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Highlights

What are the main findings?

e A comprehensive benchmark dataset including 262,436 unlabeled VHR images,
33,342 annotated samples, and 15,000 sample points is constructed for land cover
mapping in the Pearl River Delta.

e A remote sensing foundation model pretraining method (SDMAE) with a value-aware
masking strategy and Edge-Enhanced Loss for VHR land cover mapping is proposed,
effectively preserving critical features in high-value objects and boundary regions.

e A scene-based semantic segmentation network (SBFNet) is developed, specifically
designed to capture key scene-level features for VHR land cover mapping of complex
heterogeneous landscapes.

What is the implication of the main finding?

e A decision-level Bayesian fusion framework combining statistic and spatial consistency
tests with Bayesian probabilistic modeling effectively integrates multi-source remote
sensing data, achieving robust land cover mapping.

Abstract

Very-high-resolution (VHR) land cover mapping in highly heterogeneous regions faces
critical challenges including strong annotation dependence, significant image heterogeneity,
and insufficient spectral information. To address these challenges, this study proposes a
novel framework integrating remote sensing foundation models with multi-source data
Bayesian fusion for VHR land cover mapping in the Pearl River Delta (PRD), which is one
of the most complex and heterogeneous landscapes in China. To implement this frame-
work, we first construct three datasets including PRD262K containing 262,436 unlabeled
VHR images for pretraining, PRDLC-PRO with 33,342 annotated samples for semantic
segmentation, and a 15,000-point sample set for medium-resolution (MR) classification. A
Segmentation-Driven Masked AutoEncoder (SDMAE) is developed to learn robust feature
representations from large-scale unlabeled VHR imagery, which is subsequently integrated
with a Scene-Based Feature Network (SBFNet) to capture multi-scale semantic features
for accurate land cover segmentation. Finally, a decision-level Bayesian fusion method is
proposed to effectively integrate the fine spatial details of VHR imagery with the spectral
stability of MR data. Experiments demonstrate that the proposed framework outperforms
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existing methods across multiple datasets, achieving an overall accuracy of 87.98% and
mloU of 66.61% on PRDLC-PRO. The subsequent decision-level Bayesian fusion further
enhances spatial consistency and robustness, providing an effective solution for large-scale
VHR land cover mapping in highly heterogeneous regions with limited annotations.

Keywords: remote sensing foundation model; VHR imagery; land cover mapping;
multi-source remote sensing data; multi-source data fusion

1. Introduction

Land cover describes the spatial distribution of biological and physical cover types on
the Earth’s surface, serving as fundamental information for human-environment interac-
tions and surface process research [1]. Rapid urbanization continuously drives land cover
pattern changes. Therefore, accurate and rapid mapping is essential for remote sensing
applications in climate change assessment, ecological conservation, and territorial spatial
planning [2-6].

Since the launch of the Landsat satellite in the 1970s, the continuous acquisition of
medium-resolution (MR) imagery has contributed to large-scale land cover mapping [7].
Researchers have combined multi-temporal and multi-resolution imagery with machine
learning methods, including decision trees, support vector machines, random forests, and
artificial neural networks, to conduct land cover classification, enabling effective regional
and even global mapping [8-13]. However, these methods primarily rely on single-pixel
spectral or shallow artificial features, with limited capability to characterize complex spatial
structures and superior semantic information, and are still facing limitations in highly
heterogeneous surface-type regions.

As land cover mapping requirements for refined expression and high spatial consis-
tency continue to increase, in recent years, the rapid development of very-high-resolution
(VHR) remote sensing imagery has enabled the extraction of fine surface information.
Meanwhile, breakthrough advances in deep learning, particularly semantic segmenta-
tion models capable of automatically learning multi-scale spatial features and superior
semantic representations, have opened new avenues for fine characterization of com-
plex ground objects [14-16]. These models typically adopt encoder—decoder architectures
that recover spatial details while preserving semantic information through multi-scale
feature fusion [17-21]. While early encoders were primarily based on convolutional neu-
ral networks [22-24], recent research has shifted towards Transformer architectures like
ViT [25] and Swin Transformer [26] or hybrid structures [27] to enhance long-range depen-
dency modeling.

Early MR land cover products (such as GLC2000 [28] and CGLS-LC100 [29]) and
subsequent 10 m level products (such as FROM-GLC10 [30] and Dynamic World [31]),
developed using machine learning, exemplify continuous progress in the automation and
accuracy of traditional methods. The application of deep learning methods, particularly
semantic segmentation, has elevated mapping resolution to the meter level, as evidenced
by representative products such as SinoLC-1 [32] and SCLC [33]. To further enhance
feature representation, targeted optimizations such as dual-attention mechanisms [34],
multi-scale context aggregation [35], and boundary-aware mechanisms [36] have been
introduced. To fundamentally reduce reliance on labels in the target domain, research
has shifted towards cross-domain knowledge transfer. Recent studies have explored
pseudo-labeling [37] and knowledge distillation [38] to mitigate domain shift, aiming to
transfer discriminative features learned from source domains to new geographic regions.
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However, the effectiveness of such a transfer is often compromised in highly heterogeneous
landscapes, and the fundamental dependence on massive, high-quality labels remains a
critical bottleneck [39].

To alleviate this annotation dependence, self-supervised pretrained remote sensing
foundation models have emerged as a promising solution. By learning universal feature
representations from massive unlabeled remote sensing imagery, self-supervised training
can capture multi-scale spatial features and semantic information in images without relying
on the distribution of labeled data, thereby improving model transfer capability and map-
ping performance across different regions and tasks [40,41]. Initially, paradigms of remote
sensing foundation models such as masked image reconstruction [42-44] and contrastive
learning [45,46] established the basis for learning robust visual features. These have recently
evolved into vision-language joint pretraining [47-50], while model scales have expanded
from millions to billions of parameters to further enhance universal generalization [51-56].
These advancements aim to provide a more robust feature foundation for downstream
mapping tasks. However, when applied to fine-grained mapping, reconstruction-based
models often suffer from the loss of high-value object details and blurred boundaries. This
limitation stems from the difficulty of recovering sharp textures in highly heterogeneous
landscapes during the self-supervised process.

Moreover, large-scale deployment of such models on VHR imagery faces several
intrinsic limitations. VHR imagery can capture rich texture and geometric details, which
enables the precise mapping of object boundaries and the detailed analysis of internal
structures. While VHR imagery captures rich texture and geometric details that enable
precise boundary delineation, large-scale applications face multiple challenges (Figure 1).
On one hand, limited imaging conditions, such as weather effects (clouds), illumination
variations, and differences in observation angle (shadows), can easily cause significant
image heterogeneity. On the other hand, VHR imagery typically contains only RGB bands,
lacking key spectral information such as near-infrared, making it difficult to effectively
distinguish ground object types with similar spectral characteristics [37,57]. Additionally,
due to image mosaicking caused by low temporal resolution, inconsistencies arise between
source domain and target domain and thus lower the accuracy of VHR land cover map-
ping [58]. Consequently, even powerful mapping models struggle to bridge the gap caused
by these intrinsic spectral and imaging deficiencies.

In contrast, MR imagery possesses rich spectral information, mature interpretation
methods and stable spatiotemporal characteristics, which are valuable for large-scale, con-
sistent mapping. Previous research indicates that multi-source data fusion (e.g., optical and
SAR) can effectively improve classification accuracy [59,60], suggesting that integrating MR
and VHR data is a highly promising strategy for high-precision VHR mapping. To address
the spatial mismatch between these sources, scholars have explored various cross-scale
modeling and weak-supervised strategies [61,62]. However, achieving large-scale, high-
precision mapping by integrating VHR and MR imagery remains a significant challenge.
While recent studies have found that Bayesian modeling can effectively fuse prior knowl-
edge to improve stability [63,64], its potential for collaborative VHR-MR cross-scale fusion
in land cover mapping has yet to be fully explored. Therefore, how to integrate the fine
spatial information of VHR imagery with the robustness of MR imagery to achieve VHR
land cover mapping via a unified probabilistic framework has become a critical problem.
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Figure 1. Main challenges in large-scale VHR land cover mapping. (a) Limited imaging conditions
including clouds and shadows that cause image heterogeneity; (b) missing infrared bands with only
RGB bands available, resulting in absent key spectral features; (c) inconsistent image mosaics due to
low temporal resolution, leading to domain shift between source and target domains. In panel (c),

the blue and red shaded histograms represent the DN value distributions of the source and target
domain images, respectively; dashed curves indicate the fitted distributions.

Therefore, this study aims to construct a novel framework integrating a remote sensing
foundation model with multi-source remote sensing data to address the above challenges.
The technical roadmap of this research is illustrated in Figure 2. Taking the Pearl River Delta
(PRD), a region characterized by extreme spatial heterogeneity and complex landscapes, as
an example, we focus on VHR land cover mapping, with the main contributions including:

(1) Construction of a VHR land cover mapping benchmark dataset for the complex
environment of the PRD, including a training point dataset for MR classification, a large-

scale unlabeled image dataset (PRD262K) for pretraining, and a high-quality pixel-level
annotated dataset (PRDLC-PRO) for training and validation.

(2) Proposal of a remote sensing foundation model pretraining method using
Segmentation-Driven MAE (SDMAE) and a Scene-Based Feature Network (SBFNet) for
VHR land cover mapping. An SDMAE addresses the loss of value details and edge features

by introducing a value-aware masking strategy (VMask Strategy) and Edge-Enhanced
Loss during pretraining. The SBFNet implements multi-scale feature extraction based

on the “pixel-object—scene” semantic framework, enhancing the accuracy of VHR land
cover mapping.

(3) Design of a novel decision-level Bayesian fusion framework that jointly utilizes
the fine spatial information of VHR imagery and the spectral stability of MR imagery. By
combining statistic and spatial consistency tests and Bayesian probabilistic modeling, the
output probabilities of the VHR semantic segmentation model and MR random forest
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model are collaboratively optimized. This approach prioritizes the rectification of systemic
mapping errors, effectively improving the consistency and robustness of VHR mapping
results in complex regions.
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Figure 2. Technical roadmap of the study, illustrating the integrated pipeline from multi-source data
preparation (Phase 1) to hierarchical mapping (Phase 2) using the SDMAE and SBFNet for VHR data
alongside random forest for MR data and finally to decision-level Bayesian fusion and systematic
performance evaluation (Phase 3).

2. Study Area and Data
2.1. Study Area

This study focuses on the Pearl River Delta (PRD) region in Guangdong Province,
China, which is geographically located between 21.57°N-24.40°N and 111.35°E-115.41°E,
as illustrated in Figure 3. Located south of the Tropic of Cancer, the PRD belongs to the
tropical monsoon climate zone, characterized by abundant heat, rich precipitation, and
synchronous rainfall and temperature patterns. Influenced by the high-temperature and
high-humidity environment, the PRD experiences persistent heavy cloud cover during
the summer and autumn seasons. Combined with complex and variable illumination
conditions, optical remote sensing imagery, particularly VHR imagery, exhibits significant
radiometric inconsistency and image heterogeneity across space. Such issues are typically
difficult to completely eliminate. Furthermore, multispectral remote sensing imagery in
this region is severely affected by clouds and rain, making it challenging to acquire stable
and continuous time-series observation data, thereby limiting the effective extraction of
temporal characteristics of land cover types.
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Figure 3. Geographic location of the study area in the PRD, Guangdong Province, China.

The complex climatic conditions and highly heterogeneous land cover types in the
PRD make it difficult for single-source remote sensing data to comprehensively and stably
capture land surface features. Therefore, it is essential to leverage the advantages of multi-
source remote sensing data and develop novel land cover mapping methodologies through
multi-source data fusion strategies, thereby achieving more accurate and robust VHR land
cover mapping.

2.2. VHR Data

We used Google Earth VHR optical imagery (1.19 m resolution) acquired in August
2023 as the primary data source for feature extraction and fine-grained land cover mapping.
The study area, covering approximately 87,800 km?, is divided into 170 map sheets accord-
ing to the 1:50,000 cartographic standard. The original sheet images were fully decomposed
into 512 x 512 sub-images to accommodate the requirements of both pretraining and
downstream semantic segmentation tasks. Ultimately, 262,436 complete VHR images were
generated, forming the remote sensing foundation models’ pretraining dataset PRD262K.

Furthermore, we established a land cover classification system based on the climatic
and topographic characteristics of the PRD, comprising eight classes: cropland, forest, grass,
shrubland, wetland, water, impervious and bare (Appendix A). Based on this classification
system, we constructed a VHR land cover mapping dataset for the PRD. We manually
annotated 7370 high-quality semantic segmentation samples. This set of annotations, which
we refer to as the PRDLC dataset, is visualized with example images in Figure 4. More-
over, we integrated several existing land cover mapping datasets, including LoveDA [65],
DLRSD [66], WHDLD [67], Globe230k [68], and OpenEarthMap [69], to complement our
manually annotated PRDLC dataset. While PRDLC provided 7370 region-specific samples
for the PRD, these external sources contributed an additional 25,972 samples from similar
climatic conditions. By reclassifying them under a unified taxonomy, we constructed the
PRDLC-PRO dataset (totaling 33,342 samples), as detailed in Table A2.
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Figure 4. Examples of VHR imagery and corresponding land cover annotations in the PRDLC dataset.
For each batch, (left to right) there is the original image and annotation label, respectively.

2.3. MR Data

This study employed Sentinel-1 C-band SAR imagery and Sentinel-2 multispectral
imagery as MR data sources. Sentinel-1 enables all-weather observations, complementing
optical imagery with land surface geometry and texture. Sentinel-2 spans the visible-
to-shortwave infrared spectrum, offering rich spectral characteristics. All high-quality
Sentinel-1 VV/VH polarization data acquired in 2023 were retrieved via the Google Earth
Engine platform. Sentinel-2 surface reflectance products from March to August 2023 were
selected to capture the peak phenological characteristics of vegetation and ensure temporal
consistency with the VHR imagery for accurate multi-source data fusion. During this
period, images with high cloud cover were excluded, and median compositing was applied
to generate temporally stable multispectral composites. Furthermore, a digital elevation
model (DEM) and slope data from NASADEM were included to improve land cover
mapping performance.

The workflow to construct a high-quality land cover point sample set is illustrated
in Figure 5. We integrated multiple land cover datasets (Table A3), including gen-
eral land cover products (the China Land Cover Dataset (CLCD) [70], Dynamic World
(DW) [31], Esri 10 m Land Cover (ESRI10) [71], and GLC_FCS10 (FCS10) [72]) and wetland-
specific products (Global Lakes and Wetlands Database v2 (GLWD) [73] and GWL_FCS30
(GWLECS) [74]). All datasets were clipped to the PRD region and reclassified accord-
ing to the PRDLC classification system, then resampled to 10 m resolution to ensure
spatial consistency.

A weighted voting strategy based on multi-source agreement was applied to select
high-confidence samples. For easily distinguishable classes with abundant samples (forest,
water and impervious), a strict agreement threshold of 3/4 was set. For classes prone to
confusion (cropland, grass, shrubland, and bare), a loose threshold of 2/4 was adopted.
For wetland, a weighted fusion approach assigned higher weights (1.5) to wetland-specific
products and lower weights (0.6) to general products, identifying samples exceeding
the weighted threshold as valid wetland instances. These thresholds and weights were
empirically optimized through visual inspection to ensure label purity, while remaining
adjustable as hyperparameters to adapt to the consistency of multi-source products in
different geographic contexts. Finally, manual verification was performed using Google
Earth VHR imagery, and stratified sampling was applied to balance class distribution. This
process yielded a high-quality land cover sample set containing 15,000 points, with the
composition shown in Table 1.
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Figure 5. Workflow for constructing the high-quality MR land cover sample set. (a) Multiple MR
land cover datasets including general products and wetland-specific datasets were integrated; (b)
a weighted voting strategy was applied with different constraints for various land cover classes;
(c) manual verification was conducted using Google Earth VHR imagery as a reference, followed by

stratified sampling to generate the final sample set.

Table 1. Composition of the land cover sample set used for MR mapping.

Class Samples per Class
Cropland 1898
Forest 3329
Grass 1710
Shrubland 2369
Wetland 1910
Water 943
Impervious 1426
Bare 1415

3. Methods

3.1. Segmentation-Driven Mask AutoEncoder (SDMAE)

We adopt the masked autoencoder (MAE) framework as our foundation due to its
superior performance in learning fine-grained spatial features compared to contrastive
learning methods [42]. However, its standard random masking strategy is suboptimal for
VHR imagery, as it often leads to the loss of critical high-value details and edge features.
To address this limitation, we propose a remote sensing foundation model pretraining
method called a Segmentation-Driven Masked AutoEncoder (SDMAE), which incorporates
a value-aware masking strategy (VMask Strategy) and Edge-Enhanced Loss (Figure 6).
Similarly to previous studies, the SDMAE is a monomodal self-supervised pretraining
method that reconstructs complete images from partial observations using an autoencoder.
The training process of the SDMAE consists of four main steps: image masking, encoding,

decoding, and image reconstruction.
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Figure 6. Overall architecture of the proposed SDMAE pretraining framework. The input image is
processed through the VMask Strategy to generate a value-masked image, from which unmasked
patches and VMask patches are extracted. These patches are encoded by an encoder into patch embed-
dings, then decoded to produce reconstructed embeddings. The model is optimized using a combined
loss function consisting of MSE loss and Edge-Enhanced Loss to reconstruct the original image.

(1) Image Masking: The SDMAE divides the input remote sensing image into regular
and non-overlapping patches. Most existing methods randomly sample and retain a
certain proportion of patches following a uniform distribution, then completely mask the
remaining patches [42], or randomly retain some pixels within masked patches [43]. The
former, while effective for natural images, tends to overlook small objects in remote sensing
imagery. Although the latter alleviates this issue to some extent, its mitigation remains
insufficient. This is because the overlooked features in VHR land cover mapping, typically
high-value pixels such as impervious and bare, often correspond to small yet critical objects
that are easily missed by random masking, leading to feature loss. To address this problem,
we propose the VMask Strategy, with the main workflow described as follows. Given the
patch masking ratio r € (0, 1) and value masking coefficient r, € (0,1), for an input image

X € REXWXC we compute its value map V € RF*W and calculate the percentile value
threshold based on
vy, = Percentile(V,75r, + 25) (1)
v; = Percentile(V,25 — 25r,) 2)

where v), and v; represent the high-value and low-value percentile thresholds, respectively.
These thresholds define the medium-value region (v; < V < v},), and pixels within this
region are randomly masked with probability p = 0.5r, + 0.5 to generate the value mask
M,, which is then applied to the original image X to obtain the value-masked image
(VMask image) Xy:

M, = I(v; <V <vy,) NB(0.5r, +0.5) 3)

XV:(l_Mv)QX (4)

where I(-) is the indicator function, B(-) denotes the Bernoulli distribution, and ©® rep-
resents element-wise multiplication. Both the input image X and the VMask image Xy
undergo a Patchify operation, which transforms them into patch features via convolution
and positional encoding:

P = Patchify(X) € RN*P (5)

Py = Patchify(Xy) € RN*P (6)

https:/ /doi.org/10.3390/rs18060897
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where P and Py denote the patch features of the input image X and the VMask image Xy,
respectively. Finally, P and Py are synchronously shuffled using an identical random index
(idx) and then concatenated to obtain the complete feature sequence Py,

idx ~ RandomPermutation(1,2,...,N) (7)

Pfinai = concat (P [idxlz(l—r)l\]} , Py [idx(l—r)N+1:N] ) (8)

The first (1 — r)% proportion of features corresponds to the unmasked patches from
the original image X (i.e., P [idxlz(l—r) ~|), which is consistent with the MAE. The re-
maining r% proportion consists of features from the value-guided masked patches (i.e.,
Py {idx(l,,) N1 N} ), which preserves information from extreme-value regions. This strat-
egy protects high-value object features while incorporating retained low-value features and
random masking, thereby preventing the model from learning fixed-value patterns.

(2) Encoder: The encoder employed in this study is a Vision Transformer (ViT). We
use ViT-Base to process the features of both the unmasked patches and the value-guided
masked patches obtained previously, thereby learning a universal feature representation.
Consistent with the ViT, the encoder first projects the input patches linearly and adds
positional embeddings to obtain the feature embeddings for all patches. Subsequently,
these feature embeddings are processed by a series of Transformer blocks.

(3) Decoder: The decoder consists of 8 Transformer layers, each with 512 channels,
followed by a linear projection layer. The decoder takes the deep feature representations
output by the encoder as input. During pretraining, the decoder first concatenates the
encoded unmasked patch features with the value-guided masked patch features. This
concatenated sequence is then reordered according to the original patch positions, and
positional embeddings are added. After processing by multiple Transformer layers, the
decoder produces final feature representations for reconstructing the input image.

(4) Image Reconstruction: The SDMAE reconstructs the original image by predicting
the pixel values of the masked regions. Specifically, the final layer of the decoder is a linear
projection head that maps the feature vector of each patch to the predicted values for all
pixels within that patch. The output channels of the projection head correspond to the total
number of pixel values in a single patch. By applying a reshape operation to the output
of the decoder, the complete reconstructed image X is obtained. During pretraining, we
design a loss function that consists of mean squared error loss and Edge-Enhanced Loss to
simultaneously optimize pixel-level reconstruction accuracy and the preservation of edge
texture. The loss function consists of two components:

Mean squared error (MSE) loss (Lpssg): This is the fundamental loss for pretraining,
aiming to minimize the pixel-wise difference between the reconstruction image X and the
original input image X within the masked regions (indicated by the total mask matrix M).
It is calculated as follows:

1 )
Lase = ):—MZ((X—X)zcaM) )

where © denotes element-wise multiplication. This loss forces the model to focus on
inferring occluded content from the visible context.

Edge-Enhanced Loss (Lgge): To mitigate the common issue of lost edge features in
land cover mapping, we introduce an additional edge constraint. A binary edge map E
is extracted from the original image X using a Laplacian operator combined with Otsu’s
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thresholding method. This loss reinforces reconstruction accuracy specifically for edge
areas within the masked regions and is defined as

1

Lege = Faiop L((X—X) 0 MOE) (10

Edge-Enhanced Loss significantly increases the weight of reconstruction errors at
image edges, guiding the model to better recover the contours and boundary details of
ground objects during reconstruction. The final pretraining loss function is the weighted
sum of these two terms:

Ltotar = Lmse + A-LEgge (11)

where A is a weighting factor (set to 1 in this study). The VMask Strategy prioritizes
masking non-extreme-value regions (which often correspond to textured, homogeneous
and non-edge areas), while the Edge-Enhanced Loss heavily penalizes reconstruction errors
in edge regions. The synergistic effect of these two components enables the model to
learn more balanced and refined feature representations from homogeneous regions to
sharp boundaries in remote sensing imagery, thereby establishing a superior foundation
for downstream land cover mapping tasks.

3.2. Scene-Based Feature Network (SBFNet)

The SBFNet is a semantic segmentation model designed for VHR land cover mapping
in the PRD. Its architecture comprises a pretrained encoder, a scene-based decoder, and a
scene-based feature fusion module (Figure 7). The SBENet is grounded in the “pixel-object—
scene” semantic framework and leverages it to decode and fuse features across three tiers.
Pixel-level features capture fine details, and object-level features delineate object boundaries
and overall forms, while scene-level features encapsulate the global image context, such as
the high-value objects of urban areas. Existing decoders are often constrained by limited
receptive fields and struggle to effectively capture scene-level semantics. To address this,
the SBFNet incorporates a Scene-Based Module (SBM), a Feature-Based Module (FBM),
and a Global Scene-Based Module (GSBM) within its decoder. These modules explicitly
extract and fuse scene-level global features with local detailed features, thereby enhancing
the accuracy of land cover mapping.

(1) Encoder: The encoder transfers the pretrained ViT-Base encoder from the SDMAE.
After processing the original input image through this encoder, a feature embedding Fy
that conforms to the dataset distribution is obtained.

(2) Scene-Based Decoder: The decoder operates along two pathways. The first step
directly uses the GSBM to extract the global scene. That is, the feature embedding F is fed
into the GSBM, sequentially passing through a 3 x 3 convolutional layer and a ReLU layer,
and is then directly upsampled to obtain the global feature embedding Fg:

Fc = GSBM(F) (12)

The second step involves the original feature embedding Fy sequentially passing
through several layers of scene-based feature extraction modules to obtain detailed decod-
ing feature Fp. Specifically, the original feature embedding Fj enters the SBM to produce a
scene feature map. At the same time, I enters the FBM to produce a detail feature map.
Finally, these two maps are summed to obtain the overall feature F; at the corresponding
scale. Repeating this process yields the feature map Fs which matches the original image
size. This process can be expressed by the following formula:

Fiy1 = SBM(F) + FBM(F),i =0,1,2,3,4 (13)
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Figure 7. Overall architecture of SBFNet. (a) Encoder with pretrained ViT-Base; (b) scene-based
decoder with SBMs, FBMs, and GSBMs for hierarchical feature extraction; (c) scene-based feature
fusion combining detail and global features; (d) detailed structure of SBM; (e) detailed structure of
FBM,; (f) detailed structure of GSBM.

Finally, the detail decoding feature Fp is obtained by passing the feature map F5 (same
size as the input image) through a 3 x 3 convolutional layer, producing an output with the
same channels as the target land cover classes.

(3) Scene-Based Feature Fusion: The final network output feature map F is obtained
by a weighted summation of the detail decoding feature Fp and the global feature embed-
ding Fg:

F=uaFp+p-Fg (14)

where « and f3 are learnable vectors representing the weights for the detail decoding feature
Fp and the global feature embedding Fg, respectively. Finally, the network output F and the
ground truth labels are used to compute Focal Loss as the loss function, which addresses
class imbalance and difficult sample issues during training:

N C
Focal Loss = 6-(1 — pij)’y'z Z J/ijlog(Pij) (15)

i=1j=1

where N is the number of samples, C is the number of classes, Yij is the indicator function
for the j-th class in the ground truth label of sample i, p;; is the predicted probability for the
j-th class in sample i, and 6 and vy are tunable factors for the Focal Loss.

3.3. Random Forest Model for MR Mapping

This study employs the random forest model to classify MR remote sensing imagery,
aiming to generate spectrally stable prior probability knowledge. As an ensemble learning
method, random forest enhances model robustness and generalization capability by con-
structing multiple decision trees and aggregating their predictions, which also allows it to
handle high-dimensional features effectively.
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The implementation is carried out entirely on the Google Earth Engine platform.
First, multi-source MR data is processed for feature extraction and fusion. This includes
computing quarterly mean and variance from Sentinel-1 SAR data to suppress speckle noise
and characterize temporal stability, performing cloud removal and median compositing on
Sentinel-2 multispectral imagery along with deriving various spectral indices to improve
separability of land cover types and generating slope features from NASADEM data
to incorporate topographic information (see Table A4 for a detailed list of all features).
Subsequently, the MR point sample set constructed in Section 2.3 is used, randomly split
into training and testing subsets at a ratio of 7:3.

To mitigate the impact of random sample partitioning and systematically evaluate
model performance, 10 independent repeated experiments are designed. In each exper-
iment, a different random seed is used to reshuffle the samples, and the random forest
API on GEE is invoked for training and validation, with the number of decision trees set
to 100 and the output mode configured as MULTIPROBABILITY. Based on the evalua-
tion results of these 10 experiments, the optimal model parameters are selected. Finally,
using the optimized model parameters, classification inference is performed on the MR
data to produce 10 m resolution land cover probability maps. These maps serve as key
spectral prior knowledge and are utilized in the subsequent cross-resolution decision-level
Bayesian fusion.

3.4. Decision-Level Bayesian Fusion

To leverage the advantages of multi-source data in VHR land cover mapping, we
propose a decision-level Bayesian fusion framework (Figure 8). This framework processes
distribution inference between the VHR and MR mapping results through statistic and
spatial consistency tests and subsequently applies different strategies.

MR Probability MR Interpolation Probability MR Mapping |
____________ |
/ ~\~ (0, —Ei)* I
! : X'=D0 ) !
| | i=1 =1 b |
l | A '
» : ‘ Statistic Consistency ‘ |
| |
I ! I
i i Chi-square Test :
I

i ' i
| : |

I
: VHR Probability : VHR Mapping :
I ! |
| : |
: : Pixel Agreement :

]
! : P |
| | 1% v |
! | N |
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Figure 8. Decision-level Bayesian fusion framework for VHR and MR land cover mapping integration.
(a) Distribution inference through statistic (chi-square test) and spatial (pixel agreement) consistency
test; (b) adaptive fusion strategy with direct adoption of VHR results when consistency is high, or
Bayesian fusion combining MR prior and VHR likelihood when inconsistency is detected.

https:/ /doi.org/10.3390/rs18060897


https://doi.org/10.3390/rs18060897

Remote Sens. 2026, 18, 897

14 of 37

First, the MR classification result (including probability outputs) is resampled to match
the spatial resolution of the VHR result using bilinear interpolation. For each 512 x 512
image patch, distribution inference is performed by assessing statistical consistency via a
chi-square test and spatial consistency via pixel agreement. The chi-square statistic x? is
defined as

=)

n
=17

n O .—E. . 2
Z ( L] l/]) (16)
j=1 Ei/j

where O; ; is the observed joint frequency, E; ; is the expected joint frequency under inde-
pendence, and 7 is the number of land cover classes. Pixel agreement quantifies the spatial
consistency between the two classification maps:

m1(d =)
- N

(17)

where ¢k, and c]]‘vI are the class labels of the k-th pixel in the VHR and MR maps, respectively,
N is the total number of pixels in the patch, and I(-) is the indicator function. Given the
significance level p, if the p-value of the chi-square test is greater than p and the pixel
agreement | is greater than 1 — p, the two maps are considered highly consistent in both
statistical distribution and spatial layout. In this case, the VHR map is adopted as the final
output to maximally preserve its detailed spatial features. Conversely, if the consistency
criteria are not met, indicating notable discrepancies, a decision-level Bayesian fusion
method is utilized to reconcile the two results.

The Bayesian framework is inherently suited for multi-source data fusion as it pro-
vides a principled probabilistic mechanism to integrate stable but coarse MR priors with
detailed but uncertain VHR observations. Within the Bayesian framework, the MR classifi-
cation probability is treated as the prior probability P(6;) since it provides reliable spectral
information, and the VHR classification probability serves as the likelihood probability
P(x6;). The posterior probability for class 6;, given pixel x is computed as

P(x|6;)-P(6;)

P(91|x) = P(x)

o P(x|0;)-P(6;) (18)
where P(6;|x) represents the posterior probability. Since the marginal probability P(x) is
constant across all classes for a given pixel, the final normalized posterior probability is
obtained via the softmax function:

P(6;]x) = softmax{P(x|6;)-P(6;) } (19)

For each pixel, the class with the highest posterior probability is selected as the final
label. This framework adaptively chooses the fusion strategy based on consistent distribu-
tion inference. It preserves the fine spatial details of the VHR result when consistency is
high and leverages the Bayesian mechanism to integrate the spectrally stable prior from
MR data with the VHR observational evidence when inconsistency occurs. This approach
effectively reduces systematic errors in VHR land cover mapping attributable to image
heterogeneity, domain shift, and limited spectral information.

3.5. Evaluation Metrics and Implementation Details

For VHR-only mapping, overall accuracy (OA) and mean intersection over union
(mloU) are used to quantify overall model performance. Additionally, computational cost
is quantitatively analyzed using floating point operations (FLOPs) and model parameters
(Params). For the final fused mapping results, besides OA and mloU, intersection over
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union (IoU) is also used to evaluate the classification accuracy for each class. For MR
mapping, user accuracy (UA) and producer accuracy (PA) are adopted to evaluate per-class
accuracy, in conjunction with OA and the Kappa coefficient (Kappa) for comprehensive
performance evaluation.

Assuming a classification system consisting of n land cover classes, the terms of the
confusion matrix are defined as follows: p;; denotes the number of pixels of class 7 that are
correctly classified, while p;; represents the number of pixels of class j that are misclassified
as class i. When class i is considered as the positive class and all remaining classes are
treated as negative, the basic accuracy components are defined under a binary classification
framework as: True Positive (TP), where both the prediction and the reference label are class
i; True Negative (TN), where both the prediction and the reference label are not class i; False
Positive (FP), where pixels belonging to any other class are incorrectly classified as class i;
and False Negative (FN), where pixels of class i are misclassified as other classes. These
components are then used to compute standard metrics (OA, mloU, UA, PA, and Kappa)
as well as metrics for each class in the decision-level Bayesian fusion results (Precision,
Recall, and F1). Where TP;, FP;, and FN; correspond to the TP, FP, and FN for class i, the
abovementioned metrics are computed as follows:

TP; Pii
IoU; = ! = u (20)
'OTP+EN;+FP Y pi+ Y pii — pjj
1 n
mloU = EZ ToUj; (21)
i=1
i=1 Pii
OA = i=1rn (22)
Y 2;1:1 Pij
UA = 1 (23)
=1 Pij
Pii
PA = (24)
Yit1 Pij
i1 Pii
Po =0A === (25)
° Yit1 X Pij
Yt (2?:1 pij X Yiq Pz‘j)
Pe = > (26)
( i1 51 Pij)
Py — Pe
K = 27
appa = 5 (27)
.. TP;
Precision; = m (28)
TP;
Recall, = ——*
ecat TP; + FN; 29)

Precision; - Recall;
F1,=2- ! L 30
! Precision; + Recall; 30)
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IoU characterizes the spatial overlap precision of specific classes in semantic segmen-
tation by calculating the ratio of the intersection to the union of the “model prediction” and
the “ground truth” sets. mloU, defined as the mean of the IoU across all classes, assesses
the model’s overall segmentation performance for multi-class features. OA is defined as
the proportion of correctly classified pixels relative to the total number of pixels, serving
as a fundamental metric for intuitively measuring the global classification accuracy of the
model. UA represents the proportion of pixels correctly classified among those belonging
to a certain class in the ground truth, reflecting the probability that a user observing a
class in the mapping result encounters that feature in reality. PA denotes the proportion of
pixels predicted as a certain class that match the ground truth, reflecting the effectiveness
of omission error control from the perspective of the data producer. Kappa measures the
agreement between classification results and ground truth that exceeds random chance,
calculated by comparing observed agreement with expected random agreement.

The experiments were conducted on a server equipped with four NVIDIA GeForce
RTX 4090 D GPUs. The operating system was Ubuntu 22.04.1 LTS with kernel
version 6.8.0-85-generic. The software stack was built upon CUDA 12.4, Python 3.11.13,
and the PyTorch 1.11.0 deep learning framework. For all models, results are based on three
independent runs with different random seeds, with mean values reported.

During pretraining, we employed the AdamW optimizer with an initial learning rate
of 5 x 1074, betas of 0.9 and 0.95, weight decay of 0.05, and a batch size of 4. The learning
rate followed a LambdaLR schedule with a warm-up phase, defined as

' . epoch +1 1 mt-epoch
I function (epoch) = mm{ warmup_epoch +1 x 10-8" 2 <COS < total_epoch 1 G

where the total_epoch was 200 and the warmup_epoch was 20. Input images (512 x 512)
were partitioned into 32 x 32 patches.

For the fine-tuning of SBFNet and all comparative models, we used the Adam op-
timizer with betas set to 0.9 and 0.999 and weight decay set to 0. The learning rate was
scheduled using CosineAnnealingLR, with an initial learning rate of 1 x 10~ and a mini-
mum learning rate of 1 x 107%, and T_max was set to 10. Training ran for 100 epochs with
a batch size of 8. All fine-tuning experiments were conducted using PyTorch’s Distributed
Data Parallel mode with mixed-precision training. The dataset was split into training,
validation, and test sets in a 7:1:2 ratio. The final model for accuracy assessment was
selected based on the lowest validation loss. The threshold p for Bayesian fusion was set to
0.05, which is widely adopted as the standard significance level in statistical hypothesis
testing and remote sensing uncertainty analysis.

4. Results
4.1. Pretraining Performance of SODMAE

We first evaluated the reconstruction performance of the SDMAE on PRD262K. Regard-
ing the computational efficiency, pretraining the MAE on the PRD262K dataset required
approximately 3.34 h per epoch on our server, while the proposed SDMAE required ap-
proximately 3.37 h per epoch. The results indicate that there is no significant difference
in training time between the two, demonstrating that our proposed enhancements do not
introduce substantial computational overhead.

To further address the visual discriminability of the reconstruction, we compared
the results of the SDMAE (Figure 9) with those of the standard MAE (Figure Al). While
both models accurately recover global structures and spectral characteristics, the SDMAE
exhibits superior fidelity in restoring high-frequency details compared to the smoother
results in Figure Al. As shown in Figure 9, the SDMAE maintains high visual consistency
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with the original images, especially in areas with continuous spatial structures and stable
textures, such as forests and water bodies. The boundaries between farmlands and imper-
vious surfaces are also well-recovered. This indicates that the encoder effectively captures
the representative and universal features inherent in the PRD.

Figure 9. Examples of visualized results for our SDMAE. For each batch, (left to right), there is a
masked image, reconstructed image and original image, respectively.

Furthermore, the model demonstrates robust reconstruction capabilities in regions
with complex land cover types and strong spatial heterogeneity. The VMask Strategy
and Edge-Enhanced Loss improve reconstruction performance. Transition zones between
forests and farmlands are accurately preserved. Similarly, small-scale urban targets, such as
buildings and fine-grained roads, remain distinct in the results. This shows the proficiency
of the SDMAE in modeling critical structural information and fine-grained features.

4.2. Evaluation of VHR Mapping

To verify the effectiveness of our proposal in VHR land cover mapping tasks, several
mainstream models including UNet [17], PSPNet [19], DeepLabV3+ [18], SETR [20], and
SegFormer [21] were selected as benchmarks. The performance of these models, along with
various configurations of our SBFNet series (including different pretraining strategies like
the MAE [42] and SDMAE), is evaluated in this section. Specifically, the distinction between
the MAE and SDMAE when pretraining is omitted lies in the decoder’s incorporation of
value-guided masked patches.
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Comparative experiments were conducted on four datasets, including LoveDA [65],
DLRSD [66], WHDLD [67] and our proposed PRDLC-PRO. The quantitative comparison
results for each model across the LoveDA, DLRSD, WHDLD, and PRDLC-PRO datasets
are summarized in Tables 2-5, respectively. The corresponding visual comparisons of the
prediction results are presented in Figures 10-13.

Table 2. Quantitative comparison of different models on the LoveDA dataset.

Model OA (%) mloU (%) FLOPs (G) Params (M)
UNet 68.94 50.35 124.58 13.40
PSPNet 70.15 52.97 59.22 46.71
DeepLabV3+ 69.68 52.88 56.58 40.52
SETR 66.56 45.86 41.97 89.77
SegFormer 66.40 46.01 153.89 136.66
MAE-SBFNet-0P-20E 57.29 32.78 29.18 92.71
MAE-SBFNet-0P-100E 66.66 46.17 29.18 92.71
SDMAE-SBFNet-0P-20E 60.54 38.24 29.85 93.30
SDMAE-SBFNet-0P-100E 68.79 49.31 29.85 93.30
MAE-SBFNet-50P-20E 66.94 46.89 29.18 92.71
MAE-SBFNet-50P-100E 69.35 50.00 29.18 92.71
MAE-SBFNet-100P-20E 67.81 47.99 29.18 92.71
MAE-SBFNet-100P-100E 69.34 50.34 29.18 92.71
SDMAE-SBFNet-50P-20E 66.78 46.33 29.85 93.30
SDMAE-SBFNet-50P-100E 68.85 50.54 29.85 93.30
SDMAE-SBFNet-100P-20E 69.85 50.77 29.85 93.30
SDMAE-SBFNet-100P-100E 71.53 53.21 29.85 93.30

Note: “XP-YE” indicates X epochs of pretraining and Y epochs of fine-tuning (e.g., 0P means no pretraining, 50P
means 50 epochs of pretraining, and 100E means 100 epochs of fine-tuning). Bold indicates the best result among
all methods.

Table 3. Quantitative comparison of different models on the DLRSD dataset.

Model OA (%) mloU (%) FLOPs (G) Params (M)
UNet 70.25 50.06 124.58 13.40
PSPNet 70.43 50.12 59.22 46.71
DeepLabV3+ 69.36 47.07 56.58 40.52
SETR 66.80 44.65 41.97 89.77
SegFormer 68.88 49.14 153.89 136.66
MAE-SBFNet-0P-20E 60.46 30.48 29.18 92.71
MAE-SBFNet-0P-100E 69.72 44.24 29.18 92.71
SDMAE-SBFNet-0P-20E 50.72 2447 29.85 93.30
SDMAE-SBFNet-0P-100E 70.49 46.30 29.85 93.30
MAE-SBFNet-50P-20E 59.46 30.10 29.18 92.71
MAE-SBFNet-50P-100E 69.36 46.90 29.18 92.71
MAE-SBFNet-100P-20E 48.37 21.81 29.18 92.71
MAE-SBFNet-100P-100E 71.09 43.76 29.18 92.71
SDMAE-SBFNet-50P-20E 65.83 39.00 29.85 93.30
SDMAE-SBFNet-50P-100E 69.53 46.32 29.85 93.30
SDMAE-SBFNet-100P-20E 67.74 44.10 29.85 93.30
SDMAE-SBFNet-100P-100E 72.22 46.86 29.85 93.30

Note: “XP-YE” indicates X epochs of pretraining and Y epochs of fine-tuning (e.g., 0P means no pretraining, 50P
means 50 epochs of pretraining, and 100E means 100 epochs of fine-tuning). Bold indicates the best result among
all methods.
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Table 4. Quantitative comparison of different models on the WHDLD dataset.

Model OA (%) mloU (%) FLOPs (G) Params (M)
UNet 78.41 50.32 124.58 13.40
PSPNet 78.13 51.53 59.22 46.71
DeepLabV3+ 78.01 51.67 56.58 40.52
SETR 76.39 48.53 41.97 89.77
SegFormer 77.15 49.22 153.89 136.66
SBFNet-0P-20E 74.55 44.89 29.18 92.71
SBFNet-0P-100E 76.15 48.37 29.18 92.71
SDSBFNet-0P-20E 75.35 46.36 29.85 93.30
SDSBFNet-0P-100E 75.84 47.24 29.85 93.30
MAE-SBFNet-50P-20E 77.84 50.30 29.18 92.71
MAE-SBFNet-50P-100E 77.84 50.30 29.18 92.71
MAE-SBENet-100P-20E 76.64 48.33 29.18 92.71
MAE-SBFNet-100P-100E 78.21 50.55 29.18 92.71
SDMAE-SBFNet-50P-20E 78.84 51.11 29.85 93.30
SDMAE-SBFNet-50P-100E 79.22 52.28 29.85 93.30
SDMAE-SBFNet-100P-20E 76.22 48.69 29.85 93.30
SDMAE-SBFNet-100P-100E 79.49 52.26 29.85 93.30

Note: “XP-YE” indicates X epochs of pretraining and Y epochs of fine-tuning (e.g., 0P means no pretraining, 50P
means 50 epochs of pretraining, and 100E means 100 epochs of fine-tuning). Bold indicates the best result among
all methods.

Table 5. Quantitative comparison of different models on the PRDLC-PRO dataset.

Model OA (%) mloU (%) FLOPs (G) Params (M)
UNet 89.30 63.58 124.58 13.40
PSPNet 87.91 62.04 59.22 46.71
DeepLabV3+ 88.41 64.13 56.58 40.52
SETR 83.71 56.82 41.97 89.77
SegFormer 85.14 57.98 153.89 136.66
SBFNet-0P-20E 73.33 35.96 29.18 92.71
SBFNet-0P-100E 85.18 57.58 29.18 92.71
SDSBFNet-0P-20E 76.47 42.50 29.85 93.30
SDSBFNet-0P-100E 85.68 58.83 29.85 93.30
MAE-SBFNet-50P-20E 84.74 55.17 29.18 92.71
MAE-SBFNet-50P-100E 88.69 64.77 29.18 92.71
MAE-SBFNet-100P-20E 83.16 54.57 29.18 92.71
MAE-SBFNet-100P-100E 88.42 63.44 29.18 92.71
SDMAE-SBFNet-50P-20E 83.99 51.56 29.85 93.30
SDMAE-SBFNet-50P-100E 88.28 66.57 29.85 93.30
SDMAE-SBFNet-100P-20E 81.99 49.88 29.85 93.30
SDMAE-SBFNet-100P-100E 87.98 66.61 29.85 93.30

Note: “XP-YE” indicates X epochs of pretraining and Y epochs of fine-tuning (e.g., 0P means no pretraining, 50P
means 50 epochs of pretraining, and 100E means 100 epochs of fine-tuning). Bold indicates the best result among
all methods.

(d) PSPNet () DeeplLabV3+ (f) SETR (9) SegFormer (h) MAE-SBFNet (i) SDMAE-SBFNet

I Background [ Building [ ] Road [l Water [0 Barren [ Forest [ Agriculture

Figure 10. Visual comparison of land cover mapping results on the LoveDA dataset. (a) Original
VHR image; (b) ground truth label; (c-i) prediction results from UNet, PSPNet, DeepLabV3+, SETR,
SegFormer, MAE-SBFNet-100P-100E, and SDMAE-SBFNet-100P-100E, respectively.
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(a) Image (b) Label (c) UNet (d) PSPNet (e) DeepLabV3+ (f) SETR (g) SegFormer (h) MAE-SBFNet (i) SDMAE-SBFNet
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Figure 11. Visual comparison of land cover mapping results on the DLRSD dataset. (a) Original
VHR image; (b) ground truth label; (c-i) prediction results from UNet, PSPNet, DeepLabV3+, SETR,
SegFormer, MAE-SBFNet-100P-100E, and SDMAE-SBFNet-100P-100E, respectively.

(a) Image (b) Label (c) UNet (d) PSPNet (e) DeepLabV3+ (f) SETR (g) SegFormer (h) MAE-SBFNet (i) SDMAE-SBFNet
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Figure 12. Visual comparison of land cover mapping results on the WHDLD dataset. (a) Original
VHR image; (b) ground truth label; (c-i) prediction results from UNet, PSPNet, DeepLabV3+, SETR,
SegFormer, MAE-SBFNet-100P-100E, and SDMAE-SBFNet-100P-100E, respectively.
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Figure 13. Visual comparison of land cover mapping results on the PRDLC-PRO dataset. (a) Original
VHR image; (b) ground truth label; (c-i) prediction results from UNet, PSPNet, DeepLabV3+, SETR,
SegFormer, MAE-SBFNet-100P-100E, and SDMAE-SBFNet-100P-100E, respectively.
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Across all four datasets, SDMAE-SBFNet demonstrated consistent outperformance
over baseline methods, with improvements ranging from 1.38% to 3.00% in OA and 0.24%
to 3.00% in mlIoU. These gains highlight its strong discriminative power and cross-scene
adaptability for VHR land cover mapping, which are attributed to the emphasis on high-
value and edge areas, as well as its robust scene-based feature extraction capability.

On LoveDA, which features complex urban-rural transition scenes, SDMAE-SBFNet-
100P-100E reached an OA of 71.53% and an mloU of 53.21%, surpassing PSPNet by 1.38%
and 0.24% and MAE-SBFNet by 2.19% and 2.87%, respectively. As can be seen in Figure 10,
our proposal produces the fewest missed detections for scattered buildings and small water
bodies, maintains superior road continuity and smoother boundaries, and achieves higher
internal consistency in forest and cropland regions.

In the dense small-object scenarios of DLRSD, SDMAE-SBFNet-100P-100E achieved
an OA of 72.22% and an mloU of 46.86%, while MAE-SBFNet-100P-20E dropped to 48.37%
in OA. SDMAE-SBFNet-100P-20E maintained an OA of 67.74%, demonstrating robustness
under limited fine-tuning. Figure 11 highlights the accurate boundary preservation and
geometric structure maintenance of our method in coastal, rural road, and oil facility scenes.

For the relatively homogeneous urban scenes in WHDLD, SDMAE-SBFNet-100P-100E
reached an OA of 79.46% and an mloU of 52.26%, exceeding UNet by 1.94% in mloU and
MAE-SBFNet by 1.71%. Our SDMAE-SBFNet achieves the fewest misclassifications for
the building and pavement, while also producing smooth boundaries and high spatial
consistency in these areas (Figure 12).

In the heterogeneous landscapes of PRDLC-PRO, our SDMAE-SBFNet-100P-100E
achieved the highest mloU of 66.61%, surpassing UNet and DeepLabV3+ by 3.00% and
2.44%, with OA remaining stable at 87.98%. Figure 13 demonstrates the robustness of
the SDMAE and SBFNet under illumination variations and shadow effects, with fewer
misclassifications and closer alignment with the ground truth, indicating adaptability to
complex imaging conditions and heterogeneous landscapes typical of the PRD.

Overall, SDMAE-SBFNet consistently surpasses MAE-SBFNet, reflecting the advan-
tages of pretraining with the VMask Strategy and Edge-Enhanced Loss, which enhance
feature discrimination and cross-scene generalization. Compared to Transformer-based
models such as SETR and SegFormer, which still exhibit edge fragmentation, and convolu-
tional models like UNet, PSPNet, and DeepLabV3+, which are prone to class confusion or
boundary blurring in complex scenes, SDMAE-SBFNet achieves more balanced segmenta-
tion, effectively reducing misclassification while preserving fine edge details. Pretraining
further elevates the performance ceiling and accelerates fine-tuning convergence, demon-
strating its critical role in achieving robust VHR land cover mapping.

4.3. Ablation Study

We conducted ablation studies to validate the effectiveness of our proposed SDMAE,
and the results are presented in Table 6. Generally, the introduction of either module
improves model performance to varying degrees. When the VMask Strategy and Edge-
Enhanced Loss are utilized simultaneously, the model achieves optimal results in both
OA and mloU, indicating a robust complementarity between the two modules in feature
modeling. This synergy likely arises because the VMask Strategy preserves high-value
object features critical for capturing dominant structures, while the Edge-Enhanced Loss
maintains edge features, enabling the model to learn both dominant contextual features
and fine features effectively. On the LoveDA dataset, the OA of the full model increases to
71.53% and the mloU to 53.21%, demonstrating that both modules significantly promote
the discriminative capability for multi-class geographical features in complex urban scenes.
The DLRSD dataset results show that the Edge-Enhanced Loss yields a more pronounced
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improvement in OA and mloU, reflecting the importance of edge information for VHR
aerial image classification. On the WHDLD dataset, the combination of both modules
further enhances the mloU, indicating that the model remains robust on datasets with
balanced class distributions. On the PRDLC-PRO dataset, after introducing the VMask
Strategy, the mloU improves from 63.44% to 66.47%, proving that this module remains
effective for fine-grained class discrimination within complex backgrounds. Moreover,
the performance gains brought by both modules are accompanied by only a marginal
increase in FLOPs and Params, embodying a favorable balance between performance and
computational efficiency.

Table 6. Ablation study of SDMAE on four datasets.

Edge-

Datasets VMask Enhafr;\ ced  OA (%) m(I)oU FLOPs Params

Strategy L (%) (G) M)
0ss

LoveDA X X 69.34 50.34 29.18 92.71
LoveDA X v 69.35 50.76 29.18 92.71
LoveDA v X 70.86 52.07 29.85 93.30
LoveDA v v 71.53 53.21 29.85 93.30
DLRSD X X 71.09 43.76 29.18 92.71
DLRSD X v 74.50 45.94 29.18 92.71
DLRSD v X 71.47 42.77 29.85 93.30
DLRSD v v 72.22 46.86 29.85 93.30
WHDLD X X 78.21 50.55 29.18 92.71
WHDLD X v 77.04 48.84 29.18 92.71
WHDLD v X 78.93 52.29 29.85 93.30
WHDLD v v 79.49 52.56 29.85 93.30
PRDLC-PRO X X 88.42 63.44 29.18 92.71
PRDLC-PRO X v 86.73 63.09 29.18 92.71
PRDLC-PRO v X 87.82 66.47 29.85 93.30
PRDLC-PRO v v 87.98 66.61 29.85 93.30

Note: “x” indicates the component is ablated and “v” indicates the component is included. Bold indicates the
best result of the ablation study.

Furthermore, we performed ablation experiments to assess the individual contribu-
tions of the SBMs and GSBMs within the SBENet, with detailed results provided in Table 7.
As the FBM serves as the backbone feature extraction component and cannot be omitted,
we evaluated the effects of adding the SBM and GSBM incrementally based on the FBM
baseline. Experimental results indicate that integrating either module consistently enhances
model performance, and the combination of all three modules yields the best results across
all four datasets. This improvement can be attributed to the complementary roles of the
modules, where the SBM strengthens the model’s ability to capture scene-level contextual
cues essential for interpreting complex land cover structures, while the GSBM supplies
global spatial context, facilitating the fusion of local details with broader semantic informa-
tion. For instance, on the LoveDA dataset, the full model attains 71.53% OA and 53.21%
mloU, significantly outperforming the FBM-only baseline. On the PRDLC-PRO dataset,
the inclusion of the SBM alone leads to a notable mloU gain from 62.89% to 65.01%, under-
scoring its utility in distinguishing fine-grained categories in heterogeneous backgrounds.
Importantly, these performance improvements are achieved with only a slight increase in
computational cost, demonstrating an effective trade-off between accuracy and efficiency.
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Table 7. Ablation study of SBFNet on four datasets.
Datasets FBM SBM GSBM  OA(%) mloU(%) | -ors  Pamams
G M)

LoveDA v X X 68.86 49.86 29.81 93.29
LoveDA v 4 X 70.38 51.95 29.82 93.29
LoveDA v X v 71.38 52.45 29.84 93.30
LoveDA v 4 v 71.53 53.21 29.85 93.30
DLRSD v X X 68.47 44.39 29.81 93.29
DLRSD 4 v X 69.92 46.51 29.82 93.29
DLRSD v X 4 68.51 45.92 29.84 93.30
DLRSD v 4 v 72.22 46.86 29.85 93.30
WHDLD v X X 77.24 50.55 29.81 93.29
WHDLD v 4 X 78.25 48.84 29.82 93.29
WHDLD v X v 77.94 52.29 29.84 93.30
WHDLD 4 v 4 79.49 52.56 29.85 93.30
PRDLC-PRO v X X 87.26 62.89 29.81 93.29
PRDLC-PRO v 4 X 87.86 65.01 29.82 93.29
PRDLC-PRO v X v 87.76 64.47 29.84 93.30
PRDLC-PRO v v v 87.98 66.61 29.85 93.30

Note: “x” indicates the component is ablated and “v” indicates the component is included. Bold indicates the
best result of the ablation study.

4.4. Evaluation of MR Mapping

The classification accuracy of the MR land cover mapping results, based on multi-
source remote sensing MR data and the random forest model, is presented in Table 8.
Overall, the model achieved an OA of 76.54% and a Kappa of 0.684 in the PRD. These
results indicate that the MR mapping results possess sufficient reliability, serving as a stable
source of prior information for subsequent fusion analysis.

Table 8. Accuracy assessment of MR land cover mapping using random forest model.

Class UA (%) PA (%)
Cropland 61.06 52.33
Forest 92.83 94.21
Grass 67.09 59.49
Shrubland 62.33 64.96
Wetland 67.37 76.33
Water 96.29 97.52
Impervious 85.25 84.69
Bare 82.29 85.70
OA (%) 76.54
Kappa 0.684

From the perspective of accuracy at the class level, the forest and water classes ex-
hibited the most prominent performance, with both UA and PA exceeding 92%. This is
primarily attributed to the high discriminability of these features within the multispec-
tral, SAR, and topographic feature spaces, combined with their strong spatial distribution
continuity. The classification accuracies for impervious and bare also remained at a high
level, reflecting the complementary advantages of multi-source MR remote sensing data in
identifying artificial surfaces and bare land.

In contrast, natural land surface types such as cropland, grass, and shrubland yielded
relatively lower accuracies, mainly constrained by the similarities in seasonal variations,
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management practices, and spectral characteristics among these classes. This phenomenon
is particularly evident in the discrepancies between PA and UA, indicating that MR map-
ping still encounters certain confusion within transitional land cover types. Nevertheless,
these results remain at a reasonable level for regional-scale land cover mapping and provide
stable, credible prior information for VHR mapping.

4.5. Performance of Decision-Level Bayesian Fusion

To evaluate the enhancement of mapping accuracy achieved by the proposed decision-
level Bayesian fusion, a quantitative comparative analysis was conducted between the
results based on the VHR model output (denoted as “VHR-only”) and the results integrated
with MR prior information (denoted as “Fusion”). The results are summarized in Table 9.
All results were obtained based on the PRDLC dataset.

Table 9. Quantitative comparison of land cover mapping performance before and after decision-level
Bayesian fusion on the PRDLC dataset.

‘CI)II_IIII; ) Cropland Forest Grass Shrubland Wetland Water Impervious Bare
Precision 0.945 0.979 0.921 0.805 0.684 0.925 0.929 0.907
Recall 0.920 0.985 0.805 0.842 0.869 0.908 0.951 0.860
F1 0.932 0.982 0.859 0.823 0.765 0.916 0.940 0.883
IoU(%) 87.27 96.44 75.22 69.93 61.98 84.56 88.63 79.04
OA(%) 95.37
mloU(%) 80.38
Fusion Cropland Forest Grass Shrubland Wetland Water Impervious Bare
Precision 0.892 0.981 0.922 0.802 0.721 0.969 0.941 0.898
Recall 0.927 0.988 0.816 0.845 0.861 0.933 0.939 0.866
F1 0.909 0.984 0.866 0.823 0.785 0.95 0.940 0.882
IoU(%) 83.34 96.93 76.34 69.93 64.56 90.54 88.63 78.81
OA(%) 95.99
mloU(%) 81.13

Note: Bold indicates the better result between VHR-Only and Fusion for each metric.

Generally, after the integration of MR prior information, the OA of the fusion results
increased from 95.37% to 95.99% and the mloU improved from 80.38% to 81.13%. This
indicates that the proposed fusion strategy enhances overall classification accuracy while
simultaneously improving the balance across various classes. The IoU for most land
cover classes exhibited an upward trend, with wetland and water showing the most
significant improvements. This suggests that the stable MR priors can effectively suppress
misclassifications by the VHR model in areas with noise or low discriminability, thereby
enhancing the classification performance.

For classes with distinct spatial structures, such as impervious and forest, the IoU
remained at high levels both before and after fusion. This demonstrates that the fusion pro-
cess does not adversely affect high-confidence classes, preserving the inherent advantages
of the VHR model. Notably, a marginal decline in metrics was observed for cropland, which
can be attributed to the interplay between the resolution constraints of the MR prior and
the inherent fragmentation of cropland landscapes. The coarser spatial resolution of MR
data often introduces mixed-pixel interference in small or geometrically complex patches,
slightly limiting the precision of the fusion in these transition zones. Nevertheless, this
slight trade-off is acceptable given the overall gains in consistency and error rectification.

Figure 14 presents a visual comparison of the mapping results in typical regions before
and after fusion. From the visual comparison of typical regions before and after fusion,
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it can be observed that for areas characterized by image mosaicking heterogeneity, the
fusion results effectively smooth the discontinuities at land cover boundaries and rectify
localized classification disorder. In regions with complex boundaries, such as grass and
shrubland, the fusion strategy ensures higher continuity and consistency of land cover
classes, resulting in clearer boundary delineations. Furthermore, in areas affected by clouds
and shadows, the fusion results perform significantly better than the standalone VHR model
in terms of mitigating noise and recovering information of obscured geographical features.
This further validates the effectiveness of the fusion strategy in handling localized image
interference and enhancing mapping stability. The visual evidence in Figure 14 confirms
that the framework’s primary strength lies in its ability to flip localized systemic errors into
correct predictions, which is crucial for the practical confidence of large-scale mapping.

(a) Image (b) Label (c) VHR Mapping (d) Fusion Mapping
Il Background I shrubland B Wwetland I Impervious
[_] Cropland [] Grass B Forest B water [ ] Bare

Figure 14. Visual comparison of land cover mapping results before and after decision-level Bayesian

fusion in typical regions. (a) Original VHR image; (b) ground truth label; (¢) VHR-only mapping
result; (d) fusion mapping result integrating MR data.
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In summary, our proposed decision-level Bayesian fusion based on non-parametric
statistics and the Bayesian prior framework successfully integrates the spatial detail capture
capability of a VHR model with the stable features of MR mapping. While maintaining
the fine-grained representation of geographical features, it significantly improves the
consistency and reliability of the overall classification results.

5. Discussion
5.1. Implications of the Decision-Level Bayesian Fusion

The decision-level Bayesian fusion we proposed integrates non-parametric statistical
testing with Bayesian priors, achieving a synergistic “macro-prior from MR and micro-
posterior from VHR” framework for multi-source remote sensing data. This aligns with the
paradigm of using coarse-resolution data as a context to guide fine-scale mapping [75,76],
while advancing it through a formal probabilistic fusion mechanism. This section elaborates
on the implications of this mechanism using the first example in Figure 14.

The upper part of Figure 15 displays (a) the original image, (b) the ground truth
label, (c) the VHR mapping result, and (d) the fusion mapping result. Due to clouds
and shadows in the VHR imagery, a well-documented source of error in optical remote
sensing classification [77,78], the VHR mapping result misclassified forest as water and
impervious. However, after incorporating the MR result as a stable prior, these errors were
completely corrected. The lower part of Figure 15 shows (e) the probability distributions
for three classes (forest, water, and impervious) in the three results. In the VHR mapping
result, the region marked by the left black box exhibits abnormally high probability for
water and correspondingly low probability for forest (the correct class) due to imaging
inconsistencies, leading to its misclassification as water. In contrast, the MR probability for
this erroneous class is significantly lower in this region, and its distribution is smoother
and more stable. After processing by the decision-level Bayesian fusion, the fusion result
shows an obvious increase in forest probability in the correct areas, while the probability
for the misclassified classes in the error-prone regions is effectively suppressed, thereby
achieving error correction.

The mechanism of the decision-level Bayesian fusion lies in the reconstruction and
harmonization of probability distributions, which is grounded in the Bayesian theory for
optimal information fusion under uncertainty [79]. The VHR semantic segmentation model
can capture fine spatial structures, but its predictions are susceptible to local illumination
conditions, shadow effects, and textural variations. This sensitivity often yields a proba-
bility distribution with a marked contrast between areas of high and low probability. In
comparison, MR remote sensing mapping, based on temporally stable spectral features and
SAR data, exhibits stronger spectral consistency and robustness against disturbances at the
regional scale, leading to a more balanced and stable probability distribution. Our proposal
introduces the MR mapping result as a prior constraint at the probability level. This com-
presses the VHR posterior probability into a more stable range, specifically by moderately
adjusting extreme probability values from the VHR result, leading to more cautious class
determinations. This mechanism can, to a certain extent, correct misclassifications caused
by VHR image heterogeneity, enhancing overall spatial consistency while preserving the
ability to express spatial detail.

One limitation of the decision-level Bayesian fusion is that it can only correct errors
within certain limits. Nevertheless, based on our test results, the decision-level Bayesian
fusion effectively mitigates systematic biases in VHR mapping, such as those caused by
clouds, shadows, anomalous illumination and image mosaicking heterogeneity. Further-
more, it delivers more stable classification outcomes, particularly in complex transitional
zones and along boundaries. This proves the practical advantage of the adaptive fusion
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strategy selection mechanism, which is driven by statistic and spatial consistency tests.
It preserves the fine-grained features of VHR results when the two maps are consistent

and utilizes decision-level Bayesian fusion to integrate the stable prior knowledge from
MR data with VHR data when significant inconsistency exists, thereby offering a novel
perspective for land cover mapping with multi-source remote sensing data.

(a) Image (b) Label (c) VHR Mapping (d) Fusion Mapping

Il Background Bl Forest Bl Water [ impervious
VHR Probability MR Probability Fusion Probability
"
.

Ajngeqoud ysalo4

Ajjigeqoud Jerepn

l
izé
:

Figure 15. Detailed illustration of the decision-level Bayesian fusion. Upper panel: (a) original
VHR image; (b) ground truth; (c) VHR-only mapping; (d) fusion mapping. Lower panel: (e) class
probability distributions (forest, water, and impervious) for VHR probability, MR probability, and
fusion probability. The black boxes highlight regions where VHR mapping errors are corrected

Ajjigeqold snoinsadw

(e) Procedure of Decision-level Bayesian Fusion

through fusion with stable MR probability.

5.2. Impact, Limitation and Future Work

The mapping framework proposed in this study, which integrates remote sensing
foundation models with multi-source data Bayesian fusion, achieved high OA and mloU in
the highly urbanized and complex landscape of the PRD. This underscores the framework’s
robustness in navigating the extreme spatial heterogeneity and fragmented land cover
patches characteristic of the PRD. Compared to baseline semantic segmentation methods
relying merely on VHR imagery, this approach demonstrates more stable mapping results
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with superior spatial consistency. While maintaining high precision, its key contribution
lies in significantly enhanced suppression of textural heterogeneity and systematic noise.

From a methodological perspective, this study makes three key contributions to VHR
land cover mapping under limited annotation. First, the proposed SDMAE pretraining
framework mitigates value heterogeneity and preserves boundary features through VMask
Strategy and Edge-Enhanced Loss, offering a foundation model explicitly optimized for
land cover mapping tasks. Second, the SBFNet explicitly models the inherent “pixel—-
object-scene” semantic hierarchy to enable effective multi-scale feature fusion. Third,
the decision-level Bayesian fusion integrates multi-source data via adaptive, distribution-
driven consistency tests, enhancing the robustness of land cover mapping.

The decision-level Bayesian fusion is not confined to multi-source remote sensing data
fusion but represents a general probabilistic modeling paradigm, analogous to Bayesian
approaches used in limited-sensor fusion [80] and spatiotemporal Bayesian modeling for
analyzing spatially structured relationships [81]. Any data source that can be expressed
probabilistically can be integrated. That is, existing knowledge or experience can serve
as prior information and newly acquired observations as posterior evidence, and the
model can be iteratively optimized through our proposal. This idea can be generalized to
various scenarios, such as temporal data updating, multi-sensor collaborative observation,
and cross-scale information fusion, providing a sustainable technique for uncertainty
quantification and knowledge accumulation in remote sensing information extraction.

Beyond the case study of the PRD, the framework proposed in this study offers
transferable insights for VHR land cover mapping in other complex regions facing similar
challenges. The emphasis on leveraging MR data as stable priors provides a practical path
for improving VHR mapping without a proportional increase in high-quality annotations
at the target resolution. Consequently, the effectiveness of the method should be evaluated
not only by the magnitude of accuracy gain but also by its capacity to maintain mapping
stability under data-constrained and high-noise environments.

Despite the aforementioned progress, several limitations remain in this study. A criti-
cal dependency of our framework is the thematic accuracy of the MR prior, as the Bayesian
fusion requires a reliable prior probabilistic baseline. The scale of the pretraining dataset
and the annotated segmentation samples remains limited by data availability and annota-
tion costs but could be expanded in future work. Additionally, the framework was only
compared against the MAE foundation model, as benchmarking against other outstanding
foundation models was not feasible due to the lack of publicly available implementations.
The mapping pipeline involves multi-stage modeling and multi-source fusion, resulting
in high computational complexity. Furthermore, the cross-regional transferability and
robustness of the proposed framework should be systematically tested in more regions.

Future work can proceed in the following directions. The decision-level Bayesian
fusion framework can be extended by incorporating more rigorous prior constraints and
multi-temporal observations to reduce reliance on a single prior source. Furthermore, it is
worth exploring how historical mapping results or time-series data can serve as dynamic
priors to enable continuous land cover monitoring and adaptive updating. Additionally,
the generalization capability of the method should be systematically evaluated across
more regions, and integration with emerging vision-language foundation models can be
explored to further reduce reliance on task-specific annotations.

6. Conclusions

This study conducted systematic research on VHR land cover mapping in the PRD.
We constructed a series of region-specific datasets and proposed a VHR land cover map-
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ping framework that combines remote sensing foundation models with multi-source data
Bayesian fusion. The main conclusions are as follows:

(1) Using Google Earth VHR optical imagery, we built PRD262K, a large-scale pretrain-
ing dataset for remote sensing foundation models in the PRD. Furthermore, we established
PRDLC-PRO, a semantic segmentation dataset containing 33,342 high-quality annotated
samples. Together with a newly developed point sample set, these resources establish
a multi-scale, complementary annotation system that underpins fine-scale land cover
mapping in the PRD.

(2) We proposed a VHR mapping framework that combines remote sensing foundation
models with scene-based feature decoding. By training a remote sensing foundation model
using the SDMAE for the PRD and integrating it with the specifically designed semantic
segmentation network SBFNet, the framework significantly improved the accuracy and
consistency of VHR land cover mapping.

(3) Based on statistic and spatial consistency tests and Bayesian probability modeling,
we introduced a decision-level Bayesian fusion framework. By incorporating the stability
of MR remote sensing as prior knowledge to guide the optimization of VHR posterior
results, this approach effectively mitigates classification errors in VHR imagery. It provides
a novel methodological perspective for multi-source remote sensing data fusion in land
cover mapping.
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Appendix A. Detailed Land Cover Classification System of PRDLC

To ensure the objectivity and reproducibility of the image annotation process, we
established a rigorous interpretation protocol for the eight-class system used in this study.
Our classification criteria and interpretation symbols are strictly aligned with the Globe230k
dataset [73] and the national standard of China (GB/T 21010-2017 [82]), which were then
adapted to the 1.19 m VHR imagery. The identification of each category relies on a com-
bination of spectral and spatial keys, including color, shape, texture, and site association.
For instance, forest and shrubland are distinguished not only by their spectral signatures
but also by their distinctive “popcorn-like” grainy textures and shadow heights in high-
resolution imagery. Table Al provides the formal definition and specific visual keys for
each class to facilitate the replication of our methodology.
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Table A1. Definition and interpretation symbols for land cover classification system of PRDLC.

Class Definition Interpretation Symbols
Color: Bright green to yellow-brown;
Cropland Areas for crop production Shape: Regular patches with clear boundaries;
Texture: Striated or uniform row patterns.
Color: Dark green;
Forest Land with >10% tree canopy cover  Shape: Irregular clusters;
Texture: Coarse, “popcorn-like” grainy appearance caused by tree crowns.
Herbaceous vegetation, mainly Color: Light or yellow1sh—g.r een
Grass rass Shape: Large patches or strips;
& Texture: Fine, smooth, and uniform and lacks the grainy texture of trees.
. . Color: Dull green;
Shrubland Perennlai;\rzl(())odyc{gzniz with low Shape: Scattered or clumped;
py closure. Texture: Rougher than grass but smoother than forest and lower height shadows.
Areas seasonally or permanentl Color: Dark green to brownish-black;
Wetland ﬂog de dp y Site: Adjacent to water or low-lying;
Texture: Mottled, mixed with water and vegetation.
Natural or artificial water bodies Color: Dz.irk blue to black (clear) or cyan (turbid);
Water (rivers, ponds) Shape: Linear or smooth polygons;
s Texture: Very smooth.
. Man-made surfaces (buildings, Color: Gray, Whl.te’ blue or terracc?tt:.i;
Impervious roads, runways) Shape: Geometric, sharp edges, distinct shadows;
’ 4 Texture: Smooth but structured.
Land with <10% vegetation (soil, Color: Brown, light gray, or white;
Bare sand, rock) Shape: Irregular;
! Texture: Earthy or grainy and often shows signs of human activity (e.g., construction).
Appendix B.

Figure A1. Examples of visualized results for the MAE. For each batch, (left to right), there is the

masked image, reconstructed image and original image, respectively.
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Table A2. Rules for constructing PRDLC-PRO including dataset contributions and label conversion.

PRDLC Globe230k OneEarthMap LoveDA WHDLD DLRSD
Original Converted Original Converted Original  Converted Original  Converted Original Converted

Class Label Class Label Label Class Label Label Class Label Label Class Label Label Class Label Label
Background 0 Background 0 0 Background 0 0 Background 1 0 Building 1 7 Airplane 1 0
Cropland 1 Cropland 1 1 Bareland 1 8 Building 2 7 Road 2 7 Bare soil 2 8
Forest 2 Forest 2 2 Rangeland 2 3 Road 3 7 Pavement 3 7 Buildings 3 7
Grassland 3 Grass 3 3 De:;;cglged 3 7 Water 4 6 Vegetation 4 0 Cars 4 0
Shrubland 4 Shrub 4 4 Road 4 7 Barren 5 8 Bare soil 5 8 Chaparral 5 4

Wetland 5 Wetland 5 5 Tree 5 2 Forest 6 2 Water 6 6 Court 6
Water 6 Water 6 6 Water 6 6 Agriculture 7 1 Dock 7 7
Impervious 7 Tundra 7 0 Agriculture 7 1 Field 8 1
land
Bare 8 Impervious 8 7 Building 8 7 Grass 9 3
surface
Bareland 9 8 Mobile 10 0
home

Ice/snow 10 0 Pavement 11 7
Sand 12 8
Sea 13 6
Ship 14 0
Tanks 15 0
Trees 16 2
Water 17 6

Sample contribution (number of images)

1-7370 7370-8810 8811-9538 9539-26,302 26,303-31,242 31,243-33,342
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Table A3. Composition and label conversion details of the MR sample set.
PRDLC-PRO SinoLC-1 CLCD Dynamic World Esri 10 GLC_FCS10 GLWD V2 GWL_FCS30
Class 1D Class 1D Class 1D Class 1D Class 1D Class 1D Class 1D Class 1D
' Open
Cropland 1 Traffic 1 Cropland 1 Water 1 Water 1 Cropland 11-20 water 1-7 Permanent 180
route areas R water
bodies
Forest 2 Tree cover 2 Forest 2 Trees 2 Trees 2 Forest 51-92 Lacustrine 8-9 Swamp 181
wetlands
Flooded
Grassland 3 Shrubland 3 Shrub 3 Grass 3 Vegeta- 4 Shrubland 121-122 Riverine 10-19 Marsh 182
tion wetlands
areas
Flooded Flooded
Shrubland 4 Grassland 4 Grassland 4 vegeta- 4 Crops 5 Grassland 130 Peatlands ~ 22-27 flat 183
tion
Wetland 5 Cropland 5 Water 5 Crops 5 Built 7 Tumdra 140 Coastal 28-31 Saline 184
areas wetlands
Bare Special Mangrov
Water 6 Building 6 Snow /Ice 6 Shrub&scrub 6 ground 8 Wetland ~ 181-187 ~ “Pecd 32-33 ANBTOVE 185
wetlands forest
areas
Barren and Built Imprevi Salt
Imprevious 7 sparse 7 Barren 7 v 7 Snow /ice 9 previous 191-192 a 186
. area surfaces marsh
vegetation
Snow and . Bare Bare .
Bare 8 . 8 Impervious 8 8 Clouds 10 150-200 Tidal flat 187
ice ground areas
Water 9 Wetland 9 Snow /ice 9 Rangeland 11 Water 210
areas
Premanent
Wetand 10 ice and 220
Snow
Moss and
lichen 12
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Table A4. Multi-source MR remote sensing features for the random forest model.

Data Source Features Calculation Formula
VV, VH -
Sentinel-1 Cr;s\s;?H 4;‘%’1{
4%
PoL Vi
B2-B5, B8-B9, )
B11-B12
NDVI ixgis
EVI e e v
savI RN
Sentinel-2 NDWI %
MNDWI B3I
Lswi B3
NDBI Bi785
1 A5
NDESI T
& s o
NASADEM DEM -
Slope -
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