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Abstract: Wall rock alteration is an important geological marker in prospecting, which can
indicate the existence and location of ore bodies. Extracting mineralization and alteration
information through remote sensing data and obtaining the spatial distribution character-
istics of altered rocks have always been an important research content of remote sensing
prospecting. Satellite remote sensing data, such as Landsat 8, has become a common tool for
extracting altered mineral information due to its easy access, low cost, and high efficiency.
To enhance the accuracy of extracting information on mineralized alterations, this study em-
ploys remote sensing technology to propose an Alteration Information Extraction Network
combining Residual Attention and Hybrid Convolution (RAHC-AIE). Taking the Beitashan
area in Xinjiang, China, as an example, the application of this method is studied. Firstly,
the characteristics of the Landsat 8 OLI data are analyzed. Each mineralized alteration
information characteristic bands were selected, and training samples were extracted via
principal component analysis for the combined bands. We used band 2, band 5, band 6,
and band 7 to extract hydroxyl alteration information, and band 2, band 4, band 5, and
band 6 for iron-stained alteration information. Subsequently, the RAHC-AIE model is used
to train the training samples. Finally, the trained RAHC-AIE model is used to extract the
alteration information. The results reveal that the RAHC-AIE model’s overall accuracy (PA)
in alteration information extraction is 98.61%. The category average pixel accuracy (MPA) is
95.76%, the Kappa coefficient (Kappa) is 85.79%, the average F1 score (Mean_F1) is 92.90%,
and the frequency-weighted intersection and union ratio (FWIoU) is 97.47%. These metrics
indicate the model’s strong performance. To validate these results, we conducted field
validation and a laboratory analysis based on alteration mapping. The extraction result is
good. This study shows that the RAHC-AIE model is an effective method for alteration
information extraction. This can guide ore deposit searches and provide an important
reference for accurate and rapid ore searching in the Beitashan area, as well as predicting
and evaluating ore deposits in similar areas.

Keywords: Landsat 8 OLI; mineralized alteration; neural network; attention mechanism

1. Introduction

Wall rock alteration refers to changes in material composition and structure due to
chemical reactions between the surrounding rock and hydrothermal fluids during hy-
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drothermal mineralization. Often accompanying ore bodies and being widely distributed,
it serves as an important indicator in mineral discovery and provides guidance for regional
geological mineral searches [1-4]. Different mineral assemblages within alteration types
exhibit specific spectral characteristics [5]. Generally, the spectral characteristics of the
visible-near-infrared interval are related to electron leaps in the mineral crystals, which are
caused by iron ions. The reflectance spectral characteristics of the short-wave infrared inter-
val are related to the vibration of molecules in the mineral crystals, which are usually caused
by water, hydroxyl ions, carbonates, or sulfates [6,7]. According to these characteristics,
many researchers have utilized multi-spectral data from Landsat, ASTER, WorldView-3,
and other sources to map mineral assemblages related to mineral deposits. These have
been successfully applied in lithology and hydrothermal alteration mapping with positive
results [5,8-12]. Particularly in areas with complex geological environments and incon-
venient transportation, remote sensing (RS) technology offers a convenient solution for
geological exploration, becoming an essential tool in geological prospecting [13].

In the past decades, a variety of alteration information extraction methods have been
formed based on the acquired remote sensing images. Traditional alteration information
extraction methods, such as band ratio (BR), principal component analysis (PCA), matched
filtering, and other image processing algorithms [5,8,12,14], have been developed. These
traditional algorithms typically extract target features manually and build a mapping
model between the feature space and the alteration information on this basis. However,
this model is largely dependent on spectral information, making it susceptible to spectral
variations and noise interference, and there may be misclassifications of spectrally similar
minerals. These issues often reduce the accuracy of the alteration information extraction [15].
Machine learning (ML) algorithms have more advantages than traditional methods in
dealing with complex data, such as the support vector machine (SVM), random forest (RF),
artificial neural networks (ANNSs), etc. [11,16-19]. Machine learning methods show great
potential in the remote sensing data processing of mineral exploration. However, the fact
that mineralization is a rare geologic event results in an insufficient number of training
samples, which makes supervised ML algorithms applied to mineral exploration have
certain drawbacks [20]. In addition, they only rely on shallow spectral features, ignoring
the spatial relationship between pixels [21]. Therefore, despite progress, challenges remain
in prediction, model parameters, and data collection uncertainty [19]. Thus, accurately
extracting alteration information from remotely sensed imagery remains a complex issue
in the field of mineral prospecting.

Deep learning techniques are learning algorithms with hierarchical nonlinear transfor-
mations. Different from machine learning (ML) algorithms, deep learning algorithms can
automatically extract informative features from original data and learn complex functional
relationships to be more robust [22]. In addition, with its powerful network structure and
feature extraction capability, it has been successfully introduced into multi-spectral image
(MIS) classifications [23-25]. Combining deep learning methods with remote sensing tech-
nology has been successfully applied to mineral exploration [26-28] and the extraction of
hydrothermal alteration zones [29]. Convolutional neural networks (CNNs) are impor-
tant algorithms in the field of deep learning. They are stacked using many convolutional
computing units, which can realize automatic feature extraction and the classification of
high-dimensional complex data, thereby improving the accuracy of image classification [30].
According to the dimension of the convolution kernel, CNNs can be categorized into one-
dimensional convolutional neural networks (1D-CNNs), two-dimensional convolutional
neural networks (2D-CNNs), and three-dimensional convolutional neural networks (3D-
CNNs). For the characteristics of multispectral images, the convolutional neural network
recognizes the spectral features, spatial features, and spectral-spatial features of multispec-
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tral images by these three types, respectively [31]. The 1D-CNNs are capable of extracting
spectral features from remote sensing images [32]. The 2D-CNNs leverage local connections
to learn the contextual information of adjacent pixels, thus extracting the spatial information
of the image [33]. The 3D-CNNSs can simultaneously extract spectral and spatial informa-
tion, but there are problems of overfitting and increased computational complexity [34].
The convolution method using the above single-dimensional depth features has limited
ability to characterize MSI [31]. In order to effectively improve the classification perfor-
mance, the key problem to be solved is to improve the effectiveness and applicability of
multi-dimensional feature fusion in geology.

To solve the above problems, this study applied Landsat 8 OLI satellite images and
deep learning technology to identify mineralization alteration, and proposes an Alteration
Information Extraction Network combining Residual Attention and Hybrid Convolution,
RAHC-AIE. Taking Beitashan as the research area, the RAHC-AIE model is used to test
the extraction ability of altered minerals, verify the proposed model, and explore the
prospecting potential of the Beitashan area. The main contribution of this paper is to
propose an altered information extraction network that combines residual attention and
hybrid convolution. The network combines 1D-CNN, 2D-CNN, and 3D-CNN, and uses the
residual attention mechanism. The results show that RAHC-AIE has good accuracy and
good generalization performance for the extraction of hydroxyl- and iron-stained alteration
information. Finally, the alteration mineral mapping was performed in the Beitashan area.

To address the persistent challenges of inaccurate alteration information extraction,
limited handling of complex geological features, and the lack of effective integration with
exploration practices in the existing research, this study sets three specific objectives.

Firstly, the primary aim is to develop a highly accurate and robust alteration informa-
tion extraction method. By applying Landsat 8 OLI satellite images and leveraging deep
learning technology, we propose an Alteration Information Extraction Network combining
Residual Attention and Hybrid Convolution (RAHC-AIE). This network is designed to
overcome the limitations of traditional and existing deep-learning-based methods, such as
single-dimensional feature extraction and poor noise resistance.

Secondly, taking Beitashan as the research area, we intend to comprehensively test
and verify the performance of the RAHC-AIE model. Through a series of experiments, we
aim to evaluate its ability to extract different types of altered minerals, especially hydroxyl-
and iron-stained alteration information. By comparing with baseline models, we seek to
validate the superiority and reliability of our proposed model in accurately identifying and
mapping alteration zones.

Finally, beyond model development and verification, we strive to explore the practical
prospecting potential of the Beitashan area. This involves integrating the model results into
the mineral potential models and exploration decision-making frameworks. The ultimate
goal is to provide practical guidance for geological exploration, bridging the gap between
remote-sensing-based analysis and on-site exploration operations.

The main contribution of this paper lies in the proposal of the RAHC-AIE network,
which combines 1D-CNN, 2D-CNN, and 3D-CNN and incorporates the residual attention
mechanism. The experimental results demonstrate that RAHC-AIE exhibits excellent
accuracy and generalization performance in extracting hydroxyl- and iron-stained alteration
information. Ultimately, we successfully conducted alteration mineral mapping in the
Beitashan area, achieving our research objectives of method innovation, model verification,
and practical application.
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2. Regional Geological Background

The Central Asian Orogenic Belt (CAOB) has undergone an evolutionary process from
the formation of ancient basements to multiple orogenic activities and complex crustal
deformation [35,36]. It is one of the largest accretionary orogenic belts in the world [37,38]
and is also an important mineral resource concentration area in the world [39]. East Junggar
is an important part of the Central Asian Orogenic Belt in northern Xinjiang (Figure 1a) [40].
Since the Paleozoic Era, it has experienced a tectonic evolution history of oceanic spreading,
plate subduction, collision, and post-collision [41]. The complex geological background
has formed a tectonic-magma belt with magmatic copper-nickel ore, porphyry copper-
molybdenum ore, and tectonic altered rock gold ore as products [42]. The geological
and tectonic features of East Junggar are tied to the subduction from the Cambrian to the
Permian. The exposed strata are mainly Devonian and Carboniferous, featuring widespread
meso-basal intrusive rocks and late Paleozoic granitoids [43].

Regional folds, faults, ductile-brittle shear zones, and other structures are developed.
The tectonic framework of the eastern Junggar region is the product of tectonic activities
along the temporal and spatial changes of the basin-range interface since the late Paleozoic.
Its tectonic evolution has experienced three stages of crustal action, which are post-collision
extension in the late Carboniferous [44], intraplate rifting in the early-middle Permian, and
extension in the early Jurassic [45,46]. The tectonic movement in the region is relatively
complex, providing unique geological conditions for mineralization, and is an important
part of the youngest Asian continent on earth.

The study area is situated in the northeastern margin of the East Junggar Basin.
The region is marked by significant magmatic activity and the development of intrusive
rocks [47]. The Devonian period is dominated by diorite-granite, the Carboniferous is
gabbro-quartz diorite, gabbro-alkaline gabbro appeared in the late Carboniferous, and
the Late Carboniferous to the Early Permian is dominated by granodiorite-granite and
intruded by alkali-rich A-type granite, which indicates that the region is in the mature
stage of crustal development [48]. The magmatic rocks are related to the generation of
mineral. For example, they are very closely related to polymetallic mineralization, such
as gold and copper, which provided a favorable heat source for the formation of ores [49].
The main ore and fossil occurrences are mainly found in the strata of the Lower Devo-
nian Tuoranggekuduk Formation (D;f) and the Middle Silurian Baishanbao Formation
(S2b). The Lower Devonian Tuoranggekuduk Formation is mainly a set of shallow marine
pyroclastic rock, intermediate-basic volcanic lava, and pyroclastic sedimentary rock with
carbonate rock construction, and slight metamorphism can be seen locally. The lithology
is andesite, andesitic sedimentary breccia tuff, tuff, tuffaceous sandstone, and sandstone,
etc. The Baishanbao Formation is a set of marine land margin fine clastic rocks. The rocks
are obviously subjected to regional low-temperature dynamic metamorphism, and their
lithologies are mainly metamorphosed siliceous rocks, siliceous slate, siliceous sericite slate,
argillaceous slate, and phyllic siliceous siltstone.

Fracture structures are prevalent in the area, with the primary directions being north-
west (NW) and north-west-west (NWW). These fractures, along with folds in the northwest
direction, form the basic tectonic pattern of the area. The NWW-oriented fracture zone
was formed earliest and is more developed. The NW-oriented fracture zone is the most
developed and was formed concurrently with the NE-oriented fracture zone, cutting
the NWW-oriented fracture zone. This has a controlling effect on mineralization. The
mineralization is better in the tectonic intersections, where quartz veins and net veins are
developed in the late stage. The Baishanbao Formation is a set of marine land margin
fine clastic rocks. The rocks are obviously subjected to regional low-temperature dynamic
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metamorphism, and their lithologies are mainly metamorphosed siliceous rocks, siliceous
slate, siliceous sericite slate, argillaceous slate, and phyllic siliceous siltstone (Figure 1c).
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Figure 1. Regional geologic map, (a) Overview map of Central Asian Orogenic Belt [38]. (b) Simplified
geological map of northern Xinjiang [50]. (c) Simplified geologic map of the Beitashan (the geological
map is from the regional geological survey).

3. Materials and Methods
3.1. Technical Route

The technical route of this research is shown in Figure 2. Firstly, the Landsat OLI
data is preprocessed. Secondly, referencing the USGS spectral database, we analyzed the
spectral features of hydroxyl- and iron-stained minerals indicative of mineral exploration
in the study area. Suitable alteration feature bands for extracting information were selected,
and combined bands were subjected to principal component analysis. Subsequently, a
training and testing sample database was constructed. Finally, RAHC-AIE is used to train
the sample set, and the training results are compared with the other two methods. The
optimal model is selected for mineralization alteration mapping, and the experimental
results are verified by field investigation.
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Figure 2. The technical route of this study.

3.2. Data Source and Preprocessing
3.2.1. Selection of Satellite Data

Landsat 8 OLl is a sensor developed by the United States Geological Survey (USGS)
in cooperation with the National Aeronautics and Space Administration (NASA). The
OLl imaging image has a width of 185 km x 185 km, with a total of 9 bands. Except for
the panchromatic band with a resolution of 15m, the spatial resolution of the remaining
bands is 30 m (Figure 3). The spectral range from blue to thermal infrared can obtain rich
ground object information and provide favorable data support for the extraction of this
alteration information [51].
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Figure 3. Technical performance and attributes of the Landsat 8 OLI sensor.
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The Landsat 8 OLI Level-1 TP images involved in this study were from the US Geolog-
ical Survey Earth Resources Observation and Science Center (EROS) (https://earthexplorer.
usgs.gov/, accessed on 8 May 2025). The data numbers are LC81410292017109LGNOO
and LC81410282020118LGNO00, adopted on 19 April 2017 and 27 April 2020, respectively.
The images are clear. At this time, the vegetation coverage area is small, the bare degree
of ground objects is ideal, and there is basically no cloud coverage, which is suitable for
remote sensing alteration information extraction.

3.2.2. Data Preprocessing

The Landsat 8 OLI Level-1 TP images obtained in this study, covering the study
area, have been geometrically corrected as well as topographically corrected. Therefore,
this study first performs radiometric calibration on the original Landsat 8 OLI image.
Subsequently, Atmospheric correction of radiation data is performed using the classical
FLAASH model. During atmospheric correction, the original radiation data from the
imaging spectrometer is rescaled into reflectivity units. Finally, basic processing such as
image mosaicking, image cropping, and de-disturbance is performed. In this study, the
vegetation was extracted using the normalized vegetation index (NDVI), and the calculation
formula was: NDVI = (Band5 — Band4)/(Band5 + Band4). The 0.3 <NDVI < 1 segmentation
threshold was used to establish the mask file to remove the interference of vegetation, as
shown in Figure 4, and, finally, the remote sensing data before the extraction of alteration
information was obtained.

90°15'E 90°20'E 90°25'E 90°30'E 90°35'E 90°40'E 90°45'E 90°50'E 90°55'| 91°E 91°5'E 91°10'E

45°30'N
45°30'N

45°25'N

45°25'N

45°20'N
45°20'N

45°15'N

45°15'N

45°10'N

45°5'N

45°N '. ~
45°N
Legend

[ Study Area Range
B Vegetation Masking

44°55'N

su

90°20'E 90°25'E 90°30'E 90°35'E 90°40'E 90°45'E 90°50'E 90°55'E 91°E 91°5'E 91°10'E

Figure 4. The green area in the figure is the area covered by vegetation, which will be ignored when
extracting the alteration information.
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3.3. Spectral Characteristics of Minerals

The extraction of alteration information using remote sensing technology mainly relies
on the spectral characteristics of minerals. The spectral characteristics of minerals are mostly
related to iron ions, hydroxyl groups, carbonates, and some cations. For mineral spectra,
molecular vibrations are usually generated by anions such as water (H,O), hydroxyl groups
(OH™), and acid radical ions (CO327) in the mineral composition, while the spectra of the
electronic genesis are often formed by the leaps of cations such as Fe?* and Fe3* ions [6]. In
addition, it has been found that many minerals have diagnostic absorption characteristics
in the spectral region (0.3-2.5 pm) [52]. For example, iron oxide minerals (limonite, jarosite,
hematite) show spectral absorption characteristics in the visible-near infrared (0.4~1.1 pm)
range; hydroxyl-containing minerals (clays, sulfates, carbonates) show spectral absorption
characteristics in the short-wave infrared (2.0~2.5 um) range [6].

Hydrothermal alteration mainly occurs in the ductile shear zone, the tectonic fracture
zone, the intrusive rock, and the surrounding rock. The wall rock alterations in these areas
are mainly sericitization, chloritization, epidotization, pyritization, limonite mineralization,
carbonatization, and silicification. Therefore, the hydroxyl and iron-stained alteration
information is most indicative of mineral exploration in the study area. Subsequently, the
extracted alteration types were classified into two categories: iron staining and hydroxyl
groups. The development of wall rock alteration in the study area is as follows: Hydroxyl
minerals mainly include chlorite, biotite, kaolinite, epidote, and amphibole. Iron-stained
minerals include magnetite, limonite, hematite, and pyrite. Referring to the spectral curves
of altered minerals in the USGS spectral library, the spectral analysis tools in the ENVI
5.6 software are used to identify the altered minerals. Finally, the corresponding spectral
curves of the absorption bands of each altered mineral and the Landsat 8 OLI band are
obtained (Figure 5). Different mineral assemblages have different spectral characteristics of
alteration types [5]. Chlorite, biotite, kaolinite, epidote, and amphibole show strong reflec-
tion characteristics near 0.85 pm, and strong absorption characteristics near 2.10-2.30 um,
corresponding to band 5 (0.845-0.885 um), 1.57-1.65, and band 7 (2.10-2.30 um). Limonite,
hematite, and pyrite show absorption valleys near 0.45~0.50 pm and 0.86 um, which have
diagnostic characteristics. Band 2 (0.450~0.515 um) and band 5 (0.845~0.885 um), corre-
sponding to the OLI data, show strong reflection characteristics near 0.65 um and 1.61 um,
corresponding to band 4 (0.630~0.680 pm) and band 6 (1.560~1.660 um) of the OLI data.
Based on this, different extraction schemes were constructed.
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Figure 5. Spectral curves of alteration minerals in the study area. (a) Spectral curve of hydroxyl

alteration minerals. (b) Spectral curve of iron-stained alteration minerals.
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3.4. Training and Test Sample Generation

In this study, deep learning technology is used to identify altered information con-
taining hydroxyl and iron staining, so samples need to be labeled. Two knowledge-driven
mapping methods are utilized to generate training samples. Based on the characteristics of
typical altered mineral assemblages in the study area, all reference spectra are divided into
two types: hydroxyl and iron staining.

Principal Component Analysis (PCA) is a statistical method widely used in remote
sensing image decorrelation and spectral contrast enhancement [40]. It can reduce the
dimension of high-dimensional variables, realize data compression, and form principal
components with more reasonable internal relations or clearer significance in multi-spectral
images through certain mathematical recombination [53]. The correlation of each band’s
data was removed by PCA. The principal component is selected to highlight the alter-
ation information and eliminate the interference to a certain extent, so as to highlight the
specific geological content [5]. According to the spectral characteristics of minerals, the
appropriate bands are selected for PCA, which can effectively enhance and extract the
mixed mineralization alteration information.

The PCA method was used to make the sample set. According to the spectral char-
acteristics of Fe3* ions, the iron-stained minerals have absorption valleys at band 2 and
band 5, and band 4 shows reflection peaks. Therefore, the four bands of band 2, band 4,
band 5, and band 6 were subjected to principal component transformation to extract the
sample set of iron-stained mineralized alteration. According to the spectral characteristics
of hydroxyl (OH™), hydroxyl-containing minerals (montmorillonite, illite, chlorite, tremo-
lite, etc.) have absorption valleys near band 7, and reflectance peaks near band 6. Therefore,
the four bands of band 2, band 5, band 6, and band 7 were subjected to principal component
transformation to extract the sample set of hydroxyl mineralized alteration. The extraction
results were calculated in ENVI 5.6 software, and the output is shown in Figure 6.
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Figure 6. Distribution of the sample set. (a) The blue box in the figure represents hydroxyl alteration,
while the green box represents iron staining alteration. (b) Hydroxyl alteration information sample
data. (c) Iron staining alteration information sample data.
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When collecting training and test samples of hydroxyl alteration information,
23,074 points are selected as positive samples. When collecting training and test sam-
ples of iron-stained alteration information, 78,340 points are selected as positive samples.
Background classes, including unaltered rocks, wastelands, and water bodies, are taken
as negative samples, as shown in Figure 6. All samples were divided into a training set
and a test set according to the ratio of 7:3. In order to avoid the leakage of feature informa-
tion, ensure that the training set and the test set are independent of each other in spatial
distribution and have no intersection.

3.5. Alteration Information Extraction Network Combining Residual Attention and
Hybrid Convolution

3.5.1. Network Structure

We designed an Alteration Information Extraction Network combining Residual
Attention and Hybrid Convolution (RAHC-AIE), which employs the residual attention
mechanism and hybrid convolution, as shown in Figure 7. The architecture is carefully
divided into three distinct parts, each playing a vital role in feature extraction and fusion:

It begins with two 3D-CNN layers, followed by a 2D-CNN layer, a 1D-CNN layer,
and another 3D-CNN layer. The 2D-CNN layer extracts spatial features, capturing local
spatial relationships. The 1D-CNN layer then focuses on spectral features, critical for
understanding data characteristics. The subsequent 3D-CNN layer integrates these spatial
and spectral features. After passing through the 2D-CNN, 1D-CNN, and this 3D-CNN
layer, the resulting feature map is fused with features from the two initial 3D-CNN layers
via the residual attention mechanism. This mechanism emphasizes important features
while suppressing unimportant ones. The filter numbers for 2D-CNN and 1D-CNN (128,
256, 512) are chosen to balance the computational complexity and feature-representation
capability. Smaller filters (128) start basic feature extraction, while increasing to 256 and
512 captures more complex details as data progresses.

Comprising a 2D-CNN layer and a 1D-CNN layer, the feature fusion here uses the
residual attention mechanism with the first part’s feature map. This process repeats four
times. Consistent filter numbers (128, 256, and 512 for 2D-CNN and 1D-CNN) ensure
a stable feature-extraction process. Repeating these layers and fusion enhances feature
representation, capturing multi-scale and multi-aspect features to improve robustness.

It has two units. The first unit (2D-CNN and 1D-CNN with 512 and 728 filters) extracts
high-level spatial (512 filters) and detailed spectral (728 filters) features. The second unit
(3D-CNN, 2D-CNN, 1D-CNN) receives feature maps from the first unit and the second
part via the residual attention mechanism for fusion. The 3D-CNN layer in the second
unit integrates features in a three-dimensional context. Finally, the fully-connected layer
aggregates features from all previous layers, ensuring comprehensive information use. The
classification layer (e.g., with a softmax activation for multi-class problems) converts these
features into class probabilities for final label determination.

Each part of the RAHC-AIE is purposefully designed. The combination of convolution
layers and the residual attention mechanism allows the network to effectively extract,
fuse, and classify alteration information from input data, ensuring accurate and robust
performance in its task.
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Figure 7. Network structure diagram.

3.5.2. Residual Attention

The residual attention mechanism mainly draws on the idea of skip connection and
the attention mechanism of the residual network. When using the convolutional neural
network for feature extraction, with the increase of network depth, gradient disappearance
and feature information loss may occur. As shown in Figure 8, by adding a skip connection,
the features of the original input and the output of the last convolutional layer are fused to
retain more details and semantic information of the original image.

!

Figure 8. Skip Connection Schematic.
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Assuming that the input feature information is x and the feature after multiple convo-
lutional layers is F(x), the feature information after skip connection is F(x) + x.

In the field of computer vision, the ability to focus attention on important areas of an
image and discard irrelevant information is called attention mechanisms [54]. The attention
mechanism is a critical technology in deep learning, primarily used to enhance model
performance in data processing. Its core idea is to assign varying weights to different parts
of the input, enabling the model to effectively manage long sequences or complex data.
This capability allows the model to focus on information pertinent to the current task. The
Convolutional Block Attention Module (CBAM) is an attention mechanism designed for
Convolutional Neural Networks. It enhances feature representation through two main
components, thereby selectively emphasizing information-rich features and suppressing
irrelevant features. The CBAM is a lightweight attention module (Figure 9):

(a) Convolutional Block Attention Module \

Channel
Attention
Module

Spatial
Attention
Module

Input Feature Refined Feature

> X > Q) —>| /

(b) Channel Attention Module \

MaxPool Feature map after Shared MLP

Input Feature ﬁ \ i / ﬂ Channel Attention M
s IS so—~{

() Spatial Attention Module

Channel- Refined Feature F* conv layer_ Spatial/Attemion M,

— W —o—

[MaxPool, AvgPool]

Figure 9. CBAM module structure diagram [55]. (a) is the overall schematic diagram of the CBAM
module, (b) is the schematic diagram of the channel attention module, and (c) is the schematic
diagram of the spatial attention module.

The CBAM comprises two main components: the channel attention module and the
spatial attention module. Initially, the input feature map undergoes dot product operations
with the channel attention module. Subsequently, it undergoes dot product operations with
the spatial attention module. Finally, the CBAM processes the results to derive the final
feature map. The skip connection and the CBAM are combined to form a residual attention
mechanism. As shown in Figure 10, the CBAM module is added to the path of the skip
connection, which solves the problem of information loss and enables the model to focus
on important feature information.
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CBAM

Figure 10. The schematic diagram of the residual attention mechanism.

Assuming the input feature information is x, the feature after multiple convolutional
layers is F(x), the feature after CBAM is CBAM(x), and the feature information after the
residual attention mechanism is F(x) + CBAM(x).

3.5.3. Experimental Environment Design

The experimental GPU environment was RTX A4000, and TensorFlow (https://github.
com/tensorflow/tensorflow, accessed on 8 May 2025) was used as the deep learning
framework. In this study, we employed the Adam optimizer for gradient descent. Adam is
an adaptive learning rate optimization algorithm that combines the advantages of Adagrad
and RMSProp. It can adaptively adjust the learning rate for different parameters, which
helps improve the convergence speed and stability of the model.

The parameters of the Adam optimizer are set as follows:

Learning rate: It is set to 0.0001. This learning rate was determined through multiple
experiments and validations. A smaller learning rate allows the model to converge more
stably during training, avoiding issues such as non-convergence or oscillation around the
optimal solution caused by an overly large learning rate.

Decay rate: Itis setto 1 x 107°. The decay rate is used to gradually reduce the learning
rate during training, enabling the model to fine-tune its parameters more precisely in the
later stages of training and improving the model’s generalization ability.

3.5.4. Evaluation Indicators

In deep learning, the confusion matrix is often used to evaluate the performance of the
model (Figure 11), which is used to visualize the performance of the supervised learning
algorithm. In this matrix, each row represents the actual category, each column represents
the prediction category, and each matrix cell contains the number of samples under the
actual category and the prediction category.

Through the confusion matrix, some important performance indicators can be calcu-
lated. Pixel Accuracy (PA) represents the proportion of correctly classified pixels in the
total pixels, which is defined as:

B TP + TN
- TP+ TN + FP + FN

PA (1)
Mean Pixel Accuracy (MPA) represents the average of the accuracy of various types of
pixels, which is defined as:
TP

MPA = 75 p

()


https://github.com/tensorflow/tensorflow
https://github.com/tensorflow/tensorflow
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Figure 11. Confusion matrix diagram, True Positive (TP), False Negative (FN), False Positive (FP),
and True Negative (TN).

The kappa coefficient (kappa) is used to measure the improvement of the classifier
compared with the random classifier. The value is between [—1, 1], 1 means completely
consistent, and 0 means completely random, which is defined as:

Kappa = S0—=¢ &)

where p, is the observed accuracy and p,, is the expected random accuracy.

Mean F1 Score (Mean_F1) is the average of F1 scores of each category, which combines
MPA and Recall. Therefore, Mean_F1 can balance the performance of classifiers in different
categories, which is defined as:

TP
= 4
Recall N 4)
_ Recall * MPA 5)
" Recall + MPA
N-1
F1
M Fl = — 6
ean_ ; N (6)

where N denotes the number of categories.

Frequency Weighted Intersection over Union (FWIoU) is especially suitable for the
case of class imbalance. It measures the performance of the model by using the frequency
of each category as a weight and calculating the weighted average of all categories of
Intersection over Union (IoU). It is defined as:

TP + FN TP

FWIOU = 75 T 5P T IN EN * TP T FP T EN

(7)
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4. Result
4.1. Sample Performance

Due to the different regions of the sample set, in this study, we set up two experiments
to extract hydroxyl and iron staining alteration information, respectively. The experimental
training process is shown in Figure 12.
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Figure 12. Pixel accuracy curve on the validation set.

From the test results (Table 1), when using RAHC-AIE to extract hydroxyl alteration
information, PA is 98.61%, MPA is 95.76%, kappa is 85.79%, Mean_F1 is 92.90%, and FWIoU
is 97.47%, and when using RAHC-AIE to extract iron-stained alteration information, PA is
96.45%, MPA is 92.20% for PA, 84.14% for MPA, 84.14% for kappa, 92.05% for Mean_F1,
and 93.40% for FWIoU. In terms of the performance indexes, RAHC-AIE can better extract
hydroxyl and iron staining alteration information.

The pixel accuracy curve on the verification set is shown in Figure 12. The pixel
accuracy curve shows that when RAHC-AIE is used to extract hydroxyl information, it
reaches the maximum value after five rounds of network iteration, and the network can
converge faster. After about 70 rounds, the pixel accuracy curve oscillates significantly
smaller. When using RAHC-AIE to extract iron staining information, the maximum value
is reached after five rounds of network iteration. Between the 30th and 60th rounds, the
pixel accuracy curve is more oscillating. After about 80 rounds, the oscillation of the pixel
accuracy curve is obviously smaller and gradually tends to converge.

To further validate the superiority of RAHC-AIE, we compared its performance with
baseline models (2D-CNN and SVM). For hydroxyl alteration, RAHC-AIE achieved a PA
of 98.61%, significantly higher than 92.35% of 2D-CNN and 90.00% of SVM. In terms of
MPA, RAHC-AIE’s 90.41% outperformed 89.21% (2D-CNN) and 90.05% (SVM). For kappa,
RAHC-AIE’s 98.16% was superior to 95.15% (2D-CNN) and 96.01% (SVM). Mean_F1 of
RAHC-AIE (93.00%) was higher than 93.12% (2D-CNN) and 92.07% (SVM), and FWIoU
(97.03%) also exceeded 96.06% (2D-CNN) and 95.04% (SVM).
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Table 1. Experimental performance of hydroxyl and iron staining.

Class Label Assessment RAHC-AIE 2D-CNN SVM

PA 98.61 &+ 0.51 92.35 +1.05 90.00 +£1.12

Hvd | MPA 90.41 +1.12 89.21 £ 1.03 90.05 £+ 1.15

AIY roxy kappa 98.16 =+ 0.32 95.15 + 1.12 96.01 + 1.32

teration Mean_F1 93.00 £0.89 9312084 9207 £1.05

FWIoU 97.03 £ 0.45 96.06 + 0.32 95.04 £+ 0.81

PA 96.45 £+ 0.78 94.45 + 0.68 95.46 £+ 0.49

MPA 91.92 4+ 0.95 89.95 £ 0.95 89.94 £ 0.94

Iron Alteration kappa 95.28 £ 0.67 92.56 + 0.46 92.74 +0.32

Mean_F1 92.25 4+ 0.82 90.04 +1.23 91.25 +1.02

FWIoU 93.40 4+ 0.91 93.39 4+ 0.95 91.23 +£0.95

For iron alteration, RAHC-AIE's PA (96.45%) was higher than 94.45% (2D-CNN) and
95.46% (SVM). MPA (91.92%) outperformed 89.95% (2D-CNN) and 89.94% (SVM). kappa
(95.28 + 0.67) was better than 92.56% (2D-CNN) and 92.74% (SVM). Mean_F1 (92.25%)
exceeded 90.04% (2D-CNN) and 91.25% (SVM), and FWIoU (93.40%) was higher than
93.39% (2D-CNN) and 91.23% (SVM). These results clearly demonstrate that RAHC-AIE
outperforms 2D-CNN and SVM in extracting both hydroxyl and iron-stained alteration
information, highlighting its effectiveness and superiority.

4.2. The Results of Alteration Information Using the RAHC-AIE

The RAHC-AIE model is used to train the sample set, and the results of the alteration
information extracted by the RAHC-AIE model are shown in Figure 13. The area of the
hydroxyl alteration anomaly is delineated by yellow pixels, and the distribution of the
hydroxyl alteration anomaly is relatively concentrated. The anomaly is mainly distributed
in the central and southern parts of Beitashan, with a small amount in the north (Figure 13a).
It is worth noting that there are concentrated banded false anomalies in the southern part
of the Beita Mountain. Through research, it is found that the banded anomalies distributed
along the water system in the exposed Quaternary are mostly pseudo-anomalies, and the
pseudo-anomalies in the image need to be eliminated. The median filtering (window size
3 x 3) of the alteration anomaly map can effectively smooth the isolated noise points while
retaining the edge features of the real anomaly. For the banded pseudo-anomaly distributed
along the water system, the slender structure can be removed by combining the morpho-
logical opening operation (first corrosion and then expansion), and the concentrated block
real anomaly can be retained. The area of iron-stained alteration anomalies is delineated by
yellow pixels. The iron-stained alteration anomalies are abundant. The anomalies are con-
centrated in the southeast of the Beita Mountain, and some of the anomalies are distributed
in the north, middle, and south of the Beita Mountain (Figure 13b). The hydroxyl and iron
staining anomalies are mainly distributed in the Devonian and Carboniferous strata, and
some anomalies are distributed in intrusive rocks.

4.3. Field Data and Laboratory Analysis

In this study, the RAHC-AIE model is utilized for the extraction of alteration infor-
mation to extract the spectral and spatial characteristics of the deep part of the multispec-
tral dataset in the Beitashan area. Influenced by magmatic hydrothermal and tectonic
activities, limonite mineralization, kaolinization, chloritization, and other alterations in
polymetallic deposits are often associated with development. Hydroxyl and iron-stained
alteration anomalies can be superimposed to further highlight mineralization characteris-
tics (Figure 14). According to the alteration information concentration area, a wide range of
field geological surveys were carried out, and a large number of field photos and rock sam-
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ples were collected for analysis and verification to evaluate the accuracy of the RAHC-AIE

model for alteration information extraction.
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Figure 13. Hydroxyl alteration and iron-stained alteration results. (a) Hydroxy alteration results,

(b) Fe-stained alteration results.
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Figure 14. Field-verified alteration photographs; (a) basalt related to limonite mineralization,
(b) siliceous dykes developed by limonite mineralization, (c) granite porphyry developed by potassic,
malachite and limonite mineralization, and (d) siliceous dykes developed by limonite mineralization.

Hydrothermal alteration is one of the important conditions for mineralization in the
mining area. Field geologic reconnaissance was conducted in the study area to determine,
through specialized knowledge, the presence of specific alteration mineral information at
the site. We conducted detailed field surveys across the region, establishing 68 sampling
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sites to validate the model’s accuracy: 43 sites showed alteration occurrences, and 25 sites
were unaltered. Among altered sites, the model correctly predicted 35 cases, achieving an
81% field validation accuracy; all unaltered sites were accurately identified by the model.

We found strong limonite mineralization near the verification point of the alteration
anomaly, limonite bands can be seen. In addition, malachite and silicification can be seen,
which are common in siliceous dikes (Figure 14), which proves the effectiveness of using
the RAHC-AIE model to extract alteration information in this study.

Subsequently, the rock samples collected in the study area were polished and sliced
for laboratory analysis. The microscopic characteristics of the polished thin sections of the
samples were observed under the microscope, which further proved that there were iron-
stained alterations dominated by limonite mineralization and pyritization and hydroxyl
alterations dominated by epidotization and sericitization in the study area (Figure 15).
The results show that the alteration types in this area are diverse, and the alteration is
mainly developed in the surrounding rocks such as granite porphyry and tuff, forming
a medium-low temperature hydrothermal alteration dominated by silicification, sericiti-
zation, limonite, epidotization, and chloritization. The altered rock assemblages mainly
include pyrite-sericite-quartzite, chlorite-sericite altered rock, and so on. The identification
of the major alteration minerals in the study area helps to delineate favorable zones for
mineralization. Combined with field verification and laboratory analysis, this study used
the RAHC-AIE model to extract mineralization alteration information, and the results were
good, which verified the reliability of the RAHC-AIE model to a certain extent.

Figure 15. Cont.
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Figure 15. Microscopic observation of microphotographs: (a) porphyritic granite-porphyritic
structure; (b) amphibolite-flake structure; (c) epidotized tuff-tuff structure; (d) siliceous rock-
cryptocrystalline structure; (e) pyrite; and (f) hematite, magnetite ore. Abbreviation: Qtz, quartz; P1,
plagioclase; Bi, biotite; Amp, hornblende; Ep, epidote; Hem, hematite; Mgt, magnetite; Py, pyrite.

5. Discussion

5.1. Ablation Experiment

In this study, in order to explore the effect of residual attention mechanism on the
overall performance of the model, we remove the CBAM and Residual Attention in RAHC-
AIE, called RAHC-AIE without CBAM and RAHC-AIE without Residual Attention. The
results are shown in Table 2.

Table 2. Performance of different methods.

RAHC-AIE RAHC-AIE without
Class Lable Assessment RAHC-AIE without CBAM Residual Attention
PA 98.61 £ 0.51 98.35 £ 0.42 94.16 £+ 0.31
MPA 90.41 £ 1.12 93.17 £ 1.15 96.89 £ 1.25
Hydroxyl Alteration kappa 98.16 4= 0.32 97.74 +0.23 64.39 £ 0.36
Mean_F1 93.00 £+ 0.89 92.00 £+ 0.87 81.00 £ 0.72
FWIoU 97.03 £+ 0.45 96.96 + 0.36 91.32 +0.23
PA 96.45 £+ 0.78 96.41 £ 0.63 93.21 £ 0.65
MPA 91.92 £+ 0.95 91.71 £ 0.58 95.09 £ 1.02
Iron Alteration kappa 95.28 + 0.67 95.26 + 0.36 75.01 £ 0.53
Mean_F1 92.25 £+ 0.82 92.00 £+ 0.65 87.50 £+ 0.98
FWIoU 93.40 £ 0.91 93.32 +£ 0.32 88.71 £ 0.32

Compared with RAHC-AIE and RAHC-AIE without CBAM, in terms of hydroxyl
alteration extraction results, RAHC-AIE has higher PA, kappa, Mean_F1, and FWIoU
than RAHC-AIE without CBAM, with PA (+0.26%), kappa (+0.42%), Mean_F1 (+1.00%),
and FWIoU (+0.07%); in terms of the iron-stained alteration information, RAHC-AIE
outperforms RAHC-AIE without Residual Attention in all aspects, PA (+0.04%), MPA
(+0.21%), kappa (+0.02%), Mean_F1 (+0.25%) and FWIoU (+0.08%), and in terms of overall
performance, RAHC-AIE slightly outperforms RAHC-AIE without CBAM in most metrics.

Compared with RAHC-AIE and RAHC-AIE without Residual Attention, the PA,
kappa, Mean_F1, and FWIoU of RAHC-AIE were significantly higher than those of RAHC-
AIE without Residual Attention from the hydroxyl alteration extraction results, with the
following differences: PA (+4.45%), kappa (+33.77%), Mean_F1 (+12.00%), and FWIoU
(+5.71%). From the perspective of iron-stained alteration information, RAHC-AIE’s per-
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formances are also superior to those of RAHC-AIE without Residual Attention, with the
following specifications: PA (+3.24%), kappa (+4.45%), Mean_F1 (+12.00%) and FWIoU
(+5.71%), kappa (+20.27%), Mean_F1 (+4.75%), and FWIoU (+4.69%).

In summary, RAHC-AIE significantly outperformed RAHC-AIE without CBAM and
RAHC-AIE without Residual Attention on most of the metrics, and was slightly inferior
to RAHC-AIE without Residual Attention on the MPA metrics. This suggests that the
RAHC-AIE method provides higher accuracy and consistency in most cases.

The alteration information extracted by different methods is shown in Figure 16. From
the visual results (Figure 16), after canceling CBAM (Figure 16¢,d), the boundaries of each
category are not as smooth as those of RAHC-AIE. The experimental results show that the
CBAM sub-module can improve the performance of RAHC-AIE. The visual results show
that CBAM pays more attention to the main mode and can indeed eliminate the influence
of some noise modes, which is more in line with human cognitive common sense. After
removing the residual attention (Figure 16e,f), there is misclassified alteration information,
and the training accuracy of the model is significantly reduced, indicating that the residual
attention mechanism has greatly improved the overall performance of the model.
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Figure 16. Alteration information extracted by different methods, (a) hydroxyl information extracted
by RAHC-AIE, (b) iron-stained information extracted by RAHC-AIE, (c) hydroxyl information
extracted by RAHC-AIE without CBAM, (d) iron-stained information extracted by RAHC-AIE
without CBAM, (e) RAHC-AIE without Residual Attention extracted hydroxyl information, and
(f) RAHC-AIE without Residual Attention extracted iron-stained information.

5.2. The Relationship Between Extraction Results and Formation Lithology

Starting from the background and evolution of regional geological structure, the
eastern Junggar region has good potential for polymetallic mineralization. The deposits
are mainly formed in the Middle Devonian to Late Permian [56-58]. In the process of
mineralization, magmatic rocks, hydrothermal alteration, hydrothermal migration, and
mineral precipitation are the main ore-controlling factors [14]. On the one hand, magmatic
activity provides thermal conditions and driving forces for the activation and transfer of
ore-forming elements in the mineralization process of this study area. At the same time,
through deep remelting and differentiation of magma, some ore-bearing hydrothermal
fluids are provided, and filled and metasomatic mineralization along the tectonic cataclastic
rock fragmentation zone. In the East Junggar area, numerous magmatic intrusions are
exposed [47]. Mineral-bearing hydrothermal fluids formed during volcanic activity and
magmatic intrusion were enriched for mineralization along the North Tower Fracture
during upward intrusion.

The alteration anomaly information extracted in this study is mainly distributed at the
intersection of fractures and geological boundaries with complex stratigraphic lithology
changes (Figure 17). The comprehensive alteration information of hydroxyl iron staining is
mainly concentrated near the Devonian—Carboniferous strata and granite dykes. Hydroxyl
alteration anomalies are centrally distributed in the lithological units of the D, granite and
Qp3X strata, and sporadically distributed in the C;b and J» 3S layers. In addition, it was
found through the study that the strip anomalies distributed along the water system in
the Qp®X layer in the southern part of the study area are mostly pseudo-anomalies, which
need to be eliminated in the images. The iron-stained alteration anomalies are commonly
distributed in the D, J,_3S, C;b, and granite layers, and sporadically distributed in the P1h
layer. The stratigraphy where the combined alteration anomalies are exposed is the Lower
Devonian Toljangekuduk Formation, the Upper Carboniferous Batamayineshan Formation,
and the Lower Permian Haerjiawu Formation, which is a combination of volcanic and
clastic rocks, in descending order of age.
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Figure 17. The superimposed map of the geological map and altered mineral extraction results.

In addition, folds and faults are well developed in the region. Fault structure is the
main driving force for the activation and migration of ore-forming materials. It is not only
the channel and accumulation place of ore fluid activity, but also one of the dominant
factors for the generation and migration of minerals. In the fault development area, tectonic
dislocation makes the dense rock fracture into mud and blocks, causing pressure release,
making the solution boil again, volatile overflow, making the hydrothermal rich in alkali,
and losing the ability to carry metal and enrich mineralization. The study area is located
between the NW-trending Shahaitna Enbas fault and the Beitashan deep fault. The rocks in
these parts are often easily broken and form a large number of cracks. The NW-trending
deep fault in the southern part of the study area is a long-term multiple active fault,
and the faults in the same direction on the hanging wall are well developed. The NW-
trending fracture may be the channel of mineralized hydrothermal fluid. The fault activity
provides a favorable space for the emplacement of dikes and the later hydrothermal activity.
The enrichment of mineralized fluid often occurs at the intersection of fractures, and the
metallogenic potential is large.

The anomaly distribution range extracted in this paper is closely related to the geolog-
ical structure, mainly in the three directions of NW, NWW, and NE, which, together with
the NW-trending folds, constitute the basic tectonic framework of this area. The compre-
hensive alteration information of hydroxyl and iron staining is distributed on the edge of
the fault structure, showing a blocky and linear distribution, which is consistent with the
development direction of the fault structure. It is mainly controlled by the northwest main
fault structure and distributed along the structural fault zone. Hydrothermal alteration
primarily occurs in the ductile shear zone, tectonic fracture zone, within intrusive rocks,

and surrounding rocks.
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The mineralization in the study area is controlled by structure and rock mass. The
results show that the RAHC-AIE model based on spectral-spatial fusion features can
promote the accuracy of alteration information extraction. According to the alteration
information extracted by the model, combined with geological data (such as strata, lithology,
structural faults), the favorable metallogenic areas are analyzed, which provides basic data
and a decision-making basis for the follow-up geological prospecting work. It has a good
guiding significance for mineral prediction, and also provides a reference for narrowing
the prospecting target area and expanding the prospecting range.

5.3. Significance of Alteration Ore

In mineral exploration, the extraction of mineralized alteration areas and the under-
standing of the hydrothermal mineralization center are of great significance to prospecting
work. It is found that copper, as a kind of iron-philic element, is often associated with a
large amount of iron oxides or hydroxides. In the outer edge of the porphyry body, horn-
felsization is usually developed and accompanied by a large area of pyritization. Pyrite
is oxidized and leached into limonite. The extracted iron-stained alteration anomaly is
distributed on the contact zone of the porphyry body, and there is iron-stained alteration
dominated by limonite mineralization and pyritization. In addition, there are several Early
Permian syenogranite bodies distributed from south to north in the study area. The Early
Permian fine-grained porphyritic syenogranite provides material and heat sources for the
formation of copper deposits. Therefore, the iron staining anomaly is of great significance
to the porphyry copper gold prospecting.

6. Conclusions

This study combines remote sensing and deep learning technologies, and takes the
Beitashan as an example to propose a RAHC-AIE deep learning model. The main conclu-
sions are as follows:

(1) The model mainly combines the hybrid convolution and residual attention mechanism,
and has good robustness in the extraction of alteration information. Compared
with other models, the classification accuracy is high, and the recognition effect
is remarkable.

(2) According to the distribution of the model extraction results, the field and laboratory
verification of hydrothermal alteration was carried out. The laboratory results showed
good consistency with the model extraction results.

(3)  With further study of the relationship between alteration information and stratigraphic
lithology in this area, it is considered that the alteration zone in Beitashan is related to
lithology and tectonic action.

In summary, the use of the RAHC-AIE model for alteration information extraction and
mapping of alteration maps has high accuracy, providing a new perspective for mineral
resources exploration, thus opening up a new exploration tool for prospecting prediction.
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