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Abstract: Cropland is a fundamental basis for agricultural development and a prerequisite for
ensuring food security. The segmentation and extraction of croplands using remote sensing images
are important measures and prerequisites for detecting and protecting farmland. This study addresses
the challenges of diverse image sources, multi-scale representations of cropland, and the confusion
of features between croplands and other land types in large-area remote sensing image information
extraction. To this end, a multi-source self-annotated dataset was developed using satellite images
from GaoFen-2, GaoFen-7, and WorldView, which was integrated with public datasets GID and
LoveDA to create the CRMS dataset. A novel semantic segmentation network, the Global-Local
Context Aggregation Network (GLCANet), was proposed. This method integrates the Bilateral
Feature Encoder (BFE) of CNNs and Transformers with a global-local information mining module
(GLM) to enhance global context extraction and improve cropland separability. It also employs a
multi-scale progressive upsampling structure (MPUS) to refine the accuracy of diverse arable land
representations from multi-source imagery. To tackle the issue of inconsistent features within the
cropland class, a loss function based on hard sample mining and multi-scale features was constructed.
The experimental results demonstrate that GLCANet improves OA and mloU by 3.2% and 2.6%,
respectively, compared to the existing advanced networks on the CRMS dataset. Additionally,
the proposed method also demonstrated high precision and practicality in segmenting large-area
croplands in Chongzhou City, Sichuan Province, China.
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1. Introduction

As the global population grows, protecting and utilizing cropland resources faces
unprecedented challenges [1,2]. Strengthening the acquisition and protection of cropland
information, enhancing agricultural efficiency, and promoting scientific land use are vi-
tal strategies for food security and addressing the global food crisis. For example, in
China, with its vast but unevenly distributed cropland, traditional ground-based statistical
methods for data collection are often time-consuming and costly [2,3]. Monitoring the
conversion of cropland to non-agricultural and non-cereal land is crucial. Using remote
sensing images for multi-class land cover segmentation helps enable the future change de-
tection and monitoring of land use transformations. The GaoFen and WorldView satellites
offer high-resolution Earth observation imagery, supporting diverse applications like urban
planning and environmental monitoring. For example, GaoFen focuses on large-scale
optical and radar data, while WorldView provides ultra-high-resolution imagery, reaching
up to 30 cm, ideal for detailed mapping and precise analysis. However, the extensive
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coverage, diverse appearances, and complex classifications of croplands lead to significant
variations in semantic features, complicating extraction processes [4,5]. To address these
challenges related to scale, color, and texture variability in remote sensing imagery, a deep
learning-based semantic segmentation method is needed to integrate local features with
the global context of the remote sensing images.

In recent years, deep learning-based semantic segmentation methods leveraging convo-
lutional neural networks have seen substantial advancements. SegNet [6] utilizes a pooling
index mechanism to more precisely restore positional information during the upsampling
stage, thereby enhancing segmentation accuracy. UNet [7], with its U-shaped architec-
ture and skip connections, preserves image details and has demonstrated exceptional
performance, particularly in medical image segmentation. PSPNet [8] and Deeplabv3+ [9]
improve the understanding of complex scenes by aggregating multi-scale contextual infor-
mation through pyramid pooling and atrous spatial pyramid pooling (ASPP). Models such
as HRNetV2 [10], D-LinkNet [11], and Eff-UNet++ [12] have further improved segmenta-
tion accuracy and feature extraction capabilities through enhanced network architectures
and convolutional strategies. Additionally, for very high-resolution (VHR) remote sensing
images, studies [13,14] have specifically designed modified U-Net architectures, which,
by incorporating refined skip connections and an atrous spatial pyramid pooling (ASPP)
module, effectively enhance segmentation accuracy and edge-handling capabilities.

In addition, Transformer architecture has become a key focus in the current research
on deep learning for semantic segmentation tasks. The self-attention mechanism in Trans-
former models [15] enables capturing dependencies between any two points within a
sequence while allowing for efficient parallel computation. In 2020, Transformers were first
applied to computer vision; the Vision Transformer (ViT) demonstrated exceptional per-
formance in image classification tasks by segmenting images into patches and processing
them as 1D sequences. Following this, researchers began to explore ViT’s application in
semantic segmentation. Given that semantic segmentation requires classifying every pixel
in an image, it demands strong spatial understanding and sensitivity to details from the
model. Segmenter [16] combines Transformer encoder and decoder structures to leverage
its global information processing capabilities for precise pixel-level predictions. Swin
Transformer [17] incorporates a hierarchical structure and window-based self-attention
mechanism to effectively handle multi-scale characteristics, exhibiting impressive per-
formance in semantic segmentation. Moreover, several studies [18-20] have integrated
Transformers with U-Net structures, enhancing the model’s capability to understand and
process complex scenes.

The rapid development of deep learning techniques has also significantly advanced
research in the field of cropland information extraction from remote sensing data. Numer-
ous studies [21-26] have demonstrated the effectiveness of deep learning-based models
for remote sensing information extraction, showing marked improvements in land cover
classification and feature extraction [27-30], thereby enhancing the semantic segmentation
of remote sensing images. Wang et al. [31] proposed the UNet-former model, which inte-
grates the UNet structure with a CNN-based encoder and a Transformer-based decoder,
showing advantages in remote sensing land cover extraction within urban environments.
Linus et al. [32] achieved comparable performance to fully supervised methods by pretrain-
ing a Vision Transformer on large-scale, unlabeled remote sensing data in a self-supervised
manner, thus requiring only about one-tenth of the labeled dataset for effective training.
Ding et al. [33] introduced the Wide Context Network (WiCoNet), which adds an addi-
tional Transformer-based contextual branch to traditional CNN local feature extraction,
enabling the aggregation of information from image regions broader than those input to
the local branch. This context transformation helps overcome the locality limitations of
convolutional neural network modules.

The bilateral encoder (BE) framework has gained significant traction in semantic seg-
mentation due to its ability to effectively integrate high-level semantic and low-level spatial
features. This approach employs dual pathways, often designed to process different scales
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of information, thereby enhancing segmentation accuracy. Recent advancements include
the use of Densely Aggregated Bilateral Networks, which excel in real-time applications by
maintaining computational efficiency while preserving high accuracy [34]. FBSNet effec-
tively balances segmentation performance by combining a symmetrical encoder—-decoder
for semantic features with shallow layers for spatial detail preservation, ensuring high
accuracy and efficiency [35].

While considerable progress has been made in cropland information extraction from
remote sensing images using deep learning methods, there remain numerous challenges in
applying these methods to large-area, real-world cropland extraction tasks.

First, the use of single-source imagery and limited sample sizes constrains the per-
formance of deep learning models. The existing remote sensing datasets for cropland
information extraction typically consist of images from a single source, with relatively
fixed spatial resolutions and texture styles, leading to limited image diversity and the
insufficient reflection of land cover distribution in real-world applications. Second, the
inherent attributes of croplands contribute to interclass confusion and unclear boundaries.
In China, for instance, cropland usage is highly intensive while dispersed, with many
parcels characterized by small, fragmented plots.

Additionally, certain surface elements surrounding croplands have structural and
spectral characteristics that are highly similar to, or even indistinguishable from, cropland,
which can lead to interclass confusion during extraction, as illustrated in Figure 1a. This
interclass similarity increases the difficulty of accurately delineating cropland boundaries,
requiring deep learning models to integrate both local features and global context to
mitigate the resulting errors. Lastly, the variability in cropland feature scales across multi-
source images further complicates extraction. Differences in imaging conditions, including
sensor type, angle, season, and climate, cause shifts in cropland feature distributions across
different images, as shown in Figure 1b. Additionally, variations in the inherent resolution
of multi-source remote sensing images result in differing scales of cropland representation
for the same area, as illustrated in Figure 1c. The combination of these factors further
reduces the separability of croplands in remote sensing imagery.
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Figure 1. Issues present in multi-source remote sensing imagery. (a) Confusion between croplands and
similar land cover types. (b) Variability in cropland features caused by different imaging conditions.
(c) Variation in cropland scales due to differences in resolution and geographical conditions.
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To address the issues, this study proposes GLCANet (Global-Local Context Aggrega-
tion Network), a semantic segmentation network for croplands that combines multi-scale
global context and local feature information. By thoroughly exploring and integrating
global and local information, GLCANet ensures precise extraction and global connectivity
modeling, while introducing multi-scale progressive upsampling to enhance the network’s
capability to fuse information at various scales. In addition, general semantic segmentation
methods are typically tested on datasets with sizes of 1024 x 1024 or smaller. To evaluate
the accuracy of GLCANet on a broader scale, such as at an administrative region level, we
conducted data collection and experiments in Chongzhou City, Sichuan Province, China.
The main contributions of this paper are as follows:

1. We construct a self-labeled dataset for cropland information extraction, termed
TriCities. Compared to the existing datasets, TriCities offers advantages such as diverse
scenes, varying resolution spans, high labeling accuracy, and applicability for cropland
information extraction and change monitoring. Additionally, based on TriCities, along
with the public datasets GID and LoveDA, a multi-source imagery dataset for cropland
information extraction, CRMS, has been created, significantly enhancing the data diversity
and realism of simulations for real-world scenarios.

2. We present GLCANet, a semantic segmentation network designed to integrate
multi-scale global context and local feature information for improved cropland extraction
accuracy. This network is optimized to manage the complexities of large-area cropland
information extraction, ensuring precise segmentation and enhanced global connectivity.

3. GLCANet features a Bilateral Feature Encoder (BFE) with parallel CNNs and Trans-
former branches for extracting global and local features. The Global-Local Mining (GLM)
module enhances local-global integration during decoding, and the multi-scale progres-
sive upsampling (MPUS) structure merges multi-scale features, progressively restoring
resolution for the accurate pixel-level extraction of land cover types, including cropland.
Additionally, we developed a novel loss function to assist and enhance the training of
the network.

4. For the large-area remote sensing image extraction of cropland, we collect extensive
multi-source remote sensing data from the Chongzhou City of Sichuan Province in China.
Regional experiments were conducted to validate the feasibility and efficiency of the
proposed method.

2. Methods

To address challenges in large-area cropland information extraction from multi-source
remote sensing imagery, such as feature distribution shifts, scale variations, and fragmenta-
tion, we propose GLCANet, a semantic segmentation network. This network integrates
multi-scale global context and local feature information to enhance extraction accuracy,
improve multi-scale capabilities, and reduce class confusion.

2.1. The Overall Structure of GLCANet

GLCANet uses a Bilateral Feature Encoder (BFE) combining ResNet and SegFormer to
extract multi-scale features from remote sensing images, adopting a UNet-like encoding—
decoding structure. It introduces the Global-Local Mining (GLM) Block to enhance decod-
ing with both global self-attention and local information, and the multi-scale progressive
upsampling structure (MPUS) to replace UNet’s skip connections, focusing on parame-
terizable upsampling and weighted feature fusion. Additionally, it uses a loss function
that integrates hard sample mining and multi-scale prediction to improve the separation of
similar land cover types and enhance the overall segmentation accuracy.

The network structure of GLCANet is illustrated in Figure 2. This network features a
UNet-style multi-scale encoding—decoding architecture with skip connections. GLCANet
receives as input an optical remote sensing image of size H X W x 3 and outputs an image
of size H x W x 1, which includes pixel-level predictions for croplands and other land
cover types.
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Figure 2. The overall structure of GLCANet.

Specifically, the optical remote sensing image is first processed through a dual-branch
encoder composed of ResNet and SegFormer, which are responsible for extracting multi-
scale local encoded features FiL (i=1,2,3,4) and multi-scale global encoded features
Fl.G (i =1,2,3,4). Subsequently, these multi-scale local and global encoded features are fed
into a feature aggregation attention module. This module employs an attention mechanism
to balance and complement global and local features from the encoder, facilitating effective
feature selection for cropland information extraction, and ultimately outputs multi-scale
fusion features Fl.u e RHXWixG i —1,2,3 4.

In the decoding phase, the Global-Local Mining Block (GLM Block) and the multi-scale
progressive upsampling structure (MPUS) comprise the decoder portion. The multi-scale
fusion features FY serve as the input to the decoder. The GLM Block further mines global-
local fusion information beneficial for cropland information extraction. MPUS consists of a
learnable progressive upsampling (LPU) and a feature refinement residual segmentation
head (FRRSH).

The GLM Block and multi-scale fusion features are used to progressively restore
feature map sizes to the original image dimensions. The FRRSH then converts these into
pixel-level segmentation results for croplands and other categories. During training, an
auxiliary prediction module (ASH) generates additional segmentation results from lower-
scale feature maps. These auxiliary predictions are combined with the main predictions
under the supervision of the loss function, enhancing the overall accuracy.

2.2. Bilateral Feature Encoder

Cropland extraction from remote sensing imagery requires capturing both global
consistency among dispersed areas and local pixel relationships. While networks using
attention and Transformers [36-38] aim to extract global context, they face the follow-
ing challenges: (1) attention-based methods relying on CNNs struggle to fully explore
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global context; (2) Transformers excel in global relationships but may neglect local feature
extraction, creating an imbalance.

To ensure that the network effectively encodes and extracts both local and global
context information related to croplands in remote sensing imagery, we combine ResNet
and SegFormer models to propose a Bilateral Feature Encoder (BFE) that integrates both
CNN and Transformer architectures. The design of the BFE features a ResNet branch for
extracting local feature information and a SegFormer branch for capturing global context,
creating a parallel encoder structure. The feature aggregation attention module then fuses
these branches to obtain multi-scale fusion features.

The use of skip connections to transfer encoder features to the decoding phase has
been validated as an effective strategy in UNet architecture, preserving shallow features
and preventing their loss during the encoding—decoding process, which is crucial for the
precise extraction of croplands from remote sensing imagery. However, the two branches of
the proposed BFE focus on diverse types of features, and directly inputting bilateral features
increases the computational burden on the decoder. If these features are propagated directly
through skip connections to the decoder, it could interfere with the final predictions for
cropland information extraction.

To effectively fuse the multi-scale encoded feature information from both the ResNet
and SegFormer branches, a feature aggregation attention module (FAAM) is designed
within the BFE, as illustrated in Figure 3. This module facilitates the integration of features,
enhancing the decoder’s ability to leverage both local and global information for improved
cropland segmentation outcomes.
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Local Features FF Hi* Wi * G
Hi*W; % C; —

Multi-scale Fusion Features FU
Hx W x G

Fscate(*)

N a0
i G 1x1% C Fox (L W) 1%1% C Weighted Local Features F'iG
Global Features Fj (1] | Hy W =G
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Figure 3. Feature aggregation attention module (FAAM).

In the feature aggregation attention module, the initial calibration of feature maps
is performed, followed by the fusion of global and local encoded features. An attention
mechanism calibrates the two feature maps, generating feature vectors that maintain the
same channel dimensions as the inputs. These vectors learn channel dependencies and
adjust the feature maps, with parameters updated during training to filter noise and
highlight key information. This fusion applies to four scales of features from the Bilateral
Feature Encoder (BFE), providing multi-resolution encoded features. The feature vector
generation involves Squeeze and Excitation processes. The Squeeze operation compresses
the original feature map to a dimension of 1 x C x C, as shown in Equation (1):

1 -
Ze = Fy(Fe) = g iy L (i) )

where Z is the compressed vector, with ¢ representing the c — th element of Z, and W and
H denoting the width and height of the original feature map, respectively. The Excitation
step consists of two fully connected layers with nonlinear activation functions. The feature
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vector learns the necessary weight information from the Excitation process, and Equation (2)
provides the formula for this activation. The final fused joint feature information Fl.u is
the result of adding the recalibrated global and local feature maps, which is shown in
Equation (3).

S=Fu(z,W) =0(g(z,W)) = 0(Wp,5(Wy,2)) ()

FY =35, - FF +S5-F° 3)

2.3. Global-Local Mining Block

To achieve comprehensive control of cropland features in remote sensing imagery, it is
crucial to extract global context during the decoding process, as it helps to understand the
relationships between cropland areas and the overall image. At the same time, retaining
local information is equally important, as it contains rich spatial detail. To address both of
these needs, this study proposes an innovative Global-Local Mining Block (GLM Block), as
illustrated in Figure 4.
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Figure 4. (a) Structure of the Global-Local Mining Block. (b) Structure of the Global-Local Attention.

The GLM Block, based on a Transformer structure, consists of two branches: a local
information branch for extracting detailed features and a global information branch for
capturing global context. This dual design enhances spatial connectivity and precise
cropland information extraction while maintaining contextual richness.

In the local information branch, this study employs a design of multiple parallel
convolutional layers that utilize convolutional layers with different kernel sizes to capture
detailed information about objects at various scales. Specifically, three parallel convolu-
tional layers are designed with kernel sizes of 1 x 1, 3 x 3, and 5 x 5. This multi-scale
convolution strategy enables the network to learn features at different scales, aiding in the
capture of detailed information about multi-scale cropland objects.

For the global information branch, a compressed efficient multi-head attention layer is
designed as a global information miner, focusing on learning global information from the
decoder feature maps. This global information branch employs a window-based multi-head
self-attention mechanism to capture global context.

The window-based multi-head self-attention (W-MSA) mechanism enhances the
model’s understanding of image content by reducing computational costs through lo-
cal window operations while preserving global context awareness. In this mechanism,
the input feature map is divided into non-overlapping windows where self-attention is
computed independently. For remote sensing images, a window size of 8 x 8 is used, with
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each of the 8 attention heads having a channel dimension of 64, capturing both local and
global information effectively.

Channel Attention and window-based multi-head self-attention (W-MSA) excel in
different areas. Channel Attention is lightweight and focuses on enhancing inter-channel
dependencies, making it effective for tasks requiring feature discrimination but less suited
for capturing spatial relationships. In contrast, W-MSA is designed to capture both local
and global spatial dependencies efficiently by operating within fixed windows, making it
ideal for high-resolution tasks. However, it is computationally heavier and less effective
at modeling inter-channel dependencies. These mechanisms complement each other in
different segmentation scenarios.

Although the window-based self-attention mechanism effectively reduces computa-
tional load, it still faces the challenge of insufficient information interaction across windows,
which is particularly critical when dealing with remote sensing images that possess rich
spatial relationships. To overcome this limitation, we designed a Global Connection Com-
pression Module (GCCM) that compresses and fuses feature information between windows
from both horizontal and vertical directions, as illustrated in Figure 5.

( )
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Figure 5. Global Connection Compression Module.

As shown in Figure 5, the core idea of the horizontal and vertical global connection
modules is to establish connections between windows in the horizontal and vertical direc-
tions through average pooling layers. First, the global feature map is processed through a
horizontal average pooling layer, aiming to establish horizontal relationships between local
windows. For any point P(m, n) within a window and its corresponding point P(m + w, n)
in an adjacent horizontal window, the dependency modeling process achieved through the
horizontal average pooling layer can be described by the following Equations (4)—(7):

Ew m—1 P m+1n +Z;n o m+wfj,n)

P;T,n) _ _ w2 4)
Py = by (P™) ®

PZ(Un;-i-w—j,n) _ Dj (P?Sngw,n)) (6)

o) _ Tig" ! D (P + 2 Dy (PG ) ,
wl w ( )

In the above equations, w represents the size of the window, while D; and D]- denote
the operations that model the dependencies between pixels within a single local window
during multi-head self-attention calculations. By this means, this study not only establishes
dependencies between pixels within the window but also builds horizontal dependencies
between adjacent windows through the horizontal average pooling layer. The processing
method for the vertical direction is similar, using a vertical average pooling layer to establish
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dependencies between windows in the vertical direction, thus effectively capturing global
contextual information.

Cross-window dependency modeling enables the model to maintain local attention
while integrating information between distant areas, enhancing performance in cropland
information extraction. After computing features from both global and local branches, their
outputs are summed to aggregate comprehensive global-local contextual information. This
study uses deep convolution, batch normalization, and 1 x 1 convolutions to represent this
detailed information accurately.

2.4. Multi-Scale Progressive Upsampling Structure

To address the multi-scale presentation of croplands due to varying resolutions in
multi-source imagery and the differences in plot sizes across different terrains, this study
constructs a robust multi-scale feature aggregation structure for the decoding process of
GLCANet. The goal is to effectively extract croplands across different scales in multi-source
imagery by integrating multi-scale features. In the process of aggregating multi-scale
feature maps, upsampling is a crucial step aimed at restoring the image resolution that was
reduced during downsampling in the encoding phase.

A traditional multi-scale upsampling structure typically concatenates representations
of different scales before performing upsampling. However, this approach separates
the upsampled features from the subsequent decoding process, which may result in the
loss of fine-grained details. To address this issue, we propose the multi-scale progressive
upsampling structure (MPUS), as illustrated in Figure 6. MPUS consists of two modules: the
learnable progressive upsampling (LPU) and the feature refinement residual segmentation

head (FRRSH).
Q
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Figure 6. The multi-scale progressive upsampling structure.

The LPU modules interspersed between GLM Blocks in the decoder enable progressive
multi-scale fusion. Each LPU upsamples the previous GLM Block’s output to the next
scale and fuses it with corresponding encoder features. Instead of bilinear interpolation,
learnable transpose convolution is used for upsampling, offering greater flexibility and
adaptability [39]. This method, combined with the GLM Block, effectively restores both
coarse semantic features and fine details. For fusion, a self-learning weighted mechanism
computes contribution weights, ensuring a more generalized fused feature. The formula
for this fusion mechanism is the following Equation (8):

W;

i£+zjwj'li (8)

Fusion = Z

Among them, }; represents the accumulation of all the feature maps. % cal-
j Vi

culates the weighted ratio for each feature map, where W; is the weight of the feature
map i, and ¢ is a small quantity used to prevent the denominator from being zero. I;
represents feature map i. The weights W; of the feature maps are calculated through the
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ReLU function, which ensures that the output value is non-negative and further normalizes
the weight values between 0 and 1, achieving rapid and effective feature fusion. Through
this method, the fused feature maps will serve as the input for the next GLM Block layer.
By applying learnable progressive sampling strategies in different layers, it realizes the
gradual integration and transmission of multi-scale encoder and decoder feature maps.

In the final step of fusion in MPUS, the shallow features produced by the first layer
of the bilateral encoder are combined with the features from the deepest GLM Block. The
shallow features from the bilateral encoder retain rich spatial details of the remote sensing
of croplands but lack semantic information. In contrast, the deepest GLM Block features
provide more precise semantic information but have coarse spatial characteristics. If the
differences between semantic and spatial information are not addressed, directly using
the fused features to generate a pixel-level prediction map for croplands will likely reduce
the accuracy of cropland segmentation [40]. To tackle this issue, this study employs the
fundamental principles of attention mechanisms to design a feature refinement residual
segmentation head (FRRSH). This component aims to narrow the semantic gap between
the two feature types and refine the output features from the fusion process, thereby further
enhancing the accuracy of cropland information segmentation.

As shown in Figure 7, the feature refinement residual segmentation head (FRRSH)
comprises three components: the spatial branch, the channel branch, and the residual
branch. Its purpose is to enhance the semantic information fusion and feature representation
in both the channel and spatial directions. The spatial branch utilizes a 3 x 3 depthwise
separable convolution to generate a spatial attention map S € R"*®*1 which strengthens
the feature representation capabilities of spatial positions. The channel branch employs
a global average pooling layer to produce a channel-level attention map C € RI*1xc,
This is followed by two 1 x 1 convolution layers that perform a compression—expansion
operation to enhance feature representation in the channel direction. These two attention
maps are used to apply attention weighting to the input fused features through matrix
multiplication, and the resulting attention features from both branches are further combined
using summation. Finally, a residual skip connection adds the output of the residual branch
to the fused features, employing 1 x 1 convolutions and upsampling operations to map the
number of channels in the feature map to the number of segmentation classes N, resulting
in the final segmentation output map.
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Figure 7. The structure of feature refinement residual segmentation head (FRRSH).
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2.5. Multi-Constraint Difficult Sample Mining Loss Function

Given the fragmented and diverse visual representations of croplands in remote sens-
ing images, along with class imbalance, this study observed that certain cropland samples
significantly deviate from the overall feature distribution. This deviation hinders accurate
cropland extraction during GLCANet training, affecting its generalization. Additionally,
disparities exist between easily segmentable and challenging samples, especially in the
later training stages where optimization focuses on difficult cases. Thus, developing a
strategy to optimize these challenging samples is crucial for enhancing model performance
in cropland extraction tasks.

This paper proposes a difficult sample mining mechanism that aims to optimize
the network’s learning of difficult samples through two steps: difficult sample mining
estimation and dynamic confidence adjustment. The difficult sample mining estimation
seeks to assign a weight to each pixel instance during the training process to reflect its
classification difficulty, thereby adjusting the distribution of the loss function [41]. This
method assumes that difficult samples should occupy a higher weight in the loss function.
We employ the factor (1 — p)7y as the weight for difficult samples, where p represents the
predicted probability output by the network, and 7 is the focal factor, set to y = 2 in this
study. With the inclusion of this weight factor, the weighted sum of the loss function can be
expressed as follows:

Y 1piye) = (1= p)" - 1(piyi) ©)

However, directly applying the aforementioned weight factor may alter the overall
sum of the original loss values, potentially leading to the issue of vanishing gradients. To
adjust the loss distribution without changing the total loss sum, this study introduces a
normalization factor Z to maintain the stability of the total loss value. The calculation
formula for the normalization factor Z is as follows:

_ L1(piryi) 10
Y —p)" Upiyi) o

Although the concept of difficult sample mining estimation is ideal, its practical
application presents a challenge: the process of difficult sample mining is highly depen-
dent on the model’s current predictive capability. This means that in the early stages of
training, when the model’s predictive ability is still unstable, the weight factors obtained
from difficult sample mining may misguide the model’s training direction. To overcome
this challenge, this study introduces a dynamic confidence strategy based on a cosine
annealing function, expressed as follows, where the variable annealing_step represents the
predetermined total number of training steps:

(piryi) = %(1 —pi)T+ () (1 - %(1 - PW)] 1(piyi) (11)

Besides calculating loss gradients between predictions and ground truth, the train-
ing process uses auxiliary segmentation branches from three GLM Blocks’ global-local
decoding features, combined with an Auxiliary Segmentation Head (ASH), to introduce
multi-scale feature information. This kind of method has been proven effective in seg-
menting cropland objects [42,43]. The multi-branch constraint enhances segmentation
performance. As shown in Figure 8, the ASH uses decoding feature maps from the GLM
Blocks to generate auxiliary predictions via convolutional layers and upsampling, including
a 3 x 3 convolution with batch normalization and ReLU activation, followed by a1 x 1
convolution and upsampling. This module provides additional gradient information to
optimize GLCANet’s performance.
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For the primary segmentation result, the primary loss function L;yqry employs a
combination of Dice Loss and Soft Cross Entropy Loss. Building upon the Dice Loss and
Soft Cross Entropy Loss, the primary loss function further integrates a hard example mining
mechanism. The expression for the primary loss function is as follows:

Lbusic = Ldice + Lsoft_ce (13)

Lprimary - %(1 - pi)’y + C(t) (1 - %(1 - pi)’y)] * Lpasic (14)

The auxiliary loss function is calculated using Soft Cross Entropy Loss. Considering
that the auxiliary segmentation results are not the primary output of the network, this
study introduces an auxiliary factor a to adjust the weight of the auxiliary loss within the
total loss. Empirically, « is generally set to 0.4:

Liotar = Lprimury +0.4 % Lauxiliary (15)

2.6. Datasets and Experimental Parameter Settings
2.6.1. Datasets

In this section, we will first introduce the datasets utilized in our experiments. We
conducted training and testing on three datasets, including two publicly available datasets
and one self-labeled dataset. Furthermore, we integrated these three datasets to construct a
multi-source imagery dataset named CRMS.

e TriCities Dataset

The original data for the self-labeled dataset primarily comes from high-resolution
optical ortho-images acquired by the Gaofen-2, Gaofen-7, and WorldView satellites. The
self-labeled dataset, named TriCities (Triplet Cities), was selected based on characteristics
from three different regions: Chongzhou and Meishan in Sichuan Province, and Wuzhen
in Zhejiang Province. The spatial resolutions of the three satellites are 1 m, 0.8 m, and
0.3 m, respectively, providing precise surface detail information. The TC dataset consists of
1445 small-sized images of 1024 x 1024 pixels, with 1157 images designated for the training
set and 288 images reserved for testing and validation.

e  GID Dataset

Gaofen Image Dataset [44] is a large-scale, high-spatial-resolution dataset with ex-
tensive coverage. The GID dataset comprises 150 scenes of Gaofen-2 imagery with a
spatial resolution of 4 m, each scene measuring 6800 x 7200 pixels, covering approxi-
mately 560 square kilometers of ground area. By clipping the images into windows of
1024 x 1024 pixels with a 25% overlap rate, we obtained 6720 images for training and
1680 images for testing and validation.

e LoveDA Dataset

The LoveDA [45] (Land cover dataset for Domain Adaptation) dataset contains
5987 high-resolution remote sensing images from the cities of Nanjing, Changzhou, and
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Wuhan. Each image measures 1024 x 1024 pixels with a resolution of 0.3 m. Following
the data division strategy proposed by the authors for non-transfer learning scenarios, we
obtained a total of 2522 images for training, 1669 for validation and 1796 for testing.

o CRMS Dataset

In this study, we selected multiple datasets to support remote sensing cropland in-
formation extraction. However, a key challenge is the discrepancy between the training
data and real-world data in terms of satellite resolution and sensor characteristics. To over-
come this, we analyzed and adjusted our self-labeled and two public datasets, integrating
them into a unified cross-resolution multi-source dataset named CRMS (Cross-Resolution
Multi-Source Dataset). The CRMS dataset includes six categories: buildings, roads, water
bodies, croplands, vegetation, and background. It comprises 15,832 tiles of 1024 x 1024
pixel images, with 10,399 for training, 2653 for validation, and 2780 for testing.

2.6.2. Evaluation Metrics

We have chosen the following accuracy evaluation metrics: overall accuracy (OA),
class accuracy (Acc), and mean intersection over union (mloU).

1.  Mean Intersection over Union (mloU)

The mloU is a commonly used performance metric for semantic segmentation tasks. It
calculates the average of the intersection over union (IoU) for each class. The IoU measures
the overlap between the predicted segmentation and the ground truth segmentation for a
given class. The mloU is the mean of these IoU values across all classes. The formula for
calculating the IoU for a given class i is as follows:

B TD;
1oUi = 75 7 Fp, ¥ EN, (16)
The mlIoU is then calculated as the mean of the IoU values across all classes:
1
mloU = EE; TIoU; (17)

where
TP; is the number of True Positives for class i; FP; is the number of False Positives for
class i; FN; is the number of False Negatives for class 7; n is the total number of classes.

2. Overall Accuracy (OA)

This metric measures the overall prediction accuracy of the model. It is defined as the
ratio of the number of correctly classified pixels to the total number of pixels. The formula
for calculating OA is as follows:

Z?:1 sz'
Zf’zl (TP; + FN;)

OA = (18)
where

TP, is the number of True Positives for class i; FN; is the number of False Negatives
for class; 7 is the total number of classes.

3. Class Accuracy (Acc)

Class accuracy is a metric that measures the model’s prediction accuracy for individual
classes. For each class, the class accuracy can be calculated using the following formula:

TP,

ACCi = TP, + FN;

(19)
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3. Experiments and Discussion

To ensure the accuracy and reproducibility of the experimental results, this study
utilized a high-performance hardware configuration and a standardized software envi-
ronment. Specifically, the experimental platform is based on a deep learning workstation
equipped with an NVIDIA GeForce RTX 3090 Ti 24GB GPU, an Intel Core i9-10900 CPU,
and 32 GB of RAM. The workstation runs Arch Linux, providing a stable and efficient
environment for deep learning experiments.

The network model proposed in this study was developed using the PyTorch 2.0 deep
learning framework, leveraging the PyTorch Lightning framework to optimize the training
process, thereby improving training efficiency and code maintainability. The version of
PyTorch used in the experiments is 2.1.2, paired with Python version 3.9.12. To ensure fair
comparisons with other benchmark algorithms, official PyTorch implementations of these
algorithms were directly adopted for experimentation, avoiding performance biases caused
by suboptimal code implementations.

During the training process, the initial learning rate for the proposed algorithm was
set to 6 x 1074, with AdamW [46] serving as the optimizer. A Poly learning rate decay
policy was employed to optimize the training outcomes. The batch size for training each
network was uniformly set to 4. The learning rate decay policy follows Equations (3)-(18),
where the initial learning rate (initial_Ir) is set to 0.001, and the iteration count (iter) and
maximum iteration count (max_iter) are calculated based on the current epoch and the
number of images in the training set. The hyperparameter power is set to 0.9. Each network
was trained for 100 epochs to ensure thorough learning.

3.1. Comparative Experiment Results
3.1.1. Experimental Results and Analysis on the CRMS Dataset

We conducted experiments on the CRMS dataset to validate the effectiveness and
reliability of the GLCANet network. The experimental results are shown in Table 1. In
Table 1, BG represents the background, BD represents buildings, RD represents roads,
WT represents water bodies, CL represents croplands, and VG represents vegetation. We
conducted a detailed performance analysis of the proposed GLCANet and other novel
comparative network methods on the CRMS dataset.

Table 1. Experimental results of different methods on the CRMS dataset.

Class-Wise Accuracy (Acc%) OA mloU
Methods BG BD RD WT cL VG (%) (%)
Unet [7] 65.2 73.2 75.6 87.2 84.5 80.1 79.1 64.2
PSPNet [8] 63.2 74.1 74.2 85.7 81.0 73.1 73.2 57.2
DeepLabv3+ [9] 71.3 83.6 78.6 90.1 88.6 78.1 79.7 66.5
BiSeNet [40] 63.7 69.1 70.9 86.3 80.3 76.2 75.2 56.8
Segformer [47] 63.2 75.8 74.9 85.4 83.2 79.7 76.4 61.9
MANet [48] 73.0 80.5 80.8 84.1 89.3 75.6 79.6 65.9
A2FPN [49] 71.8 83.7 79.5 87.6 89.3 76.3 79.7 65.9
ABCNet [50] 69.4 83.9 82.9 924 88.6 78.0 79.2 65.3
BANet [51] 72.8 83.1 79.1 87.5 87.6 81.1 80.3 67.1
DC-Swin [52] 70.5 87.2 75.5 87.1 86.9 80.5 81.6 67.2
Unetformer [31] 70.2 84.4 82.4 94.1 88.7 77.5 79.4 66.6
GLCANet (ours) 74.7 84.7 79.2 92.8 90.3 83.5 82.6 69.2

As shown in Table 1, GLCANet demonstrates outstanding performance in remote
sensing semantic segmentation, achieving top metrics such as 82.6% OA and 69.2% mloU,
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outperforming the other methods. It excels in integrating multi-source data, achieving the
highest classification accuracies for croplands (90.3%) and built-up areas (84.7%), show-
casing robust capability across categories. While UNetformer performed best for water
bodies (94.1%), GLCANet maintained balanced, superior accuracy across all the classes.
Compared to BiSeNet, which focuses on lightweight real-time segmentation with limited
global modeling capacity, Transformer+CNN architectures like BANet and GLCANet better
capture long-range dependencies and local details. Their dual-path design, integrating
Transformers for global context and CNNs for multi-scale detail, achieves exceptional
performance in complex scenarios and ultra-high-resolution imagery.

In Figure 9, the visualization results of different methods on the multi-source image
dataset CRMS are presented, highlighting the test results of the three methods with the
highest accuracy from Table 1. The first column of remote sensing images reveals significant
differences in features among the images in the multi-source dataset, with varying scales
and morphological forms of croplands observed across the images. For instance, in rows (c)
and (d) of Figure 9, the cropland patches are relatively small and fragmented, while in row
(e), the cropland patches are considerably larger than those in the other rows.

Images Ground Truth GLCANet BANet UNetformer

I:l Bcakground . Building . Road . Water .chctation I:l Cropland

Figure 9. The visualization results of different methods on the multi-source image dataset CRMS.

Compared to the other networks, GLCANet demonstrates superior performance
in extracting croplands from multi-source imagery, effectively adapting to the diverse
scales and features present in cropland scenes. In rows (a) and (d) of Figure 9, the other
networks misclassify vegetation classes that share similar features with croplands; however,
GLCANet achieves precise differentiation through its efficient extraction of both the global
context and local features. Furthermore, in row (b), which contains both actively planted
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croplands and harvested fields, GLCANet accurately extracts all the instances of croplands.
Finally, for the croplands presented at varying scales in Figure 9, GLCANet’s use of a
multi-scale progressive upsampling structure allows for the integration of multi-scale
feature maps, enhancing the network’s ability to express diverse scale features. As a
result, GLCANet achieves commendable extraction results for croplands exhibiting various
scale variations.

3.1.2. Experimental Results and Analysis on Three Different Datasets

We conducted a detailed analysis of the performance of the proposed GLCANet
network and other comparative methods across different datasets. The comparative
methods were categorized into four main types based on their design background and
application domains:

e  Convolutional neural network (CNN) methods designed for natural scene images,
including UNet [7], PSPNet [8], DeepLabV3+ [9], and BiSeNet [40];
Transformer methods designed for natural scene images, such as Seg-former [47];
CNN methods specifically designed for remote sensing imagery, including MANet [48],
A2FPN [49], and ABCNet [50];

e Transformer methods specifically designed for remote sensing imagery, such as
BANet [51], DC-Swin [52], and UNetformer [31].

1.  Experimental Results and Analysis on the TriCities Dataset.

Table 2 presents the performance of the selected comparative methods on the self-
labeled TriCities dataset, including the accuracy (Acc) for each class, overall accuracy (OA),
and mean intersection over union (mloU) comparison results.

Table 2. Experimental results of different methods on the TriCities dataset.

Class-Wise Accuracy (Acc%) OA mloU
Methods BG BD RD WT cL VG (%) (%)
Unet [7] 70.2 79.7 784 90.3 89.9 83.7 83.2 68.7
PSPNet [8] 65.5 78.2 78.4 89.9 85.2 789 794 61.1
DeepLabv3+ [9] 74.1 81.7 80.8 89.3 90.1 84.7 84.7 70.9
BiSeNet [40] 66.1 73.0 74.8 884 83.3 79.0 78.2 60.1
Segformer [47] 67.5 79.5 78.7 89.5 87.6 82.8 81.6 65.6
MANet [48] 67.8 79.0 78.1 88.0 86.5 81.7 80.9 65.1
A2FPN [49] 73.7 81.2 80.6 90.7 89.8 84.4 84.5 70.4
ABCNet [50] 70.5 81.2 79.0 90.5 89.4 83.6 83.3 68.3
BANet [51] 73.9 82.6 85.0 91.2 90.0 85.6 85.1 71.5
DC-Swin [52] 734 80.9 78.7 89.2 90.8 83.9 84.4 70.6
Unetformer [31] 73.3 83.2 82.7 91.2 90.8 86.4 85.3 72.1
GLCANet (ours) 74.6 85.1 80.2 92.4 91.1 86.3 85.7 73.6

On the self-labeled dataset TriCities, compared to the baseline model UNet, GLCANet
achieved improvements of 2.5% in OA and 4.9% in mloU. In terms of class-wise Acc,
GLCANet outperformed UNet across all the categories—background, buildings, roads,
water bodies, croplands, and vegetation—by 4.4%, 5.4%, 1.8%, 2.1%, 1.2%, and 2.6%, re-
spectively. When compared to the second-best performing model, UNetformer, GLCANet
improved OA by 0.4% and mloU by 1.5%. Specifically, for the cropland category, GLCANet
showed improvements of 1.3%, 1.9%, 1.2%, and 0.3% in Acc for background, buildings, wa-
ter bodies, and croplands, respectively, over UNetformer. The performance of GLCANet on
the self-labeled dataset is primarily attributed to its effective utilization of mechanisms for
integrating global and local information, which provides superior segmentation accuracy
for critical categories like background and cropland. Although the performance gains of
GLCANet on the self-labeled dataset are not as pronounced as those on the other datasets,
it still maintains a high level of accuracy, demonstrating its robustness and adaptability.
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To further demonstrate the significant improvement in the cropland information ex-
traction accuracy of the GLCANet model on TriCities, Figure 10 provides the visual results
of several high-performing methods on the GID test set, including PSPNet, Segformer,
MANet, UNetformer, and GLCANet. The results clearly show the significant capability
of GLCANet in making precise predictions by effectively utilizing both global context
information and local features.

o
TR
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y -i-- <l
E > R

image Ground Truth PSPNet Segformer MANet UNetformer GLCANet
|:| Background . Building . Road . Water . Vegetation |:| Cropland

Figure 10. Visualization comparison of different methods on the TriCities dataset (a—e).

From a visualization perspective, GLCANet is more effective in distinguishing tightly
arranged croplands from other land cover types and provides precise extraction boundaries.
In rows (a) and (c) of Figure 10, where cropland adjoins vegetation and buildings, GLCANet
offers more accurate boundaries and reduces errors. The integration of multi-scale features
by GLCANet improves the extraction of smaller land cover types. As shown in row (b), for
elongated buildings, GLCANet precisely extracts buildings while maintaining cropland
accuracy, unlike PSPNet and UNetformer, which produce erroneous cropland extractions.
In scenarios with high inter-class similarities, GLCANet combines global and local features
effectively. In the upper right corner of row (d), where croplands and vegetation are similar,
and buildings resemble the background, GLCANet achieves precise extraction. In the
lower right corner of row (e), the other networks misclassify the riverbed-background
distinction, causing voids, whereas GLCANet maintains stable riverbed extraction. These
visualizations demonstrate GLCANet’s superior performance in handling complex land
cover types and maintaining high accuracy in challenging conditions.

2. Experimental Results and Analysis on the GID Dataset.

For the GID dataset, this study also analyzed the performance of GLCANet by com-
paring it with other trained models. The results of different methods on the GID dataset
are summarized in Table 3. The GID dataset includes labels for three distinct forms of
croplands: paddy fields (PFs), dry fields (DFs), and irrigated lands (ILs). This charac-
teristic facilitates a deeper analysis of GLCANet’s advantages in cropland information
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extraction. Quantitatively, on the GID dataset, compared to the baseline model UNet,
GLCANet improved OA by 4.9% and mloU by 11.4%. In terms of class-wise Acc, GLCANet
showed significant improvements over UNet for the background, vegetation, and the three
cropland categories (paddy fields, dry fields, and irrigated lands), with increases of 6.7%,
3.1%, 17.3%, 6.9%, and 10.4%, respectively. Compared to the second-best performing model
UNetformer, GLCANet improved OA by 3.1% and mloU by 4.3%. Specifically, for the
cropland categories, GLCANet improved Acc for paddy fields, dry fields, and irrigated
lands by 4.6%, 3.6%, and 2.7%, respectively, over UNetformer.

Table 3. Results of different methods on the GID dataset.

Class-Wise Accuracy (Acc%) OA mloU
Methods BG BD RD WT VG PF DF IL (%) (%)
Unet [7] 78.0 87.4 76.0 96.1 87.9 69.9 86.5 82.4 84.5 69.4
PSPNet [8] 73.8 83.8 72.6 94.5 88.2 72.7 84.1 82.0 81.7 64.4
DeepLabv3+ [9] 80.6 85.4 78.6 95.9 85.2 73.7 87.1 84.2 85.4 715
BiSeNet [40] 75.9 83.3 711 94.1 83.9 65.1 80.1 62.7 80.7 619
Segformer [47] 79.2 86.4 70.6 94.2 87.6 81.3 84.4 80.2 84.1 67.3
MANet [48] 782 84.6 77.6 95.5 87.7 74.1 88.0 88.8 84.8 70.5
A2FPN [49] 79.8 84.8 729 94.5 83.9 73.6 86.2 85.1 84.4 70.3
ABCNet [50] 77.6 85.8 75.9 95.6 88.2 78.6 86.2 87.3 84.4 68.8
BANet [51] 78.4 85.4 77.0 96.8 85.7 56.9 89.7 84.1 84.7 70.5
DC-Swin [52] 80.1 86.1 74.7 95.4 86.0 70.6 83.3 85.8 84.3 67.9
Unetformer [31] 82.2 86.6 78.1 94.6 88.5 82.6 89.8 90.1 86.3 76.5
GLCANet (ours) 84.7 88.7 79.5 97.7 91.0 87.2 93.4 92.8 89.4 80.8

Most network methods performed well in the water body category, achieving high
accuracies. This could be attributed to the resolution of the GID dataset images being
4 m, making water body features more prominent and easier to distinguish. However, the
classification accuracy for paddy fields and dry fields showed considerable variation across
different network methods. This variability might be due to the low sample proportions of
these categories in the dataset, making it difficult for models to effectively capture their
features and increasing the classification difficulty. GLCANet leverages a Transformer
structure that effectively integrates global context information and local feature informa-
tion, achieving high-precision feature extraction in the task of remote sensing cropland
information extraction on the GID dataset. The complexity of spatial distribution and
subtle differences between categories often found in croplands make it challenging for
segmentation tasks. GLCANet's strength lies in its ability to integrate global context and
local feature information to capture these differences, thereby enhancing the accuracy and
reliability of cropland information extraction. Additionally, GLCANet maintained top-tier
performance across other categories, demonstrating its ability to balance high segmentation
accuracy while maintaining good performance across different land cover types.

The visualization results in Figure 11 highlight GLCANet’s unique advantages in
extracting land cover features from remote sensing images. Firstly, GLCANet excels in
handling intersecting land cover edges, accurately extracting and preserving information
without confusion or loss. This is evident in (a) and (c) of Figure 11, where roads and
buildings are closely adjacent. Compared to the other methods, GLCANet demonstrates
strong capability in managing complex intersections, avoiding issues like road breaks and
building voids through its global context understanding and local detail mining. Secondly,
GLCANet shows significant advantages in distinguishing similar land cover categories.
For water bodies, irrigated lands, and paddy fields, which share similar features, the
other methods often exhibit ambiguous boundaries. In contrast, GLCANet effectively
identifies and accurately delineates these boundaries using its multi-scale information
extraction mechanism.
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Figure 11. Visualization comparison of different methods on the GID dataset (a-e).

3. Experimental Results and Analysis on the LoveDA Dataset.

Table 4 shows that Transformer-based methods generally achieve higher mloU scores
than CNN-based methods on the LoveDA dataset. For example, UNet, PSPNet, and MANet
have mloU scores that are 2.8%, 2.3%, and 1.9% lower than DC-Swin, respectively. However,
CNN-based methods perform better on the background and barren land categories, possibly
due to the complexity of these features and the lack of prominent global information,
making it difficult for Transformer-based methods to extract sufficient local details.

Table 4. Results of different methods on the LoveDA dataset.

Class-Wise IoU (%) mloU
Methods BG BD RD WT VG BA CL (%)
Unet [7] 431 5.7 52.8 73.1 103 431 59.9 47.8
PSPNet [8] 44.4 52.1 53.5 76.5 9.7 441 57.9 483
DeepLabv3+ [9] 43.0 50.9 52.0 74.4 10.4 442 58.5 476
BiSeNet [40] 40.1 51.9 49.8 745 112 408 51.1 456
Segformer [47] 422 56.4 50.7 78.5 17.2 452 53.8 49.1
MANet [48] 433 53.7 55.6 76.4 10.4 453 58.2 491
A2FPN [49] 435 55.1 54.3 77.3 16.4 423 57.3 495
ABCNet [50] 415 535 53.1 66.6 141 406 51.7 459
BANet [51] 437 515 51.1 76.9 16.6 449 62.5 496
DC-Swin [52] 413 54.5 56.2 78.1 145 472 62.4 50.6
Unetformer [31] 447 58.8 54.9 79.6 20.1 46.0 62.5 524
BAFormer* [53] 449 60.6 58.6 80.4 213 475 61.5 53.5
GLCANet 48.1 61.0 59.4 81.3 23.3 483 64.1 55.1

The LoveDA dataset’s test set provides only the corresponding image data without
the ground truth labels. Researchers need to submit their prediction results to an official
server, which returns only the intersection over union (IoU) scores. Given this setup, the
analysis will focus solely on the IoU scores. Specifically, the test accuracy of BAFormer* is
sourced from the accuracy reported in its original paper.
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The proposed GLCANet method achieved the highest mIoU on the entire LoveDA
dataset, surpassing the second-best method by 2.7% in mloU and by 3.1%, 5.7%, 2.2%, and
0.7% in the IoU scores for background, building, road, and cropland categories, respectively.
This demonstrates GLCANet’s ability to maintain high segmentation accuracy through its
effective integration of local and global information, especially for datasets with complex
land cover properties and significant scale variations. GLCANet’s superior performance
highlights its advantage in extracting cropland information, leveraging its global-local
information extraction mechanism to capture both large-scale features and local details.

3.2. Ablation Study

In this section, we conduct ablation experiments on the components of GLCANet to
demonstrate their effectiveness and reliability.

3.2.1. Ablation Study of the Decoder of GLCANet

We used BFE-Unet (which means using BFE and Unet’s decoder to construct the
network) as the baseline and constructed the ablation study schemes. According to the
designed experimental schemes, the results of the multi-source imagery dataset CRMS are
presented in Table 5.

Table 5. Ablation study of the decoder in GLCANet.

Class-Wise Accuracy (Acc%) OA mloU
Method GLM MPUS FRRSH
emods BG BD RD WIT CL VG (%) (%)
Method 1 X X X 69.1 81.2 76.1 90.7 86.1 83.6 77.6 65.7
Method 2 v X X 72.6 83.8 76.3 91.2 88.9 84.4 79.2 66.8
Method 3 Vv Vv X 72.3 84.1 77.6 914 89.6 82.7 80.7 67.2
Method 4 Vv Vv N4 73.6 84.7 78.2 92.8 90.3 83.5 81.4 68.9

While transitioning from Method 1 to Method 2, we observed improvements in
accuracy (Acc) for all the categories, as well as in the overall accuracy (OA) and mean
intersection over union (mloU). Specifically, the overall accuracy (OA) improved by 1.6%
(from 77.6% to 79.2%), and the mean intersection over union (mloU) increased by 1.1% (from
65.7% to 66.8%). This change demonstrates the importance of the global-local information
mining module in extracting global context and local detail information from complex
remote sensing images.

In Method 3, further enhancements were made by adding learnable upsampling to
Method 2. The results showed additional improvements in Acc, OA, and mloU for all the
categories. By employing a multi-scale progressive upsampling strategy, the model could
more effectively integrate features at different scales, thereby enhancing the segmentation
accuracy of objects of varying sizes. This strategy is particularly critical for handling the
scale variation issues common in the remote sensing imagery of croplands.

Method 4 combines the global-local information mining module, learnable progressive
upsampling, and a feature refinement residual segmentation head. The results indicated
that this method achieved the best performance across all the metrics. Notably, there was
a significant improvement in the accuracy of cropland and vegetation categories. This
suggests that the feature refinement residual segmentation head plays a significant role
in improving the model’s segmentation accuracy in complex backgrounds and detail-rich
areas. By refining feature processing, the model can better capture object boundaries and
detailed features, thereby improving the segmentation results at a finer granularity.

3.2.2. Ablation Study of Multi-Constraint Loss

To investigate the impact of multi-constraint loss on network training effectiveness,
particularly in handling difficult samples and refining segmentation results, three sets of
ablation experiments were designed and conducted.
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—_

No additional constraints, using only the main loss function (L., Equation (13)).
2. Adding difficult sample mining mechanism to the main loss function (Lpn-mary, Equation

(14)).
3. Adding difficult sample mining + ASH to the main loss function (L;y,;, Equation (15)).

Table 6 demonstrates the effectiveness of these designs in enhancing network performance.

Table 6. Ablation experiments of multi-constraint loss.

Class-Wise Accuracy (Acc%) OA mloU

Method
eods BG BD RD WT CL VG (%) (%)
Lpasic 74.1 81.4 743 90.1 86.3 82.0 78.8 68.1
Lprimary 742 833 78.8 90.3 87.7 84.9 80.1 68.6
Liotal 74.7 84.7 79.2 92.8 90.3 83.5 82.6 69.2

This study found that introducing the difficult sample mining mechanism significantly
improved classification accuracy for underrepresented categories like buildings and roads,
as well as for the background category with feature confusion. This mechanism effectively
enhances the model’s recognition of complex features. Additionally, incorporating an
auxiliary prediction module further boosted classification accuracy across all the categories
and improved the overall accuracy (OA) and mean intersection over union (mloU). Notably,
in the background, building, road, and cropland categories, this approach enhanced detail
capture, leading to better segmentation accuracy.

3.3. Discussion
3.3.1. Interpretability Analysis

We conducted a visual analysis of different stages of the GLCANet decoder using
SEG-GRAD-CAM [54], with the results presented in Figure 12. SEG-GRAD-CAM generates
activation maps for each pixel in the image, allowing for a detailed understanding of the
model’s basis for classification decisions at the pixel level.

Figure 12. The SEG-GRAD-CAM visualization results for different layers of GLCANet. (a) Input
image; (b) BFE; (c) the first layer of the GLM Block; (d) the second layer of the GLM Block; (e) the
third layer of the GLM Block; (f) ground truth.

This study shows that the Bilateral Feature Encoder (BFE) can initially identify crop-
land areas, but the activation boundaries are relatively blurred compared to ground truth
labels (Figure 12f), leading to some misactivation in non-cropland regions. While the
encoder roughly locates cropland, its understanding of the global context is still coarse,
requiring further refinement. As feature maps pass through the GLM Blocks, significant
improvements are observed (Figure 12c—e). The model’s decision boundaries become
clearer, with reduced brightness in non-cropland areas and enhanced definition in cropland
boundaries, indicating that the GLM Block effectively improves the model’s understand-
ing of both global context and local details, enhancing the accuracy and reliability of
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cropland extraction. Additionally, increasing the number of GLM Block layers effectively
suppresses misactivation in non-cropland areas, particularly in water regions, where previ-
ous misactivations show considerable improvement, reducing the model’s misclassification
probability. These SEG-GRAD-CAM visualizations highlight the BFE’s effectiveness in
extracting cropland information and the critical role of the GLM Block in integrating global
and local information in remote sensing imagery, thereby enhancing recognition accuracy
and decision confidence for cropland extraction.

3.3.2. Analysis of Different Attention Methods in GLCANet

In the GLM module, we introduced the W-MSA attention mechanism to extract global
features. To explore the differences in the information mining capabilities of different
attention mechanisms, we conducted related experiments, as shown in Table 7.

Table 7. Experiment results of different attention methods.

Class-Wise Accuracy (Acc%) OA mloU
Attenti
ention BG BD RD WT cL VG (%) (%)
CBAM [55] 71.3 83.2 77.6 90.3 89.0 82.9 81.2 67.4
Spatial Transformer [56] 72.3 84.3 81.2 91.8 89.7 82.7 82.4 68.7
SE Block [57] 73.3 84.1 78.6 92.3 89.4 83.2 82.1 68.4
W-MSA [52] 74.7 84.7 79.2 92.8 90.3 83.5 82.6 69.2

The experiment results show that the network using the W-MSA (window-based
multi-head self-attention) attention mechanism achieved the best performance in both OA
(overall accuracy) and mloU (mean intersection over union). Compared to CBAM, Spatial
Transformer, and SE Block, W-MSA demonstrates significant advantages in handling large-
scale image data. First, W-MSA reduces computational complexity by dividing the input
feature map into fixed-size windows and performing self-attention within each window,
which is especially suitable for resource-constrained environments. Additionally, W-MSA
retains the powerful ability of the Transformer model to capture local features and, through
window sliding and inter-window connections, effectively maintains the propagation of
global information. In contrast, CBAM primarily focuses on channel and spatial features
but lacks the benefits of global self-attention mechanisms; Spatial Transformer focuses on
spatial transformations, which come with higher computational costs and perform well
only in task-specific scenarios; SE Block improves feature selectivity at the channel level but
is unable to model spatial features. Therefore, W-MSA excels in computational efficiency
and global feature modeling, making it ideal for large-scale vision tasks, especially in the
context of visual Transformers (such as Swin Transformer).

The advantage of W-MSA lies in its efficient global feature modeling capability, making
it suitable for large-scale data and complex tasks, which improves overall accuracy. On the
other hand, Spatial Transformer excels in tasks that require spatial adjustments, particularly
in road extraction tasks that involve specific geometric shapes. It can precisely capture
local features of roads through adaptive transformations. Therefore, for road extraction
tasks, Spatial Transformer provides better accuracy, while W-MSA demonstrates superior
performance in overall accuracy.

3.3.3. Analysis of Hyperparameters in GLCANet

In this study, we selected & = 0.4 as the optimal weight for the auxiliary loss, as it
strikes a good balance between the main and auxiliary tasks. At this value, as shown in
Figure 13, we observe a relatively stable or improved overall accuracy (OA) across most
datasets, with only a moderate decrease in mean intersection over union (mloU). This
suggests that = 0.4 allows the auxiliary loss to contribute positively without significantly
degrading the model’s overall performance. Larger values of « tend to overemphasize
the auxiliary task, leading to potential overfitting and a loss in performance on the main
task. On the other hand, smaller values may not fully leverage the benefits of the auxiliary
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loss. Thus, @ = 0.4 provides an effective compromise, enhancing the model’s performance
without sacrificing the detailed accuracy captured by mloU. This finding is supported
by the empirical results, where « = 0.4 consistently yielded good performance across
different datasets, making it a suitable choice for balancing both the overall accuracy and
per-class precision.
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Figure 13. The impact of hyperparameter o on different datasets. (a) Accuracy of different hyperpa-
rameters on the CRMS dataset; (b) Accuracy on the TriCities dataset; (c) Accuracy on the GID dataset;
(d) Accuracy on the LoveDA dataset.

3.3.4. Analysis of the Model’s Computational Cost

In this study, to comprehensively evaluate the performance of deep learning methods
in the task of cropland information extraction from remote sensing data, this paper not
only focuses on the accuracy of the models but also conducts a detailed analysis of their
computational efficiency. Specifically, the time complexity of the models is assessed by
comparing their parameter counts (Params) and floating-point operations (FLOPs). The
relevant results are summarized in Table 8.

As shown in Table 8, convolutional neural network (CNN)-based models typically
have lower parameter counts and FLOPs, indicating that these models are more lightweight
in design. However, compared to Transformer-based models, CNN methods often achieve
lower accuracy in cropland information extraction tasks from remote sensing data. Even
when the accuracy of CNN-based models is improved by increasing network depth, pa-
rameter counts, and FLOPs, their overall performance often remains inferior to that of
Transformer-based models. For instance, the Deeplabv3+ model has parameter counts and
FLOPs of 26.68 M and 147.47 G, respectively. Nevertheless, its accuracy in most experi-
mental scenarios is still lower than that of the UNetformer model, which only has 11.72 M
parameters and 46.99 G FLOPs.

In the proposed GLCANet model, this study successfully achieves an optimal balance
between model performance and computational cost. The GLCANet model has 25.06 M pa-
rameters and 76.88 G FLOPs, a configuration that not only ensures the model’s lightweight
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design but also delivers the best performance in cropland information extraction tasks from
remote sensing data. Compared to traditional CNN-based models, GLCANet significantly
improves the accuracy of cropland segmentation while consuming more computational
resources, demonstrating its strong capability in handling remote sensing data. In summary,
through a comparative analysis of the parameter counts and FLOPs of different models, this
study concludes that GLCANet effectively enhances the accuracy of cropland information
extraction while maintaining relatively low time complexity.

Table 8. Computational complexity of each comparison method.

Methods Params (M) FLOPs (G)
Unet 32.52 172.08
PSPNet 24.32 47.73
DeepLabv3+ 12.55 37.74
BiSeNet 26.68 147.47
Segformer 27.35 227.24
MANet 35.86 345.27
A2FPN 12.16 91.17
ABCNet 13.67 62.55
BANet 12.73 52.88
DC-Swin 118.39 492.45
Unetformer 11.72 46.99
GLCANet 25.06 76.88

4. The Application of GLCANet in Large-Area Remote Sensing Images

This section primarily discusses the extraction of remote sensing cropland information
achieved through the integration of multi-source remote sensing images in Chongzhou
City, Sichuan Province, China. The location is shown in Figure 14.

0 55110 220 330 440
O km

Figure 14. The location of Chongzhou City.

To verify the precision and reliability of our method in large-area cropland extraction,
we randomly selected 500 points within the administrative area of Chongzhou and used
visual interpretation and Chongzhou'’s land use data as ground truth for validation. To val-
idate the effectiveness of our proposed method for large-scale applications, we conducted
a quantitative analysis of the results using overall accuracy (OA) and Kappa coefficient.
Figure 15 shows the full-area remote sensing image of Chongzhou and sampling points.
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(@) (b)

Figure 15. Chongzhou remote sensing imagery and sampling points. (a) Full-area remote sensing
image of Chongzhou; (b) randomly selected sampling points.

This section employs deep learning techniques for the semantic segmentation of three
satellite images from Chongzhou, successfully extracting information on buildings, roads,
water bodies, cropland, vegetation, and background. Figure 16 presents the results of
multi-object information extraction and cropland extraction from the three images.
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Figure 16. Extraction results for the Chongzhou Area. (a,b) show the results from the WorldView
satellite images from March 2017; (c,d) display the results from May 2020; (e,f) depict the results from
August 2023 using the GaoFen-1 satellite.
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The cropland extraction results indicate that the main land cover type on the western
side of Chongzhou is vegetation, while cropland resources are primarily located in the
eastern half. More specifically, cropland is predominantly distributed in the outer regions
of the eastern half, radiating from the central residential and industrial areas (classified
as buildings). This distribution aligns with the topography of Chongzhou, which slopes
from northwest to southeast, characterized by higher elevations in the northwest and lower
elevations in the southeast.

To validate the accuracy of the cropland data extracted from the four images of
Chongzhou, we provide a confusion matrix and accuracy assessment results for the remote
sensing image extraction outcomes. Due to external constraints making field verification
difficult, visual interpretation methods were employed for accuracy validation, using
contemporaneous high-resolution Google images to confirm uncertain land cover types.
The specific results are presented in Table 9.

Table 9. Confusion matrix and precision validation for the Chongzhou Region.

Class Cropland (Label) Non-Cropland (Label) OA 88.0%
N2[811FC7h Cropland (predict) 141 25
Non Cro%s;cll (predict) 13767 ggg Kappa 0.724
Class Cropland (Label) Non-Cropland (Label) OA
May Cropland (predict) 141 25 87.8%
2020 Non-Cropland (predict) 36 298 Kappa
Total 177 323 0.751
Class Cropland (Label) Non-Cropland (Label) OA 92.6%
A;é;zlés’f Cropland (predict) 141 25
Non Crop%oa:: (predict) 13767 gzg Kappa 0.843

In the analysis of the WorldView imagery for Chongzhou, a total of 500 random
points were selected for each of the four time periods. For March 2017, there were 158
cropland points, with 130 correctly classified and 28 misclassified, resulting in an overall
accuracy of 88.0% and a Kappa coefficient of 0.724, indicating high consistency. In May
2020, among 177 cropland points, 141 were classified correctly, with 36 misclassifications,
yielding an overall accuracy of 87.8% and a Kappa coefficient of 0.751, also indicating high
consistency. Finally, in August 2023, from 198 cropland points, 171 were correctly classified
and 27 misclassified, achieving an overall accuracy of 92.6% and a Kappa coefficient of
0.843, signifying nearly complete consistency.

Figure 17 presents the semantic segmentation results and accuracy validation for two
areas of the Chongzhou imagery from the GaoFen-1 satellite after labeling.

In Figure 17, the predicted overall accuracy (OA) is 91.3%, with a mean intersection
over union (mloU) of 77.2%. A closer analysis of the segmentation results reveals that while
the region shows commendable extraction accuracy, some errors still persist. For instance,
in the lower-left corner of the image, the prediction exhibits a significant void, primarily
due to the misclassification of vegetation. This misclassification may be attributed to the
similar color characteristics of the surrounding vegetation and the land in the background.
Overall, the extracted cropland results for the region are relatively close to the ground truth.
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(c)
|:| Cropland

Figure 17. Land cover extraction results for images of Chongzhou City. (a) High-resolution images.
(b) Ground truth. (c) Large-area prediction results.

5. Conclusions

This study leverages deep learning semantic segmentation techniques to address the
challenges in extracting cropland information from large-scale remote sensing imagery,
including the diversity of cropland features, misclassification issues, and low accuracy
across various scales. The key innovations are as follows:

Dataset Development: To overcome the limitations of single-source datasets, we
constructed a self-annotated dataset called TriCities using multi-spectral images from
Gaofen-2, Gaofen-7, and WorldView. We combined TriCities with the public datasets GID
and LoveDA to create the multi-source dataset CRMS, which enables effective cropland
extraction across different resolutions and scenes with a single deep learning model.

Network Architecture: We proposed GLCANet, a multi-scale semantic segmentation
network that integrates global context and local features. GLCANet employs a Bilateral
Feature Encoder (BFE) and a Global-Local Information Mining Block (GLM Block) to extract
combined features. A multi-scale progressive upsampling structure enhances the model’s
extraction capabilities. A hard sample mining-based loss function, along with an auxiliary
segmentation loss, forms a multi-constraint loss function, significantly improving cropland
extraction accuracy. The experimental results show that GLCANet outperforms single-
dataset training, with improvements in OA and mloU on both GID and LoveDA datasets.

Validation of Effectiveness: To validate the method’s effectiveness, we focused on
Chongzhou in Chengdu, Sichuan Province, using Gaofen-1 imagery and World View im-
ages. The method achieved over 87.8% precision in cropland extraction and demonstrated
feasibility for large-scale monitoring tasks.

However, there is still room for improvement in GLCANet’s accuracy. Additionally,
the integration of multimodal data is lacking in GLCANet, which will be a focus for our
future research.
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