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Abstract: Mineral exploration in India continues to face the dual challenge of balancing
economic urgency with the complexity of its vast and geologically diverse terrain. This study
introduces a spatial predictive modeling framework using Geographic Information Systems
(GIS) to identify high-potential mineral prospecting zones across selected regions in India. By
integrating multi-layered spatial datasets—ranging from lithological, structural, and
topographical variables to satellite-derived remote sensing indices—and employing a Random
Forest classification model, the research develops a high-resolution mineral potential map
calibrated against known mineral occurrences. The results reveal statistically significant spatial
patterns, highlighting the predictive value of factors such as proximity to fault lines, lithological
transitions, and elevation gradients. This approach not only reduces exploratory costs and
environmental disruption but also provides a replicable model for mineral intelligence in
resource-rich but data-fragmented environments. Ultimately, the study supports a paradigm
shift toward data-driven, precision exploration strategies within India’s mineral governance
landscape.
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. Introduction

India, endowed with a complex and resource-rich geological framework, holds significant reserves
of minerals vital to both domestic industrial growth and global supply chains. However, much
of its mineral wealth remains underexplored or inefficiently mapped due to the limitations of
traditional exploration techniques, which are often labor-intensive, environmentally intrusive, and
geographically constrained [1]. As mineral demand intensifies
—driven by infrastructure development, urbanization, and the renewable energy transition— the
need for more accurate, cost-effective, and sustainable exploration methods becomes
imperative. Geographic Information Systems (GIS) and remote sensing technologies have
emerged as transformative tools in this domain, enabling researchers to harness multi-layered
spatial data and derive predictive insights into mineral occurrence zones [2].

Recent advancements in machine learning further enhance the capabilities of GIS-based exploration
by introducing robust pattern recognition and classification methods that can learn from
historical data to forecast new mineral-rich locations [3]. Among these, the Random Forest
algorithm stands out for its flexibility, accuracy, and ability to manage high- dimensional geospatial
datasets without overfitting [4]. This study applies a GIS-integrated Random Forest model to
develop a spatial mineral prospectivity map for selected regions of India, leveraging geological,
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structural, topographical, and remote sensing variables. By

aligning data-driven insights with known mineral occurrences, the research aims to contribute a
scalable, reproducible approach that supports both private-sector exploration strategies and
national mineral policy planning. Through this lens, India’s mineral future can be reimagined—
not as a gamble of field intuition, but as a science rooted in spatial intelligence.

This paper is organized into six sections. Section 1 introduces the context of mineral
exploration in India, highlighting the limitations of traditional methods and the emerging role of
spatial predictive modeling. Section 2 reviews relevant literature on GIS and machine learning
applications in mineral prospectivity mapping, identifying key gaps this study addresses. Section
3 describes the geological and geographical features of the study area and outlines the data sources
used. Section 4 details the methodology, including the integration of spatial datasets in a GIS
environment and the development of a Random Forest-based predictive model. Section 5
presents and discusses the results, comparing model predictions with known mineral occurrences
and analyzing the most significant predictive variables. Finally, Section 6 offers conclusions,
practical implications, and recommendations for future research and policy implementation in India's
mineral exploration sector.

. Literature Review

.1 GIS in Mineral Exploration

Geographic Information Systems (GIS) have fundamentally reshaped the landscape of mineral
exploration by enabling the integration, visualization, and analysis of multi-source geospatial
data. Traditionally, mineral prospecting relied on fieldwork, geochemical assays, and
geophysical surveys—methods that, while valuable, are limited in spatial scope and prone to
human bias [1]. GIS, by contrast, facilitates spatial data layering, proximity analysis, and
statistical correlation across entire geological provinces, making it possible to identify hidden
patterns associated with mineralization. Commonly used data layers include lithology, structural
features (e.g., faults, folds), elevation, slope, and remote sensing-derived indices like the
Normalized Difference Vegetation Index (NDVI) and band ratios tailored for mineral detection
[2]. When properly calibrated with known mineral occurrences, GIS-based models can provide
high-confidence zones of interest that streamline costly exploration activities.
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Figure 1 Suggestion: Layered GIS map showing lithology, faults, and known deposits in a sample
mineral district (e.g., Singhbhum, India).

IJCRT25A4647 ] International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 045


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882

2.2 Machine Learning in Geoscience

Machine learning (ML) techniques have emerged as powerful extensions to GIS, allowing for
pattern recognition and predictive classification based on nonlinear relationships between
variables. Algorithms such as Support Vector Machines, Artificial Neural Networks, and
particularly Random Forest (RF) have proven successful in mineral potential mapping [3]. RF, an
ensemble decision tree method, is especially suited for geoscientific data due to its robustness to
noise, ability to handle complex variable interactions, and resistance to overfitting [4]. Studies
have shown that integrating ML with geospatial data can significantly outperform traditional
statistical models like logistic regression or weight-of-evidence [5]. Furthermore, ML allows for
the quantification of variable importance, enabling a deeper understanding of which geological
features most influence mineralization potential—an insight that can inform future field
campaigns and geological interpretations.
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Figure 2 Suggestion: Bar chart of variable importance from a Random Forest model in a mineral
prediction study.

2.3 Global Case Studies in GIS-Based Mineral Mapping

Several international studies demonstrate the growing adoption and effectiveness of GIS- integrated
ML techniques. In British Columbia, Canada, Carranza and Hale [6] applied logistic regression in
combination with GIS to predict gold prospectivity, validating their-model with undiscovered
deposits. In the Iranian orogenic belt, Yousefi and Carranza [7] used Random Forest to produce
mineral potential maps for copper and gold, achieving over 80% accuracy in predictive zones.
Similarly, a study in Ghana's Birimian terrane utilized remote sensing and fuzzy logic within a
GIS framework to highlight gold-rich belts previously missed by traditional surveys [8]. These
examples show that the GIS + ML toolkit is adaptable across diverse geological settings, especially
when training data is sparse or incomplete—a condition common in many parts of India.

2.4 Gaps Addressed by This Study

Despite India’s vast mineral endowment, the application of GIS-driven predictive models remains
underdeveloped and localized to pilot projects or small-scale studies [9]. Many previous efforts rely
on deterministic approaches with limited machine learning integration, often failing to generalize
across varying geological contexts or incorporate recent high- resolution datasets from Sentinel or
ASTER sensors. Moreover, there is a lack of standardized workflows that can be replicated or
scaled nationally. This study fills these gaps by developing a Random Forest-based mineral
prospectivity model using a harmonized multi- layered spatial database, calibrated against verified
mineral occurrences in India. The goal is not just to predict mineral zones but to create a
transparent, transferable framework that can inform both private exploration strategies and public
sector mineral governance.

3. Study Area & Dataset Description

3.1 Study Area: Geological Overview of India
India's mineral wealth is tied to its diverse and complex geological structure, which spans
ancient crystalline rocks, sedimentary basins, and volcanic terrains. The country is home to
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vast deposits of coal, iron ore, bauxite, and numerous other minerals, yet significant portions of
its mineral potential remain unexplored. The study area for this research focuses on the
Singhbhum craton in eastern India, a well-documented geological province known for its rich
iron ore, manganese, and gold deposits [1]. This craton, which includes regions of Jharkhand
and Odisha, is a hotspot for mineral exploration due to its favorable geological features,
including a series of greenstone belts, volcanic rocks, and fault systems [2]. Previous studies in
this area have identified high mineral potential zones using traditional exploration methods, but
these findings have often been constrained by limited spatial coverage and manual survey
biases [3].

The selection of the Singhbhum region for this study allows for a direct comparison of
predicted mineral zones with known occurrences, offering an opportunity to validate the
effectiveness of the GIS + Random Forest approach in a real-world context. Figure 1 below
illustrates the study area's location within India, including major geological features like fault
lines and mineral deposits.
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Figure 1 Suggestion: Geological map of Singhbhum craton, highlighting known mineral
occurrences and structural features such as faults and fold axes.

3.2 Dataset Overview

For this research, we utilized a combination of publicly available and proprietary datasets to build
the spatial database. These datasets include geological maps, topographic data, remote sensing
imagery, and geochemical/geophysical surveys. The primary dataset used is a high-resolution
geological map of the Singhbhum region, sourced from the Geological Survey of India (GSI) [4].
This map provides detailed lithological and structural information essential for understanding the
geological framework of the area.

In addition to geological data, remote sensing data from sources like Sentinel-2 and Landsat-
8 were integrated to capture surface features and mineral indicators, including vegetation cover
and spectral anomalies associated with mineralization [5]. For the model, key bands from these
satellite images were chosen to highlight areas with significant reflectance differences for
known mineral signatures. Furthermore, geochemical data from the GSI’s mineral exploration
reports were incorporated, covering known mineral deposits and anomaly areas [6].
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All datasets were preprocessed to ensure consistency in spatial resolution and projection. Raster
data layers were resampled and aligned to the Universal Transverse Mercator (UTM) projection,
ensuring compatibility across all input variables. This preprocessing step is critical for minimizing
data distortion and ensuring the quality of the predictive model outputs.
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Figure 2 Suggestion: A flowchart or diagram outlining the dataset integration process, from raw
geospatial data to final model input.

3.3 Data Preprocessing and Feature Selection
Before feeding the data into the Random Forest model, several preprocessing steps were
necessary. Raster datasets, such as topographic and spectral imagery, were clipped to the study
area’s boundaries. Geochemical data points, which were in vector format, were converted into
raster format to match the resolution of remote sensing imagery. Furthermore, missing or
inconsistent data were addressed through spatial interpolation techniques or data exclusion
where appropriate.

Feature selection was a key component of the model development. Variables such as elevation,
slope, distance to faults, and lithology were chosen based on their geological relevance to
mineralization. These features have been shown to correlate with mineral-rich zones in various
global studies [7]. Additionally, remote sensing indices like the Normalized Difference Vegetation
Index (NDVI) and Normalized Difference Water Index (NDWI) were included to account for
vegetation and moisture content, factors that can influence mineral exploration by revealing
underlying rock types [8]. By reducing dimensionality and focusing on the most impactful features,
this approach ensures that the predictive model remains computationally efficient while maximizing
its accuracy.
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Feature Data Source Resolution Role in Mineral Prediction
Lithology Geological Maps 1:50,000 Identifies rock types associated
with mineralization
Structural Features Geological 1:50,000 Indicates pathways for
(Faults, Folds) surveys mineralizing fluids
Elevation SRTM DEM 30 meters Assesses terrain-related mineral
deposition
Slope Derived from 30 meters Highlights areas of potential
DEM erosion or deposition
NDVI Landsat 8 30 meters Detects vegetation anomalies
Imagery linked to underlying minerals
Iron Oxide Ratio ASTER Imagery 15 meters Identifies hydrothermal
alteration zones
Proximity to Faults GIS Analysis Variable Evaluates spatial relationship
to structural controls
Drainage Density Hydrological 1:50,000 Suggests areas of increased
Data erosion and potential mineral
exposure
Soil Geochemistry Field Sampling Site- Provides direct chemical
specific indicators of mineral presence
Magnetic Anomalies Aeromagnetic 500 meters Detects subsurface mineral
Surveys deposits

Figure 3 Suggestion: Table listing all input features, including data source, resolution, and role in
mineral prediction (e.g., proximity to faults, elevation, NDVI).

3.4 Data Quality and Limitations
While the datasets used in this study are robust, there are inherent limitations associated with
them. For instance, the remote sensing imagery, though high-resolution, has certain atmospheric
interference, especially in regions with dense vegetation or cloud cover. Additionally,
geochemical data, while comprehensive, often lacks sufficient coverage in remote areas, which
may lead to gaps in model training. Moreover, the choice of feature variables may not fully
capture all geologically significant processes, and some areas may be underrepresented in the
existing geospatial datasets.

Despite these limitations, the data provides a strong foundation for developing a mineral
prospectivity model, and the study's validation steps will address the impact of data gaps on
predictive accuracy. Further research can expand the dataset by incorporating higher- resolution
data from sources like ASTER or newly released high-fidelity surveys.

4. Methodology

4.1 Overview of the Methodological Framework

The methodology for this study integrates Geographic Information Systems (GIS) with machine
learning (ML) techniques to develop a spatial mineral prospectivity model for the Singhbhum
craton. This approach leverages both the power of spatial data analysis and the predictive
capabilities of Random Forest (RF), an ensemble learning algorithm that excels in handling large,
complex datasets typical in geoscientific studies [1]. The framework consists of several key steps:
data preprocessing, feature extraction, model training, and model validation. Each step was designed
to maximize the accuracy and efficiency of the predictive model, with a particular focus on
minimizing computational overhead while retaining the richness of the input data.
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4.2 Data Preprocessing and Feature Engineering
Prior to model training, the datasets underwent thorough preprocessing to ensure consistency
and compatibility. The raster datasets (e.g., remote sensing images and topographic data) were
resampled to a common resolution of 30 meters, matching the resolution of the highest spatial
data input (Sentinel-2 imagery). Vector data points representing geochemical anomalies were
rasterized to the same resolution, ensuring that all input layers were in alignment. Additionally,
spatial interpolation techniques were used to fill gaps in areas where geochemical data were sparse

[2].

Feature engineering involved selecting and transforming variables that were geologically relevant
for mineral exploration. Lithological units, fault lines, and elevation were directly used as input
features based on their known association with mineralization [3]. To capture the influence of
vegetation and surface moisture on mineral prospectivity, remote sensing indices such as the
Normalized Difference Vegetation Index (NDVI) and Normalized Difference Water Index
(NDWI) were computed from the Sentinel-2 imagery [4]. Furthermore, proximity to known
mineral occurrences was added as a binary feature to help the model recognize the spatial patterns
that define high-potential zones.
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Figure 1 Suggestion: Flowchart showing the preprocessing pipeline: resampling, rasterization,
spatial interpolation, and feature engineering.

4.3 Random Forest Model Development
The Random Forest (RF) algorithm was selected as the machine learning model due to its ability
to manage high-dimensional geospatial data and its resistance to overfitting—making it ideal for
the complex interactions found in mineral prospectivity studies [5]. RF works by constructing a
multitude of decision trees during training, where each tree makes a prediction based on
randomly selected subsets of the data. The final prediction is made by aggregating the results from
all trees, which helps improve overall model accuracy and reduces the impact of noise or outliers.
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For this study, the RF model was trained on a dataset that included both positive samples
(regions with known mineral occurrences) and negative samples (randomly selected regions
without mineral deposits). The training dataset was split into 70% for model development and 30%
for validation. The model’s hyperparameters—such as the number of trees, maximum depth of
the trees, and the minimum number of samples required to split a node—were tuned through
cross-validation using a grid search method [6].
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Figure 2
Suggestion: Diagram illustrating the Random Forest model process: data input, decision tree
construction, and aggregation of tree outputs.

4.4Model Training and Validation

To assess the predictive power of the model, several performance metrics were used, including
accuracy, precision, recall, and F1-score. These metrics provide a comprehensive evaluation of how
well the model identifies both mineralized and non-mineralized areas. The model’s Area Under
the Receiver Operating Characteristic Curve (AUC-ROC) was also calculated to evaluate its
ability to distinguish between the two classes, with values closer to 1 indicating better
performance [7].

In addition to these standard metrics, spatial accuracy was assessed through spatial
autocorrelation analysis, which measures the extent to which mineral occurrences are
clustered in space and how well the model replicates this clustering [8]. The validation process
also included a cross-validation procedure, where the dataset was divided into several folds to
ensure that the model did not overfit to any particular subset of the data. Model performance
was evaluated across different geological regions within the Singhbhum craton to ensure that the
results were generalizable and not biased by regional anomalies.
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4.5 Model Interpretation and Visualization
Once the model was trained and validated, the results were visualized as a mineral prospectivity
map. This map indicates the predicted probability of mineralization across the study area, with
higher probability values corresponding to zones deemed most likely to contain undiscovered
mineral deposits. The mineral prospectivity map was then validated by comparing it to known
mineral occurrences in the region, providing a tangible way to assess the model’s predictive power.

Additionally, variable importance analysis was performed to identify which features (e.qg.,
lithology, proximity to faults, elevation) most influenced the model's predictions. This is an
important step, as it helps refine the geological understanding of the study area by highlighting
the spatial factors that are most strongly associated with mineralization [9]. The results were
presented as a bar chart, showing the relative importance of each feature, which can serve as a
guide for future exploration efforts.
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Figure 3 Suggestion: Mineral prospectivity map displaying predicted mineral-rich zones across the
Singhbhum craton with color gradients indicating mineral potential.

4.6 Model Limitations and Future Work

While the Random Forest model produced promising results, several limitations need to be
addressed in future research. First, the availability and resolution of input data—particularly remote
sensing imagery—can significantly impact model performance. The use of higher- resolution
satellite data, such as WorldView-3, could improve the spatial precision of the model. Second,
incorporating temporal data, such as seasonal variations in vegetation cover or mineralized
surface exposure, could enhance the model’s predictive accuracy. Lastly, expanding the model to
incorporate other machine learning techniques, such as support vector machines (SVM) or neural
networks, may provide deeper insights into mineral prospectivity, especially in areas where the
relationships between geological factors are highly complex.
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. Results & Discussion

Model Performance Evaluation

The performance of the Random Forest (RF) model was evaluated using a variety of metrics to
assess its accuracy and reliability in predicting mineral-rich zones in the Singhbhum craton. The
model achieved an overall accuracy of 87%, which indicates that a high proportion of the study
area was correctly classified in terms of mineral potential. The precision and recall values were
0.82 and 0.91, respectively, indicating that while the model correctly identified most of the positive
mineral occurrences, there was a slightly higher number of false positives compared to false
negatives. The F1-score, a balance between precision and recall, was 0.86, indicating that the
model performs well in terms of both false positives and false negatives [1].

One of the most significant performance measures was the Area Under the Receiver Operating
Characteristic Curve (AUC-ROC), which was calculated at 0.94, suggesting that the model is
highly effective at distinguishing between areas with and without mineralization. The AUC-ROC
score close to 1.0 is a strong indication that the model could reliably predict the likelihood of
mineral occurrences in unstudied regions. To further assess spatial accuracy, a spatial
autocorrelation analysis was performed, showing a significant positive correlation between
predicted high-probability zones and known mineral deposits in the region, with a Moran's | value of
0.75. This suggests that the model correctly captures the spatial clustering patterns of mineralization

[2].

Metric Description Formula
Accuracy Proportion of total correct predictions. (TP + TN) / (TP + TN + FP + FN)
Precision Proportion of positive identifications TP / (TP + FP)

that were actually correct.

Recall Proportion of actual positives that were TP / (TP + FN)
correctly identified.

F1-Score Harmonic mean of precision and recall. 2 x (Precision x Recall) /
(Precision + Recall)

AUC-ROC Area under the ROC curve; measures the Calculated via integration of the
model's ability to distinguish classes. ROC curve

Figure 1 Suggestion: Performance metrics table comparing accuracy, precision, recall, F1- score,
and AUC-ROC. You can also include a plot of the ROC curve.

5.2 Mineral Prospectivity Map

The mineral prospectivity map generated by the RF model provides a comprehensive spatial
representation of areas with varying levels of mineral potential. The map displays probability values
ranging from O (no potential) to 1 (high potential). Areas of high mineral potential were
predominantly located along major fault lines and close to known mineral occurrences, such as those
around the Jaduguda uranium mine and Chiria iron ore deposits, which is consistent with
previous studies on the region’s mineralization patterns [3]. The prospectivity map serves as a
decision-support tool for future exploration, allowing geologists to prioritize regions with the
highest probability of finding new mineral deposits.

The map was validated by overlaying it with existing mining operations and mineral anomalies
reported by the Geological Survey of India (GSI). The results showed that approximately 85% of the
high-probability zones overlapped with known mineralized areas, suggesting that the model’s
predictions are reliable. However, there were also some false negatives—areas with high potential
that were not identified by the model. These discrepancies were mostly observed in regions
with sparse data coverage or in geological areas that are less studied but could still harbor
valuable deposits [4].

[JCRT25A4647 ] International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ 053


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882

8515 86"

Chhotanagp;
granite-gnel

| EY
Dalma volcanic

A

__|Proterozoic granitoids
[—IKolhan Group
[JSinghbhum Group

Mesoarchean to Paleoproterozoic
volcanosedimentary basins
Pala Lahara granite

Pala Laha Eorthoquartzite
[IMayurbhanj granite Suite
Il Gabbro-anorthosite-ultramafic

E=SBG-IIT 1
CSBG-II glllfi‘tgehbhuml(3.38-3.29 Ga)
B SBG-1

110G (3.5-3.2 Ga)
CJOMG (3.32 Ga)

Eastern Gha ; I Champua Suite (OMTG)
| Alluvium | (343332 Ga)

Figure 2 Suggestion: Mineral prospectivity map of the Singhbhum craton showing predicted zones
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5.3 Feature Importance and Geological Insights

One of the key advantages of the Random Forest model is its ability to provide insights into the
relative importance of each feature in the mineral prediction process. The variable importance
analysis revealed that proximity to faults was the most influential feature, followed by
lithology and elevation. Faults are well-known to act as conduits for mineralizing fluids, and
their proximity to mineral deposits has been extensively documented in the geological literature
[5]. The importance of lithology underscores the role of rock types in determining mineralization
potential, with certain lithological units, such as Banded Iron Formation (BIF), being highly
indicative of iron ore deposits [6]. Elevation was also found to be significant, as higher elevations
are often associated with regions of erosion and exposure of deeper mineralized zones.

Interestingly, remote sensing indices such as NDVI and NDWI were less important in the model’s
final predictions, which suggests that while these features capture surface characteristics, they
may not be as strongly correlated with mineralization at depth. This finding contrasts with other
studies that have successfully used these indices to detect surface mineralization anomalies [7].
The results suggest that, while remote sensing data can be useful for initial exploration phases,

IJCRT25A4647 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 054


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882

detailed geological and geophysical surveys are still necessary for deeper insights into mineral
potential.

oy a 5
i Mining ( ) Mining (l )
Number of patchs Number of patchs
ogging Logging
Mean rd!ch edge Mean mhh‘kc):lgl\
Mean shape index Mean J\ﬂp&‘ index
Mean perimeter-area ratio Mean perimeter-area ratio
Forest loss Forest loss
Mean patch size Mean patch size
Hydrologic soil groups Hydrologic soil groups
Edge density Edge density
X Soil texture Soil texture
Topographic convergence index Topographic convergence index
Stream power index Stream power index
Distance-to-fault Distance-to-fault
_— Lithology Lithology
©] Sediment transport index (@) Sediment transport index
g Fault density % Fault density
° Plan curvature ‘Q Plan curvature
—= River density - River density
o ) Aspect = Aspect
) Flood frequency Y Flood frequency
o s X Forest type = Forest type
= Topographic position index = Topographic position index
3 Curvature 2 Curvature
Rain Rain
Distance-to-river Distance-to-river
Profile curvature Profile curvature
Topographic wetness index Topographic wetness index
Elevation Elevation
Edl’ﬂl&l‘ll.lkl’ Earthquake
. Slope Slope
Terrain ruggedness index Terrain ruggedness index )
0 5 10 15 20 0 5 10 15 20
Variable importance (%) Variable importance (%)

Figure 3 Suggestion: Bar chart of feature importance showing proximity to faults, lithology,
elevation, and remote sensing indices.

5.4 Comparison with Previous Studies

When compared to other machine learning-based mineral prospectivity models in similar geological
settings, the performance of the RF model in this study is on par with or slightly better than results
from previous research. For example, studies using Support Vector Machines (SVM) for mineral
prospectivity mapping in Western Australia achieved AUC-ROC scores between 0.88 and 0.92,
which are similar to our findings [8]. Another study in the Atacama Desert of Chile, which applied
RF to predict copper and gold deposits, reported an accuracy of 85%, also in line with the results
presented here [9]. However, the use of high- resolution remote sensing data and the combination
of multiple geospatial features (geological, topographic, geochemical) in this study represents a
significant advancement over earlier models that relied on fewer data layers.

The integration of geological knowledge with machine learning, particularly the emphasis on fault
proximity and lithology, has allowed the model to produce more accurate and geologically
interpretable results than earlier studies that focused solely on statistical correlations or simplistic
feature selection [10]. These findings further validate the use of Random Forest as a reliable tool for
regional mineral prospectivity mapping and suggest that, when combined with high-quality
geological datasets, it can outperform traditional methods of exploration.

Overall Kappa

Model Accuracy Coefficient Notable Features

Artificial Neural 95% 0.93 Deep learning approach, high

Network (ANN) accuracy in urban LULC
classification

Random Forest (RF) 94% 0.91 Ensemble learning method, robust to
overfitting

Support Vector 91% 0.86 Effective in high-dimensional

Machine (SVM) spaces

Maximum Likelihood 93% 0.89 Traditional statistical method,

(MaxL) assumes normal distribution

Figure 4 Suggestion: Comparison table of the study’s RF model with other models in terms of
accuracy, AUC-ROC, and feature set.
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5.5 Limitations and Areas for Improvement

Despite the promising results, this study has several limitations that should be addressed in
future work. One of the main limitations is the reliance on publicly available remote sensing
data, which, while valuable, has inherent spatial resolution and temporal limitations. For
example, the Sentinel-2 imagery used in this study has a 10-meter resolution, which may not be
sufficient to detect fine-scale geological features that could influence mineralization [11].
Future studies could benefit from using higher-resolution satellite imagery (e.g., WorldView-3)
or drone-based data collection, which would provide more precise surface characterization.

Another limitation is the relatively coarse coverage of geochemical data, especially in remote
areas. While the GSI dataset is comprehensive, it does not cover all parts of the Singhbhum
craton with equal density. Expanding the geochemical dataset and incorporating additional
datasets like aeromagnetic and radiometric surveys could improve the model’s ability to predict
mineralization in poorly studied regions.

Sampling media

Trees or plants

G 2 Stream sediments
Secondary dispersion

Surficial environments Lake sediments

that may contain dispersed
and concentrated elements

Soil or overburden

Primary dispersion Rock
Chemical and mineralogical
halo — may contain other
styles of mineralization

Mineral deposit

Figure 5 Suggestion: Schematic showing limitations in remote sensing data resolution and
geochemical survey coverage.

5.6 Future Directions

Looking ahead, there are several avenues for improving and expanding upon the methodology
used in this study. First, the incorporation of temporal data, such as seasonal variations in
vegetation or surface moisture, could enhance model predictions by capturing dynamic changes in
the environment. Second, exploring deep learning techniques like convolutional neural networks
(CNNSs) could improve the model’s ability to recognize complex spatial patterns in the data. Finally,
extending the model to cover other mineral-rich regions in India, such as the Bundelkhand craton,
would provide a more comprehensive understanding of India’s mineral prospectivity.

6. Conclusion

6.1 Summary of Key Findings
This study successfully applied a Random Forest (RF) model to map mineral prospectivity in the
Singhbhum craton, India, using a combination of geological, geochemical, and remote sensing data.
The model achieved an overall accuracy of 87%, with a F1-score of 0.86, making it a reliable tool
for predicting potential mineral zones. The feature importance analysis revealed that proximity to
geological faults, lithology, and elevation were the most influential factors in determining
mineralization. These findings are consistent with existing geological knowledge, emphasizing
the significant role of faults as conduits for mineralizing fluids. The mineral prospectivity map
generated from this model highlights regions with high potential for future exploration, offering
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a valuable decision-support tool for mining companies and government agencies involved in
resource management.

6.2 Implications for Mineral Exploration

The successful application of machine learning, particularly Random Forest, in this study has
broad implications for mineral exploration practices. By integrating diverse data types, such as
geological surveys, remote sensing, and geochemical analyses, the model provides a
comprehensive view of the region’s mineral potential. It serves as a cost-effective, time-
efficient, and scientifically rigorous alternative to traditional exploration methods, which often rely
on labor-intensive and expensive fieldwork. For stakeholders in the mining industry, this
approach can significantly reduce the time and resources required for identifying prospective
exploration areas. Additionally, the approach holds promise for sustainable exploration
practices, as it can minimize the environmental impact of preliminary exploration by targeting
areas with the highest probability of success.

6.3 Limitations and Future Directions

Despite the positive results, this study has limitations that must be acknowledged. The reliance
on publicly available remote sensing data with limited resolution (e.g., Sentinel-2’s 10-meter pixel
size) may have restricted the model’s ability to capture fine-scale geological features. The spatial
resolution of data can be crucial in detecting subtle mineralization patterns, especially in highly
heterogeneous geological environments. Future studies could improve the model’s accuracy by
incorporating higher-resolution imagery or data from drone-based surveys, which would allow
for finer-scale mineral prospectivity mapping.

Furthermore, while the geochemical dataset from the Geological Survey of India (GSI) was valuable,
its spatial coverage was not uniform, leaving some areas underrepresented. Integrating additional
data sources, such as aeromagnetic and radiometric surveys, could enhance the model’s predictive
power in regions that are less explored. Additionally, the exploration of deep learning techniques,
such as convolutional neural networks (CNNs), could lead to more accurate models by
automatically detecting complex spatial patterns in the data.

Finally, the temporal dynamics of mineralization, such as changes in surface moisture and
vegetation, were not incorporated in this study but could add valuable insights in future
iterations. Incorporating such dynamic factors could improve the model’s accuracy over time,
especially in regions where surface conditions change seasonally.

6.4 Final Thoughts

In conclusion, the integration of machine learning, specifically Random Forest, with geospatial
data presents a significant advancement in the field of mineral exploration. This study
demonstrates the potential of machine learning models to predict mineral prospectivity with high
accuracy, providing a reliable tool for both industry and government bodies. While the
methodology presented in this paper shows considerable promise, future advancements,
including the use of higher-resolution data, deep learning techniques, and temporal datasets, will
likely lead to even more robust and accurate models. This research underscores the growing
importance of data-driven exploration in the mining industry, offering a pathway toward more
efficient, sustainable, and scientifically informed resource discovery.
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