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Highlights

What are the main findings?

• A dual-branch deep learning framework (TSFDNet) was proposed to integrate Sentinel-
1 microwave and GF-5 hyperspectral data, enabling accurate lithological classification
in densely vegetated areas.

• Three functional modules were designed—Texture Feature Extraction Module (TFEM),
Spatial–Spectral Feature Module (SSFM), and Feature Fusion Extraction Module
(FFEM)—to efficiently extract and fuse multisource features, achieving an overall
accuracy of 97.24% and a mean IoU of 90.43%.

What are the implications of the main findings?

• This study provides a deep learning framework based on adaptive fusion of multi-
source remote sensing data, effectively enhancing lithological discrimination under
vegetation-covered and complex surface conditions.

Abstract

Xinfeng County, Shaoguan City, Guangdong Province, China, is a typical vegetation-
covered area that suffers from severe attenuation of rock and mineral spectral information
in remote sensing images owing to dense vegetation. This situation limits the accuracy of
traditional lithological mapping methods, making them unable to meet geological mapping
demands under complex conditions, and thus necessitating a tailored lithological identifi-
cation model. To address this issue, in this study, the penetration capability of microwave
remote sensing (for extracting indirect textural features of lithology) was combined with
the spectral superiority of hyperspectral remote sensing (for capturing lithological spectral
features), resulting in a dual-branch deep-learning framework for lithological classification
based on multisource remote sensing data. The framework independently extracts features
from Sentinel-1 imagery and Gaofen-5 data, integrating three key modules: texture feature
extraction, spatial–spectral feature extraction, and attention-based adaptive feature fusion,
to realize deep and efficient fusion of heterogeneous remote sensing information. Ablation
and comparative experiments were conducted to evaluate each module’s contribution. The
results show that the dual-branch architecture effectively captures the complementary and
discriminative characteristics of multimodal data, and that the encoder–decoder structure
demonstrates strong robustness under complex conditions such as dense vegetation. The fi-
nal model achieved 97.24% overall accuracy and 90.43% mean intersection-over-union score,
verifying its effectiveness and generalizability in complex geological environments. The
proposed multi-source remote sensing–based lithological classification model overcomes
the limitations of single-source data by integrating indirect lithological texture features
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containing vegetation structural information with spectral features, thereby providing a
viable approach for lithological mapping in vegetated regions.

Keywords: deep learning; dual-branch network; lithological classification; microwave data;
vegetation cover

1. Introduction
Lithological mapping, a fundamental component of geological surveys, plays a cru-

cial role in revealing the structural features and stratigraphic distributions of geological
formations [1–6]. With rapid advancements in remote-sensing technologies, particularly
hyperspectral and microwave remote sensing, new technical pathways have emerged for
lithological mapping.

Hyperspectral remote sensing uses hundreds of contiguous spectral bands, endowing
it with strong material identification capabilities. It demonstrates significant advantages for
extracting the spectral features of minerals and lithologies [7,8]. This technology has been
widely applied in geological mapping and mineral resource exploration and has yielded
numerous effective results [9–16]. Compared to traditional multispectral remote sensing,
hyperspectral data perform better in fine-scale surface classification. They are particularly
superior in identifying rocks with similar visual appearances but distinct spectral charac-
teristics [17–19]. However, the relatively low spatial resolution and high dimensionality of
spectral information often hinder its full utilization in practical applications, leaving room
for further improvements in classification accuracy.

Microwave remote sensing features a strong penetration ability and all-weather imag-
ing capabilities. It offers rich textural information on lithological surfaces and serves as
an important complement to hyperspectral data [20,21]. Microwave data can capture both
surface and shallow subsurface structural features of rocks, and can be used to distinguish
lithological types by analyzing backscattering characteristics. Researchers have leveraged
backscatter coefficients, polarimetric decomposition parameters, and textural features de-
rived from gray-level co-occurrence matrices (GLCMs) for lithological classification [22–25].
Furthermore, microwave remote sensing can provide high-resolution digital elevation
models, which are particularly valuable for lithological discrimination in complex ter-
rain [26]. However, microwave data are often subject to high acquisition costs and complex
preprocessing procedures. More importantly, when used alone for lithology identification,
these methods can only provide limited spatial texture information and cannot provide
mineral spectral information, resulting in unsatisfactory recognition accuracy. [27].

Single-source data often struggle to achieve accurate classification under complex
surface conditions, particularly in areas with vegetation cover. Considering the complemen-
tary strengths and inherent limitations of hyperspectral and microwave remote sensing,
multisource data fusion has emerged as a logical and effective solution. This approach
integrates information from multiple sensors, with each contributing distinct yet synergistic
features to comprehensively characterize the same scene [23]. Fusion approaches enhance
the accuracy and robustness of lithological classifications across spectral, spatial, and textu-
ral dimensions by jointly exploiting the strengths of hyperspectral and microwave data.
Recently, multisource fusion has shown great promise for image classification, geological
mapping, and structural analysis [28].

Fusion techniques are generally categorized into four types: pixel-level, feature-level,
decision-level, and deep-learning (DL)-based multimodal fusion techniques [29,30]. Pixel-
level methods such as component substitution and high-pass filtering directly construct
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new fused images. Feature-level fusion extracts textural, spectral, or statistical features from
different sensors to form composite feature datasets for downstream tasks and is widely
used in lithological classification [31,32]. Decision-level fusion combines the outputs from
multiple classifiers using rule-based or ensemble strategies, such as decision trees or classi-
fier fusion [33]. With the proliferation of DL technologies, neural-network-based fusion
frameworks have garnered significant attention. Attention mechanisms are increasingly
employed in these frameworks to enhance intermodal feature interactions and improve
fusion effectiveness [34].

Despite these advances, current multisource fusion methods have notable limitations
in terms of lithological classification. Several approaches rely on simple feature concatena-
tion and fail to exploit deeper semantic information from heterogeneous modalities [35].
However, even when DL architectures are adopted, some models overlook semantic discrep-
ancies between modalities during the fusion process. This shortcoming leads to insufficient
representation of lithological classes under complex conditions, particularly for distin-
guishing spectrally similar rock types. Therefore, an urgent need exists for multisource
fusion frameworks with strong modality-specific feature extraction and semantic alignment
capabilities. Such frameworks can fully harness the complementarity of hyperspectral and
microwave data, and enhance lithological recognition in challenging surface environments.

To address these challenges, this paper proposes a DL-based dual-branch multisource
remote sensing network for lithological classification. The model adopts a parallel dual-
branch encoder–decoder architecture to independently extract deep features from hyper-
spectral and microwave data. Three key modules are introduced to accommodate the
distinct representation characteristics of each modality: a texture feature extraction module
(TFEM) for mining deep structural features from microwave data, a spatial–spectral feature
extraction module (SSFM) for capturing hyperspectral information, and an adaptive feature
fusion module (FFEM) that assigns weights to different features on the basis of learned
attention mechanisms to achieve optimal fusion. With Xinfeng County in Shaoguan City,
Guangdong Province, China as the study area, both ablation and comparative experiments
were conducted to systematically evaluate the contributions of each module. The results
demonstrate that the proposed model significantly outperforms traditional DL methods in
terms of lithological classification and achieves the highest classification accuracy.

2. Network for Lithological Classification
2.1. General Framework of the Network

The proposed dual-branch multisource feature fusion network, called the dual-branch
texture and spectral feature network (TSDNet), is based on the ERFNet [36] architecture.
The network effectively extracts deep features from each data modality, including indirect
lithological texture features and spectral features, and assigns appropriate importance
to different types of features. By integrating both texture and spectral information in a
complementary manner, it significantly enhances the accuracy of lithological classification.
The overall structure of the system is shown in Figure 1.

Building on ERFNet’s original encoder–decoder framework, TSFDNet incorporates
three additional modules: a texture feature extraction module (TFEM), spatial–spectral
feature module (SSFM), and feature fusion extraction module (FFEM). The TFEM extracts
the microwave data features using an enhanced attention mechanism. The SSFM em-
ploys a triple-branch structure to capture both spectral and spatial characteristics from
hyperspectral imagery. The FFEM adopts a gated unit to adaptively fuse microwave and
hyperspectral features by learning their weight distributions, enabling optimal integration
of the two modalities.

https://doi.org/10.3390/rs18010029

https://doi.org/10.3390/rs18010029


Remote Sens. 2026, 18, 29 4 of 23

Figure 1. Dual-branch texture and spectral feature network. Among them, the red module is for
downsampling, the gray module is for upsampling, the light blue module is for texture feature
extraction, the dark blue module is for spectral feature extraction, the orange module is for feature
fusion, and the green module is the basic module of ERFNet.

ERFNet is an efficient convolutional neural network designed for real-time semantic
segmentation. Semantic segmentation has achieved notable results in image recognition,
particularly for identifying lithologies, geological structures, and related features [34,37,38].
Its non-bottleneck-1D (Non-bt-1D) module uses cascaded 3 × 1 and 1 × 3 convolutional
kernels for successive operations. This design significantly reduces computational com-
plexity while preserving the spatial resolution of the feature map. The original ERFNet
modular structure and parameter configurations, including the downsampling and upsam-
pling layers, were fully retained in the proposed network to ensure performance stability
and reproducibility.

2.2. Texture Feature Extraction Module

Microwave image texture is typically characterized by GLCM parameters, such as
entropy, contrast, correlation, and homogeneity [29,39]. However, in densely vegetated
areas, such textural features become obscure and difficult to represent using conventional
GLCM-based descriptors. Self-attention mechanisms have demonstrated notable advan-
tages in capturing complex surface patterns from microwave data [40]. Consequently, we
propose a TFEM based on an enhanced self-attention mechanism to extract and represent
indirect texture of lithology efficiently (Figure 2).

This module adopts a multilevel feature fusion strategy. First, channel shuffle opera-
tions reorganize the feature channels, followed by the generation of query (Q), key (K), and
value (V) matrices. The query feature Q is processed through a dual-attention mechanism,
where spatial attention (SA) and channel attention (CA) capture spatial and channel-wise
contextual information, respectively. The key feature K undergoes hierarchical convolution
comprising a k × k convolutional layer, batch normalization, and rectified linear unit
(ReLU) activation to enhance the local texture patterns from the microwave data. This
design improves local texture extraction and reduces computational complexity.

Finally, the global contextual and localized texture features are adaptively fused using
a weighted strategy. The fused features are normalized by a sigmoid activation function
and then multiplied element-wise by the value feature V to generate the final microwave
texture feature representation.
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Figure 2. Texture feature extraction module. The module has the same input and output size, both
32 × 32 × 64, where SA represents spatial attention and CA represents channel attention.

2.3. Spatial–Spectral Feature Module

Hyperspectral data contain rich spectral information; however, the local spatial context
is often lost during spectral feature extraction [41,42]. To address this issue, the SSFM is
proposed, based on multi-feature fusion to efficiently integrate spectral features with
spatial contextual information (Figure 3). This module innovatively introduces a local
spatial enhancement mechanism into conventional spectral feature-extraction techniques.

The SSFM adopts a three-branch parallel architecture to capture deep spectral features,
local spatial features, and long-range dependencies. A residual connection mechanism is
employed throughout the module to ensure stability and robustness.

1. The first branch utilizes an enhanced self-attention mechanism to model spectral
dependencies. It generates Q, K, and V vectors using 3 × 3 convolutions with approx-
imate linear transformations and normalization. These features are concatenated and
passed through a dilated convolution layer and standard convolution layer to extract
deeper spectral features.
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2. The second and third branches employ a symmetric dual-branch architecture based
on dilated convolutions to enrich the spatial representations and enhance the local
perceptual capacity. In these branches, the hyperspectral data are processed using
three standard convolutional layers and one dilated convolutional layer. Asymmetric
convolution kernels are incorporated into the standard layers to reduce the parameter
overhead while maintaining the spatial extraction capability.

Figure 3. Spatial-spectral feature module. The module has the same input and output size, both
32 × 32 × 64.

Finally, the spectral features from the first branch are fused with the spatial features
from the second and third branches. A channel shuffle operation enhances interchannel
information interaction. The final spatial–spectral features are obtained through a weighted
fusion strategy, which effectively captures both the spectral and spatial characteristics of
the hyperspectral data.

2.4. Feature Fusion Extraction Module

To effectively exploit the complementary information learned by the two branches, it is
necessary to integrate the features extracted from each branch into a unified representation.
Common feature fusion strategies include linear, attention, and gated unit-based meth-
ods [43]. Attention-based methods assign varying weights to different regions, allowing
the model to focus on informative areas while suppressing redundant or irrelevant regions.
This approach has been widely applied to various tasks owing to its effectiveness in en-
hancing discriminative feature representations. Given the superior capability of efficient
multiscale attention (EMA) [44] to extract salient features from individual modalities, an
EMA-based FFEM is proposed for feature fusion (Figure 4).

In the FFEM, microwave-derived texture features and hyperspectral-derived spatial–
spectral features are first fed into an EMA block to obtain joint aggregated features, and
global average pooling is applied separately to the texture features, spatial–spectral features,
and their aggregated representation to extract global contextual information and mitigate
the influence of spatial dimensionality.

The globally pooled features are normalized using a sigmoid activation function
to generate adaptive weights that quantified the feature importance. Subsequently, the
Softmax function normalizes the weights across the modalities, ensuring an optimal dis-
tribution between the texture and spatial–spectral features. Finally, the weighted texture,
spatial–spectral, and aggregated features are combined by element-wise summation to
produce the final fused feature representation. This design enables the adaptive integration
of heterogeneous information and enhances lithological classification capability.
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Figure 4. Feature fusion extraction module. Among them, the microwave features and hyperspectral
features have the same input size, both 32 × 32 × 64, and the output feature size is 16 × 16 × 128.
Solid lines indicate the sequential steps of feature processing. Dashed lines indicate that the features
are directly input into the operation pointed to by the arrow without any other processing.

2.5. Indicators for Model Evaluation

To assess TSFDNet performance, several commonly used evaluation metrics were
adopted: precision (p), recall (r), F1 score, accuracy, mean intersection over union (MIoU),
and mean pixel accuracy (MPA) [45,46].

Precision (p) refers to the proportion of correctly predicted lithological categories
among those predicted by the model:

p =
TP

TP + FP
(1)
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Recall (r) indicates the proportion of actual lithological categories in the image that are
correctly identified by the model:

r =
TP

TP + FN
(2)

The F1 score represents the harmonic mean of precision and recall, and reaches its
maximum when both precision and recall are optimized simultaneously:

F1 = 2 × p × r
p + r

(3)

Accuracy measures the proportion of correctly predicted samples over the total number
of samples and is defined as

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

where true positive (TP) is the number of correctly predicted positive samples, true negative
(TN) is the number of correctly predicted negative samples, false positive (FP) is the number
of incorrectly predicted positive samples, and false negative (FN) is the number of positive
samples incorrectly predicted as negative.

MIoU measures the overlap between the predicted segmentation and the ground truth,
averaged over all classes. It reflects the consistency between the predictions and reality.

MIoU =
1
N

N

∑
i=1

IoUi (5)

MPA is calculated as the average of the per-class pixel accuracies, where the pixel
accuracy for class i is defined as the ratio of correctly predicted pixels to the total number
of pixels in that class.

MPA =
1
N

N

∑
i=1

TPi
TPi + FNi

(6)

where TPi and FNi are the true positives and false negatives, respectively, for class i, and N
is the total number of classes.

Higher values of all these metrics indicate better model performance in terms of
classification and segmentation accuracy. A detailed introduction to the data in the research
area will be presented in the third section.

3. Study Area and Dataset
3.1. Study Area

The study area is located in Xinfeng County, Shaoguan City, Guangdong Province, China,
with geographic coordinates ranging from 23◦50′00′′N to 24◦00′00′′N and 114◦15′00′′E to
114◦30′00′′E. The study area is characterized by a subtropical monsoon climate with high
precipitation and humidity, diverse vegetation types, high vegetation coverage, and thick
weathering crusts. It has abundant lithological types, including two granite varieties and
ten sedimentary rock types, exhibiting the characteristics of a granite-sedimentary rock
transition zone. Moreover, it is adjacent to a tin metallogenic belt, rendering the area of
great research significance for lithological classification in vegetation-covered regions. The
lithology of the study area is mainly granite and different types of sedimentary rocks
(Figure 5). The southwestern part of the study area is composed of fine-grained porphyritic
granite and coarse-, medium-, and fine-grained monzonitic granites. In the eastern part,
ten types of sedimentary rocks are present: siltstone, shale, volcanic rock, muddy silt-
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stone, sandstone, coal-bearing clastic rock, micritic limestone, sandstone–siltstone, complex
conglomerate, and mudstone.

Figure 5. Simplified geological map of the study area.

3.2. Sentinel-1 Imagery and Preprocessing

The Sentinel-1 satellite system, comprising Sentinel-1A and Sentinel-1B, is equipped
with a C-band synthetic aperture radar, which enables the acquisition of high-quality
surface images under all-weather and all-day conditions.

This feature is needed because variations in soil thickness and mineral weathering
products associated with different lithologies result in subtle differences in canopy rough-
ness, slight changes in scattering configurations, and variations in local slopes and surface
roughness among the same vegetation types. Although the C-band data of Sentinel-1
cannot penetrate the ground surface in vegetation-covered areas, structural information
indirectly related to surface lithology can still be retrieved.

Dual-polarization microwave data released in October 2013 were used in this study.
The data belonged to Level-1 ground-range detection products, with a multi-look configu-
ration of 5 × 1 and a spatial resolution of 10 m × 10 m. Preprocessing steps were performed
using the Sentinel application platform software (SNAP 10.0), including orbit correction,
radiometric calibration, multi-looking, and geocoding. The processed outputs included the
backscattering coefficients (VV/VH/VV-VH). The results are presented in Figure 6.

3.3. GF-5 Imagery and Preprocessing

GF-5, launched on 9 May 2018, is the China’s first satellite capable of simultaneously
performing integrated observations of both the land and atmosphere. In this study, the
GF-5 hyperspectral data released in November 2023 were used. These data were acquired
using a visible and shortwave infrared hyperspectral imager with a spatial resolution of
30 m × 30 m, covering 330 spectral bands and a swath width of 60 km.

https://doi.org/10.3390/rs18010029
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Preprocessing of the GF-5 data was performed using ENVI 5.6 software, including bad
band removal, radiometric calibration, atmospheric correction, and topographic correction.
After pre-processing, 228 valid spectral bands were retained. Owing to the significant
redundancy among the spectral bands, principal component analysis was performed, and
30 principal components were preserved. The processed GF-5 data consisted of 30 spectral
bands (Figure 7). To ensure spatial consistency, the 30-m spatial resolution GF-5 data were
resampled to a resolution of 10 m and aligned with the resolution of the Sentinel-1 data.
Both datasets were coregistered using the WGS 84 coordinate reference system.

Figure 6. False-color composite of Sentinel-1 data (R: VV, G: VH, B: VV-VH).

3.4. Construction of Geological Labels

The lithological classification of remote sensing images of vegetation-covered areas
cannot be reliably achieved by visual interpretation alone. Therefore, the sample labels
used in this study were based on geological datasets and field surveys. A 1:50,000-scale
geological map was adopted as the primary reference for sample labeling, and the following
steps were implemented to ensure label accuracy: First, a 1:200,000-scale geological map
was used as a base map to merge the fine-grained geological units in the 1:50,000-scale map,
thereby defining a final set of 13 lithological categories. Second, high-resolution Google
Earth imagery (0.5–2 m), 30-m topographic elevation data, and expert knowledge were
referenced to manually revise erroneous and discontinuous geological boundaries. Finally,
field investigations were conducted to verify ambiguous boundaries and delineate the final
geological vector lines. Subsequently, the geological vector lines, refined using topological
rules, were converted into geological vector polygons, which were then resampled to
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a 10-m resolution to generate a raster geological label map with the WGS 84 projection
coordinate system.

Figure 7. False-color image of principal components of GF-5 (R: first principal component, G: second
principal component, B: third principal component).

3.5. Sample Dataset

In this study, the aforementioned remote-sensing data were used to construct a
dataset. The label, microwave, and hyperspectral data were cropped into patches of
128 × 128 pixels, resulting in 1160 images that met the requirements of pixel-level image
segmentation tasks. Among these, 80% were randomly selected as the training set and the
remaining 20% were used as the validation set.

4. Experimental Results
4.1. Model Training

All the experiments were conducted using an NVIDIA RTX 3070 GPU. The batch
size, learning rate, and number of training epochs are critical parameters for ensuring
model convergence. The number of training epochs refers to the total number of times
the entire dataset is fed through the model during training. The batch size denotes the
number of training samples processed simultaneously in each iteration, and the learning
rate determines the step size at each iteration while moving toward the minimum of the
loss function.
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In this experiment, the batch size, learning rate, and number of training epochs were
set to 16, 0.0005, and 600, respectively. The model was optimized using a cross-entropy
loss function.

As illustrated in Figure 8, both the training and validation loss curves tended to
stabilize after approximately 150 epochs. The validation loss converged slightly faster than
the training loss, although it exhibited a slightly higher value, which could be attributed to
the imbalanced distribution of samples in the validation set. The MIoU of the validation
set stabilized at approximately 90% after 150 epochs.

4.2. Ablation Experiments

We conducted ablation experiments based on the original experimental setup to evalu-
ate the effectiveness of the proposed texture feature extraction, spatial–spectral features,
and feature fusion modules. Five comparative models were designed in this study.

1. Baseline dual-branch ERFNet: the original dual-branch ERFNet without any of the
proposed modules;

2. Texture + spatial–spectral modules: dual-branch ERFNet with both TFEM and SSFM;
3. Texture + fusion modules: dual-branch ERFNet with TFEM and FFEM;
4. Spatial–spectral + fusion modules: dual-branch ERFNet with SSFM and FFEM;
5. TSFDNet (proposed method): Dual-branch ERFNet with all three modules: texture,

spatial–spectral, and fusion.

 
(a) (b) 

Figure 8. Convergence curves:(a) Loss curve, (b) MIoU curve.

The evaluation metrics for all the models are summarized in Table 1. The full model,
which integrates the texture, spatial–spectral, and fusion modules, achieved the highest
performance, with an overall accuracy (OA) of 97.24%, MIoU of 90.43%, and MPA of 94.62%.
When two modules were combined, the classification performance was lower than that of
the full model. The OA for the combinations followed the trend of spatial-spectral + fusion
> texture + fusion > texture + spatial–spectral. Finally, when none of the proposed modules
were included, the baseline dual-branch ERFNet exhibited the lowest performance, with
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an OA reduction of 1.63% compared to the full model, confirming the effectiveness and
necessity of the proposed modules in enhancing lithological classification accuracy.

Table 1. Ablation experiment evaluation index results.

Model
Module Combination Options (

√
Indicates Selected) Evaluation Metrics

Dual-Branch
ERFNet TFEM SSFM FFEM Accuracy MIoU MPA

1
√

95.61% 85.14% 92.73%
2

√ √ √
96.29% 85.37% 92.20%

3
√ √ √

96.35% 85.94% 92.91%
4

√ √ √
97.19% 90.28% 94.60%

5
√ √ √ √

97.24% 90.43% 94.62%

4.3. Lithological Mapping

The trained model was applied to GF-5 and Sentinel-1 data to predict the distribution
of 12 lithological classes within the study area. The classification map generated by the
proposed model is presented in Figure 9. Visually, all 12 lithological categories were clearly
distinguished and their spatial distribution patterns were closely aligned with known
geological structures.

Figure 9. Model prediction lithological mapping (consistency refers to the pixel matching rate
between the model’s predicted results and the ground truth geological map).

Table 2 lists the quantitative evaluation metrics, including the IoU and F1 score, for
the 12 lithological classes and two additional classes, mixed lithology and background.
The results demonstrate that both individual lithologies and background classes achieved
high IoU and F1 scores, indicating that the proposed model effectively distinguished be-
tween vegetation cover and lithological features. The model performed well in identifying
sedimentary and granitic rocks.
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Table 2. Prediction evaluation index results of 13 categories.

Class IoU Recall Precision F1-Score

Background 93.14% 97.16% 95.74% 96.44%
Monzogranite 97.69% 98.63% 99.03% 98.83%

Fine-grained granite porphyry 79.65% 91.12% 86.35% 88.67%
Siltstone 91.23% 96.05% 94.79% 95.42%

Shale 85.77% 89.38% 95.51% 92.34%
Volcanic rocks 94.19% 98.57% 95.50% 97.01%

Argillaceous siltstone 96.65% 97.24% 99.37% 98.29%
Sandstone 95.46% 98.24% 97.12% 97.68%

Coal-bearing clastic rock 92.83% 97.04% 95.53% 96.28%
Micritic limestone 71.68% 80.44% 86.80% 83.50%

Sandstone-Siltstone 92.02% 96.20% 95.49% 95.84%
Composite conglomerate 96.66% 97.28% 99.28% 98.27%

Mudstone 88.72% 92.75% 95.33% 94.02%

However, the classification performance for certain lithologies remained suboptimal.
For instance, micritic limestone achieved an IoU of only 71.68% and an F1 score of 83.50%,
which were relatively low compared with those of the other classes. This result suggests that
further enhancement is required to improve the model’s ability to distinguish lithologies
with subtle spectral and textural characteristics.

4.4. Model Comparison Experiments

We conducted a series of comparative experiments using several common DL ap-
proaches to evaluate the performance of the proposed method (Figure 1). These include
(1) a deep attention-based network proposed by Li et al. [46], (2) a multisource data feature
fusion-based DL method proposed by Wang et al. [47], and (3) an improved U-Net model
for lithological classification introduced by Brandmeier and Chen [48]. The single-branch
ERFNet model proposed by Romera et al. [36] was adopted as the baseline for comparison
to further validate the effectiveness of the dual-branch design.

The confusion matrices, OA metrics, and per-class F1-score statistics for all methods
are presented in Figure 10, and Table 3. The proposed method achieved significantly
superior performance compared with competing models (the OA result surpassed that
of the best-performing improved U-Net model by 2.18%, the MIoU improved by 6.19%
over the same model, and the MPA was 4.99% higher than that of the best-performing
single-branch ERFNet baseline).

Table 3. Comparative experimental evaluation index results.

Method Accuracy MIoU MPA

Single-branch ERFNet [36] 93.50% 81.77% 89.63%
Improved U-Net [48] 95.06% 84.24% 89.55%

Multisource data feature
fusion [43] 86.46% 62.30% 72.44%

Attention-based deep
network [46] 89.21% 71.33% 81.20%

TSFDNet (proposed model) 97.24% 90.43% 94.62%

Regarding the per-class classification capability, the proposed method outperformed
all comparative models in terms of accuracy and F1 score for most lithologies, with
the exception of mudstone and micritic limestone, where the performance gains were
less prominent.
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To compare the recognition stability of the models, we randomly split the datasets
into 8:2 ratios, repeated the experiments five times, and recorded each model’s F1 scores
for all lithologies. We calculated the mean and standard deviation of the F1 scores per
lithology for each model and plotted a bar chart with error bars (Figure 11). This chart
reflects the F1-score fluctuation; smaller fluctuations indicate higher recognition stability
for that lithology. The TSFDNet showed superior stability.

To further demonstrate the lithological identification capability of the five models,
their respective lithological classification maps are presented (Figure 12). The results show
that our model yielded more accurate class assignments, exhibited clearer lithological
boundaries, and produced spatial extents that were more consistent with the ground truth.
However, minor misclassifications still occurred.

  
(a) (b) 

 
(c) (d) 

Figure 10. Cont.
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Figure 10. Confusion matrix of five methods: (a) Single-branch ERFNet [32], (b) improved U-
Net [44], (c) Multisource data feature fusion [43], (d) attention-based deep network [42], (e) TSFDNet
(proposed model). class0: water, class1: monzogranite, class2: fine-grained granite porphyry, class3:
siltstone, class4: shale, class5: volcanic rocks, class6: argillaceous siltstone, class7: sandstone, class8:
coal-bearing clastic rock, class9: micritic limestone, class10: sandstone-siltstone, class11: composite
conglomerate, class12: mudstone.

Figure 11. F1-score comparison error bar chart [36,43,46,48].
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Figure 12. Comparison of lithology detail prediction results of five methods: (a) Labels, (b) single-
branch ERFNet [32], (c) improved U-Net [44], (d) multi-source data feature fusion [43], (e) attention-
based deep network [42], (f) TSFDNet (proposed model). The category information corresponding to
the colors is shown in Figure 9.

5. Discussion
In recent years, numerous studies have indicated that for lithological classification

tasks, especially under vegetation cover interference, multimodal remote sensing data
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outperform single-source data [30,49–51]. However, these methods often rely merely
on simple concatenation or stacking strategies [52,53], thereby overlooking the intrinsic
complementarity among multi-source data. To address this issue, we propose TSFDNet.
Experiments show that this framework boosted the overall classification accuracy by 10.78%
over the baseline, and achieves higher spatial consistency across all 12 lithological classes.

Our work is mainly developed along the following aspects: (1) A dual-branch archi-
tecture is employed to decouple modality-specific features. In the hyperspectral branch, an
SSFM module is introduced to enable deep extraction of mineral spectral characteristics
from Gaofen-5 data. In the microwave branch, a TFEM module is incorporated to capture
deep indirect stratigraphic texture features from Sentinel-1 C-band observations. (2) An
FFEM module is designed to achieve adaptive fusion of spectral and microwave features.

In terms of model performance, we demonstrate that TSFDNet serves as an effective
deep learning framework for lithology identification in regions with dense vegetation cover.
The dual-branch architecture of TSFDNet outperforms conventional single-branch designs.
Experimental results show that our method achieves superior boundary preservation,
fine-grained class discrimination, and model stability (Figures 9 and 12). Within TSFDNet,
the SSFM module captures long-range spectral dependencies and local spatial structures
through a three-branch spectral–spatial modeling strategy. And the TFEM module en-
hances the representation of microwave-derived textures by explicitly modeling dominant
texture orientations and critical spatial regions. Compared with dual-branch networks that
rely solely on single-path attention mechanisms or simple convolutional stacking—often
leading to misclassification within lithologically homogeneous units [46]—TSFDNet shows
markedly improved stability and discriminative ability, especially for lithologies with
similar spectral or textural expressions such as sandstone and siltstone. Moreover, the
FFEM module adaptively modulates the contribution of hyperspectral and microwave
features based on modality specificity and an EMA-guided strategy, strengthening key
region responses and improving lithology classification accuracy. Unlike early-stage feature
concatenation approaches [36,48], the inclusion of FFEM enables TSFDNet to maintain spa-
tial continuity and consistency along lithological boundaries while reducing noise within
homogeneous units. Although some studies perform early-stage feature-level fusion, such
as GS fusion [47], these methods do not explicitly differentiate between hyperspectral and
microwave modalities, often introducing redundant features and noise at shallow levels.
This limitation is particularly pronounced in areas with dense vegetation cover, where
the complementary advantages of multi-source data cannot be fully exploited, ultimately
constraining classification accuracy.

In addition to high lithological recognition accuracy, the proposed model also exhibits
excellent stability (Figure 11). After multiple repeated experiments, TSFDNet showed
smaller F1-score fluctuations than the other models for sedimentary rocks with similar
spectral curves (e.g., sandstone–siltstone, siltstone, and sandstone), which were stable
at 98.2%, 94%, and 98%, respectively. I However, the stability of TSFDNet in granite
identification still requires further improvement. Overall, These results demonstrate that
our model has strong stability in distinguishing similar lithologies and handling small-
sample cases. TSFDNet demonstrated high consistency between the predicted lithological
map and the actual distribution.

It is worth noting that, in selecting the data source for texture characterization, we
intentionally opted for the C-band rather than longer-wavelength L- or P-band data, despite
their stronger penetration capability. This choice is motivated by several considerations.
First, although C-band backscattering in vegetated areas is generally dominated by canopy
responses, the vegetation in our study area is characterized by relatively thin trunks and lim-
ited canopy-to-canopy occlusion. Consequently, the attenuation effect is less pronounced
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than in densely forested regions. Second, the texture features captured by our model should
be understood as indirect surface textures rather than direct geological textures. Different
lithologies exhibit varying soil thicknesses and weathering products [54,55], which in turn
induce subtle differences in canopy roughness, scattering configurations, local slope pat-
terns, and microscale surface roughness even under the same vegetation type [19,52,56].
These secondary variations can still be expressed in the C-band backscatter signal. Further-
more, the feasibility of using C-band data for lithology identification in vegetated regions
has been validated in previous studies [27,57–59]. Our experimental results align with
these findings and further confirm that C-band–derived textures are sufficiently sensitive
to lithology-induced surface variations in the study area.

Despite the excellent performance of the TSFDNet, minor misclassifications were
observed. For example, micritic limestone has a relatively low accuracy owing to
its narrow-banded distribution and high spectral-textural similarity to the surround-
ing sandstone–siltstone and mudstone, and their spectral curves differed mainly at
800–1300 nm, while showing high similarity elsewhere. In contrast, the monzonitic granite
achieved a significantly higher accuracy owing to the abundance of samples. These results
confirm that class imbalance and intraclass spectral similarity remain the key challenges
affecting model performance. Therefore, future research should explore the integration
of thermal infrared or geophysical datasets to expand the feature dimensionality of the
model [60,61]. Furthermore, techniques including data augmentation, resampling strate-
gies, and class weight adjustment were investigated to mitigate the adverse impacts in-
duced by class imbalance and interclass feature ambiguity, thereby further enhancing the
robustness and generalization capability of the proposed framework.

6. Conclusions
Vegetation coverage degrades the lithological classification accuracy of traditional

remote sensing methods. Hyperspectral remote sensing provides fine-grained spatial-
spectral information, whereas microwave remote sensing offers strong penetration and
prominent texture expression. To leverage the complementary characteristics of these two
types of data, we developed TSFDNet for lithology classification in areas with vegetation
cover and reached the following key conclusions:

1. The encoder–decoder-based deep learning architecture exhibits a strong classification
capability in complex environments (e.g., vegetation-covered areas).

2. The dual-branch structure significantly enhances multisource data representational
capability. By designing independent extraction paths for indirect lithological texture
features, which include vegetation structural information, and spectral features, TSFD-
Net reduces feature interference and information loss, and it improves the OA and
MIoU by 2.1% and 3.4%, respectively, compared with single-branch fusion networks.

3. The dedicated feature extraction and fusion modules substantially improve the clas-
sification performance. Three synergistic modules were designed to optimize the
process of feature learning and integration, enabling the model to achieve an overall
classification accuracy of 97.24%, with excellent robustness.

Ultimately, the findings of this study advance multisource remote sensing fusion for
lithological mapping. They offer a scalable solution to address the longstanding challenges
in vegetation-covered and geologically complex areas. This work provides a practical and
scalable framework for leveraging complementary multisource remote sensing data, paving
the way for more accurate and efficient lithological mapping in challenging, vegetation-
covered regions.
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Abbreviations
The following abbreviations are used in this paper:

EMA Efficient multi-scale attention
ERFNet Efficient residual factorized ConvNet
FFEM Feature fusion extraction module
FN False negative
FP False positive
GAP Global average pooling
GF-5 Gaofen-5
GLCM Gray-level co-occurrence matrix
GRD Ground range detected
mIoU Mean Intersection over Union
MPA Mean pixel accuracy
Non-bt-1D Non-bottleneck-1D
OA Overall classification accuracy
PCA Principal component analysis
SAR Synthetic aperture radar
SNAP Sentinel application platform
SSFM Spectral–spatial feature module
TFEM Texture feature extraction module
TN True negative
TP True positive
TSFDNet Dual-branch texture and spectral feature network
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