
Citation: Liu, C.; Liu, X.; Hou, M.;

Wu, S.; Wang, L.; Feng, J.; Qiu, C.

Machine Learning and EPCA

Methods for Extracting

Lithology–Alteration Multi-Source

Geological Elements: A Case Study

in the Mining Evaluation of Porphyry

Copper Ores in the Gondwana

Metallogenic Belt. Minerals 2023, 13,

858. https://doi.org/10.3390/

min13070858

Academic Editors: Habes A. Ghrefat

and Salah Al-Khirbash

Received: 22 May 2023

Revised: 15 June 2023

Accepted: 23 June 2023

Published: 25 June 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

minerals

Article

Machine Learning and EPCA Methods for Extracting
Lithology–Alteration Multi-Source Geological Elements:
A Case Study in the Mining Evaluation of Porphyry Copper
Ores in the Gondwana Metallogenic Belt
Chunhui Liu 1 , Xingyu Liu 1, Man Hou 1, Sensen Wu 2,3 , Luoqi Wang 2,3, Jie Feng 2,3 and Chunxia Qiu 1,*

1 College of Geomatics, Xi’an University of Science and Technology, Xi’an 710054, China;
21210061040@stu.xust.edu.cn (C.L.)

2 School of Earth Sciences, ZheJiang University, Hangzhou 310027, China; wusensengis@zju.edu.cn (S.W.)
3 Zhejiang Provincial Key Laboratory of Geographic Information Science, Hangzhou 310028, China
* Correspondence: 000358@xust.edu.cn

Abstract: The location and development of porphyry copper deposits is a key issue for the mining
industry. In this study, the Gondwana metallogenic belt was chosen as the study area to compare
multiple methods for extracting multi-source geological elements to maximize the accuracy of the
datasets used for mining evaluation and to use them to assess porphyry copper mineability. By
comparison, a support vector machine (SVM) with an overall classification accuracy of 97.6573%
and a Kappa coefficient of 0.9806 was used to extract the lithological distribution of the study area.
Spectral feature-enhanced principal component analysis (EPCA) was combined with ASTER images
to extract alteration information, with significant improvements in spatial aggregation and overall
area compared to other alteration extraction methods, while a hierarchical alteration interpolation
method was proposed to overcome the limitations of relying solely on remote sensing images to obtain
surface alteration information and qualitatively extend deep alteration information. In addition,
by overlaying various geoscientific factors affecting copper mineralization and mining, a Pearson
correlation analysis is carried out in conjunction with currently proven or mined copper occurrences,
and a weight of evidence approach is used to classify the study area into four mineability classes,
which is important for narrowing down potential target areas for mineral exploration and assessing
their mining value while contributing to an in-depth understanding of the role of geological elements
in mineralization and development.

Keywords: Gondwana metallogenic belt; porphyry copper mining evaluation model; spectral feature
enhancement; principal component analysis; multi-source geological elements

1. Introduction

The extraction of porphyry copper deposits plays a significant role in the economic
development of countries, and positioning and developing copper mines are critical issues
in the mining industry [1,2]. Traditional mineral exploration methods rely mainly on
geological field surveys, which are time consuming, laborious, and inefficient and usually
rely on only one or a few geological information sources, limiting the accuracy and reliability
of exploration results [3,4]. In recent years, the use of geophysical, remote sensing, and
geological information data for copper exploration has gradually become a mainstream
method. These data can provide more comprehensive and accurate geological information,
which can help reveal potential copper ore regions [5–7].

Therefore, integrating multiple sources of geological elements has become a hot topic
in the current field of mineral exploration. This approach can combine various infor-
mation sources, such as lithology, alteration, and structure, to comprehensively describe
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geological features and improve the accuracy and reliability of exploration [8–10]. Remote
sensing technology can provide extensive data acquisition and monitoring, obtaining a
large amount of geological data in a short period, significantly improving the efficiency
and cost-effectiveness of mineral exploration [11]. In addition, machine learning-based
methods, such as supervised classification and support vector machines, are widely used
in mineral exploration. They can conduct in-depth mining and analysis of multiple sources
of geological elements, improving the accuracy and reliability of exploration results [12,13].

Although the above studies have avoided the shortcomings of traditional mineral
exploration, there are still some issues that need to be addressed in current integration
research. For example, because most ore deposits are located deep underground, it is
challenging to observe and obtain information directly from remote sensing images [14].
Collecting and integrating geologic data from multiple sources improve the precision and
accuracy for mining evaluation. However, the applicability of existing methods in this
area has not been adequately studied or compared [15]. Currently, the classification and
extraction of lithological features mainly rely on manual experience and domain knowledge.
More automated and intelligent methods are needed to optimize feature extraction [16,17].

Therefore, based on previous studies, this study uses support vector machines (SVMs)
to extract lithological features from the study area, reducing the need for manual visual
interpretation and improving the efficiency of classification and feature extraction. In
addition, spectral-feature-enhanced principal component analysis (EPCA) was used to
extract alteration information from ASTER remote sensing images, enhancing the integrity
of the multi-source data. A classification interpolation method based on empirical Bayesian
kriging is proposed to overcome the limitation of extracting surface alteration information
from remote sensing images only and to achieve a qualitative extension of deep alteration
information. Through the enhancement and optimization of the above geological elements,
this study integrates multiple geoscientific factors affecting the development and mining
of porphyry copper deposits, matches and validates them with existing mining areas,
and uses a weight of evidence approach to the mining evaluation of porphyry copper
ores in the Gondwana mineralization belt. The model can be used to assess the copper
mineralization index and the value of large-scale industrial mining, and the results also
provide an important reference for a deeper understanding of the role of multi-sourced
geological elements in porphyry copper mineralization.

2. Materials and Methods
2.1. Geological Background of the Study Area

The Gondwana metallogenic belt is located on the northern margin of the Tethys
Ocean and is a vast metallogenic belt [18]. In this region, multiple tectonic deformations
and magmatic activities occurred from the late Mesozoic to the early Cenozoic, resulting
in complex rock compositions and structural patterns [19,20]. The metallogenic dynamic
factors of the Gondwana metallogenic belt are closely related to the tectonic evolution of
the region [21]. Figure 1 shows that, during the process of the closure of the Tethys Ocean,
the Gondwana area experienced multiple strong compressions and shear deformations due
to the influence of subduction of the lithosphere and plate collision, forming large-scale
deformation zones and fold-fault zones [22]. These tectonic actions provided the foundation
conditions for later mineralization. In addition, magmatic activity is also an important
cause of the Gondwana mineralization. Under the influence of tectonic deformation, mantle
material upwelling formed a series of magmatic intrusions and volcanic activities [23].
Magma and associated hydrothermal alteration formed various mineral deposits, including
copper, lead, zinc, tin, tungsten, molybdenum, and other metals. Among them, copper
deposits are one of the main types of Gondwana mineralization, and their genesis is
closely related to deep-seated magmatic intrusions, hydrothermal alteration, and tectonic
deformation [24,25]. In summary, the Gondwana metallogenic belt has lithology, alteration,
and structural factors that can be used in a copper anomaly model.
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Figure 1. Lithology–alteration–tectonic geological model of copper mineralization in the Gond-
wana region.

2.2. ASTER Images

The spatial and spectral resolutions of the ASTER sensor are well-suited for extracting
mineral alteration information [26]. In this study, lithological classification and alteration
information extraction was performed using nine bands from the visible near-infrared
(VNIR, Spectral range from 0.52–0.86 µm) and shortwave infrared (SWIR, Spectral range
from 1.60–2.43 µm) spectra captured by the ASTER sensor. A total of 93 georeferenced
At-Sensor Radiance Measurements (AST_L1T) remote sensing images, covering an area
exceeding 150,000 square kilometers, were utilized in the research area. These images
underwent preprocessing steps such as radiometric calibration, atmospheric correction,
and masking to remove cloud cover [27,28].

2.3. Support Vector Machine

A support vector machine (SVM) is a supervised learning algorithm commonly
used for classification and regression analysis [29,30]. Due to its ability to handle high-
dimensional data and its robustness to noise, SVM has been widely applied in various
cutting-edge applications such as image classification, text classification, and bioinformat-
ics [31]. In the field of geological exploration, SVM is also frequently employed for the
classification of features such as lithology [32,33]. Classification methods based on SVM
can effectively extract rock-type characteristics in the study area, reducing the need for
manual interpretation and improving classification efficiency [34]. The objective of this
study is to utilize SVM to extract rock types from the spectral features of remote sensing
images in the research area and apply SVM to the classification of remote sensing analysis.
Figure 2 illustrates the SVM classification process of lithology in this study. The specific
steps are as follows [35]:
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First, representative training samples of different rock types within the research area
are selected, in conjunction with geological survey maps of the study area. These samples
should encompass the characteristics of various rock types present in the geological research
area to the greatest extent possible [36]. Second, the spectral features of the training
samples are extracted from the remote sensing images. These features include the spectral
information of each pixel in the remote sensing image, which can be obtained by analyzing
the reflectance or radiance at different wavelengths [37]. After extracting the spectral
features, preprocessing and normalization of the feature values are performed to ensure
that they are within the same range and exhibit similar variations.

Next, based on the extracted features and their corresponding rock types, an appropri-
ate kernel function is selected to train the SVM model. The choice of the kernel function is
crucial for classification performance, as different kernel functions can capture different
types of data relationships. By training the SVM model, a decision boundary is established
to map the input spectral features to rock types [38].

In this study, a 5-fold cross-validation approach is employed, where the original
training dataset is randomly divided into five subsets. One subset is retained as the
internal validation data for testing the model, while the remaining four subsets are used
for training [39]. This cross-validation process is repeated five times, with each subset used
only once as the internal validation data. Through this approach, the performance of the
SVM-based remote sensing image classification method can be better evaluated. In each
round of the cross-validation process, the performance of the model on different training
and validation data combinations can be observed, and average performance metrics are
calculated to obtain more reliable results [40]. Finally, the trained SVM model is utilized
to classify the rock types of the remaining pixels in the remote sensing image. For these
unknown pixels, their spectral features are input into the SVM model, and based on the
model’s classification decision rules, they are assigned to specific rock types.

It is important to note that, as shown in Figure 3, due to the association of the formation
and development of porphyry copper deposits with magmatic–hydrothermal alteration,
porphyry copper deposits are typically found within igneous rocks in most cases [41].
Based on this understanding, this study vectorized the lithological data for the entire
Gondwana region based on the original raster data and analyzed and classified the vec-
torized lithological data based on geological principles. The different lithological types
were identified and classified according to their geological features and genesis, including
a consideration of the mineral composition, structural features, color, and density of the
rocks. Based on the results of the analysis, similar lithological types are integrated and
classified. Depending on the purpose and needs of the study, it was determined that over
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200 different lithological types representing different geological ages would eventually be
integrated into five igneous or granitic rocks. This process provides for the subsequent
construction of a porphyry copper mining evaluation based on multiple factors.
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The support vector machine algorithm, shown in the following 6 equations, first
requires a training dataset where:

T =
{
(x1, y1), (x2, y2), · · · ,

(
xN, yN

)}
(1)

of which xi ∈ Rn, yi ∈ {+1,−1}, i = 1, 2 , 3 · · · N.
Selecting penalty parameters C > 0 and constructing and solving convex quadratic

programming problems,

min
a

1
2∑N

i=1 ∑N
j=1 aiajyiyjK(xi, yi)−∑N

i=1 ai (2)

S.t. ∑N
i=1 aiyi = 0 0 < ai < C, i = 1, 2 , 3 · · ·N (3)

Obtaining the optimal solution, a* =
(
a*

1, a*
2, · · · a*

N
)T,

w* = ∑N
i=1 a*

i yixi (4)

Choose a component aj* of a* to satisfy the condition 0 < aj* < C, then:

b* = yi −∑N
i=1 a*

i yiK
(
xi, xj

)
(5)

Finding the separation hyperplane,

w*·x + b* = 0 (6)

The classification decision function is f(x) = sign(w*·x + b*).
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2.4. Spectral-Feature-Enhanced Principal Component Analysis

Liu et al. introduced a novel approach to extract alteration details from ASTER remote
sensing images [42]. Their method combines spectral feature enhancement and principal
component analysis (PCA) to enhance traditional alteration extraction techniques. By incor-
porating spectral-feature-enhanced band values from ASTER’s visible and near-infrared
(VNIR) and short-wave infrared (SWIR) bands, the authors improve the accuracy of alter-
ation information extraction [43]. They determine the spectral range for ratio enhancement
by analyzing the interval with the most significant slope change, as well as the reflection
peaks and absorption troughs on the curve, based on characteristic spectra of minerals.
The ratio of reflection peak to absorption trough serves as the principal component for
enhancing the spectral differences among different lithologies. To perform EPCA analysis,
the authors adopt the Crosta method. They synthesize colors using appropriate band ratios
and employ a threshold method combined with a base map for segmentation. As a result,
images of iron hydroxide alteration, magnesium hydroxide alteration, and aluminum
hydroxide alteration are generated for the study area. This method highlights alteration
information and achieves higher spatial aggregation and precision compared to traditional
band ratio and PCA methods. It also mitigates the impact of terrain and enhances weak
information in the image [44]. However, the EPCA method, as a new method for enhanced
extraction of alteration information, has yet to be further developed for application in the
field of copper exploration and mining. Therefore, this study is based on the extraction of
alteration information in the study area and discusses the advantages of the EPCA method
over the traditional Crosta method for the extraction of alteration information.

The basic principle of the EPCA method is represented by Equations (7)–(10). In this
method, the initial band of 9 bands in the ASTER image plus 1 spectrally enhanced band is
considered to be 10 variables. A matrix of size 93 × 10 is constructed for the 93 scenes in
the study area. Principal component transformation is applied to convert this matrix into
a 10 × 10 matrix, automatically selecting PC1, PC2, PC3, and PC4 for each image scene.
This transformation helps determine the primary contributors to the principal components.
Here, ‘p’ denotes the number of image bands, ‘n’ represents the number of frames used,
and ‘X1, X2, . . . , Xp’ represent the observed variables. The array of data information for
the n samples is then analyzed accordingly.

X =


x11 x12 . . . x1p
x21 x22 . . . x2p
. . . . . . . . . . . .
xn1 xn2 . . . xnp

 =
[
X1, X2, . . . , Xp

]
, n = 1, 2, 3, . . . , 93; p = 1, 2, 3, . . . , 10 (7)

Xi = (x1i, x2i, . . . , xni)
T , i = 1, 2, . . . , 10 (8)

p observed variables can be combined into p new variables (composite variables). This
is the dimensionality reduction process of principal component analysis.

Fi = wi1x1 + w2ix2 + . . . + wpixp, i = 1, 2, . . . , p; p = 1, 2, . . . , 10 (9)

When F satisfies the correlation conditions of principal component analysis, a 10 × 10
transformation matrix W can be constructed.

W =


w11 w12 . . . w1p
w21 w22 . . . w2p
. . . . . . . . . . . .
wp1 wp2 . . . wpp

, p = 1, 2, . . . , 10 (10)

2.5. Alteration Interpolation Method

In the field of geology, information from surface outcrops can often provide clues that
help researchers infer and investigate the possibility that more geological information exists
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deep within the strata [45,46]. For example, signs of mineralization, such as mineralized
veinlets, mineralized enclosures, and traces of mineralization, can provide clues as to
the type, genesis, and extent of enrichment of a deposit, thus guiding exploration for
deeper deposits. Sedimentary rock layers in surface outcrops can reveal past depositional
environments and palaeogeographic conditions [47,48].

Taking into account this phenomenon and the issue of hydrothermal alteration, the
EPCA method was employed to classify the alteration information in the study area
and extract strong alteration signals. When selecting an interpolation method for the
altered information, the empirical Bayesian kriging (EBK) method, compared to other
interpolation methods, can incorporate the influence of auxiliary information and consider
spatial dependency [49,50]. In the interpolation process, auxiliary variables are used to
provide additional information about the spatial patterns and relationships of the target
variable. In this study, the obtained lithology data and DEM data were included as auxiliary
variables to improve the accuracy of interpolation. In addition, the alteration information
derived from the above EPCA was stratified to enhance the interpolation results. This
overcomes the limitation of the process of extracting alteration information by using remote
sensing images such as ASTER in traditional related studies only stopping at the inversion
of surface information and achieves qualitative inversion of deep alteration information
based on remote sensing images. The following is the basic principle of the EBK method.

Suppose a set of known observations where the attribute value of the ith observed
location is Zi and the spatial coordinates of that location are (Xi, Yi, Zi). Estimate the
attribute value Z(u) for the unknown location, which has the spatial coordinates (X(u),
Y(u), Z(u)) [51]. First, a thin-slab spline function is chosen as the semi-variance function
γ(h) to describe the spatial correlation of the attribute values, where h is the distance
between two locations and “Nugget” denotes the small variability that exists between two
points at a distance of zero, which can be seen as random fluctuations in the attribute values
over a very short range of distances.

γ(h) = Nugget + b
∣∣∣h2
∣∣∣× ln(

∣∣∣h∣∣∣) (11)

Assuming that the attribute values obey a Gaussian distribution, the following formula
is used to calculate the attribute value estimate Z(u) for the unknown location:

Z(u) = ∑ [λi(u)× Zi] (12)

where λi(u) denotes the weight coefficient, reflecting the spatial correlation between the
known observations and the unknown location. The weight coefficients can be calculated
from the covariance function and the attribute values of the known observations.

3. Results
3.1. Lithological Feature Classification Extraction

In this study, nine bands of ASTER images were selected as the dataset for lithology
classification. Before inputting the dataset into SVM, all data were normalized. The target
classes were divided into seven categories, including five lithological units: Quaternary
volcanic rocks, Quaternary granite, Cretaceous volcanic rocks, Cretaceous granite, and
Jurassic volcanic rocks, as well as two non-rock categories, namely vegetation and water
bodies. These lithological categories play a dominant role in ore-forming dynamics and are
consistent with the lithology map shown in Figure 1, as reported in previous studies.

To better compare the performance of SVM in lithology classification, this study also
utilized the maximum likelihood (ML) method, neural networks (NN), and minimum
distance classification (MD). The results showed that SVM provided the highest overall
classification accuracy and kappa coefficient. The performance comparison of the four
methods is shown in Table 1. Additionally, distinct regions were selected to visualize and
compare the classification results of the four methods, as shown in Figure 4.
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Table 1. Comparison of the accuracy of the results of the classification methods.

Classification Method
Overall

Classification
Accuracy

Kappa Coefficient Calculation Time

Maximum Likelihood 96.5717% 0.9483 3 s
Support vector machines 97.6573% 0.9806 50 s

Neural Networks 93.9738% 0.8891 20 s
Minimum Distance 91.9555% 0.7797 3 s
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According to Table 1, the overall classification accuracy and Kappa coefficient of the
SVM classification for rock types are higher than the other three classification methods.
Although it comes at the cost of longer classification time, it is acceptable for the research
field. Furthermore, as shown in Figure 4, SVM effectively handles the boundary issues
between multiple rock types while preserving detailed information as much as possible. It
can construct decision boundaries suitable for rock-type classification and maintain high
accuracy and robustness during classification. From partial results, SVM also mitigates
the striping interference caused by the quality issues of remote sensing images to a certain
extent, resulting in more accurate results. In comparison to the other three methods, SVM
demonstrates an ability to synthesize information during classification, allowing it to better
handle complex data features. On the other hand, methods such as maximum likelihood,
neural networks, and minimum distance may fail to fully capture the features of rock data
in the Gondwana region, leading to lower classification accuracy.

In conclusion, SVM performs well in rock-type classification due to its effective feature
capturing, more representative training samples, ability to handle remote sensing image
quality issues, and adaptability to multi-class classification problems. This enables SVM
to achieve higher classification accuracy and completeness in this research, resulting in
accurate rock-type classification maps (Figure 5).
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Figure 5 shows the results of the SVM method of classifying lithologies, and there is a
larger range of Quaternary rock types in this area. However, by investigating the geological
background, it is possible to identify igneous rocks, particularly Cretaceous and Jurassic
igneous rocks, with a high potential for mineralization. This is because the formation of
early onset igneous rocks is often accompanied by greater geological alteration, which is
consistent with the porphyry copper ore formation kinetic model illustrated previously
in Figure 2. Therefore, during the follow-up evaluation, we will focus on the spatial
aggregation of igneous rocks in the study area, especially those of the early geological time.

3.2. Alteration Information Extraction and Hierarchical Interpolation
3.2.1. Alteration Information Extraction

In this study, three types of alterations were chosen: iron-stained alteration, aluminum
hydroxyl alteration, and magnesium hydroxyl alteration. The EPCA method was employed
to reduce redundancy in the spectral information. Initially, the ratio of band 2 to band 1
was used to enhance the spectral information related to iron staining. These enhanced
spectral bands (bands 2, 3, and 4) were then subjected to principal component analysis to
obtain the results of iron staining etching (Figure 6). Furthermore, the ratio of band 4 and
band 7 to band 6 was utilized to enhance the spectral features associated with aluminum
hydroxyl. These enhanced spectral bands (bands 4, 6, and 7) were combined and subjected
to principal component analysis (Figure 7). Finally, the ratio of band 6 and band 9 to band 7
and band 8 was calculated to enhance the spectral features of magnesium hydroxyl. These
enhanced spectral bands (bands 7, 8, and 9) were combined and analyzed using principal
component analysis (Figure 8).



Minerals 2023, 13, 858 10 of 19

Minerals 2023, 13, x FOR PEER REVIEW  10  of  19 
 

 

and subjected to principal component analysis (Figure 7). Finally, the ratio of band 6 and 

band 9 to band 7 and band 8 was calculated to enhance the spectral features of magnesium 

hydroxyl. These enhanced spectral bands (bands 7, 8, and 9) were combined and analyzed 

using principal component analysis (Figure 8). 

 

Figure 6. Results of the EPCA method for extracting iron-stained alteration information. 

 

Figure 7. Results of the EPCA method for extracting aluminum hydroxyl alteration information. 

Figure 6. Results of the EPCA method for extracting iron-stained alteration information.

Minerals 2023, 13, x FOR PEER REVIEW  10  of  19 
 

 

and subjected to principal component analysis (Figure 7). Finally, the ratio of band 6 and 

band 9 to band 7 and band 8 was calculated to enhance the spectral features of magnesium 

hydroxyl. These enhanced spectral bands (bands 7, 8, and 9) were combined and analyzed 

using principal component analysis (Figure 8). 

 

Figure 6. Results of the EPCA method for extracting iron-stained alteration information. 

 

Figure 7. Results of the EPCA method for extracting aluminum hydroxyl alteration information. Figure 7. Results of the EPCA method for extracting aluminum hydroxyl alteration information.



Minerals 2023, 13, 858 11 of 19Minerals 2023, 13, x FOR PEER REVIEW  11  of  19 
 

 

 

Figure 8. Results of the EPCA method for extracting magnesium hydroxyl alteration information. 

According to the results shown in Figures 6–8, it can be observed that the extracted 

three  types of  alteration  information  are  scattered  in  location  and  at different depths. 

However, according to the data from the geological survey, the three types of alteration 

information show a trend of superposition and spatial aggregation in the alteration areas 

that show darker colors on  the map. This superposition and aggregation may be more 

relevant to the geological context of porphyry copper formation. Therefore,  in order to 

further evaluate  the distribution of porphyry  copper ores,  the  study will  superimpose 

these three types of alteration information in the subsequent porphyry copper ore evalu-

ation system (Figure 9). 

 

Figure 9. EPCA method for extracting alteration information from the study area. 

Figure 8. Results of the EPCA method for extracting magnesium hydroxyl alteration information.

According to the results shown in Figures 6–8, it can be observed that the extracted
three types of alteration information are scattered in location and at different depths.
However, according to the data from the geological survey, the three types of alteration
information show a trend of superposition and spatial aggregation in the alteration areas
that show darker colors on the map. This superposition and aggregation may be more
relevant to the geological context of porphyry copper formation. Therefore, in order to
further evaluate the distribution of porphyry copper ores, the study will superimpose these
three types of alteration information in the subsequent porphyry copper ore evaluation
system (Figure 9).
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Figure 9 shows the alteration information extracted by the EPCA method for the study
area, which shows several spatial aggregations of more intense alteration, expressed in red
information in the figure. However, the spatial continuity is poor because ASTER remote
sensing images can only capture surface alteration information and cannot be detected
in-depth, and there is interference information such as water bodies and vegetation; most of
the current work using remote sensing images for mineral alteration information extraction
stops at this step. In contrast, copper exploration and mining often require access to deeper
levels of alteration information. As mentioned earlier, human exploration, including
infrared instruments, radar, and field exploration, is commonly used to obtain subsurface
information. However, for such a large study area, traditional human methods are limited,
inefficient, and laborious. Therefore, the following interpolation analysis has been carried
out specifically for this study.

3.2.2. Alteration Interpolation

In this section, the etching results were graded according to intensity based on the
previous etching results, following a threshold segmentation method that preserves a
quarter of the standard deviation of the degree of etching in Figure 9. The graded results of
the etch information were interpolated using empirical Bayesian kriging as a semi-variate
function of the thin-slab spline function to obtain Figure 10.
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In comparison, Figure 10 exhibits a more pronounced spatial continuity compared to
Figure 6, indicating a qualitative analysis of subsurface geological alteration information.
Enhanced by the interpolation method, a more pronounced spatial clustering feature of
the alteration results was obtained, which provides a solid basis for the design of the
copper mining evaluation below. Similar to the surface outcrop mentioned previously,
the interpolation results have the advantage of providing a qualitative understanding
of deeper alteration information, thus reflecting to some extent the degree of mineral
enrichment within the formation. As previously mentioned, these significant spatial
clustering phenomena represent the basis for industrial copper mining. Integration of
the spatial clustering of lithological and alteration information is necessary in subsequent
evaluations. Based on mineralization dynamics considerations, this information plays an
important role in the porphyry copper mineralization process.
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3.3. Integrated Copper Anomaly Monitoring Model

With the previous treatment of lithology and alteration, this study will evaluate the
mining of porphyry copper ores in the study area by integrating lithology–alteration–
tectonic multi-source geological elements. Lithological data related to the formation and
development of porphyry copper ores classified by SVM, alteration information extracted
and interpolated by the EPCA method, and kernel density analysis of the fold zones in
the study area are used to obtain the tectonic network. In addition, NDVI, land use data,
and DEM data related to copper values were also considered in the evaluation model.
The evaluation model for porphyry copper in the study area was obtained by performing
Pearson correlation analysis on the 107 different levels of copper occurrences obtained
to obtain the weights of each element and by superimposing them using the weight of
evidence method. Table 2 provides the various types of data used to build the model as
well as the weights of evidence.

Table 2. Multi-source geological element modeling information.

Target Layer Guideline Layer
Indicator Layer

Weight of Evidence Impact Factor

Combined mineralization
predictions

Associated with
copper mineralization

Geological information −0.165347 Lithology
0.435802 Hydrothermal alteration

Constructed information
−0.186623 fracture zones
0.051104 DEM

Associated with
copper mining Land Information

0.229439 NDVI
0.000473 Land use

Lithology has an important influence on the formation and distribution of copper ores.
Some stratigraphic rocks may be enriched in minerals that form copper deposits, such as
copper sulfides. Different bodies may have different physical and chemical properties,
which affect the processes of mineral dissolution, migration, and deposition and hence
the formation and enrichment of copper ores. During the formation of copper ores, hy-
drothermal fluids and fluids typically interact with the surrounding rocks, resulting in
an alteration of the surrounding rocks. These alterations can alter the chemistry of the
surrounding rocks and increase the solubility of minerals, thereby facilitating the formation
and enrichment of copper minerals. Fracture zones can provide access and space for min-
eral transport, facilitating the transport and deposition of hydrothermal fluids and fluids.
Fracture zones are often used as one of the main controls on deposit formation in copper
ores, contributing to mineral accumulation and enrichment through fractures that bring
about rupture, deformation, and rock interaction. The DEM provides detailed information
on surface topography, including height, slope, and aspect. In copper exploration and
mining, DEM can be used to identify potential deposit areas, as some deposits have specific
geomorphic features. DEM data can help to determine the relationship between surface
morphology and copper formation; for example, topographic features such as mountains,
rivers, and valleys may be relevant to the distribution of copper ores. NDVI is primarily
associated with vegetation and may provide clues to copper mineralization and alteration.
In some areas, vegetation may grow on rocks containing copper minerals, and vegetation
absorbs dissolved copper ions from groundwater through the root system, which in turn
promotes copper enrichment. Land use may also be associated with the development and
extraction of copper ores. The extraction of mineral resources may lead to land use trans-
formations, such as the construction of mine sites and the occupation and degradation of
land by mining activities. At the same time, inappropriate mine management and deposit
extraction may hurt the surrounding land ecosystem.

In summary, copper development and mining are influenced by a variety of factors,
including stratigraphic rock masses, surrounding rock alterations, fracture zones, DEM data,
NDVI data, and land use, all of which have an impact on the assessment of copper mining
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and on the landscape and ecosystem. An analysis of Table 2 shows that the three elements of
lithology-alteration-tectonic have a high correlation on copper mineralization and industrial
mining, with alteration being the strongest and showing a positive correlation, while
lithology and tectonic zones show a negative correlation.

Combining the contents of Table 2, we superimposed all elements according to their
corresponding weights and reclassified the results according to a threshold split into four
grades (Figure 11). Of these, rank 1 represents the highest copper mining evaluation index
and the area where industrial mining is most likely to exist, and as the rank increases, this
index decreases, indicating a smaller copper mining evaluation index.
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It can be noted through Figure 11 that the spatial clustering of Grade 1 and Grade 2 is
more concentrated, which is highly informative for the next step of field surveys, while
appropriate field probing acquires new data that can be used to refine the values of the
weight of evidence, making the copper mining evaluation model more accurate, which is a
positive feedback.

4. Discussion

The detection and exploitation of minerals in remote areas is a very valuable research
topic. Due to the vast area and remote location, similar to the study area of this paper,
the whole area of the Gondwana mineralization belt, which is located on the Himalayan
tectonic belt, is not revealed by field exploration. To address this problem, traditional
geological studies have tended to isolate lithological, alteration, and tectonic elements,
but this study builds on previous work by integrating lithological–alteration–tectonic
multi-source geological elements to conduct a mineral recoverability evaluation study.

The study aims to detect geological anomalies associated with the formation and
development of porphyry copper ores. To achieve this, the study employs a variety
of elements associated with copper mineralization and development, including SVM
classification of lithology data, extraction and hierarchical interpolation of EPCA methods,
kernel density of folded zones, and DEM, NDVI, and land use data associated with copper
mining. The study also considered factors for successful mining in actual mine construction
and potential copper mining areas. To improve the accuracy of the evaluation model,
the study integrated as many different datasets as possible and took into account copper
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mineralization, development, mining difficulty, and actual conditions. The results fill a gap
in the field of monitoring and evaluation of porphyry copper ores in a large study area and
provide an important reference for further research in related fields.

To validate the results of the EPCA and traditional Crosta methods for extracting
alteration information, a local grid of 100 km × 100 km in the study area was selected for
statistical analysis of both methods (Figure 12). The results show that the percentage of
the total map area extracted by the EPCA method is 9.42%, 15.28%, and 12.70% for Fe, Al,
and Mg hydroxyl alteration information, respectively, while the percentage of the results
extracted by the Crosta method is 6.11%, 9.09%, and 9.14%, respectively, within the selected
area. It can be seen that EPCA outperforms the traditional Crotsa method in terms of spatial
aggregation and the importance of change detection. Therefore, this method is chosen as
the extraction method of alteration information in the above model building process in this
study, which can enhance the results to a certain extent and provide good data support for
the establishment and application of copper ore evaluation models.
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Figure 12. Comparison of the EPCA and Crosta methods for the extraction of three types of
alteration information.

In the extraction of alteration information from EPCA, this study carried out the
extraction of three different alteration results for each of the 93 images of the study area.
Two hundred and seventy-nine tables of principal component contributions were obtained
in the process, which are not all listed in this study for space reasons, and only the relevant
parameters of one image are shown for reference only (Tables 3–5).

Table 3. PCA sign matrix for iron-stained alterations.

Eigenvectors B2/B1 B2 B3 B4

PC1 −0.30295 −0.33081 −0.90442 −0.05013
PC2 −0.05282 −0.11412 0.07628 −0.00652
PC3 −0.59625 0.65485 0.01581 0.00103
PC4 −0.00032 −0.00783 −0.00450 0.97912
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Table 4. PCA sign matrix for aluminum hydroxy alterations.

Eigenvectors (B4 + B7)/B6 B4 B6 B7

PC1 0.77105 0.48917 0.08752 0.11926
PC2 −0.51891 −0.69928 −0.12343 −0.43836
PC3 0.20435 0.45268 −0.72478 −0.48112
PC4 0.30726 −0.25021 0.66796 −0.57311

Table 5. PCA sign matrix for Magnesium hydroxyl alterations.

Eigenvectors (B6 + B9)/(B7 + B8) B7 B8 B9

PC1 −0.14972 0.37618 −0.74561 0.53147
PC2 0.81783 −0.09891 −0.48174 −0.28745
PC3 0.05863 −0.03292 0.99149 −0.11432
PC4 −0.50498 −0.90952 −0.14328 0.07028

Using the variance explanation ratio, the feature extraction layers were selected sep-
arately for them, and the proportion of corresponding eigenvalues for each principal
component was calculated and arranged in descending order to select the principal compo-
nent with a higher variance explanation ratio. Combined with Table 3, it can be seen that
this matrix has the highest proportion of variance explained by PC1, at 62.56%. Therefore,
the layer corresponding to PC1 should be selected as the iron-stained alteration feature
extraction layer. Similarly, PC1 (74.79%) and PC3 (93.17%) should be selected as the feature
extraction layers for aluminum and magnesium hydroxyl alterations, respectively.

By establishing a copper ore assessment model, we are able to evaluate the distribution
and potential of potential copper resources in a hierarchical manner. Various geological
factors and related elements considered in the model, such as NDVI, land use data, and
DEM data, are assigned appropriate weights. By utilizing the evidence weight method, we
can combine these factors to generate a comprehensive evaluation result. Such an evalua-
tion result provides scientific references and guidance for copper exploration, significantly
narrowing down the search area and enabling accurate targeted manual exploration and
large-scale mechanized mining in the future. The analysis of comprehensive geological
elements helps identify potential areas of copper mineralization and provides valuable
information for decision making and planning in the mineral resource development and
management departments, optimizing resource utilization, reducing exploration risks, and
improving exploration efficiency.

The results of this study have important significance and broad application prospects.
Integrating multi-source geological factors to establish a copper ore evaluation model
provides a new method and tool for the stratified evaluation and exploration decision of
copper resources, which has important practical value for mineral resource development
and management. It can also provide references for research and application in other geo-
logical fields, such as the evaluation of other metal deposits, mineral resource management,
and environmental protection.

However, this study also has some potential limitations and room for improvement.
Firstly, the development of the copper ore evaluation model still requires more validation
and verification datasets to further enhance the accuracy and robustness of the model.
Secondly, the selection and weight allocation of geological factors in the model (Table 2)
needs further research and optimization to ensure the comprehensiveness and reliability
of the model. Additionally, the implementation of the model may be constrained by data
collection and processing, requiring overcoming challenges in the quality and spatial reso-
lution of remote sensing and geological data. For example, in Figures 9 and 10, noticeable
distortions and striped interference caused by the quality of ASTER remote sensing data
significantly affect the accuracy of the results.

Of course, the content such as the influencing factors and weights of the model has
been adjusted according to the specific conditions in the Gondwana region. For example,
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considering its unique geographical location, this study assigns a certain proportion of nega-
tive weights to the high-altitude areas displayed in the DEM, based on relevant information.
However, adjustments can be made in modeling for non-high-altitude areas. Additionally,
due to the overall poor transportation conditions in the Tibet region, this study did not
incorporate road network datasets into the modeling. However, in more developed areas
of mineral extraction, the road network needs to be included as an important influencing
factor in the model, as it has a significant impact on mineral extraction and transportation.

5. Conclusions

The accurate location and effective development of porphyry copper deposits are
critical to the mining industry. Such deposits have great economic potential, but their
complexity and diversity make them challenging to locate and mine. This study evaluates
the mining evaluation of porphyry copper deposits in the Gondwana mineralized belt by
integrating geological elements such as lithology, alteration, and tectonics.

The Gondwana mineralized belt was selected as the study area. The support vector
machine (SVM) method was used to extract the lithological distribution of the study area.
Compared to other methods, SVM showed higher accuracy with an overall classification
accuracy of 97.6573% and a kappa coefficient of 0.9806. In addition, an enhanced principal
component analysis (EPCA) method with spectral features was combined with ASTER
images to extract alteration information. A stratified alteration interpolation method based
on empirical Bayesian kriging is proposed to overcome the limitation of the traditional
method, which stays in surface alteration information extraction and realizes the qualitative
extension of alteration information in the deeper part of the stratum. Finally, by integrating
a number of geological elements affecting copper mineralization and mining and combining
them with a correlation analysis of currently proven or mined copper deposits, a porphyry
copper mining evaluation model was developed and overlaid using a weighted evidence
method. The results of the study classify the study area into four mining evaluation
classes, which are important in determining the location and subsequent development of
potential copper mineralization, as well as contributing to an in-depth understanding of
how multi-source geological elements act on the copper mineralization and mining process.
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