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Mineral potential modeling, as one of the key tools in exploration, faces challenges such as the complexity of
nonlinear relationships, data heterogeneity, and limited labeled data. In this study, an unsupervised hybrid deep
learning approach based on a Long Short-Term Memory network is proposed to identify mineralization-prone areas.
This model is capable of extracting hidden structures, similarities, and anomalies from geological data without
requiring labeled training data. In the first step, the extracted features were grouped using the BIRCH clustering
algorithm. Subsequently, utilizing the prediction-area (P-A) plot, which evaluates the cumulative ratio of mineral
occurrences to the predicted area, the zones with the highest mineral potential were delineated. To evaluate the model's
performance, this approach was implemented in the 1:100,000 scale Kajan sheet in Isfahan Province, as an area with
copper-gold mineralization potential. The input data consisted of alteration, geochemical, fault, and intrusive body
layers, which were applied as inputs to the model after fuzzification. The results demonstrated that the proposed
model, by assigning 72% of known mineral occurrences to less than 30% of the study area, exhibits a suitable
capability in identifying complex patterns and delineating promising mineral zones, and the resulting maps show
acceptable agreement with the geological evidence of the area. Compared to conventional supervised learning
methods, the proposed approach, by eliminating the need for labeled data and enhancing the modeling power of
nonlinear relationships, has the potential to reduce uncertainty and improve the accuracy of mineral potential
modeling. These results indicate that the application of unsupervised deep learning models, particularly those based
on LSTM, can serve as an effective tool in mineral deposit exploration and the optimization of exploration decisions.

Introduction

address these challenges, advanced deep learning architectures,

One of the fundamental steps in mineral exploration is the
identification of geological features associated with target
mineralization through the preparation and analysis of
geological maps, which include lithological units, alteration
types, structures, and mineral occurrences. Mineral Potential
Modeling (MPM), as a GIS-based approach, provides a
systematic  framework  for delineating  high-potential
mineralization zones using geoscience datasets (Carranza et al.,
2008). Various MPM methods have been developed, broadly
categorized into data-driven and knowledge-driven approaches,
including weights of evidence, Analytical Hierarchy Process
(Mokhtari et al., 2020), deep isolation forest, autoencoder
networks, hybrid, and convolutional neural networks.

In recent decades, the application of machine learning in
MPM has grown considerably, with supervised algorithms such
as support vector machines and random forests, as well as
unsupervised methods like K-means and iForest, being widely
employed. However, these methods often rely on linear
assumptions and face limitations in capturing the inherent
complexities of geological data, including nonlinear
correlations, high uncertainty, and data heterogeneity. To

such as Convolutional Neural Networks (CNNs) for spatial
feature extraction and Long Short-Term Memory (LSTM)
networks for modeling sequential dependencies and hidden
patterns (Hoseinzade et al., 2025), have demonstrated
significant potential. This study employs a hybrid, unsupervised
deep learning approach based on an LSTM architecture to
identify hidden structures and anomalies without labeled data,
applied to mineral potential modeling in the Kajan 1:100,000
sheet (Isfahan province, Iran) using alteration, geochemical,
fault, and intrusive layers as inputs.

Materials and Methods

The research methodology employed in this study to identify
mineral anomaly zones within the 1:100,000 geological map of
the Kajan area utilizes an unsupervised deep learning approach
based on a Long Short-Term Memory (LSTM) network
architecture. The input data consist of four evidential layers: a
geochemical layer derived from stream sediment analysis for
copper, gold, molybdenum, and silver; an alteration layer
extracted from ASTER satellite image processing to identify
propylitic, argillic, and phyllic zones; a fault-related layer
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representing the density and distance from major faults; and an
intrusive body layer indicating distances from granitoid to
dioritic intrusions. Following preparation and co-registration at
a 100 m x 100 m cell size, all layers were normalized to a range
of zero to one using fuzzy membership functions and
subsequently fed into the algorithm. The designed network
operates in an unsupervised manner, learning latent features
from the inputs and clustering the extracted features. Anomaly
clusters are then separated from the background using a
prediction-area (P-A) plot. The primary advantage of this
algorithm over conventional methods such as random forests
and support vector machines lies in its capability to model
spatial dependencies and nonlinear hidden patterns among
different exploration evidence layers without requiring labeled
data (i.e., known mineralization points). Finally, the resultant
anomaly map is validated using known mineral occurrences in
the Kajan sheet, and the efficacy of the proposed method in
delineating prospective areas for copper-gold exploration is
assessed (Fig. 2).

Results and Discussion

The data utilized in this study comprise geochemical
samples, fault layers, and geological units (Fig. 4). Geochemical
data were derived from the analysis of 434 stream sediment
samples. Structural controllers, particularly fractures, play a
fundamental role in the formation and evolution of
hydrothermal deposits by facilitating the movement of mineral-
bearing fluids, a concept widely applied in mineral potential
modeling. Accordingly, distance-to-fault layers were generated
and subsequently fuzzified to ensure scale compatibility,
enhance precision, and reduce uncertainty. Given the significant
spatial and thermal relationships between intrusive bodies and
porphyry copper to skarn deposits, and considering that fault-
intersection zones can act as foci for hydrothermal fluids, a
point-wise criterion was adopted. A distance-from-fault-
intersection layer was created and fuzzified using a logistic
function. Furthermore, intrusive rocks (ranging from granite-
microgranite to granodiorite, diorite, quartz diorite, and quartz
monzodiorite) are critically important for hydrothermal
mineralization in the Kajan area. Therefore, a distance-from-
intrusion layer was generated and fuzzified similarly. For
geochemical investigations, pathfinder elements for Cu-Au
mineralization (Au, Cu, Mo, As, Pb, Zn) were mapped, and
anomalies were separated using the 97.5th percentile threshold,
followed by fuzzification (Fig. 8). The Kajan area hosts
significant hydrothermal mineralization with diverse alteration
zones (phyllic, argillic, advanced argillic, and propylitic), which
were effectively identified using ASTER satellite data. Argillic
and advanced argillic zones (kaolinite, montmorillonite, alunite,
pyrite), propylitic zones (chlorite, epidote, calcite), iron oxides
(hematite, goethite, limonite), and silicification were delineated
and subsequently fuzzified using a logistic function (Fig. 9).
Due to the complexity of the Kajan area, an unsupervised deep
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learning algorithm based on LSTM was employed. To
determine the importance of the resulting clusters, the natural
logarithm of normal density was calculated, where normal
density is derived from the prediction rate divided by the
occupied area, following the prediction-area (P-A) plot method
(Yousefi and Carranza, 2015). The proposed algorithm
achieved an intersection point of 72% on the P-A plot (Fig. 10),
indicating a high prediction rate with minimal occupied area.
The results successfully discriminate known occurrences and
show good spatial agreement with intrusive bodies (Fig. 11).
The results demonstrate that the unsupervised deep learning
approach based on a Long Short-Term Memory (LSTM)
architecture effectively extracts hidden patterns and complex
relationships among multiple exploration evidence layers,
which is particularly significant in geological data characterized
by nonlinear behavior, spatial heterogeneity, and high
uncertainty. Unlike conventional machine learning methods that
often assume variable independence or simple linear
relationships, the proposed model successfully captures
intricate dependencies among alteration, geochemical, fault,
and intrusive layers, leading to more accurate delineation of
prospective mineral zones. Notably, the high-potential areas
show good agreement with known geological evidence in the
Kajan 1:100,000 sheet, where anomalies are concentrated near
faults and intrusive bodies and coincide with alteration zones,
confirming the model's capability to represent mineralization
processes. Compared to classical methods such as random
forest, support vector machine (SVM), and K-means, the
proposed model offers several advantages: (1) it does not
require labeled training data, which are often limited or
unavailable in exploration areas; (2) its recurrent structure
enables modeling of sequential dependencies and multi-layer
interactions that are rarely addressed by traditional methods,
which is especially valuable for spatial data with implicit
continuity. However, limitations include sensitivity to
hyperparameters, the need for sufficient data for effective
training, high computational complexity, and limited
interpretability, a common challenge in deep learning
applications within geosciences. Despite these constraints,
integrating unsupervised deep learning with multi-source
geological data proves to be a powerful tool for mineral
potential modeling. Future studies should combine this model
with interpretable approaches and integrate geophysical or
higher-resolution data to enhance accuracy and reliability.

Field Validation

To validate the LSTM-based unsupervised deep learning
model, a targeted field validation program was conducted in two
prospect zones introduced by the model within the Kajan
1:100,000 sheet: Hashemabad and Kooh-e-Lakht. In the
Hashemabad area (southeastern Kajan), field observations
confirmed a skarn system with significant Cu-Fe mineralization
as malachite and magnetite (Fig. 12. b, ), occurring as massive
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and vein-veinlet styles at the contact between a granitoid
intrusion and Cretaceous carbonate rocks, with clear propylitic
alteration. This fully aligns with the model's prediction
regarding the combined influence of intrusion, faults, and
alteration. In the Kooh-e-Lakht area (southwestern Kajan), field
validation revealed a hydrothermal system with significant gold
mineralization. The lithology consists of volcanic rocks
(andesite, dacite, rhyodacite, rhyolite, diabase) and intrusive
rocks (granodiorite, diorite, micro-monzodiorite), extensively
affected by hydrothermal fluids over an area of 2.5 km?2,
producing phyllic, argillic, advanced argillic, propylitic, and
silicic alterations (Fig. 12. c-e). Gold mineralization is primarily
associated with silica-breccia veins containing malachite, barite,
alunite, and iron oxides, with no direct link to a distinct intrusive
body, an observation that strongly supports the LSTM model's
prediction emphasizing the role of fault structures in focusing
anomalies in this region.

Conclusions

This study demonstrated that an unsupervised deep learning
approach based on a Long Short-Term Memory (LSTM)
architecture can be effectively applied to mineral potential
modeling and the delineation of prospective mineralization
zones. By leveraging its capability to learn nonlinear
relationships and extract hidden patterns from multi-source
geological data, the proposed model successfully identified
meaningful structures and mineralization-related anomalies
without requiring labeled training data, a key advantage,
particularly in exploration settings where training data are
limited or unreliable. The integration of alteration, geochemical,
fault, and intrusive layers within a deep learning framework
produced prospectivity maps that are geologically consistent
with known mineralization patterns, indicating the model's
capacity to represent complex geological processes and deliver
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reliable results for exploration decision-making. Compared to
conventional machine learning methods, the proposed model
eliminates the need for data labeling and enhances the modeling
of complex relationships, thereby representing an effective step
toward reducing uncertainty in mineral potential modeling.
Nevertheless, computational complexity, parameter sensitivity,
and limited interpretability remain challenges that must be
addressed in practical applications. Future studies should
therefore focus on incorporating model interpretability
techniques and integrating higher-resolution, multi-scale data.
Overall, the findings indicate that hybrid approaches based on
deep learning, particularly unsupervised models, can serve as
efficient and modern tools in mineral exploration, playing a
significant role in improving accuracy, reducing risk, and
optimizing decision-making processes.
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Fig. 2. Flowchart of the various stages of exploration and mineral prospectivity mapping
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