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A B S T R A C T

Current agricultural parcels (AP) extraction faces two main limitations: (1) existing AP delineation methods fail 
to fully utilize low-level information (e.g., parcel boundary information), leading to unsatisfactory performance 
under certain circumstances; (2) the lack of large-scale, high-resolution AP benchmark datasets in China hinders 
comprehensive model evaluation and improvement. To address the first limitation, we develop a hierarchical 
semantic boundary-guided network (HBGNet) to fully leverage boundary semantics, thereby improving AP 
delineation. It integrates two branches, a core branch of AP feature extraction and an auxiliary branch related to 
boundary feature mining. Specifically, the boundary extract branch employes a module based on Laplace 
convolution operator to enhance the model’s awareness of parcel boundary. For AP feature extraction, a 
local–global context aggregation module is designed to enhance the semantic representation of AP, improving 
the adaptability across different AP scenarios. Meanwhile, a boundary-guided module is developed to enhance 
boundary details of high-level AP semantic information. Ultimately, a multi-grained feature fusion module is 
designed to enhance the capacity of HBGNet to extract APs with various sizes and shapes. Regarding the second 
limitation, we construct the first large-scale very high-resolution (VHR) agricultural parcel dataset (FHAPD) 
across seven different areas, covering more than 10,000 km2, using data from GaoFen-1 (2-meter) and GaoFen-2 
(1-meter). Detailed experiments are conducted on the FHAPD, a publicly European dataset (i.e., Al4boundaries), 
and medium-resolution Sentinel-2 images from the Netherlands and HBGNet is compared with other eight AP 
delineation methods. Results show that HBGNet outperforms the other eight methods in attribute and geometry 
accuracy. The Intersection over Union (IOU), F1-score of the boundary (Fbdy), and global total-classification 
(GTC) exceed other methods by 0.61 %-7.52 %, 0.8 %-36.3 %, and 1.7 %-31.8 %, respectively. It also effec
tively transfers to unseen regions. We conclude that the proposed HBGNet is an effective, advanced, and 
transferable method for diverse agricultural scenarios and remote sensing images.

1. Introduction

Agricultural parcels (APs) are fundamental units for agricultural 
activities, the accurate delineation of which is essential for efficient 
resource management and critical agricultural applications, including 
crop mapping, yield estimation, and sustainable agricultural planning 
(Belgiu and Csillik 2018; Waldner and Diakogiannis 2020). Currently, 
there are several AP datasets at regional- and national scales (Boryan 

et al. 2011; Teluguntla et al. 2018). However, traditional AP delineation 
methods rely heavily on time-consuming and laborious field surveys or 
manual interpretation of very-high-resolution (VHR) remote sensing 
images, which can hinder timely updating and maintaining affordability 
in accurate cropland monitoring (Hasituya et al. 2017; Liu et al. 2020; 
Rydberg and Borgefors 2001). Fortunately, the increasing availability of 
satellite imagery across diverse spatial, temporal, and spectral resolu
tions has unprecedentedly promoted the development of automatic AP 
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extraction techniques (Jong et al. 2022; Persello et al. 2019; Tang et al. 
2020).

Traditional AP delineation methods are mainly divided into three 
categories: edge-based, region-based, and hybrid methods. Edge-based 
methods focus on AP boundary detection by using different operators 
like Sobel, Canny, and Laplace filters edge operators to emphasize 
discontinuity (gradient) between pixels (Robb et al. 2020; Singh and 
Singh 2015). Nonetheless, these methods limit the utilization of high- 
level edge features, resulting in high sensitivity to high-frequency 
noise and incorrect parcel boundaries. To solve this problem, region- 
based methods utilize self-defined homogeneity criteria to adaptively 
split and merge similar pixels into larger regions (Nock and Nielsen 
2004). They yield spectral intensity, textural, geometrical, and spatial 
properties of object-level APs based on conventional image segmenta
tion techniques, such as watershed, multiresolution, and mean-shift 
segmentation (Cai et al. 2022; Garcia-Pedrero et al. 2017; Lebourgeois 
et al. 2017). However, region-based approaches often neglect sur
roundings and inter-object heterogeneity in generating optimal image 
objects and the segmentation parameters depend heavily on experience 
(Hay et al. 2003; Hossain and Chen 2019). Some researchers that 
attempt to integrate edge-based and region-based methods to improve 
AP delineation performance (Cheng et al. 2020; Rydberg and Borgefors 
2001; Watkins and Van Niekerk 2019). Mueller et al. (2004) implement 
region segmentation under the guidance of the detected gradient layer 
to obtain object-level parcel results. Rydberg and Borgefors (2001) use a 
gradient detector with the magnitudes and direction of edges, and 
combine the clustering algorithm to delineate APs.

Currently, deep neural networks have been widely used in extracting 
thematic information due to their powerful feature extraction 

capabilities (Li et al. 2023; Long et al. 2022; Lu et al. 2022; Waldner and 
Diakogiannis 2020). Fig. 1 shows two common architectures of deep 
learning models for AP extraction, i.e., single task and multitask models. 
Single-task networks typically use an encoder-decoder architecture, 
where the encoder captures multi-scale semantic features, and the 
decoder subsequently refines these gathered features (Taravat et al. 
2021; Zhang et al. 2020a; Zhang et al. 2021). Although these approaches 
produce satisfactory results, they tend to overlook the benefits of 
intrinsically related tasks that share optimal hypothesis classes, which 
can enhance generalization and reduce overfitting risk (Ruder 2017). 
Therefore, researchers have increasingly adopted multitask architec
tures that allow for joint representation learning across multiple related 
tasks (Li et al. 2023; Long et al. 2022; Waldner and Diakogiannis 2020). 
Multitask architectures are usually divided into single-branch (Fig. 1(b)) 
and dual-branch models (Fig. 1(c)). Single-branch architecture directly 
feeds the images into the model to simultaneously extract AP and AP 
boundary (or distance) (Lin et al. 2024; Taravat et al. 2021; Zhang et al. 
2020a; Zhang et al. 2021). For example, Long et al. (2022) introduced a 
lightweight multitask network (BsiNet) based on a singular encoder- 
decoder architecture using the single-branch structure, which im
proves the geometric accuracy of APs in hilly terrains. Nevertheless, 
such method fails to fully consider the multi-level boundary semantics, 
resulting in the incomplete and unclosed parcel boundaries. To deal with 
these deficiencies, the dual-branch architecture perform the tasks of AP 
boundary detection and AP delineation separately, using a shared 
encoder but distinct decoders, which improves the representation of 
boundary features, thus enhancing the accuracy of AP delineation in 
diverse areas (Li et al. 2023; Liu et al. 2022; Lu et al. 2024; Shunying 
et al. 2023). For example, Li et al. (2023) developed a semantic edge- 

Fig. 1. Three AP delineation types according to the model structure: (a) single-task structure, (b) single-branch architecture of multitask method, (c) dual-branch 
architecture of multitask method, and (d) our structure, hierarchical semantic boundary-guided network (HBGNet).
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aware multitask network (SEANet) that comprises a dense edge detec
tion branch and a parcel mask extraction branch to capture multi-level 
edge semantics, evidently improving the extraction of parcels in var
ied agricultural landscapes. However, such approaches have drawbacks 
of increased computation loads due to overemphasis on high-level fea
tures in boundary branch.

Instance segmentation methods based on multitask learning tech
nologies for AP delineation are also effective (Pan et al. 2023; Xu et al. 
2023; Zhong et al. 2023), which assigns semantic labels and instance 
identifiers to all pixels (De Brabandere et al., 2017; Fathi et al. 2017). AP 
delineation based on instance segmentation is mainly divided into two 
categories, i.e., top-down and bottom-top. For the top-down architec
ture, the location of each AP instance box is located by object detection, 
and then the AP instance is obtained by semantic segmentation inside 
the box, such as Mask R-CNN (He et al. 2017), DAFPN (Cao et al. 2023), 
E2EVAP (Pan et al. 2023), etc. However, AP segmentation accuracy is 
limited by the accuracy of box detection, and AP delineation results may 
weaken in complex landscapes. For the bottom-top architecture of 
instance segmentation, the pixel classification is first performed by se
mantic segmentation, and then AP instances are obtained by clustering 
(Brabandere et al., 2017; Li et al. 2017). These methods usually require 
cumbersome post-processing steps and filter out some small and narrow 
AP instances.

Despite the progress made in AP delineation, there are still several 
significant limitations. First, existing multitask methods mainly use 
convolutional neural networks (CNNs) as the model backbone, which 
struggles to model the long-distance contextual dependencies among 

objects due to the locality of convolution operations and leads to low 
extraction accuracy in complex scenarios. Second, existing methods 
commonly ignore the role of low-level semantics (e.g., boundary) in 
refining the spatial details of high-level semantics, leading to irregular 
parcel boundaries. Third, existing model architectures with skip con
nections may fail to retain vital multi-scale contextual information, 
which reduces the ability to accurately delineate APs across diverse 
scenarios. Finally, accurately delineate APs with irregular shapes, fuzzy 
boundaries, or small sizes remains a significant challenge for existing 
methods.

Moreover, another problem lies in the availability of datasets with 
high-resolution images. To our knowledge, no large-scale VHR AP 
dataset is currently available within China. Although there are multiple 
available land cover products including the AP category with medium 
spatial resolution, they are not sufficiently detailed and have limited 
coverage. Current algorithms and datasets, particularly VHR AP data
sets, are not readily accessible as open-source resources, leading to a 
scarcity of fundamental data. This data scarcity hampers the compara
tive experiments across various methods and stifles innovation in related 
techniques. Therefore, an urgent need exists for a large-scale AP dataset 
with high spatial resolution.

This study aims to develop an efficient multitask semantic segmen
tation network for delineating APs with fine boundary details from VHR 
remote sensing images. It presents a hierarchical semantic boundary- 
guided network (i.e., HBGNet) to focus on utilizing spatially explicit 
low-level boundary information to constrain the detection of high-level 
parcel features. Initially, an effective global and local context extraction 

Fig. 2. Overview of the FHAPD including seven areas (a-n refers to AP examples and the black box represents the training and validation areas, and the red box 
represents the testing area).
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module is employed to improve the model’s adaptability under diverse 
AP scenarios. Subsequently, a boundary information extraction branch 
is constructed to fully explore the spatial explicit AP boundary infor
mation. Further, the AP delineation capability is improved by con
straining high-level AP semantic information with boundary features. 
Finally, by integrating multi-grained information related to APs, 
HBGNet can be adapted to detect APs with various sizes and shapes. The 
main contributions of this study include:

It develops a novel parcel delineation architecture that jointly learns 
multiple related task features. A Local-Global Contextual Aggregation 
(LGCA) module is developed to comprehensively utilize local and global 
spatial information, improving the perception ability of APs, particu
larly in complex terrain scenarios like mountain and hilly.

It proposes a Boundary Guided Module (BGM) that fosters semantic 
interaction between boundary features and high-level AP features, thus 

alleviating boundary fuzzy of extracted parcels.
It introduces a Multi-Grained feature Fusion Module (MGFM) to 

augment the semantic representation of discrepant semantic informa
tion, bolstering the model’s capability to extract APs with small sizes 
effectively.

It constructs the first large-scale high-resolution AP dataset (i.e., 
FHAPD) covering seven different agricultural scenarios of China, which 
was collected from VHR remote sensing images for model comparison. 
The code and datasets is available at https://github.com/NanNanm 
ei/HBGNet.

2. Datasets and study areas

2.1. FHAPD: The first large-scale high-resolution remote sensing AP 
dataset in China

The indispensable role of a substantial dataset for training has been 
thoroughly substantiated within the domain of deep learning (Götz et al. 
2022; Sambasivan et al. 2021). However, there is a lack of publicly 
available large-scale parcel datasets, particularly those containing VHR 
remote sensing imagery with fine spatial and texture information. To fill 
the gap in VHR APs dataset, this study constructs the first large-scale 
VHR remote sensing AP dataset in China, named FHAPD. FHAPD in
cludes seven agricultural scenarios across different provinces in China, 
collected by GaoFen-1 (GF1) GaoFen-2 (GF2) satellites (Fig. 2). Detailed 
information of FHAPD is given in Table 1. We manually delineated the 
ground-truth APs for the FHAPD dataset, which includes over 100,000 
individual APs. Additionally, subset areas were selected for training and 
testing our model, as indicated by the black and red boxes in Fig. 2. The 
landscape shape index, fractal dimension and patch density were 
selected to characterize landscape pattern using FRAGSTATS version 4.2 
with eight-neighbor rule (McGarigal and Marks 1995). Please refer to 
Table S1 and Table S2 in the supplementary materials.

The Gram-Schmidt pan-sharpening process is implemented to inte
grate the multispectral imagery from GF1 and GF2 satellites with their 
panchromatic bands respectively. We then resampled the pan-sharpened 
images from GF1 to a resolution of 2 m and from GF2 to 1 m. The dataset 
covers an area of more than 10,000 km2, featuring a diverse range of 

Table 1 
Details of the study areas on the FHAPD.

Region Satellites Dates AP 
number

Average 
areas

Areas 
(km2)

Image 
sizes

HLJ GF1 20,201,113 8238 15136 
m2

6735.68 42266 
×

39841
HB GF2 20,200,602 13,923 4361 m2 760.21 27924 

×

27224
HN GF2 20,200,919 19,165 1748 m2 810.01 29200 

×

27740
JS GF2 20,200,507 19,656 3331 m2 771.98 28076 

×

27496
SC GF2 20,200,505 14,396 732 m2 741.43 27536 

×

26926
HuN GF2 20,181,006 19,526 613 m2 758.95 29659 

×

26522
XJ GF2 20,200,921 9757 32316 

m2
865.80 30163 

×

28704

Fig. 3. Parcel examples on the FHAPD and AI4Boundaries datasets (a and b are the parcel examples from the AI4Boundaries dataset, and c and d are the parcel 
examples from the FHAPD).
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agricultural landscapes—including plains, hills, and mountains—a di
versity of crop types across different climatic regions.

FHAPD covers seven different districts (Fig. 2), i.e., Heilongjiang 
(HLJ), Hebei (HB), Henan (HN), Jiangsu (JS), Sichuan (SC), Hunan 
(HuN), and Xinjiang (XJ). The Xinjiang area is in northwest China, 
where APs are large, flat, and have clear boundaries. The image here is 
acquired during the cotton harvest season. The Hebei area is in the North 
China Plain, where APs are small but precisely delineated, and the im
ages were taken during the ripening of winter wheat. The Henan area, 
also in the North China Plain, was selected to capture a diverse land
scape, includes plains, mountains, and hills. Cropland in Henan is pre
dominantly used for planting corn and rapeseed, resulting in small, 
irregularly shaped parcels. The Heilongjiang area features a mix of plain 
and hilly landscapes, with large, flat APs that have clear boundaries. The 
Jiangsu area displays small, regularly shaped APs, where diverse crops 
are cultivated here. The Sichuan and Hunan areas are both typical 
mountainous agricultural areas, featuring small, fragmented, and 
irregularly shaped APs. Effectively identifying and mapping these 
smallholder parcels from satellite imagery is widely recognized as a 
challenging task (Long et al. 2022).

2.2. Public AI4Boundaries dataset

AI4Boundaries is an open access AP dataset with 1-m orthophoto 
images of 512 by 512 pixels (d’Andrimont et al. 2023). The labels are 
derived from public parcel data of Austria, Catalonia, France, 
Luxembourg, Netherlands, Slovenia, and Sweden, provided by the 
Geospatial Aid Application. In AI4Boundaries, APs are homogeneous 
and large, especially in the plains (Fig. 3(a) and (b)). In contrast, the APs 
in FHAPD outline boundaries across plains, hills, and mountains with 
greater precision. Furthermore, FHAPD includes a variety of cropland 
types such as drylands, terraces, and paddy fields.

2.3. Netherlands Sentinel-2 dataset

The dataset from the Netherlands encompasses five cloud-free 10-m 
Sentinel-2 Level-2A surface reflectance products with true-color com
posites, which are also selected for model comparison. The original 
imagery is downloaded from Google Earth Engine (GEE) and covers 
almost the entire country (i.e., 41,528 km2) with a size of 42,845 ×
31,580 pixels. Each cloud-free image is mosaicked from images taken 
between May 1 to October 1, 2020 (Li et al., 2023). These images cover 
an area of more than 64,800 km2, providing sufficient material to 
evaluate our method in diverse agricultural scenarios. The subset areas 
(red and black boxes in Fig. 4) are used to train and test our method, and 
the training and validation subsets are randomly partitioned from 
designated areas in an 8:2 ratio.

3. Methods

3.1. HBGNet architecture

Fig. 5 illustrates the architecture of the proposed method (i.e., 
HBGNet), which focuses on three tasks: a core task of AP mask extrac
tion, and two auxiliary tasks involving the parcel distance map estima
tion and boundary extraction. The distance map is generated from the 
mask label using Euclidean distance transformation, representing the 
distance from the internal pixels of APs to the nearest boundary. This 
improves the geometric accuracy of the model by providing the topo
logical connectivity of APs and alleviating isolated segmentation errors 
(Diakogiannis et al. 2020; Long et al. 2022). Specifically, HBGNet con
sists of two branches: the agricultural parcel feature extraction (APFE) 
branch and the parcel boundary feature extraction (PBFE) branch. The 
PBFE branch is designed to capture precise boundary information by 
leveraging fine-grained spatial details from low-level semantics, while 

Fig. 4. Overview of Netherlands Sentinel-2 dataset. (a-d refers to the examples of typical agricultural parcels).
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the APFE branch focuses on extracting high-level semantic features of 
APs. Our method efficiently utilizes boundary features from PBFE to 
guide and constrain multi-level features from APFE.

The Pyramid Vision Transformer (PVT-V2) pre-trained on the 
ImageNet dataset is employed as the backbone of HBGNet (Wang et al. 
2022b). PVT-V2 adopts a pyramidal architecture with a spatially 
reduced attention module, which enables the effective capture of fea
tures at different levels in an image while maintaining low 

computational loads. For an input image I ∈ RH×W×C, (where H, W and C 
denote heights, widths and the number of channels, respectively). Lap
lace convolution is firstly used to extract AP boundary features (i.e., F1). 
And then, multi-level features Fi ∈ R(H/2i)×(W/2i)×Ci are derived from 
PVT-V2 (Fig. 5) using the overlapping patch embedding and Trans
former encoder, where Ci ∈ {64, 128, 320, 512} and i ∈ {2, 3, 4, 5}. F1 
and F2 contain fine-grained AP spatial features (Fig. 5b), while F3 to F5 
provide high-level semantic features (Fig. 5a) to assist in recognizing 

Fig. 5. Architecture of the proposed AP delineation using HBGNet from VHR images. It consists of two branches, corresponding to APFE and PBFE.

Fig. 6. The structure of LGCA module for enhancing the representation capability of multi-scale contextual information.
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abstract APs. These multi-level semantic features derived from PVT-V2 
(i.e., F2, F3, F4 and F5) are further improved using the Local-global 
context aggregation (LGCA) module, enhancing the representation 
capability of multi-scale contextual information. For fine-grained fea
tures F1, spatial details are enhanced by a convolutional block attention 
module (CBAM) (Woo et al. 2018). In addition, the boundary-guided 
module (BGM) leverages fine-grained semantics derived from low- 
level (e.g., PBFE) to guide and constrain high-level semantics (e.g., 
APFE), compensating for the loss of boundary information in high-level 
semantics. Finally, HBGNet aggregates all multi-level features and in
troduces the multi-grained feature fusion module (MGFM) to integrate 
discrepant semantic features from multi-levels, improving the extraction 
of AP with various shapes and sizes.

3.1.1. Local and global semantic information integration
Due to variability in spectra and seasons, APs often exhibit signifi

cant intra-class variation and inter-class similarity, posing challenges for 
accurate delineation. Utilizing multi-scale contextual information fa
cilitates the identification of ground objects with various appearances, 
particularly those exhibiting similar spectral and textural characteristics 
(Long et al. 2024a). Therefore, the LGCA module is proposed to fuse 
global and local contextual features. The LGCA module consists of global 
attention module (GAM) and CBAM (Woo et al. 2018): 

FC
G = f1×1(Cat(IGAM(FM), ICBAM(FM)) ) (1) 

where FM(M = 2, 3, 4, 5) indicates semantic features of different levels 
and FC

G denotes the fused features. f1×1 and Cat indicate a 1 × 1 con
volutional and concatenation operation, respectively. IGAM and ICBAM 
mean the GAM and CBAM operations, respectively.

Conventional convolution operations struggle to effectively extract 
global contextual information of the target object at spatial scale due to 
its local characteristics. Inspired by the non-local network, the GAM is 
proposed to leverage long-range contextual dependencies of target ob
jects based on a self-attention mechanism (Fu et al. 2019; Shaw et al. 
2018) to make up for the inadequate expression of global information of 
CBAM at the spatial level. Specifically, as shown in Fig. 6, given a feature 
map X ∈ RC×H×W, where C, H, and W represent the number of channels, 
heights, and widths, respectively, and a f1×1 is applied firstly to inde
pendently produce two feature maps K and Q, respectively, where {K,
Q} ∈ RC×H×W, then reshape them to RC×N , where N = H× W. Subse
quently, a matrix multiplication is conducted on the transpose 
of K and Q. Following this, a SoftMax layer is applied to derive the 
spatial attention matrix SN×N, which Eq.(2) indicates the result of each 
pixel. 

Sji =
exp

(
Ki⋅Qj

)

∑N
i=1exp

(
Ki⋅Qj

) (2) 

where Sji measures the ith position’s impact on jth position.
Meanwhile, we use f1×1 and reshape X to VC×N. After that, a matrix 

multiplication is performed between V and S. Let reshaped Y add X to 
obtain Z ∈ RC×H×W, and enhance representation by encoding context 
information across the horizontal, vertical, left diagonal, and right di
agonal directions (Fig. 6b). The global context IGAM for the input features 
is defined as follows: 

IGAM= (
(
VR)×

(
Softmax

(((
KR)T

)
×
(
QR)

)))R
+X (3) 

where R and T indicate reshape and transpose, respectively.

3.1.2. Parcel boundary feature extraction and enhancement
The PBFE branch is propose to further incorporate fine-grained 

boundary information into HBGNet. Specifically, an eight- 
neighborhood Laplace convolution kernel (LapConv) is used to high
light boundary information and extract features F1. Simultaneously, 
LGCA-enhanced F2 is concatenated with F1. After applying CBAM 
operation, the boundary-guided feature, FG, is obtained. FG is used as the 
input data to BGM module for guiding and constraining the APFE se
mantic information, resulting in multilevel AP mask features. Finally, 
the boundary feature FB is obtained as follows: 

FB = SoftMax
(
f1×1(ICBAM(LGCA(F2) + IRes(F1)))

)
(4) 

where ICBAM and IRes mean the CBAM and residual operation, respec
tively. f1×1 and SoftMax indicate a 1 × 1 convolutional and SoftMax 
operation, respectively.

3.1.3. Parcel boundary refinement using BGM
High-level semantic features contain more representative and 

discriminative global information but lack spatial detail. Moreover, 
traditional CNNs like ResUNet (Zhang et al. 2018) employ skip con
nections to aggregate both low- and high-level semantics, which struggle 
to effectively utilize reliable boundary information, thereby reducing 
the accuracy of AP boundaries. Therefore, the BGM is constructed to 
enable low-level boundary information to constrain high-level semantic 
information, enhancing the interactivity of multi-level information.

As shown in Fig. 7, the low-level semantic features (i.e., boundary- 
guided feature), named FG. Hn, represent high-level semantic features 
from the nth layer. For Hn, it is unsampled to the original size firstly and 
then a f1×1 is applied to obtain the refined features, i.e., FHn. For FG, a 
f1×1 is used to extract the feature, followed by max pooling and a 

Fig. 7. Architecture of the proposed BGM for modeling the interaction of low-level and high-level semantics features.
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sigmoid function. The features of each channel are then enhanced by 
multiplying with FHn. Lastly, Hn is added to obtain MLH. Here, the BGM is 
formulated as follows: 

MLH =
(
δ
(
MaxPool

(
f1×1(Ln)

) )
× FHn

)
+Hn (5) 

where δ indicates the sigmoid function and MaxPool is used to highlight 
the low-level boundary features of APs.

3.1.4. Multi-grained information enhancement using MGFM module
APs vary in size and shape, making accurate identification chal

lenging. Existing research indicates that extending the model’s receptive 
field helps capture multi-grained information of the target objects (Nam 
et al. 2017; Zhang et al. 2020b). Inspired by this, the MGFM module is 
designed to aggregate disparate semantic features from multiple 
receptive fields (Fig. 8). Specifically, multi-level features derived from 
low-level and high-level semantics are incorporated firstly (Fig. 5) to 
obtain concatenated features FM. Next, four convolutional layers are 
introduced with different kernel sizes are introduced to create a multi- 
scale receptive field, capturing fine-grained local features and coarse- 
grained global features. These features are then fused and fed to a 
convolution layer to obtain more representative features. Furthermore, 
the spatial information associated with APs is enhanced, resulting in F̂M , 
using the CBAM. Here, MGFM is formulated as follows: 

F̂M = ICBAM(f1×1( Cat
(
f1×1, f3×3, f5×5, f7×7))) (6) 

3.2. Multitask loss construction

AP mask and boundary predictions are regarded as major classifi
cation tasks. In this study, the binary cross-entropy (BCE) lbce is used to 
calculate the mask loss. Specifically, let ŷm and ym be the prediction and 
label values, respectively. Then lbce is defined as: 

lbce = −
1
N
∑N

i=1
(ymlogŷm + (1 − ym)log(1 − ŷm)) (7) 

where i is the ith pixel and N is the sum of image pixels. ym and ŷm 
represent the label value and prediction result after a sigmoid function 
in the ith pixel, respectively.

For the classification task of boundary prediction, the Negative Log- 
Likelihood Loss (NLL) lnll is used to improve training stability (Long et al. 
2022; Murugesan et al. 2019). Let x be the pixel position in image space 
xi

E(i = 1, ...,N). The loss function of edge prediction is defined as: 

lnll = −
1
N

∑N

i=1
log pe(x; ye(x)) (8) 

where pe
(
x; ye(x)

)
indicates the predicted probability of the edge label 

value ye(x) after SoftMax function.
Distance prediction provides constraints about the topology and 

shape of the APs, which represents the distance from the pixels inside the 
APs to the parcel boundary (which ranges from 0 to 1). Therefore, we 
regard it as a regression task. To calculate this loss, the mean square 
error (MSE) lmse is used to compute their bias of the predicted ŷd and 

ground truth distance yd. 

lmse =
1
N
∑N

i=1
(ŷd − yd)

2 (9) 

Finally, the total loss ltotal is formulated by integrating the loss values of 
three subtasks and setting equal weights: 

ltotal = w1⋅lbce +w2⋅lnll +w3⋅lmse (10) 

where w1 = w2 = w3 = 1. referring to Murugesan et al. (2019), Waldner 
and Diakogiannis (2020), Long et al. (2022), and Xu et al. (2024).

3.3. Comparison with existing methods for AP delineation

To further evaluate the performance of the proposed HBGNet, it is 
compared with six existing open-source models, corresponding to a 
single-task network, i.e., ResUNet (Taravat et al. 2021; Zhang et al. 
2018), three single-branch multitask networks, i.e., ResUNet-a (Waldner 
and Diakogiannis 2020), BsiNet (Long et al. 2022), REAUNet (Lu et al. 
2024) and two dual-branch multitask networks, i.e., SEANet (Li et al. 
2023), BFINet (Zhao et al. 2024). Two popular instance segmentation 
models (i.e., Mask-RNN (He et al. 2017) and E2EVAP (Pan et al. 2023)) 
are also tested and the result are shown in the supplementary materials.

ResUNet is a U-shaped semantic segmentation network based on 
residual connectivity. It achieves better segmentation performance with 
fewer parameters than UNet, while better balancing feature richness and 
detail trade-offs (Zhang et al. 2018).

REAUNet is a single-branch multitask network based on UNet 
backbone integrating edge detection block, deep supervision, the refine 
module and a post-processing workflow to delineate APs from high- 
resolution images (Lu et al. 2024).

ResUNet-a is a neural network that uses a UNet encoder/decoder 
backbone combined with residual connectivity, atrous convolutions, 
pyramid scene parsing pooling and multitask inference. It has been 
successfully used to extract APs from Sentinel-2 satellite images 
(Waldner and Diakogiannis 2020).

BsiNet is a lightweight multitask network based on Psi-Net. It used a 
single encoder-decoder to simultaneously predict parcel extent, 
boundary, and distance. It has shown advantages in small AP extraction 
of complex terrain (Long et al. 2022).

SEANet is a multitask network using a dense boundary prediction 
branch that considers multi-level boundary semantics to improve the 
identification of parcel boundaries (Li et al. 2023).

BFINet is a dual-branch multitask network mainly for the delineation 
of APs with blurred boundaries, irregular shapes and small sizes in 
mountains and hills using a semantic interaction module and a dense 
multibranch fusion module (Zhao et al. 2024).

3.4. Performance assessment

In this study, we evaluate the resulting accuracy of the model 
through typical pixel-based evaluation metrics, i.e. Precision (P), Recall 
(R), F1-score (F1), Overall accuracy (OA), and Intersection over Union 
(IOU). These measures are defined as follows: 

Fig. 8. Structure of the proposed MGFM module for the fusion of multi-grained features to improve the extraction capability of APs with various shapes and sizes.
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IOU =
TP

TP + FP + FN
(11) 

OA =
TP + TN

TP + TN + FP + FN
(12) 

F1 = 2⋅
precision ⋅ recall

precision + recall
(13) 

P =
TP

TP + FP
(14) 

R =
TP

TP + FN
(15) 

where TP, FP, TN, and FN denote true positive, false positive, true 
negative, and false negative, respectively.

The geometric metrics (both boundary-based and object-based) are 
employed to evaluate the geometric accuracy of APs. Specifically, three 
boundary-based assessment metrics, i.e., Completeness (Com), Correctness 
(Corr), and F1-score of the boundary (Fbdy) (Marshall et al. 2019; Per
sello et al. 2019; Xu et al. 2022) are used. Com measures the ratio of 
accurately detected parcel boundaries, while Corr assesses the error of 
incorrectly detected boundaries. Fbdy is the reconciled mean of 
completeness and correctness, by setting extracted boundary and 
reference boundary be the Bpred and Btruth, respectively. The buffer dis
tance of boundary is set to 5-m, refer to Cai et al. (2023). These metrics 
are expressed as Eq.(16)~(18). 

Com =
Bpred ∩ Btruth

Btruth
(16) 

Corr =
Btruth ∩ Bpred

Bpred
(17) 

Fbdy =
2 × Com × Corr

Com + Corr
(18) 

An object-based evaluation metric, based on the errors of under- 
segmentation and over-segmentation (Persello and Bruzzone 2009),is 
further used to assess the geometric accuracy of identified parcels. Let Ri 
represent the area where reference parcel object overlaps most with the 
predicted object Pi, i = 1, 2, ..., n, where n is the parcel number. Both 
spatially represent the same parcel object: i.e., area(Ri) and area(Pi) 
represent the area of Ri and Pi, respectively. That is, area (Ri ∩ Pi) rep
resents their overlapping area. We then calculate the over-segmentation 
error SO(i) (Eq. (19)) and the under-segmentation error SU(i) (Eq. (20)). 
The total-segmentation error ST(i) is obtained based on SO(i) and SU(i). 
(Eq. (21)). 

SO(i) = 1 −
area(Ri ∩ Pi)

area(Ri)
(19) 

SU(i) = 1 −
area(Ri ∩ Pi)

area(Pi)
(20) 

ST(i) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

SO(i)2
+ SU(i)2

2

√

(21) 

Meanwhile, three global error measures (i.e., GOC, GUC, and GTC) are 
derived based upon SO(i), SU(i) and ST(i) to evaluate different segmen
tation errors comprehensively (Li et al. 2015). 

GOC =
∑n

i=1

(

SO(i) ×
area(Pi)

∑n
i=1area(Pi)

)

(22) 

GUC =
∑n

i=1

(

SU(i) ×
area(Pi)

∑n
i=1area(Pi)

)

(23) 

GTC =
∑n

i=1

(

ST(i) ×
area(Pi)

∑n
i=1area(Pi)

)

(24) 

where GOC, GUC, and GTC represent global over-classification, global 
under-classification and global total-classification.

3.5. Implementation details

For the experiments, images of the study area and the corresponding 
ground truth are cropped to dimensions of 256 × 256 pixels. The overlap 
rate is set to 50 % based on empirical observations. To ensure model 
comparability and robust generalization, the data augmentation oper
ations are applied including horizontal and vertical flips, diagonal 
mirroring, the addition of Gaussian noise, contrast enhancement, zoom, 
and mix-up. We finally obtain (10220, 2555, 1600), (15272, 3818, 
1120), (14604, 3651, 1600), (20228, 5057, 2160), (17468, 4367, 3640), 
(18864, 4716, 4224) and (15468, 3867, 2000) samples in HLJ, HB, HN, 
JS, SC, HuN and XJ for training, validation and testing, respectively. 
Meanwhile, AI4Boundaries (256 × 256 pixels) and Netherlands 
Sentinel-2 datasets (256 × 256 pixels) are used to obtain (21632, 5408, 
1200) and (23200, 5800, 1350) samples for training, validation, and 
testing, respectively. The Adam optimizer with an initial learning rate of 
10-4 is employed with an NVIDIA GeForce RTX 4090 GPU to train 
HBGNet. The batch sizes and epochs are set to 8 and 100, respectively, 
and same parameters are used to train other models.

4. Experimental result

4.1. Comparing AP delineation using different methods on the 
FHAPD_HLJ and FHAPD_JS datasets

To demonstrate the superior performance of HBGNet with other 
models, a comparison based on FHAPD_HLJ and FHAPD_JS datasets 
(Table 2 and Table 3) was conducted. The reasons for choosing these two 
regions were: (1): APs in FHAPD_JS were more complicated and imaging 
time is May 7, when the crop types were abundant. (2): APs in 
FHAPD_HLJ were regular and distributed in the plain region. (3): The 
sensor and spatial resolution were different, FHAPD_JS was from GF2 (1- 
m) and FHAPD_HLJ was from GF1 (2-m). The results indicated that in 
FHAPD_HLJ (GF-1), HBGNet obtained the highest accuracy in F1 and 
IOU, which were 2.05 % and 3.67 % higher than SEANet and BsiNet in 
IOU, respectively. HBGNet also achieved the highest Fbdy score and the 
lowest GTC error on FHAPD_HLJ. Similarly, HBGNet achieved the 

Table 2 
AP accuracy evaluation of different models on FHAPD_HLJ.

Methods F1 (%) IOU (%) Fbdy GOC GUC GTC

HBGNet 91.75 85.11 0.764 0.112 0.152 0.159
SEANet 90.56 83.06 0.727 0.114 0.238 0.215
BsiNet 88.89 81.44 0.686 0.137 0.211 0.208
BFINet 91.44 84.57 0.759 0.099 0.206 0.186
REAUNet 90.42 82.88 0.721 0.063 0.355 0.246
ResUNet-a 88.97 81.23 0.401 0.087 0.640 0.477
ResUNet 90.31 81.13 0.720 0.089 0.308 0.245

Table 3 
AP accuracy evaluation of different models on FHAPD_JS.

Methods F1 (%) IOU (%) Fbdy GOC GUC GTC

HBGNet 95.12 90.78 0.842 0.053 0.086 0.085
SEANet 94.78 90.16 0.831 0.054 0.137 0.120
BsiNet 93.66 88.23 0.798 0.065 0.147 0.131
BFINet 93.86 88.91 0.803 0.087 0.112 0.107
REAUNet 93.52 87.93 0.768 0.061 0.171 0.200
ResUNet-a 93.68 87.67 0.680 0.096 0.254 0.213
ResUNet 93.13 88.17 0.834 0.052 0.153 0.129

H. Zhao et al.                                                                                                                                                                                                                                    ISPRS Journal of Photogrammetry and Remote Sensing 221 (2025) 1–19 

9 



highest F1, IOU, and Fbdy scores and had the lowest GUC and GTC error 
on FHAPD_JS. These results demonstrated that HBGNet was superior in 
capturing robust AP boundary information across different sensors (GF- 
1, GF-2).

The recognition errors of the different models were visualized in 
Fig. 9. HBGNet achieved the lowest segmentation error compared to the 
other models and had better APS extraction results than the recently 

proposed SEANet, which was proved to achieve a state-of-the-art per
formance. Fig. 10 showed the inference results for the whole GF-1 and 
GF-2 images, demonstrating satisfactory AP boundary detection details, 
indicating that utilizing boundary-guided information improved AP 
delineation.

Fig. 9. Visual comparisons of different models for AP delineation. (a) − (b) and (c) − (d) exhibited extracted results on the FHAPD_HLJ and FHAPD_JS, respectively.

Fig. 10. Extracted APs by HBGNet on Jiangsu (JS) GF-2 image and Heilongjiang (HLJ) GF-1 image.
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4.2. Comparing AP delineation using different methods on the 
AI4Boundaries and the Netherlands datasets

The AP delineation was also conducted using the AI4Boundaries 
orthophoto dataset (1-m) and Netherlands Sentinel-2 images (10-m) 
(Table 4 and Table 5). These tables indicated that the proposed method 
exhibited the highest extraction accuracy across all measures. In IOU, it 
surpassed SEANet and BsiNet by 3.01 % and 4.78 % on the AI4Boun
daries, 4.39 % and 5.46 % on Netherlands datasets, respectively. Addi
tionally, HBGNet outperformed ResUNet-a, specifically designed for 
Sentinel-2 images by achieving 4.56 % and 6.66 % higher F1 and IOU 
than ResUNet-a on the Netherlands dataset. HBGNet also exhibited 
satisfactory performance in geometric accuracy, with GTC decreased by 
1.7 % to 8.9 % on the AI4Boundaries and 3.5 % to 7 % on the 
Netherlands datasets, respectively. These results demonstrated 
HBGNet’s effectiveness in extracting features related to APs from images 
with varying resolutions, regions, and sensors, and in handling spectral 
heterogeneity.

A similar pattern was observed in the results shown in Fig. 11. 
Compared to other methods, HBGNet performed better in identifying 

varied parcels with different landscapes, producing the fewest omission 
and commission on the AI4Boundaries and NL datasets. Moreover, 
Fig. 12 showed the inference results of Sentinel-2 imagery using HBGNet 
for the entire Netherlands, demonstrating excellent AP boundary 
detection. Our model accurately identified fine agricultural parcels in 
10-m resolution Sentinel-2 imagery, effectively excluding irrelevant 
features such as buildings.

The results compared with two popular instance segmentation 
models were shown in Table S3, Tabel S4, and Fig. S1 of the supple
mentary materials. HBGNet outperformed them in both attribute and 
geometric accuracy, and produced the fewest FN and FP errors.

4.3. AP delineation for other FHAPD areas

To assess the adaptability of the proposed method in varied agri
cultural environments, AP delineation was performed on GF-2 images in 
the other five FHAPD regions. Despite variations in color and frag
mentation levels among parcels in these regions, HBGNet demonstrated 
satisfactory results, indicating strong generalization performance 
(Fig. 13). It was evident from the pixel-based visualization that the 
delineation results on the XJ, HB, and HN areas outperformed those in 
the HuN and SC areas. This was primarily because HuN and SC are in the 
mountainous regions of China, where the APs were more fragmented, 
making the segmentation tasks more challenging. The segmentation 
performance (Table 6) of these five regions was quantified and all 
metrics indicated satisfactory results generated by HBGNet.

4.4. Transfer testing across different areas

To validate the transferability of HBGNet on VHR images in different 
regions, the HBGNet trained on FHAPD_XJ GF-2 images was applied to 
predict AP results directly on JS GF-2 images (i.e., from XJ to JS). The 
two regions exhibited similar parcel characteristics with neat and reg
ular alignment of APs, but distinct crop planting patterns. Similarly, the 
model trained on HuN GF-2 images was transferred to directly predict 
the APs on GF-2 images from SC. The APs in the two areas were char
acterized by mountainous agriculture and fragmentation in both re
gions. Meanwhile, the transfer experiment was also conducted in 
agricultural regions with different parcel characteristics (i.e., from JS to 
SC). Fig. 14 displayed the transferred results, revealing that the APs were 
identified accurately, while other types (e.g., road, building) not asso
ciated with APs were discarded, even for images with evident spectral 
differences.

Table 7 listed the accuracies of attribute and geometric measures 

Table 4 
AP accuracy evaluation of different models on the public AI4Boundaries dataset.

Methods F1 (%) IOU (%) Fbdy GOC GUC GTC

HBGNet 91.96 86.06 0.623 0.087 0.346 0.280
SEANet 89.84 83.05 0.573 0.120 0.344 0.297
BsiNet 88.94 81.28 0.508 0.119 0.429 0.350
BFINet 90.69 84.36 0.574 0.103 0.431 0.328
REAUNet 87.98 80.55 0.476 0.099 0.493 0.385
ResUNet-a 88.54 80.23 0.466 0.316 0.561 0.468
ResUNet 88.23 80.63 0.491 0.110 0.459 0.369

Table 5 
AP accuracy evaluation of different models on Netherlands Sentinel-2 image 
datasets.

Methods F1 (%) IOU (%) Fbdy GOC GUC GTC

HBGNet 90.67 83.22 0.793 0.328 0.142 0.299
SEANet 87.88 78.83 0.749 0.314 0.234 0.334
BsiNet 87.25 77.76 0.717 0.257 0.453 0.436
BFINet 89.35 80.94 0.775 0.343 0.155 0.309
REAUNet 90.55 82.38 0.779 0.310 0.227 0.331
ResUNet-a 86.11 76.56 0.751 0.301 0.162 0.351
ResUNet 85.97 75.70 0.722 0.310 0.304 0.369

Fig. 11. Visual AP results of different models. (a) − (b) and (c) − (d) are the extracted results on the AI4Boundaries and Netherlands Sentinel-2 dataset, respectively.
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after transferring. The accuracy of XJ-to-JS was close to that directly 
trained on the JS areas. Additionally, in the experiments of HuN-to-SC, 
the two datasets had a large difference in spectra and landscapes, posing 
a significant challenge for AP delineation. However, HBGNet still ach
ieved high accuracy similar to that directly trained on SC areas, which 
further confirmed that HBGNet remained a promising approach in these 
regions with evident fragmentation parcels. As for the experiments of JS- 
to-SC, although the accuracy metrics have a small gap compared with 
the results directly trained on SC areas, the results are acceptable in 

combination with Fig. 14. These results verify the high transferability of 
HBGNet in regions with different AP features, even across different 
agricultural landscapes and image acquisition times.

5. Discussion

In this study, a novel and efficient AP delineation method is con
structed based on multitask learning, i.e., HBGNet. It includes a 
boundary extraction branch based on Laplace convolution (i.e., PBFE) to 

Fig. 12. Extracted parcels and boundaries by HBGNet on the Netherlands Sentinel-2 images.
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obtain low-level fine-grained boundary semantics to refine high-level AP 
features. This information interaction and weight sharing strategy is 
different from existing single-branch and dual-branch multitask models 
that focus on capturing high-level semantics (Diakogiannis et al. 2020; 
Li et al. 2023; Long et al. 2022; Murugesan et al. 2019). Moreover, we 

construct the first large-scale VHR parcel dataset (i.e., FHAPD) collected 
from GF-1 and GF-2 images covering seven different agricultural areas of 
China. The extensive experiments are conducted on three datasets, 
including two high-resolution benchmark datasets, i.e., the FHAPD, a 
public AI4Boundaries dataset, and a medium-resolution Netherlands 
Sentinel-2 dataset. Our results show that HBGNet obtains satisfactory 
results in all datasets with varying sensors, spatial resolution, and ter
rains, and evidently outperforms eight existing methods, i.e., SEANet, 
BsiNet, REAUet, BFINet, ResUNet-a, ResUNet, Mask R-CNN, and 
E2EVAP, in terms of attribute and geometric measures. Furthermore, 
HBGNet has great potential to transfer to different areas across various 
dates, landscapes, and images.

5.1. The first large-scale VHR parcel dataset (FHAPD)

This study presents the first-of-its-kind agricultural parcel dataset in 

Fig. 13. AP delineation results and detail display for other regions in FHAPD (APs boundaries are red vector and shown overlaid with mask).

Table 6 
AP accuracy evaluation of HBGNet on other FHAPD.

Dataset F1 (%) IOU (%) Fbdy GOC GUC GTC

FHAPD_XJ 82.37 91.52 0.785 0.123 0.108 0.186
FHAPD_HuN 84.23 82.58 0.792 0.102 0.206 0.188
FHAPD_SC 84.16 84.31 0.791 0.190 0.351 0.318
FHAPD_HB 92.23 85.98 0.763 0.093 0.186 0.172
FHAPD_HN 90.65 88.52 0.827 0.119 0.156 0.163
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China with high accuracy and spatial resolution. To our knowledge, 
there are no publicly available large-scale AP VHR datasets in China. 
Additionally, due to various reasons, relevant methodology papers have 
not made their datasets publicly available. This limitation hinders 

benchmarking, performance improvement of data-driven deep learning 
models, and comparisons between different models. The constructed 
FHAPD dataset features various parcel types and terrains, different 
phenological stages, and rich spectral information. It can be regarded as 
a benchmark AP dataset for model comparison and advancement. Future 
efforts will focus on collecting more parcel samples in various scenarios 
to enrich the FHAPD.

5.2. Effectiveness of PBFE branch in extracting APs

Many studies have demonstrated that the boundary task is a crucial 
component in existing multitask network models of AP delineation (Cai 
et al. 2023; Li et al. 2023; Long et al. 2022). However, these methods 
usually use a down-sampling block to capture multi-level features, 
which leads to the loss of significant spatial details that retain finer 
resolution and valuable information for predicting pixel-level locations 
(Chen et al. 2014; He et al. 2016). Significant changes in pixel values at 
AP boundaries make predictions even more challenging.

Three experiments were conducted to evaluate the effectiveness of 
the PBFE branch. First, the Laplacian convolution in the PBFE branch 
was replaced with traditional convolution to verify its validity, referred 
to as HBGNetnoLap. Second, the PBFE branch (except for the first level of 
PVT-V2) was removed to verify the validity of the PBFE, called 
HBGNetnoPBFE. Third, eliminate the auxiliary task, but keep the PBFE 

Fig. 14. Extracting APs results of different transfer experiments.

Table 7 
Transfer accuracy evaluation of HBGNet across different areas.

Methods F1 (%) IOU (%) Fbdy GOC GUC GTC

JS 95.12 90.78 0.842 0.053 0.086 0.085
XJ → JS 94.21 88.92 0.811 0.152 0.168 0.186
SC 84.16 84.31 0.791 0.190 0.351 0.318
HuN → SC 80.46 81.91 0.706 0.105 0.401 0.482
JS → SC 77.56 77.03 0.633 0.239 0.583 0.611

Table 8 
Ablation experiments of HBGNet, HBGNetnoLap, HBGNetnoPBFE, and HBGNetnoBT 
on FHAPD_JS.

Methods F1 (%) mIOU (%) Fbdy GOC GUC GTC

HBGNet 95.12 90.78 0.842 0.051 0.086 0.085
HBGNetnoLap 90.93 86.79 0.781 0.128 0.147 0.129
HBGNetnoPBFE 90.14 84.61 0.743 0.145 0.151 0.163
HBGNetnoBT 94.08 88.63 0.826 0.094 0.113 0.104
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branch, called HBGNetnoBT. The results (Table 8 and Fig. 15) indicated 
that HBGNetnoPBFE performed the poorest in terms of both attribute and 
geometric accuracy, with a clear increase in false positive (FP) and false 
negative (FN). In contrast, HBGNetnoLap showed improvements but did 
not produce distinct AP boundaries. The results of HBGNetnoBT, which 
significantly reduced FP and FN pixels, were only surpassed by those of 
HBGNet.

Meanwhile, the visualization of feature maps was presented in 
Fig. 16. Clearly visible boundary features (e.g., red pixels) are observed 
in HBGNet. In contrast, AP structures are also observed in FG of 

HBGNetnoBT, but with limited boundary activation. FG of HBGNetnoLap 
barely activated boundary information, demonstrating the effectiveness 
of Laplace convolution in delineating AP boundaries. Therefore, 
HBGNet effectively maintains boundary semantics across various levels, 
utilizing them to achieve superior AP mask delineation.

The PBFE addresses this issue by utilizing Laplace convolution, 
which combines the properties of first-order and second-order de
rivatives. First-order derivatives capture general edge information and 
highlight rough edges, facilitating the extraction of regular AP bound
aries. Second-order derivatives, in contrast, are more sensitive to image 

Fig. 15. Visual comparisons of HBGNet, HBGNetnoLap, HBGNetnoPBFE, and HBGNetnoBT on FHAPD_JS.

Fig. 16. Comparison of feature maps for the three tasks at different levels on the FHAPD_JS dataset. FG is the boundary feature input to BGM. LapConv denotes the 
feature by Laplace convolution. All image resolution is 256 × 256 pixels.
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details such as fine lines, isolated points, and noise, thus enhancing the 
accuracy of extracting irregular AP boundaries (see the green boxes of 
Fig. 15, Fig. 16). Consequently, the boundary features extracted by this 
method are more representative and distinguishable. Exploring effective 
combinations of different edge detection operators with deep learning- 
based methods is a promising area of research. Furthermore, 

incorporating design logic inspired by traditional image segmentation 
methods into deep learning-based semantic segmentation models has 
significant potential for improving multitask learning. Adaptive 
adjustment of loss weights between different subtasks and selecting 
optimal weights will enhance the interpretability of deep learning 
models. Investigating more efficient post-processing methods will 
further improve AP delineation performance.

5.3. Effectiveness of the proposed modules

5.3.1. Ablation experiment of the proposed modules
To assess the effectiveness of the proposed modules (i.e., LGCA, 

BGM, and MGFM), ablation experiments were conducted based on the 
FHAPD_JS dataset. The evaluation results of attribute and geometric 
accuracy were presented in Table 9 and Table 10, respectively. The re
sults showed that the incremental addition of these modules enhances 
the accuracy of AP delineation. Specifically, removing all proposed 
modules led to a decrease of 1.33 % in IOU and 2.3 % in Fbdy, while GTC 
increased by 5.1 %. Notably, incorporating the BGM module signifi
cantly improves accuracy, with a 0.72 % and 1.3 % increase in IOU and 
Fbdy, 2.3 % decrease in GTC errors.

Fig. 17 illustrates that adding the LGCA module enhances the iden
tification of isolated APs, while incorporating the BGM module further 
eliminates these APs, resulting in smoother AP boundaries, as shown in 
the green boxes in Fig. 17 (b). This suggested that AP mask predictions 
could be effectively optimized using low-level boundary information. In 
contrast, the introduction of MGFM improved the accuracy of the model 
in recognizing APs of different shapes (see the green boxes in Fig. 17 (a) 
and (d)). Additionally, the results demonstrated that LGCA, BGM, and 
MGFM modules possess strong capabilities to capture discriminate se
mantic cues, thereby enhancing the spatial details of AP boundaries and 
integrates semantic representations at different receptive fields.

Table 9 
Ablation experiments of proposed modules and pixel-based AP accuracy eval
uation on FHAPD_JS.

Methods OA 
(%)

precision 
(%)

recall 
(%)

F1 
(%)

IOU 
(%)

IOU↑ 
(%)

Baseline 93.58 95.02 93.76 94.37 89.45 ​
Baseline + LGCA 93.71 95.99 94.05 94.50 89.67 0.22
Baseline + LGCA 
+ BGM

93.84 94.99 94.31 94.63 90.39 0.72

Baseline + LGCA 
+ BGM +
MGFM

94.38 95.32 94.96 95.12 90.78 0.39

Table 10 
Geometric accuracy evaluation of ablation experiments on FHAPD_JS.

Methods Com Corr Fbdy GOC GUC GTC GTC↓ 
(%)

Baseline 0.826 0.824 0.819 0.057 0.160 0.136 ​
Baseline +

LGCA
0.829 0.829 0.825 0.054 0.150 0.128 0.8 %

Baseline +
LGCA +
BGM

0.830 0.822 0.838 0.057 0.143 0.105 2.3 %

Baseline +
LGCA +
BGM +
MGFM

0.836 0.847 0.842 0.051 0.086 0.085 2.0 %

Fig. 17. Visual comparisons of ablation experiment results.
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5.3.2. BGM improves the boundary accuracy of AP delineation
Existing multitask learning models are typically categorized into 

single-branch (Cai et al. 2023; Long et al. 2022; Waldner and Dia
kogiannis 2020; Waldner et al. 2021) and dual-branch (Li et al. 2023; Liu 
et al. 2022; Shunying et al. 2023). Single-branch architectures attempt 
to simultaneously extract parcels and boundaries, but do not fully utilize 
boundary information. In contrast, dual-branch architecture uses inde
pendent branches to capture local–global boundary information, 
thereby improving parcel delineation accuracy. However, such methods 
fail to effectively constrain the AP mask and increase model complexity. 
To effectively utilize the boundary information, we combine single- 
branch and dual-branch approaches through the BGM module. Fig. 17
illustrates that the BGM module reduces the FP errors and optimizes AP 
boundary, while simultaneously yielding clear and well-defined AP 
boundary features at different layers (Fig. 16). Ultimately, the number of 
HBGNet parameters is comparable to dual-branch networks like SEANet, 
but it significantly reduces the model complexity (Table 11) while 
enhancing performance (4.1, 4.2). This finding aligns with Yuan et al. 
(2020), which shows that adding boundary orientation and intensity 
information can further constrain object boundaries.

5.3.3. LGCA module improves the identification of complex scenarios
Recent studies have shown that incorporating multi-scale contextual 

information aids in recognizing objects with various shapes and spectra, 
especially those with similar spectral and textural characteristics (Jin 
et al. 2024). However, effectively addressing the jagged edge remains 
challenging when relying solely on local and global contexts (Wang et al. 
2022a). To improve the AP identification in complex scenarios, we 
propose the LGCA module to enhance the representation capability of 
multi-scale contextual information (Table 9). As shown in the green 
boxes of Fig. 17, the LGCA module significantly mitigates the impact of 
small objects. This finding further demonstrates that the LGCA module 
helps compensate for the lack of global contextual feature extraction 
capability at different layers of traditional CNNs. Future research can 
explore more efficient fusion modules for local and global context in
formation, which is an interesting direction for further study.

5.4. Analysis of model adaptability and transferability

This study tests the effectiveness of HBGNet on two high-resolution 
datasets (i.e., FHAPD and AI4Boundaries) and medium-resolution 
Netherlands dataset, which cover almost all agricultural landscapes. 
Overall, the accuracy of APs extracted from flat and regular agricultural 
landscapes (e.g., XJ, JS, and the Netherlands) is higher than that in 
irregularly shaped mountainous areas with predominantly small farmers 
(e.g., SC and HuN). Our results demonstrate the robustness of HBGNet to 
imagery from different sensors and resolutions (4.3, 4.4). In addition, 
our method successfully transfers to different agricultural landscapes, 
and effectively avoids the disturbance of other objects even with limited 
training samples (Fig. 14). However, current delineation results are 
often confounded by abandoned land and grassland, an issue that could 
be addressed by incorporating medium-resolution time-series data, 
particularly for areas with complex crop cultivation. Meanwhile, a large- 
scale AP delineation based on deep learning is still a major challenge. 

Combining visual foundation models, e.g., segment anything model, to 
produce considerable high-quality pseudo labels to achieve small sam
ple based fine-tuning tasks could reduce the labor-intensive task of 
manual outlining, is promising for improving the robustness and trans
ferability of AP delineation models (Kirillov et al. 2023; Long et al. 
2024b).

6. Conclusions

This paper develops a hierarchical semantic boundary-guided 
network, namely HBGNet, to delineate APs using remote sensing im
agery of multiple resolutions and sensors. It includes two branches: (1) 
an agricultural parcel feature extraction (APFE) branch to extract multi- 
scale contextual information related to APs based on the LGCA module, 
and (2) a parcel boundary feature extraction (PBFE) branch to mine 
spatial explicit AP boundary features using Laplace convolution. These 
two branches are then combined by a BGM module, which utilizes 
boundary features from PBFE to guide and constrain high-level semantic 
features derived from APFE. In addition, HBGNet captures multi-grained 
AP features by extending the receptive field using MGFM module. 
Furthermore, this study establishes the first large-scale high-resolution 
remote sensing AP dataset in China (i.e., FHAPD) that covers various 
agricultural landscapes to promote the comparison and innovation of AP 
delineation models.

Experiments were conducted on three datasets: FHAPD, Netherlands 
Sentinel-2, and AI4Boundaries. First, ablation experiments show that FP 
and FN error pixels are significantly reduced under the guidance and 
constraint of boundary branches (Table 8 and Fig. 15). BGM refines 
high-level AP boundary features, evidently improving the geometric 
accuracy of delineation results (Table 10 and Fig. 17). Second, 
comparative results show that HBGNet outperformed the other eight 
methods in both attribute and geometry. The IOU, Fbdy, and GTC 
exceeded other methods by 0.61 %-7.52 %, 0.8 %-36.3 %, and 1.7 
%-31.8 %, respectively. Finally, to facilitate the AP delineation in un
known region, transfer testing show HBGNet can transfer to various 
areas, even across different dates, landscapes, and crop types (Table 7
and Fig. 14).

Overall, the developed HBGNet model exhibits strong performance 
and transferability, substantially enhancing the monitoring and under
standing of agricultural industrialization and intensification in regions 
predominantly characterized by smallholder farming systems.
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Table 11 
Floating point of operations (FLOPs) and parameters evaluation of different 
methods. 1GFLOPs = 109 FLOPs and 1 M = 106.

Method Image size FLOPs Parameters

HBGNet 256 × 256 58.94G 30.45 M
SEANet 256 × 256 208.14G 28.75 M
BsiNet 256 × 256 13.34G 7.85 M
BFINet 256 × 256 14.75G 27.38 M
REAUNet 256 × 256 254.42G 142.41 M
ResUNet-a 256 × 256 70.90G 131.47 M
ResUNet 256 × 256 81.02G 13.04 M
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.isprsjprs.2025.01.034.
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