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Porphyry copper systems in southern Mongolia are important targets for mineral
exploration, yet data-driven mineral prospectivity mapping has limited application
in this region. In this study, we developed a Random Forest model to evaluate
porphyry copper prospectivity and validated the results using independent
hyperspectral evidence from the Environmental Mapping and Analysis Program.
Despite limited data availability, a 15-layer predictor stack at 250 m resolution
was created using geological, structural, topographic, geophysical, and Sentinel-
2A-derived spectral indices. The model was trained using 264 balanced
samples, including 132 positive samples buffered around 33 confirmed porphyry
occurrences to reduce spatial overlap, and 132 negative samples selected using
spatial exclusion masks. Two model configurations were tested: Model A, which
included intrusion proximity variables, and Model B, which excluded them.
Model A achieved an area under the receiver operating characteristic curve
of 0.920 and an overall accuracy of 0.837, outperforming Model B, which
reached a lower value of 0.745 and an accuracy of 0.714, highlighting the strong
metallogenic influence of intrusive bodies. Prospectivity maps and top-decile
target zones revealed anomalies that align with known deposits at Tsagaan
Suvarga and Bronze Fox, and with prospects at Shuteen and Mandakh, while
identifying additional unexplored target areas. Independent validation using
Environmental Mapping and Analysis Program-derived alteration maps further
demonstrated that top-ranked pixels from Model A overlapped with 22.23% of
intense Al-OH alteration, 9.91% of Mg-Fe-OH alteration, and 31.12% when
combined, outperforming Model B. These results indicate that combining
Random Forest prospectivity mapping with hyperspectral alteration information
improves prospectivity assessments for concealed porphyry exploration.

Keywords: Mineral prospectivity mapping (MPM); Machine learning;
Hyperspectral remote sensing; Alteration mineral mapping; Porphyry copper
systems; Southern Mongolia

INTRODUCTION
Porphyry copper systems are large zones of
hydrothermally altered rock centered on porphyry
intrusions and are among the most important
global sources of copper, molybdenum, and gold
(Sillitoe, 2010). These systems usually form in
magmatic arc settings along active continental
margins associated with subduction zones (Sun

et al., 2017). They show extensive hydrothermal
alteration zones, including potassic, phyllic,
argillic, and propylitic assemblages, which are
closely associated with ore mineralization (Lowell
and Guilbert, 1970). Copper is typically found in
rocks altered by hydrothermal processes related
to granitoid porphyry intrusions and nearby
wall rocks (Cooke et al., 2005; Sillitoe, 2010).

© The Author(s). 2026 Open access This article is distributed under the terms of the Creative Commons Attribution 4.0 International License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided you
give appropriate credit to the original author(s) and source, provide a link to the Creative Commons license, and indicate if changes were made.


mailto:muujuub%40student.elte.hu?subject=
https://orcid.org/0000-0001-8328-128X
https://orcid.org/0000-0001-8328-128X
https://orcid.org/0000-0002-1723-8328
http://crossmark.crossref.org/dialog/?doi=10.5564/mgs.v31i62.4567&domain=pdf&date_stamp=2025-04-06

Badrakh and Albert, 2026. Mongolian Geoscientist 31 (62)

Porphyry Cu-Au deposits are the main source
of copper worldwide and also make a significant
contribution to global gold production (Phillips
et al., 2023). Since near-surface mineral deposits
are running out, exploration is shifting toward
the discovery of hidden deposits using advanced
technologies (Ponomarenko et al., 2021; Okada,
2022; Ghorbani et al., 2023; Yang et al., 2024;
Asadzadeh and Chabrillat, 2025).

Mineral prospectivity mapping (MPM), also
known as mineral potential mapping, is a method
of identifying areas that may contain mineral
deposits by combining various geoscientific
datasets in a GIS (Porwal and Kreuzer, 2010). It
integrates diverse layers of spatial data to identify
and prioritize regions prospective for both known
andundiscovered mineralization (Bonham-Carter,
1994; Behnia et al., 2023). MPM approaches are
generally classified into knowledge-driven and
data-driven (Porwal and Kreuzer, 2010; Carranza
and Laborte, 2015). Knowledge-driven methods
often use conceptual geological models and
expert judgment to subjectively weigh exploration
criteria (Ali Hosseini and Abedi, 2015). In
contrast, data-driven techniques use statistical or
computational models trained on known mineral
deposits to quantitatively find links between
predictor variables and mineralization (Behnia et
al., 2023). Machine learning algorithms (MLAs)
like Support Vector Machines, Artificial Neural
Networks, and Random Forest (RF) have shown
they are effective at modeling complex, nonlinear
relationships in multi-source geoscientific data
(e.g., Zuo and Carranza, 2011; Abedi et al., 2012;
Rodriguez-Galiano et al., 2015; Daoud et al.,
2025; Mokhtari et al., 2025; Mastop De Oliveira
etal.,2025). Recent research shows that RF is one
of the most reliable machine learning methods
for MPM because it offers high classification
accuracy, resists overfitting, and can manage
complex, high-dimensional data (Behnia et al.,
2023; Mokhtari et al., 2025; Mastop De Oliveira
et al., 2025).

Independent of machine learning applications,
hydrothermal alteration in porphyry systems
creates unique mineral and spectral signatures
observable in remote sensing data. Important
alteration minerals have specific absorption
features in the visible to near-infrared and
shortwave infrared (VNIR-SWIR) regions, which

allow their identification with multispectral and
hyperspectral sensors (Rowan and Mars, 2003;
Hauff, 2008; Mars and Rowan, 2011). The spatial
distribution of these minerals provides valuable
indicators of hydrothermal zonation and serves
as a proxy for concealed porphyry mineralization
(Asadzadeh et al., 2024a). The Environmental
Mapping and Analysis Program (EnMAP),
operated by the German Aerospace Center, is
a hyperspectral satellite mission launched in
2022, capturing data across 420-2450 nm in 224
spectral bands with a spatial resolution of 30 m
(Guanter et al., 2015; Chabrillat et al., 2024). It
provides high-quality, radiometrically calibrated
hyperspectral data designed for advanced Earth
observation and mineral exploration applications.
Recent studies have demonstrated its strong
potential for geological and mineral applications.
For instance, Asadzadeh et al. (2024¢) confirmed
the sensor’s capability to accurately delineate
hydrothermal alteration zonation in porphyry
copper systems, while Shebl etal. (2025) validated
its effectiveness for detailed lithological and
structural mapping in the Arabian Nubian Shield.
Additionally, Asadzadeh et al. (2024b) reported
the first satellite-based detection of neodymium
(Nd) absorption features at the Mountain Pass
REE deposit. Most recently, Asadzadeh and
Chabrillat  (2025) demonstrated EnMAP’s
versatility in mapping various mineral deposit
types, including porphyry Cu-Au, Volcanogenic
massive sulfide, Mississippi valley type, and
carbonatite systems, highlighting its global
potential for mineral exploration.

Southern Mongolia hosts several known porphyry
copper deposits (Batkhishig et al., 2014) and
remains highly prospective for undiscovered
mineralization. Although several studies have
examined the petrological, geochemical,
geochronological, and tectonic characteristics
of porphyry and related deposits in the region
(e.g., Batkhishig et al., 2010; Wainwright et al.,
2011; Batsaikhan et al., 2018; Davaasuren et
al., 2021; Ganbat et al., 2023), and a few have
utilized multispectral remote sensing for regional
alteration mapping (e.g., Son et al., 2014; Son et
al.,2019). Recent advances, such as the geological
mapping based on RF of the Tsagaan-uul area
by Badrakh et al. (2025), have demonstrated the
potential of Machine learning (ML) techniques for
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geological mapping; however, their application
to mineral prospectivity assessment has not
yet been explored in Mongolia. To address this
gap, this study develops an integrated RF-
based MPM framework to identify porphyry-
type mineralization zones, validated using
EnMAP hyperspectral data. The objectives are
to: (1) integrate geological, geophysical, and
remote sensing datasets to generate predictive
prospectivity maps; (2) evaluate the relative
importance of key predictor variables; and (3)
validate RF-derived prospectivity results using
EnMAP-based hydrothermal alteration mapping.
The findings demonstrate that integrating
machine learning with hyperspectral remote
sensing provides a robust, data-driven approach
to mineral exploration, offering a transferable
framework applicable to other metallogenic
provinces across Mongolia.

STUDY AREA AND GEOLOGICAL
SETTINGS
Mongolia lies within the Central Asian Orogenic
Belt, one of the largest and most complex
accretionary orogenic systems on Earth (Sengor

et al., 1993; Jahn et al., 2000; Windley et al.,
2007; Xiao et al., 2018) (Fig. 1A). The country
is divided into two major tectonic domains: the
northern Caledonian orogen and the southern
Hercynian (Variscan) orogen. These domains are
separated by the Main Mongolian Lineament,
a prominent regional structural boundary that
differentiates ~ predominantly ~ Precambrian
and Lower Paleozoic rocks in the north from
mainly Lower to Upper Paleozoic rocks in the
south (Amantov et al., 1970; Badarch et al.,
2002) (Fig. 1B). The Gurvansaikhan island arc
terrane, situated in the central part of Mongolia’s
southern domain, represents an important
metallogenic province hosting several porphyry
copper deposits, including Oyu Tolgoi, the
largest in the country (Badarch et al., 2002).
Many of these deposits are related to Devonian
to Carboniferous subduction-related magmatic
activity in southeastern Mongolia, making the
Gurvansaikhan and adjacent Mandalovoo island
arc terranes key targets for mineral exploration
(Lamb and Cox, 1998; Batkhishig et al., 2010).
Because the study area spans four 1:200,000
geological map sheets, these were merged and

Fig. 1. Simplified geological map of the study area showing the distribution of plutonic complexes and Paleozoic
sedimentary, volcanic, and metamorphic rocks. The map highlights major geological complexes, formations, and faults.
Inset (A) shows a schematic map of the Central Asian Orogenic Belt (modified after Xiao et al., 2018); (B) the tectonic
subdivision of Mongolia’s major island arc terranes (1-6) (modified after Badarch et al., 2002)
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harmonized to produce an integrated geological
map for this research (Fig. 1C).
Magmatismintheregionisrepresented by multiple
intrusive phases ranging from the Devonian to
Permian periods. The Devonian Tsagaan Suvarga
Complex, composed of monzonite—granodiorite
intrusions, represents the earliest phase of island-
arc magmatism. In contrast, the Carboniferous
Mandakh and Mogoit plutonic complexes
comprise multiphase intrusive bodies including
granitoid, granodiorite, quartz monzonite, and
gabbro, and exhibit a strong spatial association
with porphyry mineralization. The Permian
Budar Complex represents a relatively late
stage of magmatic activity and is dominated by
weakly alkaline leucogranitic compositions.
Additionally, subvolcanic bodies and dikes are
widely developed across the area. Volcanic and
sedimentary units of Devonian, Carboniferous,
and Permian consist primarily of andesite,
basalt, dacite, rhyolite, sandstone, limestone,
and conglomerate lithologies (Delgertsogt et
al., 2007; Nyamaa et al., 2013; Ariunchimeg et
al., 2020) (Fig. 1C). Recent geochronological
data indicated that the Undur-Uud Formation
(Fig. 1) has a Carboniferous age of 338.6 +
4.6 Ma (Munkhtsengel et al., 2018); however,
this updated age attribution is not consistently
reflected in existing regional geological maps,
which are followed in this study

Porphyry Cu mineralization is predominantly
concentrated along the margins of intrusive
bodies and major fault zones, indicating that both
structural and magmatic controls played a critical
role in ore localization within the region.

A total of 33 porphyry-style mineralized
deposits and occurrences were compiled and
utilized as reference training data for mineral
prospectivity mapping. These occurrences are of
key significance in representing the metallogenic
framework of the region and provide an essential
basis for evaluating the spatial distribution
and structural-magmatic controls of porphyry
Cu mineralization. Among them, the Shuteen,
Tsagaan Suvarga, Bronze Fox, and Mandakh
areas are comparatively well-studied and
considered advanced exploration targets. Their
geological characteristics have been more
extensively documented in previous studies. It is
important to note that the lithostratigraphic unit

names referenced in this study follow those used
on the 1:200,000 geological maps.

The Tsagaan Suvarga deposit is a Late Devonian
porphyry Cu-Mo system (364.9 = 7 Ma; Lamb
and Cox, 1998) situated along the northwestern
margin of the Tsagaan Suvarga intrusive Complex.
The mineralization is hosted by hornblende-
biotite quartz monzonite and monzodiorite of
subduction-related, I-type, high-K calc-alkaline
affinity. Alteration is characterized by actinolite-
biotite-chlorite-magnetite replacement of
hornblende and primary biotite, overprinted by
quartz-muscovite assemblages associated with
Cu-Mo mineralization. Chalcopyrite and bornite
are the primary ore minerals, with molybdenite
occurring mainly within quartz-muscovite
alteration zones (Tungalag et al., 2019). The
delineated orebody measures approximately 2.0
% 0.5 km, with early resource estimates reporting
240 Mt at 0.53% Cu and 0.19% Mo (Japan
International Cooperation Agency, 1992).

The Shuteen area comprises volcanic and
intrusive rocks that were emplaced during
multiple magmatic phases. The Shuteen Pluton
intrudes Lower Carboniferous volcanic and
sedimentary sequences. It consists of hornblende-
biotite granite, granodiorite, quartz monzodiorite,
monzonite, syenite, and diorite (Mandakh
Complex in Fig. 1C). The intrusive suite records
at least three magmatic stages accompanied
by multiple generations of dykes, indicating
a long-lived magmatic-hydrothermal system.
Hydrothermal alteration is extensive, evolving
from early potassic and propylitic assemblages to
late-stage advanced argillic and silicic alteration,
forming a prominent lithocap. Although no
economic orebody has been identified to date, the
alteration architecture suggests strong potential
for a concealed porphyry Cu system at depth
(Batkhishig et al., 2010; Batkhishig et al., 2014).
U-Pb zircon and Rb-Sr isotopic ages indicate that
the Shuteen intrusive phases formed at ~325 + 1
Ma (Blight et al., 2010) and 321 £+ 9 Ma (lizumi
and Batkhishig, 2000), respectively.

The Bronze Fox porphyry Cu-Au (Mo) deposit is
mainly hosted by Early Carboniferous volcanic-
sedimentary sequences, comprising marine
sediments, tuffs, and conglomerates, overlain by
the middle-late Carboniferous complex (Mandakh
Complex in Fig. 1C) consisting of intermediate
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to felsic volcanic rocks with interbedded
sandstone and limestone. These sequences
were subsequently intruded by multiple phases
of granitoids, including granite, granodiorite,
quartz monzodiorite, monzodiorite, diorite,
quartz diorite, and tonalite porphyry (Ganbat
et al., 2023). The granodiorite intrusion has a
U-Pb zircon age of 333.6 + 0.6 Ma (Blight et al.,
2010). Mineral chemistry analyses of amphibole,
biotite, and zircon suggest that the granodiorite
intrusions at Bronze Fox are more favorable for
the development of economic mineralization
(Ganbat et al., 2023).

The Mandakh area, situated within the
Gurvansaikhan and Manlai terranes, is underlain
by Late Devonian-Carboniferous calc-alkaline,
I-type to adakitic magmatic rocks, consisting
predominantly of syenite, granite, and andesite-
dacite volcanic units. These oxidized, subduction-
related magmatic suites are considered fertile for
porphyry Cu mineralization (Batsaikhan et al.,
2018).

DATA AND METHODOLOGY

Data sources and predictor variables

A comprehensive set of geological, topographic,
spectral, and geophysical datasets was compiled
and integrated to develop the predictor variable
database for the study area. All raster datasets were
standardized to a 250 m spatial resolution and
projected to the Universal Transverse Mercator
Zone 48N coordinate system. The 250 m grid
cell size was selected to align with the positional
accuracy of the 1:200,000 geological map and to
allow the integration of multi-resolution datasets
(10 m, 30 m, and 0.05°) without introducing
artificial spatial detail or scale-related bias. In data-
driven mineral prospectivity mapping, the choice
of raster resolution is a critical methodological
decision, as each mineral occurrence should
ideally be associated with a single raster unit
cell to avoid spatial bias during model training
(Carranza, 2009). This spatial resolution provides
an optimal balance between maintaining key
geological and geomorphological patterns across
the ~100 km-wide study area and ensuring
computational efficiency and model stability
during training and prediction. Before modeling,
all raster layers were co-registered to a common
spatial extent, pixel origin, and grid alignment to

eliminate spatial inconsistencies and to support
accurate pixel-based analysis.

The predictor variables were selected based
on established geological models of porphyry
copper systems and the availability of
regionally consistent datasets. The resulting set
of 15 predictors captures the main structural,
geophysical, topographic, and hydrothermal
alteration controls on porphyry Cu mineralization,
while remaining sufficiently limited to reduce
overfitting in regional-scale, data-limited RF
modeling. A total of 15 predictor variables were
compiled into a multi-band raster stack at 250 m
resolution (Table 1). These included Euclidean
distance to faults, proximity to Devonian,
Carboniferous, and Permian intrusive bodies,
gravity anomaly, Shuttle Radar Topography
Mission Digital Elevation Model (SRTM DEM),
terrain derivatives, and seven Sentinel-2A-
derived spectral alteration indices representing
iron oxide, hydroxyl-bearing, and gossan-related
mineralogical variations (van der Meer et al.,
2014; van der Werff and van der Meer, 2016).
Fault traces were digitized from the 1:200,000
geological map, rasterized, and converted into
Euclidean distance rasters (m). Intrusive units
were extracted from the same map and grouped
into Devonian, Carboniferous, and Permian
categories based on lithology and age. Each group
was rasterized and transformed into Euclidean
distance layers to serve as spatial proxies for
magmatic-hydrothermal processes linked to
porphyry Cu mineralization. Gravity data were
obtained from the EIGEN-6C4 global gravity
model (Forste et al., 2014) via the International
Centre for Global Earth Models service (Ince et
al., 2019) at a resolution of 0.05° (~4-5 km) and
were subsequently resampled to 250 m.

Spectral alteration indices were generated from
atmospherically corrected Sentinel-2A imagery,
which provides 13 VNIR-SWIR bands at 10—
60 m spatial resolution under the Copernicus
program (EC/ESA). Four Level-2A scenes
were used: S2A MSIL2A 20250410T035201 _
NO511 R104 _T48TXP_20250410T062701.
SAFE, S2A _MSIL2A 20250410T035201
NO511 _R104 T48TXQ 20250410T062701.
SAFE, S2A MSIL2A 20250427T034201 _
NO511 _RO61 T48TYP 20250427T061613.
SAFE, S2B_MSIL2A 20250503T034539
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NO511 R104 T48TYQ _20250503T055513.
SAFE.

The processed scenes were mosaicked, co-
registered, and resampled to 10 m spatial
resolution using bilinear interpolation. The final
mosaic was clipped to the boundary of the study
area to ensure consistent spatial coverage with
other datasets. Indices were computed using NIR-
SWIR band-ratio techniques following van der
Meer et al. (2014) and van der Werff and van der
Meer (2016). Topographic variables representing
geomorphological conditions were derived from
the SRTM DEM, including elevation, slope,
and topographic position index (TPI). Slope
reflects terrain gradients influencing erosion and
exposure of lithologies, whereas TPI identifies
relative topographic positions such as ridges
and valleys that may correspond to structural or
lithological controls (Weiss, 2001). SRTM DEM
provides consistent radar-derived elevation data
at 1-arc-second (~30 m) and 3-arc-second (~90
m) resolution (Farr et al., 2007). Although these
morphometric variables are not commonly used
as predictor inputs in ML-based MPM, a few
recent studies have demonstrated their utility
for capturing geomorphological controls on
mineralization (Josso et al., 2023; Mahboob et
al., 2024).

To evaluate the influence of geological
knowledge on model performance, two RF model
configurations were developed:

1. Model A (15 wvariables): included all
predictors, including the three intrusion-
proximity layers.

2. Model B (12 wvariables): excluded the
intrusion-proximity layers, representing
a  geology-independent,  data-driven
configuration.

This dual-model design enables a direct
comparison between a geologically informed
model (Model A) and a neutral, data-driven
model (Model B), thereby quantifying the added
value of intrusion-related predictors for porphyry
Cu prospectivity mapping.

Dataset generation

A total of 33 confirmed porphyry-style
deposits and occurrences within the study area
were used as the primary training dataset for
model development. Because single coordinate

points do not adequately represent the spatial
footprint of porphyry systems, nor the extent of
associated hydrothermal alteration halos, each
occurrence was buffered by 1,000 m to capture
spatial variability and account for positional
uncertainty. To increase the number and spatial
representativeness of training samples, three
additional points were randomly generated
within each buffer zone, resulting in 132 positive
samples (class = 1). The approach is conceptually
consistent with the spatial weighting strategy
proposed by Harris et al. (2006), who emphasized
increasing spatial representation around known
deposits to strengthen training datasets when
limited occurrences are available (Harris et al.,
2025).

On the other hand, defining non-mineralized
samples is inherently challenging in mineral
prospectivity studies because areas without
known deposits may still host undiscovered
mineralization (Behnia et al., 2023). Following
recommendations that non-deposit samples
should be generated only beyond a minimum
distance from known mineralization to minimize
false negatives (Harris et al., 2025), a distance-
based exclusion approach was adopted. To reduce
the likelihood of misclassifying permissive
ground as background, 34 additional mineralized
points were used exclusively for exclusion
purposes rather than as positive samples. Both the
33 porphyry occurrences and the 34 additional
mineralized points were buffered by 3,000 m,
dissolved, and removed from the sampling
domain, resulting in a conservative background
area that minimized false-negative selection.
From this restricted zone, 132 random points
were extracted as negative samples (class = 0),
producing a balanced dataset of 264 labelled
samples for training and testing. All spatial
sampling procedures were conducted in QGIS
v3.40.

RF classification workflow and prospectivity
map generation

RF classifier (Breiman, 2001) was implemented
using the scikit-learn library for mineral
prospectivity modeling. The predictor set
consisted of 15 continuous variables (Table 1),
and a binary target (1 = mineralized, 0 = non-
mineralized). Missing values were imputed
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Table 1. Predictor variables used in the RF models

Types of predictors Name of predictors

Structural and Distance to faults (m)

geophysical variables Gravity anomaly (mGal)

Geological context
(Intrusion-related) (used
only in Model A)

Elevation (m)

Slope (°)

TPI

Ferric iron (B4/B3)

Ferrous iron (B12/B8 + B3/B4)
Gossan (B11/B4)

Ferrous silicates (B12/B11)
Ferric oxides (B11/Bg)

Iron oxides (B4/B2)

Topographic variables
(derived from SRTM-
DEM)

Spectral alteration
indices (derived from
Sentinel-2A reflectance)

OH-bearing alteration (B11/B12)

Distance to Carboniferous intrusions (m)

Distance to Devonian intrusions (m)

Distance to Permian intrusions (m)

Original resolution/ data

source Resampled to (m)

1:200,000 geological map 250
EIGEN-6C4 (0.05° grid) 250
1:200,000 geological map 250
1:200,000 geological map 250
1:200,000 geological map 250
30m 250
30m 250
30m 250
10 m 250
10-20 m* 250
10-20 m* 250
20 m 250
10-20 m* 250
10 m 250
20 m 250

*Mixed-resolution indices use 10 m (B2, B3, B4, B8) and 20 m (B11, B12) bands. Compute at 20 m after aligning/
resampling the 10 m bands to 20 m, then resample the resulting index to 250 m.

using median substitution. The RF model was
configured with 500 trees, the Gini impurity
criterion, and max_features = “sqrt”, a standard
setting to enhance ensemble diversity in
classification tasks (Breiman, 2001). Class
imbalance was addressed using a balanced-
subsample weighting scheme, and bootstrap
aggregation was enabled with default tree-depth
settings to preserve full data-driven complexity.
To address spatial autocorrelation, an important
concern in spatial data analysis, a group-aware
train—test split was performed using 10 km
spatial blocks, allocating 30% of the samples
to independent testing. Model performance was
assessed using out-of-bag error and a group-
aware Receiver operating characteristic (ROC)
analysis with bootstrap-derived 95% confidence
intervals (CI) (Hanley and McNeil, 1982). The
optimal decision threshold was selected using
Youden’s J statistic (Youden, 1950), and posterior
probabilities were used to delineate the top 10%
highest-ranked prospective zones. In addition,
RF enables evaluation of predictor contributions
through variable importance metrics, such as
the Mean Decrease in Gini index, which ranks
variables by their reduction in node impurity
(Degenhardt et al., 2019). Raster predictions and
final maps were generated in Python using the
rasterio and geopandas libraries.

Integration with EnMAP hyperspectral
validation

We independently cross-validated the RF
prospectivity results using EnMAP hyperspectral
imagery, which provides detailed spectral data
for detecting hydrothermal alteration minerals
linked to porphyry-style mineralization. Three
EnMAP Level-2A surface reflectance scenes (30
m spatial resolution; UTM Zone 48N) that partly
cover the central study area were pre-processed
and combined into one hyperspectral data cube
with the EnMAP-Box 3.16.3 plugin in QGIS.
These scenes were collected on 5 October 2025
and include the following datasets:

E N M A P 0 1
L2ADTO0000156113 20251005T042340Z 001 _
V010502 20251006T002020,

ENMAPO1l _ L2A-DT0000156113 20251005
T0423447 002 V010502 _20251006T002018Z,
ENMAPO1  L2A-DT0000156113 20251005
T0423487 003 V010502 _20251006T002020Z.
Before mosaicking, we removed bands with low
signal-to-noise ratios, atmospheric absorption, or
missing data, which left a 167-band optimized
subset for spectral analysis. We then applied
reflectance scaling using the per-band gain factor
(0.0001) and offset (0) from the ENVI header to
convert digital numbers to surface reflectance
(0-1). Because EnMAP only covers part of the
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study area, we used the processed data cube only for
extracting spectral indices and independently
validating the RF-based prospectivity results, not
for mapping the entire region.

Spectral Alteration Index Extraction and
Validation

Porphyry copper deposits are typically
surrounded by zoned hydrothermal alteration
halos comprising potassic, phyllic, argillic,
and propylitic assemblages, as described in
the introduction. Short-wave infrared (SWIR)
reflectance spectroscopy provides a rapid and
effective means of detecting and characterizing
hydrothermal alteration associated with ore-
forming systems (Hauff, 2008; Neal et al., 2018).
Before spectral analysis, the EAMAP SWIR data
cube was subset to the 2150-2440 nm range to
capture key absorption features of alteration
minerals related to porphyry copper systems.
Continuum Removal (CR) was applied to this
subset using the EnMAP-Box CR module to
enhance subtle absorption features and allow
consistent spectral comparison. To derive
representative field-scale spectral profiles, a
kernel-based sampling approach was adopted
instead of single-pixel extraction to minimize
noise, pixel-level variability, and sub-pixel
mixing. Five occurrence points were selected
from known deposits, including three within the
Shuteen and two within the Bronze Fox. Spectra
were extracted from 3 x 3 pixel kernels, averaged,
and stored in an EnMAP-Box spectral library for
subsequent comparison. CR was then applied
to the kernel-averaged spectra to normalize and
enhance diagnostic absorption features, enabling
direct comparison of alteration mineral signatures
across sites (Clark et al., 2003). The CR method
fits a continuum across a defined wavelength
interval and scales reflectance values relative to
this baseline, thereby improving the visibility of
absorption features associated with Al-OH and
Mg-Fe-OH minerals which are key indicators
of phyllic/argillic and propylitic alteration,
respectively.

To validate and interpret the MPM results,
alteration indices were derived from the EnMAP
hyperspectral cube using band-depth analysis.
Two diagnostic wavelength intervals were
targeted: AI-OH (= 2130-2250 nm), indicative

of phyllic-argillic alteration (sericite, muscovite,
kaolinite), and Mg-Fe-OH (= 2250-2380 nm),
indicative of propylitic alteration (chlorite,
epidote).
Band-depth (BD) values were calculated
following the standard formulation (Clark and
Roush, 1984; Kokaly and Clark, 1999):

BD(A) =1 —%= 1 —R(1)

where R, is the reflectance at the absorption
minimum, R the continuum at that wavelength,
and R, the continuum-removed reflectance. CR
normalizes spectra by dividing the reflectance
by the fitted continuum, thereby isolating and
scaling absorption features between 0 and 1.
Higher BD values indicate stronger absorption
and, consequently, a greater relative abundance of
the corresponding alteration minerals. To enable
spatial comparison with the RF-based MPMs,
the AI-OH and Mg-Fe-OH band-depth rasters
derived from EnMAP were resampled to 250 m
spatial resolution by mean aggregation, matching
the RF model grid. Moreover, a Top 10%
prospectivity mask was generated for each model
by applying the 90th percentile (P90) threshold
to the continuous RF probability outputs, where
pixels > P90 were assigned a value of 1. These
binary Top 10% masks for Models A and B were
then overlaid with the resampled alteration layers
to quantify the spatial correspondence between
highly prospective areas and hydrothermal
alteration zones. The degree of overlap was
computed for AI-OH, Mg-Fe-OH, and combined
alteration layers, providing an independent
validation of the MPM predictions.

RESULTS

Test Performance

A total of 264 labelled samples were prepared
for model development, comprising 132 positive
samples and 132 negative samples extracted from
low-prospectivity background areas. This yielded
a 70/30 train-test split, resulting in 166 training
samples (83 positive and 83 negative) and 98
spatially independent test samples (Fig. 2).

RF models show contrasting predictive
performances depending on whether intrusion-
related predictors were included (Table 2).
Model A, which includes intrusion-distance
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Table 2. Performance comparison between Model A (with intrusion predictors) and Model B (without intrusion

predictors)

Metric
Number of predictors variables
Accuracy
Precision
Recall

F1-score
AUC

Model A Model B
15 12
0.837 0.714
0.844 0.714
0.837 0.714
0.837 0.714
0.92 0.745

Fig. 2. Distribution of positive and negative training and testing samples overlaid on major geological units in

the study area

variables, achieved an Area Under the Receiver
Operating Characteristic Curve (AUC) of 0.920
with a 95% CI 0f 0.859-0.972 on the independent
test set, indicating excellent discriminatory
performance. The optimal probability threshold
derived from Youden’s J statistic was 0.302
(Fig. 3A). In contrast, Model B yielded a lower
ROC-AUC of 0.745 (95% CI: 0.635-0.848) with
an optimal threshold of 0.402 (Fig. 3B). Model

A also achieved higher overall accuracy (0.837)
than Model B (0.714).

Variable importance analysis reveals a clear shift
in dominant predictors between the two models
(Fig. 4). In Model A, the most important variables
are distances to Carboniferous intrusions (0.152),
Devonian intrusions (0.148), and distance to
faults (0.125) (Fig. 5), followed by elevation
(0.100). Distance to Permian intrusions (0.080)
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Fig. 3. ROC curves for the two RF prospectivity models. (A) Model A including intrusion-related predictors
(n=15); (B) Model B excluding intrusion-related predictors (n = 12)

Fig. 4. Gini importance of predictor variables for Model A and Model B, showing the shift in dominant

controls on prospectivity between the two models

and gravity anomaly (0.075) also contribute to
model importance.

In Model B, distance to faults (0.207), elevation
(0.138), and gravity anomaly (0.113) dominate
predictor importance. Terrain-related variables
such as TPI (0.092) and slope (0.084) also show
increased influence. Spectral alteration indices
contribute less individually (0.024-0.062) but
remain informative in both models (Fig. 4).

Mineral prospectivity probability map

The RF-derived prospectivity maps illustrate
the spatial distribution of predicted porphyry
Cu potential, with values ranging from low
(blue) to high (red) (Fig. 6). Model A delineates
more continuous and spatially focused high-
prospectivity zones, particularly in the central and
southeastern parts of the study area, and shows a
meaningful spatial correspondence with known
porphyry deposits and prospects (Fig. 6A). Model

10
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Fig. 5. Some of the most influential predictors for both models

Fig. 6. RF-derived mineral prospectivity maps of the study area. (A) Model A; (B) Model B; The color scale
represents the probability of porphyry Cu mineralization, ranging from low (0) to high (1). Black stars denote
known porphyry Cu occurrences, plus well-studied areas including Shuteen, Bronze Fox, Mandakh, and Tsagaan

Suvarga

11
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B identifies similar clusters but exhibits more
diffuse patterns with lower anomaly contrast
(Fig. 6B).

Both models highlight additional areas of
elevated prospectivity outside currently known
occurrences, suggesting potential targets for
future exploration.

EnMAP Alteration Mapping and Validation of
the RF Model

EnMAP hyperspectral data were used to
independently validate the RF-based prospectivity
models by mapping hydrothermal alteration
associated with porphyry Cu systems. A true-
color composite (RGB: Bands 047, 032, and 013;
Fig. 7) was first generated to highlight lithological

contrasts, structural features, and known Cu
occurrences. Because EnMAP coverage does not
span the entire study area, alteration mapping and
validation were restricted to the area covered by
the EnMAP scene.

Comparison of EnMAP-Derived and
Sentinel-2 Spectral Indices.

We created a set of alteration-specific spectral
indices from the ENMAP data (Shebl et al., 2025)
(Table 3) and compared them with analogous
Sentinel-2A indices (van Der Meer et al., 2014;
van der Werff and van der Meer, 2016) (Table
1) to evaluate the added value of hyperspectral
information  for  detecting  hydrothermal
alteration. The comparison focused on OH-

Fig. 7. EnMAP hyperspectral image coverage of the study area showing major geological structures and mineral

occurrences

12
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Table 3. EnMAP spectral indices, band ratios, and corresponding wavelengths used for alteration mapping

(Shebl et al., 2025)

Indices Band ratio

Corresponding wavelengths (nm)

OH-bearing alteration B150/B224

1609.02, 2445.3

Mg-Fe-OH minerals

(B201 + B218)/B209

2265.79, 2400.00, 2330.05

Iron-bearing minerals B48/B16

666.63,491.78

Al-OH minerals

(B189 +B201)/B194

2165.47,2265.79, 2207.86

Fig. 8. EnMAP and Sentinel-2A derived alteration index maps for the study area. (A) EnMAP maps illustrating OH-
bearing alteration, Mg-Fe-OH minerals, iron-bearing minerals, and AI-OH minerals; (B) Sentinel-2A maps showing
OH-bearing alteration, ferrous silicates (biotite-chlorite-amphibole), iron oxides, and gossan

bearing alteration, AI-OH minerals, Mg-Fe-OH
assemblages, iron-bearing minerals, and gossan
indicators (Fig. 8).

The results show that both sensors generally
capture the main alteration patterns. However,
EnMAP-derived indices reveal clearer and
more spatially continuous mineralogical zones.
Althoughboth datasets were analyzed atacommon
spatial resolution of 30 m after resampling,
EnMAP’s higher spectral resolution, particularly
in the SWIR region, allows more accurate

13

detection of diagnostic absorption features. As
a result, phyllic (Al-OH) and propylitic (Mg-Fe-
OH) alteration zones are more sharply defined
in EnMAP (Fig. 8A). Sentinel-2A indices show
similar patterns but with reduced clarity due to
fewer SWIR bands (Fig. 8B).

and alteration

Spectral characterization

mapping
Continuum-removed spectra from the Shuteen
and Bronze Fox porphyry systems reveal



Badrakh and Albert, 2026. Mongolian Geoscientist 31 (62)

diagnostic absorption features in two main SWIR
intervals: 2130-2250 nm for Al-OH and 2230-
2380 nm for Mg-Fe-OH. These intervals were
used for BD mapping to delineate argillic/phyllic
and propylitic alteration zones (Fig. 9A).

The resulting alteration masks show clear
hydrothermal zonation, with AI-OH alteration
concentrated near the Shuteen and Bronze Fox
centers and Mg-Fe-OH alteration forming wider
haloes around the AI-OH cores. Continuum-
removed spectra from five sample locations
(three in Shuteen and two in Bronze Fox) confirm
these patterns (Fig. 9B-C). Absorptions near
2200 nm indicate white mica (muscovite-illite)
associated with phyllic alteration, while features
at 2248-2266 nm and 2337-2368 nm correspond
to Mg-Fe-OH vibrations in chlorite-epidote

assemblages, indicating propylitic alteration.
BD-derived products provide more continuous
alteration boundaries than index-based maps.
Validation of the RF prospectivity model. To
ensure spatial consistency between the EnMAP-
derived alteration maps and the RF-based
MPMs (Fig. 10A, C), the AlI-OH and Mg-Fe-
OH alteration maps were resampled to 250
m resolution. High-prospectivity zones were
defined as the top 10% of prospectivity values
(>90th percentile) from each RF model. These
areas were overlaid with the alteration masks to
quantify spatial correspondence (Fig. 10B, D).
For Model A, 22.23% of high-prospectivity
pixels overlap with Al-OH alteration, 9.91% with
Mg-Fe-OH alteration, and 31.12% with either
alteration type. For Model B, the corresponding

Fig. 9. (A) Hydrothermal alteration masks derived from EnMAP SWIR CR analysis, illustrating the spatial

distribution of Al-OH (argillic/phyllic) and Mg-Fe-

OH (propylitic); (B) CR EnMAP spectra for three

representative samples from the Shuteen area; (C) CR spectra for two representative samples from the Bronze

Fox area

14
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Fig. 10. Spatial overlap between RF prospectivity maps and EnMAP-derived alteration zones. (A) RF prospectivity
map for Model A (including intrusion-related predictors); (B) Spatial overlap between the top-10% high-prospectivity
pixels of Model A and EnMAP-derived Al-OH and Mg-Fe-OH alteration masks; (C) RF prospectivity map for Model
B (excluding intrusion-related predictors); (D) Spatial overlap between the top-10% high-prospectivity pixels of
Model B and the AI-OH and Mg-Fe-OH alteration masks

15



Badrakh and Albert, 2026. Mongolian Geoscientist 31 (62)

Table 4. Overlap statistics between Top 10% prospectivity pixels and alteration masks

Metric Toll)v[ll%:jf of Ovel;rtlgfvlv ith Overl;g_v(;ilzlh Mg- Combined Alterations
Pixel count 4399 978 436 1369
% of Top 10 Model A 100% 22.23% 9.91% 31.12%
Metric TOII)\/IISI:? of Ovegrtlg:lv ith Overlgg_v(g% Mg- Combined Alterations
Pixel count 4368 728 533 1225
% of Top 10 Model B 100% 16.67% 12.20% 28.04%

overlaps are 16.67%, 12.20%, and 28.04%,
respectively (Table 4). Model A shows stronger
spatial alignment with AI-OH alteration,
consistent with proximal alteration halos in

porphyry systems.

DISCUSSION
Influence of predictor variable selection and
dominance of intrusion proximity
Choosing the right predictor variables is key to
how well MPMs perform and how broadly they
can be applied (Sun et al., 2020). Geophysical
datasets,  particularly = aeromagnetic  and
radiometric products, are commonly used in
mineral prospectivity mapping and are important
indicators of mineralization when combined
with geological information (Sun et al., 2024).
In this study, however, consistent regional
geophysical coverage was unavailable, which
limited the inclusion of such datasets. As a result,
the modeling framework relied on geological,
structural, topographic, and Sentinel-2A-derived
spectral indices, along with long-wavelength
gravity from a global gravity field model. Without
detailed geophysical inputs like magnetic and
radiometric data, the model was likely less able
to detect deeper or more subtle features that are
often important in porphyry Cu exploration (e.g.,
Clark, 2014; Anderson et al., 2023).
Despite these limitations, the selected predictors
effectively captured the principal processes
governing porphyry Cu systems. Intrusion-
proximity variables served as spatial proxies for
magmatic heat and metal sources (Porwal and
Kreuzer, 2010), while structural and topographic
parameters reflected hydrothermal fluid pathways
and geomorphic responses. This process-based
design ensured geological relevance despite data
constraints.
Model performance improved substantially when

intrusion-related predictors were included (AUC
= 0.920), supporting the fundamental genetic
link between porphyry systems and granitoid
intrusions (Sillitoe, 2010). Distance to Devonian
and Carboniferous intrusions were the most
influential variables, consistent with known
associations such as Shuteen and Bronze Fox with
Carboniferous intrusions, and Tsagaan Suvarga
with Devonian intrusions. This dominance
reflects geological reality rather than model
bias, as porphyry Cu mineralization in southern
Mongolia is closely linked to subduction-related
Devonian-Carboniferous magmatism (Batkhishig
et al., 2010; Batsaikhan et al., 2018).

Some correlation among predictors is expected
in geological systems. RF models are robust to
correlated variables, although shared explanatory
information may affect the relative ranking of
variable importance (Breiman, 2001; Belgiu and
Dragut, 2016). Consequently, variable importance
results are interpreted in a comparative and
process-based manner rather than as absolute
measures of individual predictor significance.
The model performance may decrease in regions
where the relationship between mineralization
and intrusions is weaker or poorly mapped.
Future studies could improve generalization
by testing alternative intrusion datasets,
subdividing intrusive phases using geochemical
or geochronological criteria, and incorporating
additional geophysical and structural metrics.

Integration of MPM and EnMAP-based
validation

Independent validation of data-driven mineral
prospectivity models remains challenging due
to spatial autocorrelation, uneven sampling, and
the lack of standardized validation frameworks
(Koldasbayevaetal., 2024). In this study, EnAMAP
hyperspectral data were used as an independent

16
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validation dataset to assess whether RF-predicted
high-prospectivity zones spatially coincide with
surface expressions of hydrothermal alteration.
Although hyperspectral coverage was limited
to a subset of the study area, its use exclusively
for validation, rather than as a predictor, reduces
circular reasoning and limits spatial dependence
between modeling and validation data.

Two diagnostic SWIR alteration proxies, AI-OH
and Mg-Fe-OH, were selected instead of detailed
mineral identification. This approach was justified
due to the limited mineralogical characterization
of local porphyry systems and the robustness and
transferability of Al-OH and Mg-Fe-OH indices
across different lithologies (Clark, 2014).

The observed moderate to strong spatial
correspondence between RF-derived high-
prospectivity zones and Al-OH and Mg-Fe-OH
anomalies using EnMAP suggests that the model
predictions are broadly consistent with surface
hydrothermal alteration patterns. This agreement
between statistical predictions and mineralogical
evidence supports the effectiveness of key
predictors such as intrusion proximity, fault
density, and topographic indices in representing
the geological processes controlling porphyry Cu
mineralization in southern Mongolia.

Strengths, limitations, and opportunities for
future research

The observed spatial correspondence between
RF-based prospectivity maps and EnMAP-
derived alteration patterns enhances confidence in
the modeling results and demonstrates the value
of hyperspectral data for independent validation.
Nevertheless, several limitations should be
mentioned. First;, EnMAP-based validation
is restricted to the spatial extent of available
imagery and may not capture full regional
variability. Second, SWIR-based alteration
mapping reflects surface expressions and may
fail to detect concealed or deeply eroded mineral
systems. Third, AI-OH and Mg-Fe-OH anomalies
can also result from non-porphyry processes,
underscoring the need for careful geological

interpretation.
Future work should focus on (1) integrating
regional airborne geophysics to improve

detection of MPMs, and (2) validating alteration
minerals using field spectrometer measurements

17

or by comparison with reference spectra from
the United States Geological Survey (USGS)
spectral library to ensure mineralogical accuracy.
Together, these advancements will make data-
driven mineral prospectivity models easier to
interpret, more adaptable, and more realistic
from a geological perspective. Integrating RF-
based MPMs with EnMAP-derived alteration
analysis provides a scalable and geologically
sound approach for porphyry copper exploration
in Mongolia.

CONCLUSION

Porphyry copper deposits in the Gurvansaikhan
terrane  of southern Mongolia have been
extensively studied in terms of geochemistry,
petrography, and geochronology, yet the
application of remote sensing, machine learning,
and hyperspectral techniques has remained
limited. This study addresses this gap by presenting
an integrated framework that combines RF-based
mineral prospectivity mapping with independent
validation using EnMAP hyperspectral data.

The first stage of this study involved developing
the RF machine learning models trained on 15
predictor variables derived from geological,
structural, topographic, geophysical, and
multispectral datasets. Since porphyry deposits
are genetically associated with granitoid-
porphyry intrusions, the inclusion of the
intrusion proximity variables resulted in a high
predictive performance, particularly influenced
by the Devonian-Carboniferous intrusion-related
occurrences. A second model excluding intrusion
proximity variables demonstrated reduced
performance, with prospectivity controlled
primarily by structural, topographic, and gravity-
related predictors, highlighting the influence of
geological prior knowledge on model outcomes.

Independent  validation  using ~ EnMAP
hyperspectral data further strengthened the
geological support for the RF results. CR analysis
in diagnostic SWIR regions delineated argillic/
phyllic (Al-OH) and propylitic (Mg-Fe-OH)
alteration zones consistent with classical porphyry
copper alteration models. Spatial overlap between
high-prospectivity zones and alteration anomalies
reveals that 31.12% of the top-decile RF targets
in Model A and 28.04% in Model B coincide with
alteration zones, indicating a moderate level of
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spatial agreement. These findings indicate that
hyperspectral CR alteration mapping provides
independent, mineralogically grounded support
for data-driven mineral prospectivity modeling.
From an exploration application perspective,
MPM is a quantitative, data-driven approach that
can enhance the efficiency of mineral exploration.
It integrates various geoscientific datasets within
a GIS environment, transforming spatial data
into actionable information to support informed
decision-making. In this study, the resulting
maps provide a practical framework for regional
exploration targeting and prioritization in
southern Mongolia. By combining prospectivity
modeling with hyperspectral alteration validation,
this method objectively ranks high-probability
targets and directs exploration to areas where
subsurface features match surface alteration
signatures. This is especially useful in Mongolia,
where areas such as the Gurvansaikhan terrane
are large, remote, and underexplored, and where
exploration resources are limited. Consequently,
the proposed framework can contribute to
reducing exploration risk and improving the
efficiency of resource allocation during early-
stage regional exploration programs.
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