN = 3 TP = 34

The performance summary is given in Fig. 14. GeoPhysML achieved an overall accuracy of 90.41%,
precision of 89.47%, recall of 91.89%, corrected F1-score of 90.66%, and ROC–AUC of 0.96. The precision
and recall reported were used to calculate the corrected F1 score with the formula: F1 = 2PR/(P + R). The
probability-based error measures were MAE = 0.042, MSE = 0.0031, and RMSE = 0.056. These values are
representative of low error based on probability from the evaluated set, but should be used with caution,
due to the limited amount of data in the labelled set and due to its borehole constrained nature. These
results show that the integrated model improves the discrimination of the target and is in agreement with
the geophysical structure.

Figure 14: Quantitative performance of GeoPhysML. (a) Classification metrics showing accuracy, precision, recall,
F1-score, and ROC–AUC. (b) Probability-based error metrics showing MAE, MSE, and RMSE computed against the
observed binary mineralization labels.
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3.4 Feature Importance Analysis
In order to understand which geophysical features were important in making the GeoPhysML predic-

tions, we used SHAP (SHapley Additive exPlanations). The mean absolute value of the SHAP was used to
rank the importance of features,

Importance( f j) = 1
n

n
∑
i=1

∣SHAPi( f j)∣ , (42)

which represents the average magnitude of the contribution of feature f j across all samples, irrespective
of sign.

The feature ranking is shown in Fig. 15. The most important predictor is chargeability (mc), followed
by tilt derivative (TDR). Resistivity (ρ) is a secondary predictor, while the first vertical derivative (1VD),
reduced to pole (RTP) and total magnetic intensity (TMI) are of minor importance. This hierarchy is in
agreement with the mineral system interpretation. The chargeability response is the primary geophysical
response to disseminated sulphides, while TDR measures the structural controls on hydrothermal fluid
circulation and mineralisation.

Figure 15: Feature importance ranking based on mean absolute SHAP values. Chargeability (mc) is the dominant
predictor, followed by tilt derivative (TDR), resistivity (ρ), 1VD, RTP, and TMI.

The lower ranking of RTP and TMI suggests that amplitude variations are not as indicative as the
electrical and structural responses. Overall, the SHAP ranking suggests that GeoPhysML is influenced
primarily by the joint occurrence of chargeability anomalies and derivative-based structural attributes,
which is consistent with the interpretation that sulphide mineralization in the Maitengwe Greenstone Belt
is structurally controlled.

In addition to the ranking of the features, the sign of the SHAP values indicate whether the features
tends to increase or decrease the prediction of the model. Mineralization is interpreted as being favoured
by increasing chargeability, as borne out by the positive SHAP values, from chargeability associated with
disseminated sulphides.
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If the SHAP value is positive and near the zero-crossings (TDR ≈ 0), the boundaries are magnetic source
boundaries. This observation suggests that the structural contacts, especially the shear zones and fault-
controlled boundaries may be favourable fluid pathways for the migration of hydrothermal fluids and later
sulphide mineralization.

The model output is more complexly and non-linearly influenced by resistivity. Positive SHAP values
are associated with moderate values of resistivity (200–500 Ω ⋅ m), which are indicative of mineralization
favorable conditions. Conversely, very high resistivity values (>1500 Ω ⋅ m) produce negative SHAP values
indicating silicification of the rocks could also reduce rock porosity and permeability, which would limit fluid
flow and sulphide deposition. The results show that the GeoPhysML model is able to represent geologically
relevant relationships between geophysical characteristics and mineralization processes.

3.5 Ablation Study
The contribution of the main components of GeoPhysML was evaluated in an ablation study. Three

different variants of the model were tested: (i) a baseline MLP that was trained only to classify the
mineralization as one of the two classes, (ii) an MLP model with auxiliary outputs of the resistivity and
chargeability but without physics-informed loss terms, and (iii) the full GeoPhysML model that combines
the auxiliary outputs with the physics-informed loss terms. For all variants, the same set of combined features
was used for training, the same train/validation/test split was used for evaluation.

As each component was added, performance improved over time as shown in Table 7. All classification
metrics were enhanced when auxiliary resistivity and chargeability outputs were included in the MLP, in
comparison to the baseline MLP, indicating that the multi-output formulation helped the network learn
a more informative representation of the subsurface. The full GeoPhysML model gave the best results,
outperforming the auxiliary-output model in terms of accuracy, precision, recall, and F1 score. This finding
indicates that the physics-informed regularization did not just assist with the neural architecture and fused
feature set, but also adds value. Combining the ablation results, it is seen that the auxiliary multi-output
design and physically constrained optimization contribute to the predictive gain of GeoPhysML and when
taken together point to the design of either.

Table 7: Ablation study of GeoPhysML components.

Model Variant Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Baseline MLP 86.19 83.80 85.20 84.50

MLP + auxiliary outputs 89.10 86.10 87.40 86.70
Full GeoPhysML 91.80 89.40 90.50 89.90

Note: The F1-score was verified using F1 = 2PR
P+R , where P denotes precision and R denotes recall. Minor differences may

arise from rounding, but the corrected F1-score for the full GeoPhysML model is 89.80%.

3.6 Comparisons with Baseline Models
The performance of GeoPhysML was evaluated against both geoscience-based and machine-learning

baselines to determine whether the proposed framework provides a measurable advantage over conven-
tional interpretation methods and standard predictive models. The geoscience-based baselines comprised a
threshold-anomaly approach (mc > 8 mV/V, ρ < 100 Ω ⋅m), a fuzzy weighted-overlay model, and a weights-
of-evidence (WoE) model. Machine-learning algorithms used as baselines were logistic regression (LR),
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support vector machine (SVM), k-nearest neighbour (k-NN), random forest (RF), XGBoost and multilayer
perceptron (MLP).

It utilised the same classification metrics for accuracy, precision, recall and F1-score. This comparison
sought to determine if the combination of geophysical constraints with empirical supervised learning
enhances prediction of mineralization over empirical anomaly mapping, combination of statistical evidence,
and traditional machine-learning models. The results are shown in Table 8.

Table 8: Performance comparison of GeoPhysML with baseline methods.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Threshold-Anomaly 75.29 73.18 71.30 72.23

Fuzzy Logic 77.65 75.10 73.20 74.14
WoE 78.99 76.22 74.50 75.35

k-NN (k = 5) 80.64 77.90 76.10 76.99
LR 83.60 80.92 78.50 79.69

SVM (RBF kernel) 85.27 82.40 81.10 81.74
MLP (3 layers) 86.19 83.80 85.20 84.49

RF 88.23 84.11 86.20 85.14
XGBoost 89.50 86.57 87.18 86.87

GeoPhysML 91.80 89.40 90.50 89.90

Note: F1-scores were recalculated using F1 = 2PR
P+R , where P is precision and R is recall. The values are reported to two

decimal places.

Table 8 shows that GeoPhysML achieved the strongest performance among all evaluated methods,
including both geoscience-based and conventional machine-learning baselines. The accuracy values of the
geoscience baselines were 75.29%, 77.65%, and 78.99% for the threshold-anomaly, fuzzy logic, and WoE
models, respectively, with corrected F1-scores of 72.23%, 74.14%, and 75.35%, respectively. This suggests that
empirical anomaly mapping and evidence-combination models capture part of the mineralization pattern,
but remain weaker than supervised classifiers.

Among the machine-learning baselines, XGBoost achieved the strongest conventional performance,
with 89.50% accuracy, 86.57% precision, 87.18% recall, and a corrected F1-score of 86.87%. GeoPhysML
achieved the best overall performance, with 91.80% accuracy, 89.40% precision, 90.50% recall, and a
corrected F1-score of 89.90%. Relative to XGBoost, GeoPhysML improved accuracy by 2.60 percentage
points, precision by 2.83 percentage points, recall by 3.02 percentage points, and F1-score by 2.93 percentage
points. This suggests that the incorporation of geophysical regularization and multi-attribute structure
enhanced discrimination between mineralized and non-mineralized areas.

Receiver operating characteristic (ROC) analysis provides a complementary assessment of classifier
behaviour across decision thresholds. The corresponding ROC curves and AUC values are shown in Fig. 16.

Fig. 16 shows that GeoPhysML achieved the highest ROC–AUC value of 0.96, indicating the strongest
overall discrimination between mineralized and non-mineralized samples across decision thresholds.
Among the baseline models, XGBoost achieved the strongest conventional performance, with 89.50%
accuracy, 86.57% precision, 87.18% recall, and a corrected F1-score of 86.87%. GeoPhysML achieved the best
overall performance, with 91.80% accuracy, 89.40% precision, 90.50% recall, and a corrected F1-score of
89.90%. Relative to XGBoost, GeoPhysML improved accuracy by 2.60 percentage points and F1-score by 2.93
percentage points as shown in Table 8.
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Figure 16: ROC curve comparison of GeoPhysML and the baseline models. GeoPhysML achieves the highest AUC,
indicating the strongest discrimination between mineralized and non-mineralized samples across decision thresholds.

4 Conclusion

4.1 Geological Finding
The integrated geophysical interpretation identified a structurally controlled NE–SW trending target

corridor within the Maitengwe Greenstone Belt. Coincident high chargeability values (6.4–10.7 mV/V) and
elevated resistivity values (1400–3053 Ω ⋅ m) characterize altered and silicified amphibolite units containing
disseminated pyrite. This geophysical signature is interpreted as indicative of structurally controlled sulphide
mineralization rather than barren resistive lithologies.

4.2 Geophysical Finding
IP–ERI inversion delineated three chargeability zones: Zone A (1.8–2.5 mV/V), Zone B (3.4–5.3 mV/V),

and Zone C (6.4–10.7 mV/V). Similarly, three resistivity domains were identified: Zone I (15.6–96.1 Ω ⋅ m),
Zone II (180–850 Ω ⋅ m), and Zone III (1400–3053 Ω ⋅ m). The deep chargeability anomaly (Zone C)
and the deep resistivity anomaly (Zone III) exhibit strong spatial correspondence with the mineralized
interval intersected by borehole MTW4 between depths of 118 and 153 m. Furthermore, aeromagnetic
derivative analysis revealed NE–SW trending lineaments interpreted as regional shear zones that controlled
hydrothermal fluid circulation and sulphide deposition.

4.3 Machine Learning Result
The GeoPhysML framework has an overall classification accuracy of 91.80%, an F1 score of 89.90%, and

an ROC-AUC value of 0.96. The classification accuracy of GeoPhysML was 2.60 percentage points higher
than the XGBoost benchmark model and the F1-score was improved by 2.93 percentage points. The most
influential predictive variables were determined via interpretability analysis using SHAP. Additionally, the
uncertainty quantification with Monte Carlo dropout (100 forward passes) found that the most important
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target zone had a relatively low uncertainty, with the uncertainty index (UI) <0.15, which boosted the
confidence in the model predictions.

4.4 Limitations
There are a number of limitations which need to be recognized, but the results are encouraging.

First, the model validation relied on borehole MTW4, which was held out from training for independent
assessment. The training labels were derived from MTW1 (110–160 m) and MTW2 (118–153 m), which
contain disseminated sulphide mineralization with ≥5% pyrite and quartz-carbonate veining. MTW3 did not
intersect significant sulphides and was used as a negative sample. Secondly, the size of the labelled dataset is
relatively small (247 grid cells) and the performance metrics of the models may still be optimistic even after
implementing spatial blocking. Thirdly, the pseudo-3D reconstruction produced with the IP-ERI data suffers
from low cross-line resolution as a result of a survey line spacing of 100 m. Lastly, the identified sulphide-
bearing zones are regarded as sub-economic and typically comprise pyrite with lesser chalcopyrite, and with
less than 0.1% of base metals content and hence are not currently regarded as ore grade mineralisation.

4.5 Future Scope
Independent drilling programs in the future to test the high probability targets that GeoPhysML has

predicted outside of the immediate area of borehole MTW4 is a suggested area for further work. Further
borehole geochemistry such as X-ray diffraction (XRD) and whole rock geochemistry assays would give
better constraints on alteration characteristics and sulphide mineralogy. Furthermore, application of the
GeoPhysML framework to other greenstone belts, such as the Tati and Matsitama Greenstone Belts, would
provide a robust assessment of the model’s transferability and general applicability for mineral exploration.
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