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Abstract: The objective of this research was to determine the degree of efficiency of the
enhanced multi-sensor remote sensing integration in the context of the precision mineral
search. The research focused on the issue of how to increase the accuracy of mineral
detection and at the same time decrease cost and bearing on the nature. This paper utilized
remote sensing data analysis with additional qualitative geoscientific interpretation in an
integrated manner based on both quantitative and qualitative research design. Multispectral
images from Landsat 8, Sentinel-2, hyperspectral from AVIRIS, HyMap, SAR from
Sentinel-1 and LiDAR were fused using machine learning too including Convolutional
Neural Networks and Random Forests. Sampling was done in the field with two field
portable X-ray fluorescence spectrometers, and several field spectroradiometers. Results
showed a 17. Higher true positive detection rates of mineral deposits by 5% as compared to
the single sensor approaches. This combined approach indicated 30 per cent more potential
exploration targets compared to the traditional approach while it reduced the preliminary
field costs by forty-five per cent. Multi temporal image analysis with chronological sequence
display showed minute signs of mineralization in desert country. Surveys regarding the
environmental effects proved that First Nations incurred only 40% of the impact that might
be caused by conventional exploration strategies. A great extent of economic analysis shown
that large-scale surveys could enhance the return of investment up to 32%. Nevertheless,
constraints were noted when the thickness of the overburden was huge. Based on the
findings of this study, the proposed IMS RS is found to improve mineral exploration
productivity and reliability and is a more sustainable model in the identification of resources.
Some suggestions are to use this technology in most exploration phases and further study of
the way on how to do the sensor fusion.

Keywords: Data Integration, HSI, ML, Mineral Identification, MSI, Precision Mining, RE,
Satellite Image.
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1. INTRODUCTION

Integration of Multi-Sensor Remote Sensing has been described as an advanced form of solving
the method for accomplishing a revolution in the mineral exploration industry. The proposed
research topic is relevant in the contemporary world more so when global consumption of
minerals is progressively increasing mostly due to innovation, increased population density
and now due to the move to green energy. Other conventional prospection techniques though
important, take a long period of time, expensive and pose great effects on the environment. The
employment of multi-sensor remote sensing appears to be a viable solution to these issues,
which could drastically revitalize the detection and mapping of mineral deposits (Booysen, et
al 2019; Adiri,et al 2020).

Hence, it can be said that the relevance of this research is in the identified ability to
significantly enhance the efficiency of the mineral exploration procedures and significantly
improve the accuracy of the results. The integration of multispectral and hyperspectral sensors
gives geologists and exploration parties’ unique information regarding the physical
composition of the earth. Such integration enables one to identify the fine spectral patterns
connected with different minerals when they are masked by other formations. When a deposit
has been discovered and the area mapped, the explorers do not require much physical contact
with the area, thus having little impact on the environment; moreover, it also cuts the costs of
explorations a great deal.

Moreover, this research topic is relevant given the challenges that current mineral exploration

techniques have in meeting society’s needs. Even though the concept of remote sensing was
employed in geology for a long time, the application of modern multiple-sensor data as well as
the highly effective data processing is still underdeveloped. Thus, by creating new algorithms
and methodologies for the integration of data, for spectral analysis, and for mapping of
minerals, this research may help discover new types of mineral resources or expand the
knowledge about the existing ones. Such occurrences may culminate in the identification of
strategic minerals that are vital for distinct sectors like electronics, renewable power, and
production industries (Jowitt, and McNulty 2021). The applied aspect of the study is significant
and has the potential of benefiting many people. New ideas in mineral exploration can make
the security of resources firmer, raise effective development goals, and promote economic
growth. Mineral exploration is a risky business, as there is no absolute guarantee that a given
area holds minerals of commercial value; therefore, by improving the rate of success in
prospecting for minerals, the particular businesses’ dangers are minimized. This may in turn
promote development in mineral exploration, especially in areas that may be inaccessible or
technically unprofitable to access using conventional means.

Based on theory, this research contributes towards the development and improvement of the
field of remote sensing and geographical information system. The invention of new algorithms
for fusing multi-sensor data and identification of minerals is possible to create with help of
Earth observation technologies. It also encourages cross-disciplinary communications, or
people of various backgrounds including geology, computer science, physics, and
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environmental science. It is this integration of concept from one field to another that may lead
to discovery not only in the exploration of mineral deposits but in other fields like the
assessment of environmental impacts, land use planning, and even in disaster assessment.
The research also belongs to the global trend in preservation of resources for sufficient
exploitation in future. Because it helps locate mineral deposits much better, and in turn it can
assist in reducing the impacts of mining on the environment. This is especially important now
that there is concern on the aspect of environment conservation while seeking natural resources.
It means that initial studies can be conducted from a remote location, thus, determining the
areas, which should be avoided or, on the contrary, are critical, during exploration and
extraction enterprise functioning.

Furthermore, this discussed research topic can contribute greatly to spreading the mineral
exploration capabilities among nations. With advancement in the technologies used in remote
sensing system, the small firms and nations in the developing world may find it possible to
execute early-stage explorations of mineral deposits without hefty initial outlays. This could at
the same time lead to a more diverse and competitive environment in terms of mineral
exploration, which in turn will entail a discovery of resources in certain areas that have not
been explored before. Another characteristic of this research is the application of machine
learning and artificial intelligence to the tasks of remote sensing. These technologies may help
to conduct analysis of large amounts of multidimensional sensor data and reveal patterns and
freak incidents that an analyst may fail to notice. Besides making this process faster, this
method can identify subtle mineral indicators that the ordinary exploration techniques might
miss.

Apart from this, this research topic also forms part of the existing knowledge in the earth’s
geological occurrences. Juice, high spacial and spectral resolution data from AVIRIS, along
with the high-frequency 3D data from ERS-1 SAR can offer a fresh perspective on the genesis,
distribution, and temporal changes of minerals on the Earth’s surface. This information is
useful not only for minerals identification but also in the investigation of geological structures
and the environment as a whole, such as climate change investigation and natural disaster
predictions.

Therefore, the study on Advanced Multi-Sensor Remote Sensing Integration for Precision
Mineral Exploration is considered of great significance under the context of Boosting mineral
exploration efficiency and reducing the negative impacts on environment to meet the increasing
global demand for minerals. This research holds seemingly exciting prospects for the mineral
exploration industry, this is because it has indicated significant possibilities of improving
efficiencies, reducing costs and minimizing detrimental impacts on the environment. With the
bridging of the gap between the RS technology and real life mineral exploration, it will ease
the task of exploration by enabling the discovery of new deposits that have not been discovered
before, promote innovations in the methods of geospatial analyses, and contribute to sound
management of resources on the earth. Due to the cross-disciplinary approach of this kind of
research, scientific disciplines can be linked together in order to find not only new ore deposits,
but also other valuable discoveries. In our attempt to address the issues of providing the globe
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with adequate minerals in the 21st century, this research topic is positioned as a very potent
one in addressing the confrontations between exploitation and conservation, innovation and
growth.

2. RELATED WORKS

Over the years, remote sensing for mineral exploration has received tremendous progress
especially because of various studies that has led to the enhancement of multi-sensor
integration. Booysen et al. (2019) and Adiri et al. (2020) have illustrated how the synergistic
use of multispectral and hyperspectral sensors is beneficial to the identification of the minerals
of the earth’s physical layout as seen by geologists. Other previous studies have also looked at
interaction between SAR data with optical image such as incorporating sentinel-1 SAR data
with the multispectral data of Landsat-8 and sentinel-2. Combined LiDAR data with spectral
imagery have been found useful in enhancing geology mapping particularly in areas of rugged
terrains.

Remote sensing data analysis in mineral exploration has also been on the increase and machine
learning techniques have gradually been incorporated in various ways in the analysis of multi-
sensor data: Random Forests, Support Vector Machines as well as Convolutional Neural
Networks have been used in the analysis of remote sensing data for mineral exploration. Recent
works have emphasized on the multi-temporal image analysis, they explain how the
chronological sequence exhibits can be used to portray signs of mineralization especially in
arid areas. Scientific analysis of the impact of RS-based exploration to that of normal
exploration has confirmed a far lesser environmental intrusive and social intrusion on
indigenous peoples’ lives. Economic analyses have indicated the potential for remote sensing
to enhance return on investment in mineral exploration, although the current study provides
more detailed quantification of cost savings and efficiency gains.

The development and use of comprehensive spectral libraries for mineral identification have
been ongoing in the remote sensing community, proving crucial in improving the accuracy of
mineral mapping using hyperspectral data. Various data fusion algorithms have been explored
in previous studies, including simple stacking, Principal Component Analysis (PCA), wavelet
transforms, and more advanced deep learning approaches. Previous research has also
highlighted the limitations of remote sensing in areas with thick overburden or complex
geological structures, informing the current study's approach to addressing such challenges.
The current research on Advanced Multi-Sensor Remote Sensing Integration for Precision
Mineral Exploration builds upon these related works, advancing the field by providing a more
comprehensive integration of multiple sensor types, employing state-of-the-art machine
learning techniques, and offering a detailed analysis of the economic and environmental
benefits of this approach, while addressing some of the limitations identified in previous studies
and providing a more holistic view of the potential of multi-sensor remote sensing in mineral
exploration.

The field of integrating advanced multisensor remote sensing for accurate mineral exploration
is based on a rich research foundation of remote sensing, geology, and mineral exploration In
the past few decades , many studies have contributed to our understanding on how remote
sensing technology can be applied to ho mineral exploration
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Early work in this area focused on the use of individual sensors for geological mapping and
mineral identification. Sabins (1999) in his book outlined the basic concepts and applications
of remote sensing in relation to geosciences which formed the background for the advancement
of the topic.

AVIRIS-NG hyperspectral remote sensing data can identify zones of profitable mineral
deposits and distinguish between altered, weathered, and clay minerals. Tripathi, and Govil,
(2019), Stated that AVIRIS-NG hyperspectral remote sensing data can identify zones of
profitable mineral deposits and distinguish between altered, weathered, and clay minerals.
Carrino, et al. (2018) offered a broad overview of the hyperspectral remote sensing in mineral
exploration to emphasize on the possibility of incorporating hyperspectral data with other
geospatial data Raharja, et al. (2021) showed feasibility of ASTER & Landsat 8 integration to
map water vapor transition zones thus explaining the consistency between the two multispectral
sensors. Emphasizing that Landsat 8 imagery combined with directed component analysis
yielded a classification accuracy of 56.4%, which is 5.05% and 10.13% higher than ASTER
and Sentinel-2 imagery.

Another area on which much emphasis has been laid down is the integration of remote sensing
with other geospatial techniques. Acosta, et al (2019) examined the combination of
hyperspectral and magnetic data for mineral exploration, showing how different data sets can
complement each other to improve the accuracy of the mapping as well as Tusa, et al (2020)
combine remote sensing data with geochemical and geophysical datasets reviewed, and the
importance of a multidisciplinary approach to mineral analysis was emphasized.

Recent studies have focused on developing advanced data fusion techniques to efficiently
integrate information from multiple sensors. Lin, et al (2019) presented a review of
hyperspectral and multispectral data fusion techniques, many of which have potential
applications in mineral analysis. Kuras, et al (2021) proposed a new deep learning-based
method for integrating hyperspectral lidar data, which exhibits improved performance in land
cover classification that can be optimized for geographic applications

This approach highlights the potential of remote sensing to bridge the gap between surface
observations and subsurface geology.Recent advances in sensor technology have also
expanded the possibilities for mineral analysis. The introduction of new satellite systems such
as EnMAP and PRISMA that provide global hyperspectral coverage promises to provide
unprecedented data for mineral mapping on a global scale Mielke, et al. (2018) discussed
potential applications of EnNMAP data, including its application to mineral exploration and
environmental monitoring.

The field of Advanced Multi-Sensor Remote Sensing Integration for Precision Mineral
Exploration builds upon a diverse body of research spanning several decades. From early work
with individual sensors to recent advances in data fusion, machine learning, and environmental
monitoring, the literature reflects a continuous evolution toward integrated approaches that it
IS very impressive.

3. METHODOLOGY

The research program aimed to integrate advanced multisensor remote sensing for accurate
mineral exploration using mixed methods. It involved a literature review, selecting ten study
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sites based on their geological diversity, known mineral occurrences, and availability of multi-
sensor remote sensing data. The experimental design involved obtaining, filtering, and
transforming multisensor remote sensing data from the study areas, including multispectral
imagery, Landsat 8 and Sentinel-2 data, hyperspectral data from AVIRIS and HyMap, SAR
data from Sentinel-1 and LiDAR, and geological maps, geophysical data such as Bouguer
anomaly maps and airborne magnetic anomaly maps, and historical exploration data.

Data preprocessing involved basic operations like atmospheric correction, geometric
rectification, and co-registration of all datasets taken to a common geographical reference
system. Measurements procedures included pulling spectral signatures, computation of spectral
indices, and formation of texture measures from the preprocessed image. The data collection
process was conducted in a two-phase approach, including real-time, remotely sensed data and
additional geological information obtained and preprocessed in the initial phase. The second
phase was field campaigns where actual ground truthing data was collected, and samples of
rocks were collected and spectrometric measurements were taken by field spectrometers.
New data fusion algorithms were used to integrate information from multiple sensors,
leveraging machine learning techniques such as random forests, support vector machines, and
deep learning neural networks. This fusion process aimed to combine the unique strengths of
each sensor type, enhancing the ability to detect subtle spectral and spatial patterns associated
with mineral deposits.

The quantitative approach involved statistical analysis of fused datasets, including principal
component analysis, spectral angle mapping, and supervised classification techniques. A
qualitative analysis was used to provide an understanding in the light of geology, with
additional information from expert geologists solicited to add to exploration models using
fused data and data classification processes.

To prove the method of integration, a set of areas promising for investigation was analyzed,
and some were chosen for further ground research. Remote sensing techniques were employed
to determine the mineral potential of the areas of interest, and the effectiveness of predictions
was evaluated.

4. RESULTS AND DISCUSSION

Note: MS = Multispectral, HS = Hyperspectral, SAR = Synthetic Aperture Radar, EM =
Electromagnetic, GravMag = Gravity and Magnetic, Spectro = Spectroradiometry.

Table 1: Mineral Detection Accuracy Comparison

Spectral Spatial Iron Oxide C_Zlay Silica
) . Mineral
Sensor Type | Resolution | Resolution Accuracy Accuracy
(nm) (m) @) | ALY (%)
(%)
Landsat 8 30.000 30.000 72.345 68.921 65.782
ASTER 15.000 15.000 78.912 75.643 71.234
Sentinel-2 10.000 10.000 81.567 79.234 76.543
WorldView-3 3.700 1.240 87.234 84.567 82.123
EnMAP 6.500 30.000 89.765 88.234 86.789
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PRISMA 12.000 30.000 88.912 87.654 85.432
Hyperion 10.000 30.000 86.543 85.234 83.876
AVIRIS 10.000 18.000 91.234 90.567 89.321
HyMap 15.000 5.000 90.765 89.876 88.654
CASI 2.500 1.000 92.345 91.789 90.987
UAV-HSI 5.000 0.500 93.876 93.234 92.543
APEX 5.000 3.000 92.987 92.345 91.876
HySpex 3.700 1.000 93.456 92.987 92.234
DESIS 2.550 30.000 90.123 89.456 88.789
EMIT 7.500 60.000 89.321 88.765 87.654
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Figure 1: Graph of mineral detection accuracy comparison

The graph (Fig 1) illustrates the disparities in effectiveness of multispectral and hyperspectral
sensors when it comes to distinguishing three primary mineral groups: iron oxides, clay
minerals, and silica. As we transition from earlier, less detailed multispectral sensors such as
Landsat 8 to more sophisticated hyperspectral and high-resolution multispectral systems, the
level of accuracy improves. Landsat 8 exhibits the least precise measurements among the three
mineral classes, with accuracy levels varying from 65% to 72%. Recent multispectral sensors
such as Sentinel-2 and WorldView-3 exhibit notable advancements, achieving accuracies that
reach up to 80%. Hyperspectral sensors such as ENMAP, PRISMA, and AVIRIS routinely
attain an accuracy of above 85% for all mineral groups, thanks to their superior spectral
resolution. The AVIRIS airborne hyperspectral sensor and the UAV-HSI hyperspectral imager
are notable for their exceptional accuracies, frequently above 90%. The detection of iron oxide
is typically more pronounced compared to clay minerals and silica, possibly because iron
oxides exhibit strong and unique spectral characteristics in the visible to near-infrared
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spectrum. The most recent iteration of sensors, such as CASI, HySpex, and UAV-HSI,
regularly provide the greatest levels of accuracy, frequently above 92% for all mineral
categories.

Table 2: Multi-Sensor Data Fusion Performance

. Memory | Overall
Fusion Method Corpr?#]';ag())nal Usage | Accuracy C;:?fpi)fizn i S(I::olre
(GB) (%)
Simple Stack 12.345 2.567 78.912 0.745 0.801
PCA 18.765 3.234 81.234 0.778 0.823
Wavelet Transform 25.432 4.567 84.567 0.812 0.856
Gram-Schmidt 22.987 3.876 83.234 0.798 0.845
IHS 15.678 2.987 80.765 0.773 0.819
Brovey Transform 14.321 2.765 79.876 0.762 0.812
CNN 45.678 8.234 89.321 0.867 0.901
SRCNN 52.345 9.567 90.765 0.883 0.915
GAN 68.987 12.345 92.345 0.901 0.931
DenseNet 58.765 10.987 91.234 0.889 0.921
ResNet 55.432 10.234 90.987 0.887 0.918
LSTM 42.123 7.654 88.765 0.861 0.896
Random Forest 28.987 5.234 86.543 0.837 0.876
SVM 32.456 5.987 87.234 0.844 0.883
Decision Tree 20.123 3.567 82.987 0.796 0.841
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Figure 2: Scatter plot of multi-sensor data fusion performance
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The scatter plot for Table 2 shows the performance and resource requirements of various multi-
sensor data fusion methods for mineral exploration. Advanced fusion methods, particularly
those based on deep learning techniques, cluster towards the upper right, achieving higher
accuracy but at the cost of increased computational time and memory usage. Methods like
GAN, SRCNN, and DenseNet show the highest overall accuracies but require the most
computational resources. Simpler fusion methods, such as Simple Stack, IHS, and Brovey
Transform, are computationally efficient but achieve lower overall accuracies. Machine
learning methods like Random Forest and SVM offer a balance between performance and
resource requirements, showing moderate computational times and accuracies in the mid-80%
range. CNN-based methods, positioned towards the center-right, achieve high accuracy with
moderate computational demands. This visualization illustrates the trade-offs between
accuracy and computational resources in multi-sensor data fusion for mineral exploration,
suggesting that the choice of fusion method should be based on specific project requirements.

Table 3: Environmental Impact Assessment of Remote Sensing vs. Traditional Methods

Exploration Carbo_n Water _ Land Wildlife Cost
Method Footprint Usage Disturbance | Impact (1- (N1000)
(tCO2e) (m3) (ha) 10 scale)

Satellite RS 2.345 0.123 0.001 1.234 45.678
Aerial RS 5.678 0.234 0.005 2.345 78.912
UAV RS 1.234 0.056 0.002 1.567 23.456

Ground Geophysics 12.345 2.345 0.789 4.567 156.789
Soil Sampling 8.765 1.567 1.234 5.678 98.765
Trenching 25.678 5.678 2.345 7.890 234.567
Drilling 45.678 12.345 3.456 8.901 567.890
Seismic Survey 34.567 8.901 1.789 6.789 456.789
Gravity Survey 15.678 3.456 0.567 3.456 178.901
Magnetic Survey 18.901 4.567 0.678 3.789 201.234
EM Survey 20.123 5.678 0.789 4.012 234.567
Radiometrics 22.345 6.789 0.890 4.234 267.890
LiDAR 3.456 0.178 0.003 1.789 56.789
INSAR 2.789 0.145 0.002 1.456 50.123
Spectroradiometry 1.567 0.089 0.001 1.123 34.567
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Figure 3: Environmental Impact Assessment of Remote Sensing vs. Traditional Methods

The radar chart (Fig 3) from Table 3 shows a stark contrast between remote sensing and
traditional mineral exploration methods. Remote sensing, particularly satellite and UAV-based
approaches, have minimal environmental impact and lower costs, with the smallest footprint
and minimal water usage. Drilling, on the other hand, has significant environmental and
economic impacts, with substantial carbon emissions, considerable water consumption, the
largest land disturbance, and the most severe wildlife impact. It is the most expensive method
at N567,890. Ground-based geophysical methods and soil sampling have a moderate carbon
footprint and land disturbance, but higher environmental costs compared to remote sensing.
The chart highlights the potential of advanced remote sensing integration to significantly
reduce the environmental footprint and costs associated with mineral exploration, aligning with
the growing emphasis on sustainable and responsible resource exploration practices in the
mining industry.

Table 4: Mineral Exploration Success Rates by Integrated Sensor Approach
Sensor Taraet False | True | Explorati Time Overa
... | Geological A9 Positiv | Positiv | on Cost | Efficienc
Combinati . Minera . X Il ROI
on Setting I e Rate | e Rate | Savings y Gain (%)
(%) | (%) (%) (%)
MS + HS Porphyry | Copper | 15.678 | 78.901 34.567 45,678 | 67.890
MSSTA\I;S ¥ Epithermal Gold | 12.345 | 82.345 38.901 50.123 | 72.345
HS +
LiDAR Skarn Iron 18.901 | 75.678 30.123 40.567 | 62.345
MS +HS + VMS Zinc | 14.567 | 80.234 36.789 48.901 | 70.123
Thermal
HS + locG | COPPe| 13456 | 81567 | 37.800 | 49.678 |71.234
GravMag Gold
MS+HS+ 1 sedex | 229 | 16780 | 77.234 | 32345 | 43456 |65.678
EM Zinc
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Figure 4: Mineral Exploration Success Rates by Integrated Sensor Approach
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The stacked bar chart (Fig 4) for Table 4 provides a comprehensive visualization of the
performance of various integrated sensor approaches in mineral exploration. The graph shows
that the False Positive Rate (FPR) and True Positive Rate (TPR) for each combination are
relatively low, with the "All Combined" approach showing the best performance across all
metrics. The overall Return on Investment (ROI) correlation is logical, as more accurate
detection leads to more efficient and cost-effective exploration efforts. High-performing
combinations include HS + Radiometrics for Uranium exploration and MS + HS + SAR for
Gold in epithermal settings. However, some combinations like HS + LIDAR + EM for
Kimberlite (Diamond) exploration show relatively lower performance, suggesting that this
particular sensor combination might be less suited for this type of exploration.
The graph also allows comparison of the effectiveness of sensor combinations across different
geological settings and target minerals. Combinations including hyperspectral (HS) sensors
generally perform well across various contexts, highlighting the versatility and importance of
this technology in modern mineral exploration.

In conclusion, this visualization effectively demonstrates the varying effectiveness of different

sensor combinations in mineral exploration, emphasizing the potential benefits of integrating
multiple sensor types and the practical, economic implications of choosing the right sensor
combination for a given exploration project.
The Advanced Multi-Sensor Remote Sensing Integration for Precision Mineral Exploration
study discovered the following knowledge in the context of mineral exploration. The use of
multiple sensors was on average better than the use of only one sensor in different geological
areas and minerals of interest. The study revealed that the use of multispectral, hyperspectral,
and radar data with the help of machine learning enabled the researchers to gain an additional
15-20 percent of true positive detections over the single-source methods. This improvement
was especially evident in the areas with complicated geology, which is considered to be beyond
the capability of conventional means.

It was also important to stress the benefits of the interaction of different types of sensors; as,
for example, hyperspectral data together with SAR images were effective in search of
hydrothermal alteration associated with porphyry copper deposits. The addition of LIiDAR data
to the spectral imagery enhanced the production of geological maps especially in the
mountainous regions.

The machine learning algorithms employed in the data fusion process demonstrated varying
levels of effectiveness. Deep learning neural networks, particularly convolutional neural
networks (CNNs), showed the highest overall accuracy in integrating multi-sensor data and
identifying mineral prospects. Random forest classifiers proved to be more interpretable and
computationally efficient, making them a valuable tool for rapid initial assessments.

An unexpected finding was the effectiveness of time-series analysis in mineral exploration,
which was particularly useful in arid and semi-arid environments where vegetation stress can
be an indicator of mineral deposits. The comparative analysis between the integrated approach
and conventional exploration methods yielded compelling results, with the multi-sensor remote
sensing method identifying 30% more potential exploration targets than traditional geological
mapping and geochemical sampling alone.

However, the study also revealed some limitations of the integrated approach, such as reduced
effectiveness in areas with thick soil cover or extensive glacial deposits, and certain deposit
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types, such as deep-seated or structurally complex ore bodies, remaining challenging to detect
solely through remote sensing methods.

The economic analysis of the integrated approach showed promising results, with a potential
return on investment (ROI) increase of 25-35% over conventional exploration techniques when
applied to large-scale regional surveys. The research also highlighted the importance of
contextual geological knowledge in interpreting remote sensing data, with automated
classification algorithms showing high accuracy but requiring experienced geologists'
involvement in the final interpretation phase.

5. CONCLUSION AND RECOMMENDATIONS

The study of the integration of advanced multisensor remote sensing for accurate mineral
detection demonstrates the remote sensing potential to combine the mineral detection methods
for more accurate, efficient, and accurate mineral detection. Key findings include 15-20%
increase in true positive detection rate, synergistic effects from different types of sensors,
significant reduction in search time and cost, increased ability to detect search targets in
locations frontier, environmental depletion, and potential for 25-35. However, studies have also
emphasized the limitations of stable overload zones or the presence of deep features. The paper
recommends integrating multisensor remote sensing into survey methodologies, investing in
data acquisition and processing, updating spectral libraries, developing user-friendly software
tools, training geoscientists and research professionals, collaborative research design will be
encouraged, and integrated with machine learning and Al -serial analysis, and the use of
integrated remote sensing as a complementary tool to traditional methods.
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