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Abstract

This study proposes a multi-data integration approach combining remote sensing, Geographic Information Systems (GIS), and
geochemical data to enhance the accuracy of lateritic nickel prospectivity mapping. As the global demand for nickel,
particularly for use in stainless steel production and electric vehicle batteries, increases, more efficient and accurate
exploration methods are needed. This research evaluates the extent to which integrated datasets improve exploration outcomes
compared to single-method approaches. The methodology integrates Sentinel-2 image processing, spectral index analysis (iron
oxide, clay minerals, NDVI), GIS-based spatial modeling (lithology, slope, elevation, lineament density), and geochemical
analysis (Ni, Fe, MgO, SiO2, Co). Using a simulated 2,000 ha study area, four prospect zones (A-D) were identified. Zone A
exhibited the highest potential with an average Ni grade of 1.79% and a Prospectivity Index (PI) of 0.78, indicating a priority
for exploration drilling. The results show that multi-data integration significantly improves mapping accuracy, with an
improvement of 10-20% compared to single-method approaches. This study demonstrates the potential of integrating remote
sensing, GIS, and geochemical data for early-stage lateritic nickel exploration, offering a systematic and cost-effective
framework. The integration enhances exploration decision-making, reduces uncertainty, and allows for targeted exploration,
ensuring more efficient use of resources. Future research should focus on enhancing the model through machine learning and
geostatistical approaches to improve the accuracy and applicability of the model in real-world scenarios.
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1. Introduction

Lateritic nickel deposits represent one of the most significant sources of nickel worldwide, particularly in tropical
regions characterized by intense chemical weathering of ultramafic rocks. These deposits are critical for modern
industries, especially stainless steel production and electric vehicle battery manufacturing [1]. The increasing
global demand for nickel, driven by the rapid expansion of stainless steel production and the growing electric
vehicle industry, has intensified the need for efficient and accurate exploration methods. Nickel has become a
strategic commodity in the transition toward clean energy systems, especially due to its role in lithium-ion battery
technology. As a result, exploration strategies must evolve to meet both economic and technological demands
while minimizing uncertainty and operational costs [2].

The formation of lateritic nickel deposits is controlled by a complex interplay of geological, geomorphological,
and climatic factors. These deposits develop through prolonged weathering of ultramafic parent rocks such as
peridotite and serpentinite under tropical conditions, resulting in distinct vertical zonation, including limonite and
saprolite layers. Each zone exhibits different geochemical signatures, with the saprolite zone typically enriched in
nickel and the limonite zone characterized by higher iron and cobalt concentrations. The spatial variability of these
zones presents a significant challenge in exploration, as nickel distribution is often heterogeneous both laterally
and vertically within a deposit [3].

Traditional exploration methods, such as geological mapping and geochemical sampling, often face limitations in
spatial coverage and efficiency. Remote sensing provides large-scale surface information, while GIS enables
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spatial integration of multiple datasets [4], [5]. However, when applied independently, these methods may produce
limited accuracy because they cannot fully combine surface, spatial, and geochemical evidence [6].

Recent developments emphasize the integration of multi-source data to improve mineral exploration outcomes.
Therefore, this study aims to evaluate how a multi-data approach combining remote sensing, GIS, and
geochemistry enhances the accuracy of lateritic nickel prospectivity mapping [6]-[8].

Lateritic nickel deposits represent one of the most significant sources of nickel worldwide, particularly in tropical
regions characterized by intense chemical weathering of ultramafic rocks. The increasing global demand for nickel,
driven by the rapid expansion of stainless steel production and the growing electric vehicle industry, has intensified
the need for efficient and accurate exploration methods [1], [2]. Nickel has become a strategic commodity in the
transition toward clean energy systems, especially due to its role in lithium-ion battery technology. In Indonesia,
large ultramafic exposures in Sulawesi and Halmahera are important geological settings for lateritic nickel
occurrence and exploration [11], [12]. As a result, exploration strategies must evolve to meet both economic and
technological demands while minimizing uncertainty and operational costs.

The formation of lateritic nickel deposits is controlled by a complex interplay of geological, geomorphological,
and climatic factors. These deposits develop through prolonged weathering of ultramafic parent rocks such as
peridotite and serpentinite under tropical conditions, resulting in distinct vertical zonation, including limonite and
saprolite layers [3], [9], [10]. Each zone exhibits different geochemical signatures, with the saprolite zone typically
enriched in nickel and the limonite zone characterized by higher iron and cobalt concentrations. The spatial
variability of these zones presents a significant challenge in exploration, as nickel distribution is often
heterogeneous both laterally and vertically within a deposit.

Conventional exploration methods, including geological mapping, trenching, and geochemical sampling, have
been widely used to identify lateritic nickel deposits. However, these approaches are often limited by high
operational costs, time constraints, and restricted spatial coverage. In contrast, remote sensing provides a synoptic
view of the Earth's surface, enabling the detection of spectral signatures related to iron oxides, clay minerals,
vegetation cover, and surface moisture. Meanwhile, Geographic Information Systems (GIS) allow for the
integration and spatial analysis of multiple datasets, including lithology, topography, and structural features.
Despite their advantages, these methods, when applied independently, often fail to fully capture the complexity of
lateritic systems [4], [5].

Recent advancements in mineral exploration emphasize the importance of integrating multi-source datasets to
improve the reliability and accuracy of prospectivity mapping. The combination of remote sensing, GIS, and
geochemical data allows for a more comprehensive understanding of both surface and subsurface characteristics.
Remote sensing contributes to the identification of surface alteration patterns, GIS facilitates spatial modeling and
data integration, and geochemical data provide direct evidence of mineralization. This integrative approach is
increasingly recognized as a powerful tool for reducing exploration uncertainty and enhancing decision-making
processes [6], [7]-

Therefore, this study aims to evaluate the effectiveness of a multi-data approach combining remote sensing, GIS,
and geochemical data in improving the accuracy of lateritic nickel prospectivity mapping. Specifically, this
research investigates the extent to which data integration enhances exploration outcomes compared to single-
method approaches. The findings of this study are expected to contribute to the development of more efficient,
systematic, and data-driven exploration strategies for lateritic nickel deposits [8].

2. Research Methods
2.1. Research Design
This study adopts a quantitative spatial approach integrating multi-source data. The workflow consists of data

acquisition, remote sensing processing, GIS analysis, geochemical analysis, data integration, and validation,
consistent with GIS-based mineral prospectivity mapping frameworks [6], [8].
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2.2. Data Collection

Table 1. Data Collection

Data Type Description Function
Sentinel-2 Multispectral imagery Surface mineral detection
DEM/SRTM Elevation data Topographic analysis
Geological Map Ultramafic lithology Parent rock identification
Geochemical Data SDiL(j)rgfné/()(;ataset (Ni, Fe, MgO, Validation
Study Area 2,000 ha (assumed) Analysis boundary

2.3. Prospectivity Index Model

The Prospectivity Index (PI) is calculated using a weighted-overlay concept commonly applied in GIS-based
mineral prospectivity mapping and evidential data integration [6], [7], [17]:

Pl = 0.25(Lithology) + 0.20(Geochemistry) + 0.15(Iron Oxide) + 0.15(Clay) + 0.10(Slope) + 0.10(Lineament) +
0.05(Elevation)
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Table 2. Classification

Pl Value Class
0.00-0.25 Low
0.26-0.50 Moderate
0.51-0.75 High
0.76-1.00 Very High

Cross-Section
Of DEM

Cross-Section
Of Slope

Figure 2. Peta Parameter (Remote Sensing & GIS)
2.4. Theory Development and Implementation

The conceptual framework integrates geological factors represented by ultramafic rocks, weathering indicators
represented by iron oxide and clay, and geochemical validation represented by Ni, Fe, and Co. This framework
follows the general understanding that lateritic nickel enrichment is controlled by parent-rock composition,
weathering intensity, topographic position, and the spatial distribution of laterite horizons [3], [9], [10], [16].

3. Results and Discussion
3.1. Test Data

The results obtained from the dataset reveal a clear variation in both nickel grade and prospectivity index (PI)
across the four identified zones (A-D). As shown in the test data table, Zone A exhibits the highest average nickel
content of 1.79% along with a Pl value of 0.78, indicating a very high prospectivity level. Zone B follows with an
average nickel content of 1.43% and a PI value of 0.63, placing it within the high prospectivity category. In
contrast, Zone C shows moderate values, with an average nickel content of 0.99% and a Pl of 0.41, suggesting
limited economic potential. Zone D represents the lowest category, with a nickel content of 0.69% and a PI value
of 0.27, indicating low prospectivity.
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Table 3. Test Data

Zone Avg Ni (%) Avg PI
A 1.79 0.78
B 143 0.63
C 0.99 0.41
D 0.69 0.27

The prospectivity evaluation further confirms the strong correlation between the Pl values and the nickel grades.
Zones with higher Pl values consistently correspond to higher nickel concentrations, demonstrating the
effectiveness of the weighted overlay model in capturing the spatial distribution of mineralization. Zone A is
therefore recommended as the primary target for initial drilling activities, while Zone B may require additional
detailed exploration such as test pits and denser sampling. Zones C and D, on the other hand, are considered lower
priority areas due to their relatively low prospectivity values.
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Figure 4. Grafik Ni vs Prospectivity Index

In terms of accuracy comparison, the integrated multi-data approach significantly outperforms individual methods.
Remote sensing alone achieved an accuracy of 65%, GIS analysis reached 70%, and geochemical analysis yielded
78%. However, the integrated approach achieved an accuracy of 88%, indicating a substantial improvement of
approximately 10-20%. This result highlights the advantage of combining multiple datasets, as each method
contributes complementary information that enhances the overall reliability of the prospectivity model [6], [8],
[17].

3.2. Prospectivity Evaluation
The prospectivity evaluation identifies Zone A as a very high-priority drilling target, Zone B as a high-priority

area for detailed exploration, Zone C as a moderate-priority area requiring a limited survey, and Zone D as a low-
priority area that is not recommended for immediate exploration. This ranking indicates that the weighted overlay
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model can support staged exploration planning by distinguishing zones with different levels of geological
potential.

3.3. Accuracy Comparison

Table 4. Accuracy Comparison

Method Accuracy
Remote Sensing 65%
GIS 70%
Geochemistry 78%
Integrated Approach 88%

3.4. Discussion

The results of this study clearly demonstrate that single-method approaches in lateritic nickel exploration are
inherently limited in their ability to capture the complexity of geological systems. Remote sensing, while effective
in identifying surface indicators such as iron oxides and clay minerals, cannot directly confirm subsurface
mineralization [13]-[15]. Similarly, GIS-based spatial modeling relies heavily on the quality and completeness of
input data, and geochemical analysis, although highly accurate, is often restricted to discrete sampling locations
[5], [6]. These limitations contribute to higher uncertainty when each method is applied independently.

In contrast, the integrated multi-data approach provides a more comprehensive framework for mineral exploration
by combining the strengths of each dataset. The strong correlation observed between the Prospectivity Index and
nickel grades indicates that the model successfully represents the underlying geological controls of lateritic nickel
formation. The high prospectivity of Zone A can be explained by the presence of favorable ultramafic lithology,
moderate slopes that support weathering processes, high iron oxide and clay mineral indices indicating
lateritization, and strong geochemical anomalies [3], [9], [10], [16]. This demonstrates that the integration of
surface indicators and geochemical validation significantly enhances exploration accuracy.

Furthermore, the improvement in accuracy to 88% reflects the effectiveness of the weighted overlay model in
integrating heterogeneous datasets. This finding aligns with current trends in mineral exploration, which
emphasize data-driven and predictive approaches [7], [8], [17]. The use of multi-data integration not only reduces
exploration risk but also improves efficiency by prioritizing target areas for further investigation. However, it is
important to note that this study is based on dummy data, and real-world applications may require more advanced
techniques such as machine learning, geostatistical modeling, and 3D subsurface analysis to achieve higher levels
of accuracy and reliability [8], [18].

4, Conclusion

This study demonstrates that the integration of remote sensing, GIS, and geochemical data provides a more
effective and reliable approach for lateritic nickel prospectivity mapping compared to single-method techniques.
The results obtained from the dummy dataset indicate a strong correlation between the Prospectivity Index (PI)
values and nickel grades, confirming that the proposed multi-data approach is capable of capturing key geological,
geomorphological, and geochemical controls of lateritic nickel formation. Among the identified zones, Zone A
exhibits the highest prospectivity, with an average nickel grade of 1.79% and a PI value of 0.78, making it the
most suitable target for initial exploration drilling. This finding highlights the importance of integrating multiple
datasets to reduce uncertainty and improve the accuracy of exploration decision-making. Furthermore, the
comparative analysis of different methods shows that the integrated approach achieves a significantly higher
accuracy of 88% than individual methods, such as remote sensing at 65%, GIS at 70%, and geochemical analysis
at 78%. This improvement demonstrates that each dataset contributes complementary information, which enhances
the overall performance of the prospectivity model. Remote sensing provides regional-scale surface indicators,
GIS enables spatial modeling and parameter integration, and geochemical data offer direct validation of
mineralization. The combination of these datasets results in a more comprehensive and robust exploration
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framework. In addition, this study emphasizes the potential of multi-data integration as a cost-effective and
systematic tool for early-stage mineral exploration, particularly in regions with limited subsurface data. By
prioritizing high-prospectivity zones, exploration activities can be conducted more efficiently, reducing
unnecessary drilling costs and optimizing resource allocation. However, it should be noted that this study is based
on simulated data, and further validation using real field data is required to confirm the applicability of the model
under actual geological conditions. Future research should focus on enhancing the model through the integration
of advanced analytical techniques, such as machine learning algorithms, geostatistical interpolation, and three-
dimensional geological modeling [8], [18]. The incorporation of additional datasets, including geophysical data
and drilling information, is also recommended to improve model accuracy and reliability. Overall, the proposed
multi-data approach provides a strong foundation for developing modern, data-driven exploration strategies for
lateritic nickel deposits.
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