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Abstract: Land cover classification using high-resolution Polarimetric Synthetic Aperture Radar
(PolSAR) images obtained from satellites is a challenging task. While deep learning algorithms have
been extensively studied for PolSAR image land cover classification, the performance is severely
constrained due to the scarcity of labeled PolSAR samples and the limited domain acceptance
of models. Recently, the emergence of the Segment Anything Model (SAM) based on the vision
transformer (VIT) model has brought about a revolution in the study of specific downstream tasks in
computer vision. Benefiting from its millions of parameters and extensive training datasets, SAM
demonstrates powerful capabilities in extracting semantic information and generalization. To this
end, we propose a dual-stream feature extraction network based on SAM, i.e., BSDSNet. We change
the image encoder part of SAM to a dual stream, where the ConvNext image encoder is utilized to
extract local information and the VIT image encoder is used to extract global information. BSDSNet
achieves an in-depth exploration of semantic and spatial information in PolSAR images. Additionally,
to facilitate a fine-grained amalgamation of information, the SA-Gate module is employed to integrate
local–global information. Compared to previous deep learning models, BSDSNet’s impressive ability
to represent features is akin to a versatile receptive field, making it well suited for classifying PolSAR
images across various resolutions. Comprehensive evaluations indicate that BSDSNet achieves
excellent results in qualitative and quantitative evaluation when performing classification tasks on
the AIR-PolSAR-Seg dataset and the WHU-OPT-SAR dataset. Compared to the suboptimal results,
our method improves the Kappa metric by 3.68% and 0.44% on the AIR-PolSAR-Seg dataset and the
WHU-OPT-SAR dataset, respectively.

Keywords: Polarimetric Synthetic Aperture Radar; land cover classification; Segment Anything Model

1. Introduction

Precise land cover classification data play a vital role in regional development, such as
natural resource management [1] and agricultural planning [2]. Numerous land classifica-
tion tasks have relied on conventional optical imagery [3]. Nevertheless, the acquisition of
high-quality optical images proves challenging due to weather-related limitations, such as
clouds and fog. In light of this, PolSAR imagery has emerged as a pivotal and innovative
data source for land classification. Capitalizing on its superior penetration capabilities
and the ability to measure backscattering irrespective of weather conditions, PolSAR has
emerged as a pivotal instrument for surmounting the limitations imposed by adverse
weather conditions. Nonetheless, the energy reflected from ground objects is impacted
by both the surface texture and nearby terrain features, its intrinsic morphology, and the
incidence angle of the PolSAR sensor [4]. These uncertainties constrain the classification ac-
curacy of PolSAR imagery in land cover classification tasks, particularly in complex terrain
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areas. This complexity poses challenges in the identification and regional quantification
of land cover features. Furthermore, the availability of datasets in the PolSAR domain is
limited, further impeding the development of object classification in the field.

Existing PolSAR land cover classification methods can be categorized into traditional
approaches [5,6] and deep learning methods [7–9]. Traditional classification methods
are predominantly designed based on statistical features of PolSAR data, such as the
Wishart distribution [10], etc. Xie et al. [5] introduced an enhanced Markov Random Field
(MRF) model that combines polarimetric features with spatial information from SAR
images using the Wishart distance and class confidence for interpreting polarimetric SAR
data. Mishra et al. [11] proposed a machine learning decision tree classifier for land cover
classification. Developed based on validated evidence and expert knowledge through
experimental validation, this classifier has specific classification rules for each class due to
their distinct scattering behaviors. However, these methods heavily rely on the accuracy
of statistical models. Furthermore, the complexity of parameter estimation in statistical
models, coupled with the complexity of land cover scattering, often leads to unsatisfactory
classification results across different PolSAR datasets. For the last few years, land cover
classification has seen a rise in the dominance of deep learning methods. This is attributable
to their remarkable ability to extract features. Considering the pervasive triumph of
convolutional neural networks (CNNs) in computer vision assignments, the majority of
the deep learning approaches for PolSAR land cover classification are founded on CNNs.
Zhou et al. [12] pioneered the use of a CNN with two convolutional layers and two fully
connected layers for PolSAR land cover classification. Mei et al. [13] developed a neural
network that contains several convolution layers (C-CNN) to assess its feature learning
capabilities. With the increasing demand for handling graph-structured data, the GNN
has gradually become a research hotspot, giving rise to numerous land classification
studies based on the GNN. Kavran et al. [14] proposed a spatio-temporal land cover
classification method based on graph neural networks. The updated approach now employs
a graph neural network as a multispectral image feature extraction network and utilizes
a convolutional neural network as the node classification model within its modular node
classification pipeline. Zhao et al. [15] proposed a U-shaped Object Graph Neural Network,
primarily composed of Self-Adaptive Graph Construction (SAGC), a hierarchical graph
encoder, and a decoder. By inputting depth features extracted from convolution and multi-
layer attention operations, it generates context-aware graph structures to predict land
cover types. Additionally, Fang et al. [16] proposed a fully convolutional network (FCN),
which exhibited an excellent classification performance. Subsequently, the emergence of
Unet [17] revolutionized land cover classification tasks, attaining a superior performance
across nearly all categories of land cover. The encoder–decoder framework remains widely
favored in current applications.

Owing to the limited scope of convolutional operations, it encountered challenges
in efficiently capturing overarching and distant semantic information, giving rise to the
application of transformers based on attention mechanisms [18]. Transformers have the
capability to extract spatially relevant information globally, thus providing flexible fea-
ture representation capabilities. Dong et al. [19] investigated the utilization of fewer VIT
layers for the classification of land use by poISAR. Encouraging outcomes from the SViT
underscored the effectiveness and viability of employing transformer architectures in the
realm of polSAR images. Wang et al. [20] employed a deeper vision transformer (VIT)
while addressing the challenge of insufficient data by pretraining the VIT backbone using a
masked autoencoder (MAE) [21]. Nevertheless, the utilization of the ViT’s global attention
mechanism substantially escalates the computational complexity and exhibits limited sen-
sitivity to the extraction of local features. The introduction of ConvNext adeptly reconciles
the strengths of convolution and the ViT. Achieving a performance comparable to the ViT,
ConvNext [22] markedly reduces the model’s parameter count.

The interpretation of SAR imagery poses unique challenges compared to optical
imagery, primarily due to the complex scattering mechanisms that introduce coherent
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speckle noise, causing difficulties in characterizing data features. These challenges result
in inadequate or challenging feature extraction, thereby hindering the achievement of
satisfactory classification accuracy. Recently, the introduction of the Segment Anything
Model (SAM) [23] based on the VIT has elevated the accuracy of semantic segmentation
tasks to a new level. Recent research indicates that it has shown impressive performances
across various downstream tasks, attributable to its robust generalization capabilities
and intricate architecture. This demonstrates its feasibility in PolSAR image land cover
classification tasks. To fully leverage the raw information from PolSAR images and enhance
the efficiency of feature extraction and utilization, we propose a dual-stream local–global
feature fusion network. Specifically, we adopt the SAM architecture as the backbone
framework, with a modification to its image encoder section to incorporate a dual-stream
encoder. One branch of the network employs a pure convolutional network, i.e., ConvNext,
to extract local features, preserving the local detailed texture characteristics of PolSAR
images. The other branch utilizes the VIT-based network inherent in SAM to extract
global features from PolSAR images, modeling global dependencies between regions.
Additionally, the low-rank adaptation (LoRA) [24] module is added to the transformer
architecture to enhance the lightweight nature of the model. Finally, a Separation-and-
Aggregation Gate (SA-Gate) [25] is employed to integrate features from both local and
global representations, facilitating multi-level data interaction.

Our main contributions are as follows:

• We propose a dual-stream local–global feature encoding network, BSDSnet. It uti-
lizes SAM as the backbone framework and consists of a ConvNext image encoder
dedicated to extracting local information and another VIT image encoder to capture
global features.

• We introduce a novel low-rank fine-tuning strategy, LoRA, specifically tailored to
approximate low-rank updates for the parameters within the VIT image encoder.
This innovative approach is designed to significantly reduce the parameter count,
effectively minimizing the computational overhead.

• We introduce the SA-Gate feature fusion module to achieve a precise integration of
both local and global information. This module comprises the Feature Separation (FS)
module, which calibrates single-stream features, and the Feature Aggregation (FA)
module, enabling dual-stream feature fusion.

The subsequent sections of this paper have the following structure: Section 2 presents
the specifics of the BSDSNet land cover classification algorithm. The test discourse is
provided in Section 3. The concluding remarks are encapsulated in Section 4.

2. Materials and Methods

Figure 1 illustrates the proposed BSDSNet. This network adopts a conventional
encoder–decoder architecture to accomplish the land cover classification task of PolSAR
through the extraction and fusion of local–global features. In this section, we first introduce
the encoder, composed of a dual-stream network, with one stream utilizing the ConvNext
edge feature extraction module for local information extraction and another employing a
SAM variant spatial feature extraction module for global information capture. Subsequently,
the SA-Gate module, introduced for the fusion of these two streams, is presented. Finally,
the structure of the decoder is detailed.
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Figure 1. Overall architecture of our proposed method, BSDSNet. The network consists of a dual-
stream encoder and single-stream decoder, with the ConvNext image encoder and VIT image encoder.
The feature fusion module of the network also includes the SA-Gate and mask decoder. The weight
parameters from the VIT image encoder are in a frozen state, while the ConvNext image encoder,
SA-Gate, and mask decoder parts are trainable.

2.1. Local Feature Extraction
2.1.1. Overview

Due to the influence of PolSAR imaging mechanisms, the generated images may
exhibit uneven brightness caused by multiplicative noise known as speckle noise. Speckle
noise is challenging to eliminate as it is multiplicative in nature. This noise can be more
pronounced in local regions, resulting in some areas being overly bright or dark [26]. To
address this issue, we choose to employ a ConvNext network that focuses on extracting
local features. This approach helps suppress or alleviate the impact of coherent speckle
noise, enabling the network to better handle local brightness variations.

2.1.2. ConvNext

The framework diagram of the ConvNext image encoder is illustrated in Figure 1. It
is designed based on the principles of the VIT and ResNet [27], constructing a network
entirely composed of standard ConvNet modules. This design reduces the number of
parameters and training data requirements compared to transformers while balancing
accuracy and scalability. The entire ConvNext image decoder processes the input SAR
image I ∈ RH×W×4 to generate a feature map containing rich local information. Specifically,
the first convolution layer transforms the input image into the feature map F ∈ RH×W×C.
Then, the feature mapping F is processed through an encoder architecture, with each archi-
tecture comprising four stages. Each stage contains a ConvNext block and a downsampling
operation. At each stage of the encoder, the image resolution is downsampled to one-half
by the convolutional groups layer and the number of channels is doubled.

A detailed diagram of a ConvNext block is shown in Figure 2. Each block comprises
three cascaded convolutions. The ConvNext block initially employs depthwise convolu-
tion [28]; the quantity of groups matches the quantity of channels. Depthwise convolution
mixes only along the spatial dimension and therefore has fewer parameters, thus signifi-
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cantly reducing the complexity and computational effort of the model. Subsequently, a layer
normalization (LN) [29] layer is incorporated to facilitate a rapid network convergence and
mitigate overfitting. Meanwhile, the second convolutional layer maps the feature vector
to 4 times the spatial size; this operation is referred to as the reverse bottleneck structure.
Then, the third convolutional layer reduces the information to the original spatial size.
This strategic operation is designed to enhance the network’s expressive capacity while
maintaining its lightweight characteristics [30]. Following the second convolutional layer,
there is a type of activation function known as GELU. Ref. [31] is introduced. In comparison
to ReLU [32], GELU is a smoother activation function, contributing to the stable propa-
gation of gradients. After the third convolutional layer, a layer scale is incorporated—a
fundamentally trainable parameter used for scaling channel data. Finally, the drop path
method is employed to reduce the coupling between features extracted by neurons and
branches, effectively preventing overfitting. The inclusion of a shortcut connection further
facilitates the training convergence.

Depthwise 
Conv2d 7×7

LayerNorm

GELU

Conv2d 1×1

Conv2d 1×1

Layer Scale

Drop Path

Figure 2. A flowchart of ConvNext block.

2.2. Global Feature Extraction
2.2.1. Overview

The regional information in PolSAR images exhibits variability, including factors such
as the topography and land cover. Employing a network that emphasizes global feature
extraction facilitates an enhanced adaptability to overarching background variations. This
approach improves the model’s versatility in accommodating diverse scenarios, thereby
bolstering the robustness of image processing. Recently, SAM’s outstanding semantic
segmentation performance and strong robustness across multiple scenes have made it an
indispensable method for processing images of diverse natural scenes. Having undergone
training on a comprehensive dataset of 11 million images and 1.1 billion masks, SAM
showcases a remarkable zero-shot performance in a spectrum of segmentation tasks. This
indicates its capability to learn from new datasets and effectively leverage “prompting”
techniques for novel tasks, even when having limited or no prior exposure to these tasks.
SAM exhibits the ability to generalize widely across images, making it particularly appeal-
ing for remote sensing applications. SAMed [33] inherits the notable image segmentation
performance of SAM and further refines segmentation boundaries. Additionally, by catego-
rizing each segmented region into distinct meaningful organizations, SAMed achieves a
thorough understanding of the semantic classes associated with each segmented area. This
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improvement in SAMed further enhances its compatibility with remote sensing image land
cover classification. Therefore, we opt to employ the SAMed model based on SAM, for the
extraction of global information from PolSAR images and land cover classification.

SAMed mainly consists of the following two components:

• A VIT image encoder. The VIT excels in capturing global features compared to
traditional CNNs. The VIT leverages the self-attention mechanism, enabling features
at each position to interact globally with other positions. This enables our method
to effectively grasp the overall contextual information within the image, rather than
solely focusing on local intricacies.

• LoRA. This is a low-rank adaptation method proposed by Microsoft, which compresses
feature maps to lower dimensions and then reflects them to the original dimension,
thereby reducing the computational overhead.

2.2.2. VIT Image Encoder

The process of extracting global features using the VIT is outlined as follows. Initially,
PolSAR images are segmented into multiple image blocks and embedded into feature
vectors through linear projection. This positional embedding approach enhances the VIT’s
perception of information at different locations in the image. Subsequently, the embedded
feature vector passes through a feature encoder that includes a multi-head self-attention
(MSA) mechanism and multi-layer perceptron (MLP) alternately. This facilitates the further
extraction of long-term relevant features in the image.

The VIT image encoder is comprised of transformer blocks, as depicted in Figure 3.
This constitutes a cascading module consisting of MSA blocks and MLP blocks. In each
transformer block, the input features undergo normalization through LayerNorm prior to
entering an MSA block. The MSA block functions similarly to the convolutional layers in
CNNs, capturing spatial features of the image by extracting remote interactions between
different image patches. The weighting information is obtained through the self-attention
(SA) mechanism within the MSA blocks. The feature embeddings between the patches are
then weighted and summed using these weights to obtain the interaction information.

M
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Figure 3. An overview of transformer block. MSA represents the multi-head self attention.

The SA block utilizes learnable linear matrices WQ, WK, and WV to map the embedded
features X of each image patch to vectors like the Q (query), K (key), and V (value).
Following this, the similarity between the vector Q (query) and the vector K (key) is
computed by scaling the dot product function. In this way, the weight of the interaction
between different image patches is generated, focusing on local input features.The output
is obtained by the weighted sum of the V vector. The SA module can be represented in
matrix form as follows:

Attention(X, Q, K, V) = so f t max
(

QKT
√

dk

)
V (1)

where Q = XWQ, K = XWK, and V = XWV are linear transformations using learnable
matrixes WQ, WK, and WV . dK is the dimension of the key vector. QKT represents the dot
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product between the vector Q and K matrices. The softmax function is applied along the
rows to obtain attention weights.

The MSA block is indeed composed of multiple SA heads running in parallel. Assum-
ing MSA has n attention heads and the input of the l-th MSA in the model is z(l−1), the
MSA will cut z(l−1) into n slices zi

(l−1), i = 1, ..., n. Each slice zi
(l−1) is processed with a

separate SA block. Subsequently, the outputs from the n attention heads are concatenated
and fused using linear projection WO. MSA can be represented as follows:

MSA
(

z(l−1)
)
=

[
SA1

(
z1

(l−1)
)

SA2

(
z2

(l−1)
)

SA3

(
z3

(l−1)
)

SA4

(
z4

(l−1)
)]

WO (2)

MSA attains a unified representation of self-attention across diverse perspectives,
effectively harnessing the correlations within the embedded data. In the transformer block,
after applying MSA to the embedded vectors, layer normalization and transformation are
further performed through an MLP block. The MLP consists of two linear transformations
and an activation function, which performs a nonlinear transformation on the feature vector.
The vector dimension of the intermediate layer is L · rMLP, where rMLP is a predefined
scaling factor. Therefore, for the input of each layer, it can be simplified to the following
formula after processing by a transformer:

z(l) = MLP
(

LN
(

MSA
(

LN
(

z(l−1)
))))

(3)

2.2.3. LoRA

We utilize the pretrained parameters in SAM, so the parameters associated with
the VIT image encoder will be frozen and cannot be updated. This approach helps to
avoid difficulties in the retraining and convergence of the entire SAM due to limited data.
Additionally, it alleviates the computational resource pressure.

LoRA [24] assumes that when dealing with encoded token sequences E ∈ RB×N×Cin

and the output Ê ∈ RB×N×Cout from a projection layer W, updates to the projection layer
should be gradual and stable. To achieve this, it recommends using a low-rank approxi-
mation to describe the gradual updating process. The low-rank approximation is a mathe-
matical technique that reduces matrix complexity while preserving crucial information. It
helps smoothly adjust the projection layer’s parameters for incremental and stable updates.
The utilization of LoRA is illustrated in Figure 4. It involves freezing the transformer layer
to maintain the stability of W. Simultaneously, bypasses are introduced in the projection
layers Q and V to accomplish low-rank approximation. As the MSA determines the regions
to focus on based on cosine similarity, LoRA influences attention by being utilized on the
projection layers.

K

Q

Image 
Tokens

Softmax

Output

V

LoRA

LoRA

Figure 4. A flowchart of LoRA. Adding LoRA to the Q layer and V layer of the transformer.

These bypasses encompass two linear layers, denoted as LA and LB. The treatment of
the updated layer W can be described as follows:
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Ê = ŴE,
Ŵ = W + ∆W = W + LALB.

(4)

The processing strategy for multi-head self-attention will transform into the following
procedure:

Attention(X, Q, K, V) = so f t max
(

QKT
√

dk
+ B

)
V (5)

where
Q = ŴqE = WqE + LAqLBqE,
K = WkE,
V = ŴvE = WvE + LAvLBvE.

(6)

and where Wq , Wk, and Wv are derived from the frozen projection layers of SAM and LAq,
LBq, LAv, and LBv are trainable LoRA parameters.

2.3. SA-Gate

To ensure a better fusion of the features obtained from the dual-stream image encoder,
we do not directly concatenate multimodal features using a channel-wise concatenation
approach for feature fusion. Instead, we employ the SA-Gate module for this purpose. The
SA-Gate module, illustrated in Figure 1, consists of two components: Feature Separation
(FS) and Feature Aggregation (FA) parts.

To mitigate the propagation of error information during the aggregation of local–global
features, we opt to employ FS to filter out noise signals in local regions. Initially, FC and FT
are integrated through channel concatenation, followed by global average pooling.

I = pooling(FC ∥ FT) (7)

where ∥ represents the concatenation of feature mappings, pooling denotes global average
pooling, and I = (I1, ..., Ik, ..., I2C) is a cross-modal global descriptor utilized for collecting
expressive statistical information across the entire input.

Then, attention vectors WC and WT are obtained using MLP network.

WC = σ(FMLP(I))
WT = σ(FMLP(I))

(8)

where FMLP denotes the MLP network and σ denotes the sigmoid function scaling the
weight value into (0, 1).

By performing channel-wise multiplication of the input features FC and FT and atten-
tion vectors WC and WT , we obtain filtered feature maps with reduced noise, denoted as
FilterC and FilterT .

FilterC = FC ⊗ WC
FilterT = FT ⊗ WT

(9)

The filtered features are pixel-wise summed with the original features to yield the
calibrated feature vector.

RecC = FilterC + FC
RecT = FilterT + FT

(10)

To fully exploit the complementary nature of local–global features, it is necessary to
perform a complementary aggregation of cross-modal features at specific spatial locations
based on their feature capabilities. In the initial stage, the features of these two mappings
are merged through concatenation at specific spatial positions. Following this, we establish
two mapping functions to link high-dimensional features to two separate spatial gates,
utilizing 1 × 1 convolutions to execute these mapping functions.

FC : Fconcat → GC
FT : Fconcat → GT

(11)
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where GC and GT are the spatial-wise gate for FC and FT feature maps, respectively.
A softmax function is applied to both gates:

A(i,j)
C = eG(i,j)

C

eG(i,j)
C +eG(i,j)

T

,

A(i,j)
T = eG(i,j)

T

eG(i,j)
C +eG(i,j)

T

,

A(i,j)
C + A(i,j)

T = 1.

(12)

G(i,j)
C and G(i,j)

T represent the weight factors corresponding to the position of the feature
maps FC and the FT . The final feature fusion result M is obtained by the weighted sum of
FC and FT .

Mi,j = F(i,j)
C · A(i,j)

C + F(i,j)
T · A(i,j)

T (13)

where M represents the final input features for our mask decoder.

2.4. Decoder

The decoder section includes the mask decoder and the prompt decoder. As our input
lacks bounding boxes or textual prompts, the prompt decoder is set to default embedding.
In the previous section, Section 2.2.3, it is mentioned that the parameters of the transformer
image encoder are initialized using the pretrained parameters of SAM, and they are not
fine-tuned. Therefore, only the mask decoder undergoes training.

The mask decoder deterministically predicts each semantic class of X. Assuming
there are n classes for segmentation, including one background class and n − 1 classes
corresponding to each meaningful entity, the mask decoder simultaneously predicts n
semantic masks Ŝl ∈ Rh×w×k, corresponding to each semantic label. Finally, the generated
predicted segmentation map is obtained as follows:

Ŝ = arg max
(
so f t max

(
Ŝl , d = −1

)
, d = −1

)
(14)

where d = −1 indicates the softmax and argmax operations performed across the
last dimension.

2.5. Loss Function

For training the model, our preference is the classical cross-entropy loss function.
Widely employed in classification tasks, it defines the separation between the predicted
and true probability distributions. This definition is encapsulated in the following formula:

Loss = −∑K
i yi · log(ŷi) (15)

where yi represents the true probability distribution for class i and ŷi represents the pre-
dicted probability distribution for class i.

2.6. Quantitative Analysis

To quantitatively assess our method’s performance, three widely used metrics are
utilized: the OA, Kappa, and IoU. The OA gauges the percentage of accurately classified
pixels across the complete dataset. Computed as the ratio of correctly classified pixels
(true positives and true negatives) to the total pixel count, it provides an indication of
classification precision.

OA =
TP + TN

TP + TN + FP + FN
(16)

where TP, TN, FP, and FN represent true positive, true negative, false positive, and false
negative, respectively.
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The Kappa is a statistical measure, used to ensure the correct classification of small
categories in the dataset and ensure the balance of the method. It provides a normalized
accuracy score.

Kappa =
(P0 − Pe)

1 − Pe
(17)

where P0 represents the proportion of correct classifications for each category among all
samples. Assuming the true sample counts for each class are a1, a2, ..., an and the predicted
sample counts for each class are b1, b2, ..., bn, with a total sample count of n, then Pe is
calculated as follows: pe = (a1 × b1 + a2 × b2 + ... + an × bn)/(n × n).

The IoU measures the overlap between predicted and true pixel masks. It is calcu-
lated as the intersection of the predicted and true positive areas divided by the union of
their areas.

Iou =
Pr e ∩ GT
Pr e ∪ GT

(18)

where Pre represents predicted value and GT represents the ground truth.
The mIoU is defined as the average of the IoU values between each Pr e and GT across

all pixels in an image.

mIoU =
1
C ∑c

1 IoUC (19)

where C is the total number of classes.

3. Results
3.1. Training Settings and Data Description

Utilizing the PyTorch framework, our proposed method operates with Python 3.8.8,
the version of Torch is 1.13.0, and the version of CUDA is 11.7. The training process
involves 60 rounds with an initial learning rate of 1.0 × 10−4 To enhance the computational
efficiency, all experiments are executed on a GPU. Network parameter optimization is
achieved through the Adam optimizer [34].

To comprehensively demonstrate the performance of the network, we choose two
widely used land cover classification datasets for evaluation.

(1) AIR-PolSAR-Seg [35]: The dataset was produced by the Chinese Academy of
Sciences and is based on images taken by the Gaofen-3 satellite in the full-polarization
strip mode. The spatial resolution of these image data is 8 m, covering a selected area of
9082 × 9805 pixel images and 2000 512 × 512 pixel images. We used the latter part. The
image includes four polarization modes: HH, HV, VV, and VH. The ground truth values
are illustrated in Figure 5. For experimental convenience, four patches were cropped from
the original image data, each measuring 256 × 256. Each final image is composed of four
polarization images. Therefore, the total number of image patches is 8000.

There are six categories in total: industrial zones, natural features, land utilization
areas, water bodies, miscellaneous (other) areas, and residential (housing) zones, which
can be used for various types of tasks, such as large scene terrain classification, water body
segmentation, and building extraction. The labels of truth values and color coding are
displayed in Figure 5. Since land use areas and other areas account for a small proportion,
no statistics were conducted in this experiment. To ensure as much consistency as possible
between the data distributions of the training and testing sets, a random selection process
was employed where 80% of the image patches were chosen for the training set, leaving
the remaining 20% to comprise the test set.
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Figure 5. Examples of various images from the AIR-PolSAR-Seg dataset: (a) image of HH polarization
method; (b) image of HV polarization method; (c) ground truth; (d) image of VH polarization method;
(e) image of VV polarization method; (f) the corresponding optical image; (g) color representation of
different categories.

(2) WHU-OPT-SAR [36]: The WHU-OPT-SAR dataset was released by Wuhan Uni-
versity and contains 38 SAR and optical image pairs, which were acquired through the
GF-3 fine strip II. Each image measures 5556 pixels in width and 3704 pixels in height. Each
pair of images has a corresponding feature category annotation. In order to facilitate the
experiment, we partitioned all images into multiple smaller images of 256 pixels in length
and width, allocating them to training and test sets in an 8:2 ratio. An included image is
shown in Figure 6. The region exhibits a subtropical monsoon climate, ranging from a
minimum elevation of 50 m to a maximum elevation of 3000 m. This dataset encompasses a
wide range of remote sensing images capturing diverse topographies and vegetation types.
It includes seven main categories, namely farmland, city, village, water, forests, road, and
others. Figure 7 provides examples of these primary categories.

Figure 6. The details of the WHU-OPT-SAR dataset: (a) location of image collection area; (b) the
specific distribution of images in the region.



Remote Sens. 2024, 16, 1150 12 of 18

Figure 7. Examples of every category in the WHU dataset.The top part displays common scenes of
the dataset, while the bottom part includes optical images, near-infrared images, SAR images, and
annotations from left to right.

3.2. Land Cover Classification Experiments
3.2.1. Comparative Baselines

Within this paper, our proposed method is juxtaposed against several standard seman-
tic segmentation algorithms for comparative evaluation:

• SwinUnet [37]: This method utilizes a Unet-inspired pure transformer for medical
image segmentation. It incorporates image patches into a U-shaped encoder–decoder
architecture based on transformers, enabling the acquisition of local–global seman-
tic features.

• SegNet [38]: A comprehensive fully convolutional neural network structure, consist-
ing of an encoder network paired with a decoder network; the architecture culminates
in a layer to classify. SegNet introduces a noteworthy innovation by employing
upsampling in its decoder to handle lower-resolution input feature maps.

• TransUnet [39]: A method that merits both transformers and U-Net, called TransUnet.
The transformer processes input sequences derived from CNN-encoded feature maps
for global context extraction. Simultaneously, the decoder upscales the encoded
features and integrates them with high-resolution CNN feature maps to attain accu-
rate segmentation.

• DANet [40]: This approach employs a dual-stream network, extracting features inde-
pendently from SAR and optical images. It models semantic interdependencies on
both spatial and channel dimensions by attaching two types of attention modules to
the expanded fully convolutional network (FCN).

• EncNet [41]: An approach that captures the semantic context of the scene by introduc-
ing a context encoding module and selectively highlighting feature maps dependent
on the class dependencies.

• Deeplabv3 [42]: A DeepLabv3 network with an encoder–decoder structure is proposed.
DeepLabv3 is utilized for encoding rich contextual information, and a simple, effective
decoder is employed to recover object boundaries.
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• UnetFormer [43]: The method proposed a transformer-based decoder featuring an
efficient global–local attention mechanism known as the global–local transformer
block (GLTB), tailored for real-time urban scene segmentation.

• LSKNet [44]: The method proposed a rotating frame target detection algorithm for
remote sensing images. This algorithm dynamically adjusts its large spatial sensing
field to better model scenarios for ranging various objects in remote sensing scenes.

3.2.2. Comparison Experiments

To assess the capabilities of different land cover classification algorithms, we select five
scenarios to observe the visualization and quantitative test results, as shown in Figure 8. It
can be clearly observed that the continuity of ground object edges in other algorithms is
inferior, leading to severe pixel confusion. Moreover, these algorithms generate a significant
number of errors in the classification of natural, industrial, and water images. In contrast,
our proposed method exhibits smaller misclassification areas and achieves more accurate
detection in edge regions. Table 1 shows that the OA, Kappa, and F1 increase by 1.28%,
0.16%, and 0.58%. For nature and water, our method considerably boosts the performance
with the Iou increasing by 3.76% and 0.8%, respectively. Additionally, our approach demon-
strates strong robustness in accuracy across all categories. While it may not achieve an
optimal performance in the industrial and housing categories, its overall accuracy remains
the highest. This is attributed to its avoidance of an exceptionally poor performance in any
specific category and maintaining an appropriate balance in accuracy across all categories.
In contrast, SwinUnet, TransUnet, and DANet exhibit significant discrepancies in accuracy
among various categories, particularly in the nature class, highlighting poor robustness.

Table 1. Results of metric values for each comparison experiment on the AIR-PolSAR-Seg dataset.
The bold and italic entries indicate the optimal and suboptimal results.

Method OA Kappa mIou F1
Iou

Industrial Natural Water Housing

SwinUnet 43.49 26.37 32.40 43.32 13.21 5.8 73.44 37.14
LSKNet 45.97 25.91 35.88 44.77 33.36 1.6 86.13 22.45
SegNet 52.25 33.30 41.57 51.85 32.57 0.64 83.28 49.78

UnetFormer 61.02 49.43 49.35 59.95 36.49 6.61 81.89 72.42
TransUnet 68.67 51.26 47.32 58.38 58.22 2.5 77.73 50.81

DANet 70.84 58.21 53.23 62.35 55.61 3.21 95.67 58.43
EncNet 73.92 63.32 59.20 67.90 66.67 17.18 99.05 53.92

Deeplabv3 70.57 59.80 56.45 69.32 65.17 14.33 85.66 60.62
Ours 75.20 63.48 58.79 69.90 64.38 20.94 99.85 50.01

To further assess the effectiveness of our proposed algorithm, we selected areas with
complex land cover. Six diverse terrain scenes were chosen, as depicted in Figure 9.
The land masks generated by our proposed method exhibit a superior edge continuity,
notably outperforming in depicting challenging categories, such as farmland and water.
This superiority may stem from our method’s ability to fully exploit critical semantic
information distinguishing farmland and water, independent of surface visual features.
The method integrates these insights at higher levels, leading to more accurate classification
results. Quantitative evaluation results are summarized in Table 2, demonstrating notable
advancements in metrics for our proposed method. The OA, Kappa, mIoU, and F1 have
shown improvements of 0.2%, 0.34%, 1.11%, and 1.27% respectively. Notably, our method
exhibits substantial gains in the IoU for specific classes, including farmland (1.85%), village
(2.56%), water (2.6%), and other categories (3.6%). It is noteworthy that our algorithm
maintains a high level of accuracy across all classes without exhibiting extreme deficiencies.
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Table 2. Results of metric values for each comparison experiment on the WHU-OPT-SAR dataset.
The bold and italic entries indicate the optimal and suboptimal results.

Method OA Kappa mIou F1
Iou

Farmland City Village Water Forest Road Others

SwinU 70.53 57.80 34.04 45.84 56.22 30.84 32.87 32.64 77.27 6.04 2.42
LSKNet 69.82 55.95 30.57 41.61 56.17 26.63 24.92 18.01 78.08 5.53 4.64
SegNet 73.21 60.51 36.00 48.85 59.35 29.55 36.03 27.76 77.88 15.48 5.93
UnetF 70.54 58.65 35.65 48.21 59.84 27.41 36.26 35.19 75.33 10.08 5.46
TransU 73.40 61.87 38.09 47.28 61.22 32.49 36.15 33.01 77.82 15.63 9.88
DANet 69.18 56.82 34.31 45.04 61.09 26.41 34.62 23.71 74.61 12.82 6.92
EncNet 73.67 61.73 35.34 51.50 63.72 25.33 32.88 32.46 78.70 10.67 3.64
Deepl3 73.59 62.33 38.44 51.98 62.46 29.01 38.76 32.67 77.96 15.43 12.82
Ours 73.87 62.67 39.55 53.25 59.87 34.34 41.32 35.61 78.36 10.94 16.42

The latest baseline models, UnetFormer and LSKNet, exhibit suboptimal performances
on the aforementioned datasets. UnetFormer relies on a transformer architecture, empha-
sizing global attention mechanisms. However, due to the intricate nature of SAR images,
a local attentional network like a CNN may yield superior results. LSKNet is designed
for directed target detection, focusing on entire targets rather than individual pixel points,
leading to less satisfactory outcomes in segmentation tasks.

GT TransUnet DANet ENCNet DeepLabv3 Ours

industrial Natural Water Housing

SAR

AIR-PolSAR-Seg  Dataset

Figure 8. Land cover classification results for different comparison experiments on the AIR-PolSAR-
Seg dataset. From left to right, each column represents PolSAR, ground truth, and comparison results
of TransUnet, DANet, ENCNet, DeepLabV3, and our model.
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GT OursSAROPT DANet SegNet TransUnet EncNet DeepLab UnetFormer LSKNet
farmland city village water forest road other

Figure 9. Land cover classification results for different comparison experiments on the WHU-OPT-
SAR dataset. From left to right, each column represents PolSAR, ground truth, and comparison
results of our model, DANet, SegNet, TransUnet, ENCNet, DeepLabV3, UnetFormer, and LSKNet.

3.2.3. Ablation Analysis

To assess the efficacy of the principal components within the BSDSNet proposal, we
performed ablation studies on the WHU-OPT-SAR dataset. Specifically, we conducted
experiments on every single component (i.e., the ConvNext image encoder, VIT image
encoder, the SA-Gate module) and their combinations. Detailed results of the ablation
studies are presented in Table 3, indicating that each component within the BSDSNet
framework makes a positive contribution to the overall outcomes. Figure 10 presents the
corresponding visual results, providing additional validation of the effectiveness of each
key module.

The network is a pure SAM when only the VIT image encoder is employed. Evaluation
metrics indicate that SAM encounters ill-posed challenges in land cover classification tasks
due to the distinctive imaging mechanism inherent in SAR. Moreover, the integration of the
ConvNext branch substantially elevates the metrics, substantiating the indispensability of
local–global feature extraction. At this stage, the absence of the SA-Gate module results in
the sole utilization of the concatenate operation for merging local–global features. Further-
more, the introduction of the SA-Gate module optimally aligns the metrics to their peak
values, affirming the efficacy of accurately amalgamating multi-scale features.

Table 3. Ablation experiment of BSDSNet network with and without the use of VIT image encoder,
ConvNext image encoder, and SA-Gate. The bold indicates the optimal results.

VIT ConvNext SA-Gate OA Kappa mIou F1
✓ × × 68.50 55.00 32.60 44.78
✓ ✓ × 71.10 58.82 35.38 49.25
✓ ✓ ✓ 73.87 62.67 39.55 53.25
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farmland city village water forest road other

GT

Ours

SAR

Ours_No
SAGate

Ours_No
ConvNext

OPT

Figure 10. Land cover classification results for ablation experiment on the WHU-OPT- SAR dataset.

4. Discussion

Recently, deep learning, benefiting from its powerful data feature extraction capability, has
found widespread applications in land cover classification tasks in the remote sensing domain.
It achieves this by constructing multi-layered networks to extract high-dimensional features and
uncover abstract spatial and semantic features from the data, thereby enabling the processing of
complex datasets. We evaluate its performance by using two different datasets and compare
the results with various other methods. In recent years, the emergence of SAM has propelled
the development of semantic segmentation forward significantly. SAM demonstrates powerful
capabilities in extracting semantic information and generalization. Therefore, we choose to
directly apply it to our network architecture. We believe that, in the near future, architectures
based on SAM will play a crucial role in advancing remote sensing. Additionally, many existing
deep learning methods directly concatenate SAR and optical image channels to achieve data
fusion. However, this approach fails to effectively fuse the features of both modalities due to
their differing imaging mechanisms. Therefore, based on the characteristics of multimodal data,
we design a dual-stream encoder network to better extract specific multimodal features. We
utilize SA-Gate to fuse multimodal features from multiple dimensions. Multimodal feature
fusion poses a significant challenge as existing research cannot directly evaluate the fusion status
of features from both modalities.

5. Conclusions

Within this paper, we propose a dual-stream network for extracting features based
on SAM for land cover classification. We extend SAM’s image encoder to change it to a
dual stream as a way to extract local–global features of PolSAR. Our method has a more
powerful feature extraction capability to extract more fine-grained texture features and
semantic information of PolSAR to improve the accuracy of the land classification task.
Subsequently, an SA-Gate module is proposed to realize the fully effective complementary
interaction of multi-scale information. Experiments involving both comparisons and abla-
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tions were executed on the AIR-PolSAR-Seg and WHU-OPT-SAR datasets. Findings from
the comparative experiments underscore the method’s superiority over alternative deep
learning PolSAR land cover classification approaches. Ablation experiments systematically
explored the impact of each primary component on the classification performance, affirm-
ing their substantive contributions. In the future, fusion methods for multi-scale features
can be further explored and the model can be applied to more complex classification tasks.
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