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Highlights

What are the main findings?

e A multi-source benchmark dataset encompassing over 180,000 expertly refined crop-
land parcels is constructed.

e  Terrain complexity dictates model selection: multi-task semantic segmentation for
plains and edge detection for mountains.

What are the implications of the main findings?

o  Theformulated empirical guidelines can assist researchers and practitioners in selecting
optimal remote sensing data.

e  The established robust benchmark can accelerate the development of highly generaliz-
able boundary extraction algorithms.

Abstract

The expertly rectified extraction of cropland parcel boundaries is a critical basis for precision
agriculture deployment and land resource management. However, the scarcity of large-scale,
high-quality, cross-regional reference datasets limits the generalizability of deep learning
models. To address this data bottleneck, we created a standardized, multi-source cropland
parcel boundary benchmark dataset. The collection, which covers Europe (Denmark, the
Netherlands, Spain) and Asia (Central China), encompasses over 180,000 expert-rectified
parcels, with average parcel sizes ranging from 0.05 to 10 hectares and spatial resolutions
spanning 0.2 to 10 m. Based on this dataset, we evaluated nine representative deep learning
models belonging to three architectural paradigms (edge detection, multi-task semantic
segmentation, and instance segmentation) and analyzed the effects of spatial resolution,
parcel scale, and topographic relief on extraction accuracy. The experimental results indicate
the following: (1) Spatial resolution exerts a non-linear influence on boundary extraction
fidelity, where some medium-resolution data conditions (such as 4.8 m imagery in large-
scale fields) retained competitive boundary extraction performance for certain models.
(2) Even small but regular parcels of merely 0.22 hectares can be extracted with high
accuracy, achieving a maximum F1 score of 86.58%. (3) Topographic variations lead to
contrasting model performance. In plain and hilly terrain, multi-task semantic segmentation
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models exhibit obvious advantages. BsiNet yields the highest F1 score of 86.58%, but this
value drops to 36.56% in complex mountainous regions. By comparison, edge detection
models perform better in mountainous areas, where RCF attains the maximum F1 of 70.85%.
In summary, this study establishes a standardized, expertly refined reference parcel dataset
and provides an empirical evaluation of how different model architectures perform across
varied observational settings, offering an empirical baseline for future model development
and evaluation in cropland boundary extraction.

Keywords: cropland parcel boundary extraction; benchmark dataset; multi-source remote
sensing; deep learning

1. Introduction

The timely and accurate acquisition of agricultural data is fundamental to advancing
agricultural modernization. Among agricultural data, cropland information is particularly
pivotal, representing one of the most essential data types within the agricultural sector.
Cropland parcels, as the smallest operational units of agricultural production and farm man-
agement, require the precise delineation of their boundaries, which remains a cornerstone
of precision agriculture. Accurate boundary information enables agricultural authorities
to manage land resources more efficiently, monitor crop conditions, assess the impacts
of disasters, and develop effective policies to safeguard food security [1,2]. Specifically,
detailed cropland parcel boundary data support the development of foundational cropland
statistics [3], the creation of cadastral maps [4], the construction of regional agricultural
models [5], and the establishment of comprehensive cropland databases [6]. Addition-
ally, these data play a critical role in applications such as crop yield prediction [7], crop
classification and identification [8], crop distribution mapping [9], pest and disease man-
agement [10], precision fertilization [11], and the autonomous navigation of agricultural
machinery [12]. Furthermore, they contribute substantially to regional agricultural man-
agement [13], land use planning [14], and water resource management [15]. Thus, the
accurate and efficient extraction of cropland parcel boundaries over large areas holds signif-
icant scientific and practical value for improving agricultural productivity and supporting
long-term sustainability.

Remote sensing technology has emerged as a powerful tool for acquiring agricultural in-
formation, including estimates of cropland areas [16,17], crop distribution patterns [18,19],
and crop growth status [20,21]. The methods for extracting cropland information from
remote sensing data have undergone significant evolution, progressing from early human-
computer interactive visual techniques [22], pixel-based texture analysis [23], and object-
oriented approaches [24], to more advanced machine learning frameworks [25-27].

Traditional visual interpretation, which relies on expert-driven manual annotation of
high-resolution imagery informed by prior knowledge, has demonstrated relatively high
accuracy for delineating cropland parcel boundaries. However, as the scale and volume
of cropland data continue to expand, these manual methods become increasingly labor-
intensive and time- and resource-consuming. Consequently, automated approaches for
cropland parcel boundary extraction have grown in importance. Deep learning, with its
strong capacity to learn complex spatial patterns and autonomously extract hierarchical fea-
tures, has achieved substantial progress in computer vision such as cropland parcel bound-
ary extraction. The superior performance and broad potential of deep learning techniques
in remote sensing image processing have accelerated their application in cropland parcel
boundary extraction, resulting in enhanced robustness and improved accuracy [28,29]. As
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aresult, deep learning-based methods for cropland parcel boundary extraction have become
a prominent and rapidly growing area of research in the remote sensing community.

In the context of cropland parcel boundary extraction, current deep learning models
can be broadly categorized into four main types: edge detection, multi-task learning, se-
mantic segmentation, and instance segmentation networks. Edge detection models such as
RCF [30,31], HED [32,33], and D-LinkNet [34] enhance fine-grained edge feature extraction
by leveraging multiscale semantic cues. Although these networks achieve strong perfor-
mance in general edge detection tasks, they are not specifically optimized for identifying
cropland parcel boundaries. As a result, their outputs often contain irrelevant or noisy
edges that degrade the precision and geometric accuracy of the extracted parcel boundaries.
To address the aforementioned shortcomings, multi-task learning networks combine the
strengths of segmentation and boundary detection. Models such as cascaded architec-
tures [35,36], BSNet [37], BsiNet [38], ResUNet-a [39,40], SEANet [41], and TENet [42]
jointly optimize region-level and edge-level predictions, thereby improving boundary con-
tinuity and semantic coherence. For example, the Dual Spatio-Temporal Fusion Network
(DSTFNet) integrates high-resolution GF-2 imagery with multi-temporal Sentinel-2 data to
exploit both fine-grained spatial information and spectral-temporal dynamics [43]. Nev-
ertheless, most multi-task learning approaches still depend on postprocessing operations
(e.g., watershed or morphological segmentation) to obtain parcel instances, which may
introduce boundary distortions and lead to under-segmentation of small parcels. Seman-
tic segmentation models such as DeepLab [44], DenseNet [45], CNN-based models [46],
UNet [47], SegNet [48], and Fully Convolutional Networks (FCNs) [49,50] are widely
used for delineating cropland from remote sensing imagery. These models perform dense
per-pixel classification but often experience spatial information loss due to repeated down-
sampling operations, which is particularly critical for accurate boundary delineation. This
limitation can result in discontinuous or imprecise parcel boundaries, and ambiguities be-
tween adjacent parcels may lead to parcel adhesion and incomplete vectorization. Instance
segmentation models including Mask R-CNN [51], SOLOv1 [52], DeepSnake [53], and
E2EC [54] directly generate discrete parcel instances by modeling object contours. Such
approaches maintain topological independence between parcels and produce smoother,
more accurate boundaries. For example, the E2EVAP model [55], which integrates Deep-
Snake and E2EC, demonstrates superior capability in preserving fine-scale geometry for
extracting fragmented parcels from high-resolution satellite imagery.

As a data-driven approach, the performance of deep learning models heavily relies on
the quantity and quality of annotated training data. However, publicly available datasets
for cropland information extraction remain scarce, and many studies require manual re-
annotation of raw data. This process not only increases research time and costs but also
hinders the widespread adoption and scalability of deep learning techniques in agricultural
applications. The publicly available cropland parcel datasets can be classified into several
categories, including (i) datasets based on Jilin-1 optical remote sensing imagery for specific
regions of China [56]; (ii) datasets derived from Sentinel-2 satellite and aerial imagery
for European regions [57]; (iii) datasets covering parts of France and India, sourced from
Systeme Probatoire d” Observation de la Terre and PlanetScope optical remote sensing
imagery [58]; (iv) the Agriculture-Vision dataset, which includes aerial optical remote
sensing images from U.S. croplands and uses red, green, blue (RGB) and near-infrared
(NIR) channels for semantic segmentation tasks [59]; and (v) the Panoptic Agricultural
Satellite Time Series (PASTIS) dataset, which integrates time-series Sentinel-2 multispectral
imagery and Sentinel-1 radar imagery for French cropland parcels, supporting both semantic
and instance segmentation tasks [60].
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Despite their utility, these public datasets exhibit several notable limitations that impede
both research progress and practical implementation. First, inadequate spatial resolution:
Some datasets rely on remote sensing imagery with insufficient spatial resolution, limiting
their ability to capture the fine-scale detail needed for accurate cropland parcel boundary
extraction. Second, incomplete annotations: Some datasets contain incomplete or inaccurate
parcel boundary annotations, which negatively affect the training process and reduce
the overall performance of deep learning models. Third, limited parcel diversity: Many
datasets are geographically or thematically constrained, often focusing on specific regions
or crop systems. This limited diversity restricts model generalizability and weakens transfer
learning performance. Finally, limited remote sensing sources: Most datasets rely on
a narrow range of remote sensing imagery, often from only one or two sensor types, limiting
the potential to leverage multi-source data for training more robust models.

To address the aforementioned challenges, this study makes the following key contributions:

1. A benchmark dataset containing over 180,000 unique physical cropland parcels was
constructed. The dataset is derived from multi-source remote sensing imagery covering
diverse topographic landscapes, and expert manual rectification was applied to minimize
spatiotemporal misalignments and label noise.

2. The extraction performance of nine representative deep learning models was ana-
lyzed across empirical settings of spatial resolution, parcel scale, and terrain undulation,
and potential physical and geometric influences were identified. These findings provide
preliminary empirical insights to support future algorithm development and evaluation in
cropland parcel delineation.

2. Materials and Methods
2.1. Sample Area

Six sampling areas across Europe and China were selected to evaluate deep learning
model performance across diverse gradients of cropland parcel morphology, topography,
and spatial resolution. Specifically, the European areas are situated in predominantly flat
lowland landscapes, facilitating the comparative observation of parcel size and geometric
regularity with minimal topographic variation. In parallel, the Chinese areas encompass
plains, hills, and mountains within Hubei Province, establishing an empirical topographic
gradient to analyze model sensitivity across varying terrain complexities under a broadly
consistent regional climate.

2.1.1. European Sampling Areas

To represent Europe’s highly land-intensive and mechanized agricultural landscape,
this study selected Denmark, the Netherlands, and Spain as the study areas. The cropland
parcels in these areas are generally contiguous and well defined, with regular shapes,
and the average area of a single parcel ranges from 1.5 to 10 hm?. Figure 1 shows the
geographic locations of the European study areas and the spatial distribution of the random
sampling grid.
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Figure 1. The geographic locations of the European study areas and the spatial distribution of the
random sampling grid. Note: The map is intended solely to illustrate the spatial distribution of the
sampling grids and does not represent official national borders.

(1) Denmark

Denmark is a prime example of intensive agriculture in Northern Europe. Approx-
imately 60% of its land area (a total of about 42,900 km?) is designated as cropland, and
generally exhibits a spatial pattern characterized by contiguous, concentrated blocks with
relatively large individual parcel scales. At the morphological level, while the boundaries
of some local parcels are straight and their contours are distinct, the cropland parcels across
the region as a whole are predominantly irregular composite polygons (with trapezoids
and various irregular polygons intermingled), exhibiting a high degree of randomness in
their spatial orientation. The average parcel area in this region is approximately 6 hm?. This
unique spatial pattern reflects a dynamic balance between modern, highly mechanized
agriculture and the legacy features of historical land use. This dual characteristic, which
clearly defines local boundaries and a complex overall geometric configuration, can be used
to test the geometric perception capabilities and multiscale generalization abilities of deep
learning models.

(2) Netherlands

The Netherlands, located in Western Europe, has a total land area of approximately
41,500 km?, with agricultural and pastoral land accounting for about 55% of the total area.
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This region follows a typical European model of intensive farming, characterized by highly
concentrated clusters of croplands. The parcels have regular geometric shapes, generally
consisting of narrow rectangles with a high length-to-width ratio, and are uniformly oriented.
The average parcel scale is approximately 10 hm?. This cropland landscape is the result of
the combined effects of large-scale land leveling, highly mechanized farming, and precision
agriculture. For deep learning models, such narrow and highly regular parcels effectively
test the network’s ability to maintain boundary continuity over long distances and preserve
geometric details such as right-angle corners and long, straight boundaries.
(3) Spain

Spain, located in southwestern Europe, has a total land area of approximately
506,000 km?, of which 37% is cropland. Agricultural production is primarily distributed
across gently sloping, low-altitude plains and is concentrated in provinces such as Barcelona,
Girona, Lleida, and Tarragona. Unlike the highly contiguous spatial layout of cropland in
Northern and Western Europe, Spain’s cropland exhibits significant spatial heterogeneity.
Parcel continuity within the region is relatively weak, as parcels are frequently fragmented
by natural vegetation, topographic undulations, roads, and waterways, ultimately forming
a patchy, semi-fragmented pattern where contiguous parcels and scattered, fragmented
parcels are intermixed. In terms of morphology, cropland parcels in this region are char-
acterized by pronounced geometric irregularity, primarily consisting of various irregular
polygons. The average parcel area in the region is approximately 1.5 hm?, reflecting a mod-
erately refined farming model adapted to complex topography. For deep learning models,
this highly heterogeneous scenario presents a significant testing challenge, allowing for the
evaluation of a network’s ability to identify ambiguous parcel boundaries amid complex
background interference—such as vegetation—and topological noise.

2.1.2. Chinese Sampling Areas

Hubei Province in Central China was selected because it encompasses plains, hills,
and mountainous terrain within a broadly consistent subtropical monsoon climate. This
regional setting facilitates the comparative observation of topographic variations while
keeping the macro-climatic and cropping background relatively uniform. Furthermore,
while large-scale regular agriculture is represented by the European sampling areas in our
dataset, the areas in Hubei capture typical Asian smallholder agriculture characterized
by high parcel fragmentation, dense boundaries, and micro-scale cropland configurations
(0.05-0.22 hm?), providing an empirical contrast in parcel scale and morphology.

(1) Jiangxia District

This sampling area spans roughly 238 km? and consists mostly of gentle plains. The
average area of cropland parcels in the region is only 0.22 hm?. Geometrically, the parcel
outlines are rather regular, consisting primarily of small rectangles and narrow, elongated
strips. This fine-grained division of parcels produces an extraordinarily dense surface spatial
texture, resulting in an ultra-dense, fine-grained agricultural landscape. This complicated
scenario effectively evaluates deep learning models’ capacity to delineate dense parallel
boundaries while suppressing flaws such as the merging of narrow, nearby parcels and
under-segmentation.

(2) Echeng District

This sampling area is roughly 78 km? and has a typical hilly environment. Due to
the undulating landscape, cropland is primarily scattered along moderate slopes and
valleys. Natural vegetation and water networks create a dispersed, fragmented pattern,

with an average parcel scale of only 0.05 hm?. In terms of geometric morphology, to adhere
to local micro-topography and terrain contours, the parcels are highly irregular, consisting
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primarily of terraced croplands and complicated polygons with meandering boundaries.
This agricultural landscape provides an excellent environment for thoroughly testing deep
learning models. It particularly evaluates the models’ ability to extract curved and non-
orthogonal contours, as well as their stability in detecting low-contrast boundaries (such as
terraced cropland ridges) in the presence of terrain-induced shading and occlusion.

(3) Tongshan County

This sampling area is mountainous, covering approximately 2680 km?. Steep slopes
and sharply carved valleys significantly reduce cropland parcels’ spatial continuity. They
are found on gentle valley floors and hillsides, and are mostly made up of tiny terraces and
polygons that follow contour lines with meandering and uneven boundaries. The average
parcel scale is just 0.05 hm?. This geographical pattern clearly displays the high-altitude
environment’s substantial spatial limits on cropland distribution. The high degree of parcel
isolation and the undulating topography in this scene provide an effective test bed for deep
learning models to assess their ability to identify sparse, minute cropland targets amid
strong background noise such as forests and under conditions of dramatic fluctuations in
illumination caused by mountain shadows.

2.2. Dataset Sources

To ensure the diversity of the remote sensing datasets and support multi-perspective,
multi-dimensional analyses for cropland parcel boundary extraction, this study adopted
multi-source and multi-resolution remote sensing imagery covering six study areas. The
benchmark encompasses 187,256 unique physical parcels and more than 280,000 multi-
source parcel observations and was divided into nine data subsets, each containing approx-
imately 10,000 parcels.

Uniform random grid sampling was utilized in Europe to ensure a balanced spatial
distribution of the sample. Ten grids, each measuring 10 km x 10 km (Figure 1), were
established in Denmark, the Netherlands, and Spain. Our sampling grids captured 12,015,
60,177, and 45,463 unique physical cropland parcels in Denmark, the Netherlands, and
Spain, respectively (detailed in Table 1). For Denmark and Spain, high-resolution remote
sensing imagery with a resolution of 0.5 m from Global Mapper was chosen; for the Nether-
lands, we used multiple imagery sources including Global Mapper (0.6 m), Geospatial
Earth (2.4 m), Pleiades (4.8 m), and Sentinel-2 (10 m), yielding over 170,000 multi-sensor
parcel observations.

Twelve grids were selected from the Chinese sampling areas across Jiangxia District
(plains), Echeng District (hills), and Tongshan County (mountains) (Figure 2). Rather than
an unconstrained random spatial sampling scheme, the locations of the Unmanned Aerial
Vehicle (UAV) survey grids were determined based on targeted aerial photogrammetric
campaigns from concurrent agricultural survey projects, reflecting practical logistical con-
straints and regional farming priorities. These sampling units comprise four 5 km x 5 km
grids in Tongshan alongside four 2 km x 2 km grids each in Jiangxia and Echeng. Follow-
ing data screening and quality verification, Jiangxia, Echeng, and Tongshan areas yielded
10,443, 15,779, and 35,376 unique physical parcels, respectively. Regarding data sources,
0.5 m Global Mapper orthomosaics were employed in the plain areas; 0.2 m resolution UAV
orthomosaics were utilized across the hilly sites; and in the mountainous areas, 0.5 m UAV
orthomosaics were used as the primary benchmark data.
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Table 1. Comprehensive specifications and metadata for all remote sensing imagery across the six
study regions.
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Figure 2. The geographic locations of the Chinese study areas and the spatial distribution of the
selected UAV survey grids.

All benchmark imagery adheres to uniform technical specifications: it comprises
three spectral channels (RGB) with a radiometric bit depth of 8 bits; all image samples are
screened to ensure cloud-free and fog-free imaging conditions; no additional secondary
resampling, pan-sharpening, or lossy re-compression was introduced by the authors be-
yond the standard product generation pipelines delivered by the data provider. The three
international study areas (the Netherlands, Denmark, and Spain) adopt the WGS 1984
coordinate system, while the Chinese study areas employ the CGCS 2000 coordinate system.
The data sources and preprocessing workflows vary across regions and resolution tiers: the
0.5 m and 0.6 m high-resolution imagery for the Netherlands, Denmark, and Spain sites
are standard geometrically compliant products sourced from the Global Mapper platform,
with no additional secondary processing applied to the as-delivered data; the medium-
and low-resolution imagery (2.4 m, 4.8 m, and 10 m) for the Netherlands site underwent
standard preprocessing workflows including radiometric correction, orthorectification, and
atmospheric correction; for the Chinese study areas, imagery over Jiangxia was acquired by
the Global Mapper satellite constellation and underwent the same standard preprocessing
of radiometric correction, orthorectification, and atmospheric correction, while imagery for
the Echeng and Tongshan was collected by UAV photogrammetric systems, and the final
orthoimage products were processed via color balancing and mosaicking. For quantitative
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Labels before
modification

Labels after
modification

terrain characterization, regional elevation attributes were extracted from the Shuttle Radar
Topography Mission 1 Arc-Second Global DEM (nominal 30 m spatial resolution), jointly
acquired by NASA and the U.S. National Geospatial-Intelligence Agency under the De-
partment of Defense, with an absolute vertical accuracy of LE90 < 16.0 m and an absolute
horizontal accuracy of CE90 < 20.0 m. Exhaustive technical specifications are systematically
documented in Table 1.

2.3. Parcel Boundary Rectification

To rectify these geometric errors and prevent label noise from propagating into model
training, this study implemented an expertly refined geometric refinement protocol executed
by two Ph.D. researchers specializing in agricultural remote sensing and Geographic Infor-
mation System, each possessing over three years of experience in satellite and UAV image
interpretation. The sampling areas were partitioned between the researchers for primary
manual rectification. Operators adjusted vector vertices to align with visible physical crop
boundaries, digitally reconstructing omitted boundaries (e.g., newly partitioned plots) and
manually excluding non-agricultural features (e.g., farm roads, ditches, or rural buildings).
Standard GIS topological rules were enforced during editing to eliminate polygon overlaps,
unclosed dangles, and sliver gaps.

To ensure label consistency and verify annotation repeatability across all sampling areas,
a stratified random sample of 5-10% of the parcels underwent double-blind cross-validation.
Boundary discrepancies between the two annotators exceeding an operational spatial thresh-
old of 2 pixels (IoU (Intersection over Union) < 0.90) were flagged and resolved through
joint consensus meetings by cross-referencing multi-temporal high-resolution imagery and
local contextual features.

In publicly accessible international agricultural databases (such as European Land
Parcel Identification System platforms), parcel vectors are frequently based on self-reported
declarations submitted by farmers for subsidy administration rather than exhaustive geode-
tic surveys. Consequently, raw cadastral layers often exhibit sporadic label omissions,
coarse boundary approximations, or administrative delineations that do not align with
actual physical field margins. To address both farmer-declared reporting discrepancies
and temporal drift, the expertly refined workflow utilized raw cadastral vectors solely as
initial topological priors. Remote sensing interpretation experts systematically audited each
polygon against contemporaneous high-resolution orthomosaics, correcting erroneous or
missing boundaries and updating any parcels that underwent structural land use changes.

Figure 3 shows a comparison of vector details before and after rectification.

Figure 3. Comparative analysis of cropland parcel labels before and after data standardization.
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2.4. Image Chip Generation

To ensure methodological clarity and transparent data accounting, we distinguish
between three core structural dataset entities: (1) unique physical parcels, representing
distinct geographic entities on the ground delineated with unique cadastral boundary IDs;
(2) multi-sensor parcel observations, representing individual instances where a physical
parcel is observed across different sensor platforms, spatial resolution tiers; and (3) image
chips, representing the standardized, non-overlapping raster tiles generated to serve as
input tensors for the 7:1:2 train/validation/test split. Given the substantial computational
overhead of training and benchmarking multiple deep learning models, processing all
collected imagery would exceed feasible workstation computing capacities. Therefore,
1-2 representative large-scale remote sensing scenes were selected from each study area
(totaling eleven primary image scenes across the six regions, as detailed in Table 2). These
selected large-scale scenes were subsequently cropped into non-overlapping image chips
with dimensions tailored to the specific input requirements of each evaluated deep learning
model, with detailed patch configurations and chip statistics provided in Table 2 below.

Table 2. Quantitative summary of image dimensions, spatial resolution and numbers of image chips
for model training and evaluation across study areas.

D- .
) Image HED 512 RCF 512 LinkNet BsiNet ResUNet-  TFNet E2EC SOLOv2 YOLOvS-
Sam- Spatial Dimen- % 512 % 512 1024 x 512 x a 224 x 512 x 640 x 640 x Seg 640
pling Resolu- R 512 224 512 640 640 x 640
. sions (Image (Image 1024
Area tion (Pixels) Chips) Chips) (Image (Image (Image (Image (Image (Image (Image
4 P Chipg) Chips)  Chips)  Chips)  Chips)  Chips)  Chips)
Den- 0.5m 29,495 x 3192 3192 784 3192 16,768 3192 2070 2070 2070
mark 28,885
Nether- ¢, 16667 1024 1024 256 1024 5476 1024 676 676 676
lands 16,668
Nether- ), 22980x g 2112 528 2112 11,322 2112 1330 1330 1330
lands 24,920
Nether- 11,508 x
lands 4.8 m 12,474 528 528 132 528 2805 528 323 323 323
Nether- 5452 x
lands 10 m 5959 110 110 25 110 624 110 72 72 72
. 27,356 x
Spain 0.5m 27 458 2809 2809 676 2809 14,884 2809 1764 1764 1764
9210 x
o 8762
Jiangxia 0bm ——— 578 578 128 578 3198 578 364 364 364
9204 x
8757
10,001 x
10,000
Echeng 02m —— 722 722 162 722 3872 722 450 450 450
10,001 x
10,000
Tong- 10,002 x
shan 0.5m 10,001 361 361 81 361 1936 361 225 225 225

As demonstrated in Figure 4, the parcel samples collected from six sampling areas
shared common traits while also differing significantly.
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(a)

Denmark

(d) Jiangxia District ~ (€) Echeng District  (f) Tongshan County

o/ :
e i

Figure 4. Representative original images of cropland parcels from six sampling areas.

2.5. Deep Learning Models

To explore how deep learning models respond to different types of remote sensing im-
agery and landscape conditions, this study evaluated nine representative models spanning
three mainstream architectural paradigms: edge detection networks, multi-task semantic
segmentation networks, and instance segmentation networks.

Edge detection networks: HED and RCF are built upon Fully Convolutional Network
topologies. HED adopts deep supervision, while RCF leverages hierarchical feature aggre-
gation to mitigate boundary blurring in target contour extraction. This study also includes
D-LinkNet, a model originally developed for road extraction. This encoder—decoder archi-
tecture employs dilated convolutions to enlarge the receptive field and shows favorable
adaptability for small, continuous boundaries of cropland parcels.

Multi-task semantic segmentation networks alleviate geometric artifacts common
to conventional pixel-wise classification, such as object merging, missed small objects,
and topological distortion, through joint optimization of region segmentation, boundary
extraction and distance field prediction. We adopt ResUNet-a, a well-established multi-
task segmentation architecture for high-resolution remote sensing imagery. Using a UNet
backbone, it combines dilated convolutions and Pyramid Scene Parsing (PSP) Pooling
for sequential multi-task inference of parcel masks and boundaries. BsilNet, a specialized
multi-task network for cropland boundary extraction from high-resolution satellite images,
is also evaluated. It uses three parallel decoders within a unified architecture to predict
segmentation masks, border maps, and distance fields. We also evaluated TFNet. This model
improves multi-task parcel delineation by decoupling feature representation into mask and
boundary branches, and integrates boundary priors from the Segment Anything Model
(SAM) to better capture faint boundaries across heterogeneous agricultural landscapes.

Instance segmentation networks: Unlike semantic segmentation, instance segmentation
models assign unique identities to individual objects, thereby mitigating parcel adhesion.
We adopt E2EC, built on the DeepSnake architecture. It leverages contour initialization and
dynamic matching loss constraints to maintain geometric integrity for object contours. We
also evaluate SOLOv2 [61], which employs Matrix Non-Maximum Suppression (Matrix
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NMS) and delivers high inference efficiency for densely packed parcels. In addition, we
include the segmentation variant of YOLOVS [62] to assess the trade-off between real-time
deployment efficiency and expert-rectified contour delineation of this cutting-edge model.

2.6. Data Splitting and Training Configuration

All models were implemented on a workstation equipped with a single NVIDIA
Quadro P4000 GPU (12GB of VRAM) (NVIDIA, Santa Clara, CA, USA), Intel Xeon Bronze
3104 CPU (1.70 GHz) (Intel, Santa Clara, CA, USA), and 32 GB RAM, utilizing PyTorch
1.13.1 and CUDA 11.6. A fixed global random seed (seed = 42) and CuDNN computation
backend flags were applied across all training pipelines.

Partitioning of the remote sensing imagery was conducted at the level of independent,
non-overlapping image chips rather than individual vector parcels, thereby preventing
spatial data leakage across splits. To accommodate the varying architectural complexities,
receptive cropland sizes, and input requirements of different deep learning models without
causing aspect ratio distortion, the cropping dimensions were tailored specifically for each
model. Subsequently, these non-overlapping image chips were randomly assigned to the
training, validation, and test sets in a 7:1:2 ratio.

To align with the original implementations and established practices in the literature,
model-specific pretrained weights and initialization strategies were retained where applica-
ble. D-LinkNet employed a ResNet-34 backbone initialized with ImageNet-1K V1 pretrained
weights, whereas E2EC, SOLOv2, and YOLOvS8-seg were initialized using COCO-pretrained
weights. HED and RCF were initialized from the pretrained checkpoints provided by their
respective official implementations. BsiNet was initialized from the pretrained checkpoint
supplied with its implementation and subsequently fine-tuned on the proposed dataset.
TFNet used the multiscale features of pretrained FastSAM-x as the visual encoder. During
training, the encoder parameters are frozen, while the convolutional layers and linear layers
in the remaining adaptation, feature interaction and decoding modules are initialized using
Kaiming normal initialization. In contrast, ResUNet-a was trained from scratch without
pretrained weights, with convolutional layers initialized using the normal initialization
strategy adopted in the original implementation.

For rigorous and unbiased evaluation, all benchmarked architectures retained their
native network configurations and employed the default loss formulations specified in their
foundational publications. HED used weighted binary cross-entropy (BCE) for multiple side
outputs; RCF used class-balanced BCE across its edge prediction outputs; D-LinkNet used
BCE + Soft Dice loss; ResUNet-a used Tversky loss; BsiNet used cross-entropy (CE) /negative
log-likelihood (NLL) losses for foreground and contour prediction together with mean
squared error (MSE) for the distance map; E2EC used a modified Focal loss for the center
heatmap and Smooth L1 losses for contour regression and terminal contour matching;
Focal loss + Dice loss for SOLOv2; and Task-Aligned Focal loss + Complete IoU (CloU)
+ Distribution Focal Loss (DFL) + BCE for YOLOvS8-seg. TENet employs binary cross-
entropy loss for the region branch, class-balanced weighted binary cross-entropy loss for the
boundary branch, and a cosine similarity-based region-boundary consistency loss. The total
loss is defined as the sum of these three loss terms. The comprehensive hyperparameter
matrix is summarized in Table 3.
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Table 3. Detailed experimental protocols, loss function formulations, and hyperparameter matrices
ensuring benchmark reproducibility.

Cropping -
Model Paradigm Backb(')n'e & Dimensions  Tiling Overlap Loss Function Opt} mizer &
Pretraining . Initial LR
(Pixels)
VGG-16 (Official o . Multi-side weighted _
HED Edge Det. checkpoint) 512 x 512 0% (Stride 512) BCE SGD (Ir = 0.01)
VGG-16 (Official o . Multi-side  1n6
RCF Edge Det. checkpoint) 512 x 512 0% (Stride 512) class-balanced BCE SGD (Ir = 107°)
ResNet-34 0% (Stride
D-LinkNet Edge Det. (ImageNet 1024 x 1024 01 024) BCE + Soft Dice Loss ~ Adam (Ir = 107%)
pretrained)
ResUNet-a  MultiTask  ReoheroOvarant oy 094 0% (Stride224)  VOSRYLOSS (=B 5o (1r = 10-4)
(Scratch) =0.5)
Custom encoder Foreground/Contour
BsiNet Multi-Task (Official 512 x 512 0% (Stride 512)  CE (NLL) + Distance  Adam (Ir = 107%)
checkpoint) MSE
FaitSAer—x BCE + class-balanced
TFNet Multi-Task (Fistcso Alf/[_x 512x512 0% (Stride512)  boundary BCE + SGD (Ir = 0.1)
. cosine similarity loss
pretrained)
DeepSnake Modified Focal +
E2EC Instance Backbone (COCO 640 x 640 0% (Stride 640)  multi-stage Smooth ~ Adam (Ir = 107%)
pretrained) L1
ResNet-50-FPN 0% (Stride Sigmoid Focal
SOLOv2 Instance (CoCco 1024 x 1024 ? (Category) + Dice ~ Adam (Ir = 107*)
) 1024)
pretrained) (Mask)
YOLOVS- YOLOvS8n-seg IoU-based Box Loss +
Instance (COCO 640 x 640 0% (Stride 640)  BCE (Mask/Class) + Adam (Ir = 107%)
58 Pretrained) DFL

In the ensuing stages of visualization of model probability maps and quantitative accu-
racy evaluation, all model outputs were binarized to delineate continuous parcel boundaries.
Cropland parcel boundary extraction is inherently subject to extreme class imbalance, as
boundary pixels typically make up less than 3% of the total image area. Applying the
standard 0.5 probability threshold would result in severe boundary fragmentation and
false-negative omissions. For this reason, in line with established benchmark conventions
for boundary and edge detection (such as the standard evaluation protocols of HED and
RCF), a uniform empirical threshold of T = 0.3 was applied across all model architectures.
This operational cutoff maintains boundary recall and topological continuity, and enables
an impartial comparison that reflects raw feature discriminability free from model-specific
post hoc tuning bias.

2.7. Model Evaluation Metrics

To quantitatively evaluate the performance of different deep learning models for
cropland parcel boundary extraction, four commonly used metrics were adopted: precision
(P), recall (R), IoU, and F1 score. Because the evaluated models produce different types of
outputs, including region masks and explicit edge maps, all predictions were first converted
into a unified pixel-level boundary representation before metric calculation.

For models generating parcel masks, binary predictions were first converted into
one-pixel-wide external contours via contour extraction. Specifically, external contours
were detected and rendered at a one-pixel thickness. For models directly outputting edge
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maps, the predicted binary edge maps were adopted without extra contour extraction. In
both scenarios, the resulting boundary maps were then thinned into one-pixel skeletons to
mitigate discrepancies arising from variable thickness in raw predicted boundaries.

After thinning, both the predicted boundary and the reference boundary were dilated
using a 7 x 7 square structuring element. This operation corresponds to a three-pixel
tolerance radius on each side of the one-pixel skeleton. Therefore, for imagery with a ground
sampling distance of r, the nominal tolerance radius is approximately 3r in map units. This
tolerance-based processing reduces excessive penalization caused by minor pixel-level
misalignment between predicted and reference parcel boundaries.

In boundary extraction tasks, pixel-wise correspondence is practically unattainable due
to manual annotation jitter and rasterization aliasing. It is a well-established convention in
the field to define tolerance buffers by pixel multiples (i.e., k pixels, equivalent to k x ground
sampling distance (GSD) in ground distance) for multi-resolution comparisons and cross-
dataset model evaluations. This approach preserves the relative consistency of evaluation
scales across different sensor resolutions [63]. Accordingly, this study implements a scale-
aware, symmetric buffer-matching protocol, uniformly configuring the tolerance buffer
width to three times the spatial resolution of the respective imagery (R =3 x GSD, equivalent
to 3 pixels). This 3-pixel relaxation parameter is essential to absorb human delineation
variance (1-2 pixels), rasterization staircase discretization, and sensor point spread function
(PSF) blur across varying spatial resolutions.

Asillustrated in the symmetric evaluation scheme in Figure 5, the metrics are computed
based on boundary lengths across two complementary matching directions:

L FP

i ~<

ey

(b)
Extracted Boundaries —— Reference Boundaries

Figure 5. Schematic diagram for the evaluation of cropland parcel boundary extraction re-
sults: (a) matching of extraction results; (b) matching of ground truth references.

Precision Evaluation (Figure 5b): A buffer of radius R is generated around the reference
(ground-truth) boundaries.

True Positive (TP): The pixel count of extracted boundaries falling within the reference
buffer, indicating correctly delineated boundary segments:

TP = I{(x,y) € PDist((x,y),G) < R}|

False Positive (FP): The pixel count of extracted boundaries located outside the refer-
ence buffer, representing false alarms or over-segmented noise:

FP = |P| - TP

Recall Evaluation (Figure 5a): Symmetrically, a buffer of radius R is generated around
the extracted (predicted) boundaries.

Matched Reference (Matched): The pixel count of ground-truth boundaries covered
by the prediction buffer, representing successfully detected reference segments.

False Negative (FN): The pixel count of ground-truth boundaries remaining outside
the prediction buffer, representing missed or omitted boundary segments:

FN = |G| — [{(x,y) € GIDist((x,y),P) <R}]
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This dual-directional distance evaluation establishes a symmetric matching process and
inherently prevents double counting by evaluating precision over the extracted prediction
set and recall over the ground-truth reference set.

Based on these fundamental elements, the evaluation metrics are mathematically
defined as follows:

Precision: This measures the correctness of extracted parcel boundaries. A higher
precision value indicates a greater proportion of correctly extracted boundaries and fewer
incorrectly identified boundary segments.

TP

Precision = TP - FP (1)

Recall: This measures the completeness of identified parcel boundaries. A higher recall
value indicates more complete boundary extraction with fewer missed segments.
Matched

Recall = Matched + FN (2)

F1 Score: This is the harmonic mean of precision and recall and provides a balanced
evaluation of model performance.
2 x Precision x Recall

F1 Score = Precision + Recall (3)

IoU: This evaluates the overall accuracy of parcel boundary extraction. A higher IoU
value indicates more accurate extraction with fewer incorrect or missed boundary segments.

TP

oU =N (4)

3. Results
3.1. Public Dataset Comparison

To objectively substantiate the characteristics and contributions of this dataset, Ta-
ble 4 presents a systematic, multi-dimensional comparison between our benchmark and
representative publicly available cropland datasets, including Agriculture-Vision, PASTIS,
and Al4Boundaries. First, compared with similar public benchmarks, our benchmark
dataset spans diverse landscapes across Europe and Central China, providing topographic
heterogeneity across plains, hills, and mountains. Second, in terms of multi-sensor and
multi-resolution coverage, our benchmark dataset integrates Global Mapper, GE, Sentinel-2,
Pleiades, and UAV photogrammetry sources across an extensive spatial resolution gradient
(0.2m to 10 m). Most importantly, regarding label fidelity, while existing datasets commonly
rely on unrectified or directly rasterized cadastral vectors, our benchmark uses an expertly
refined workflow to correct temporal drift and digitizing errors systematically.

Table 4. Structural and attribute comparison between the proposed benchmark dataset and represen-
tative open cropland datasets.

. Unique Spatial Spec- Annotation  Topographic

Dataset Region Parcels Sensors Resolution tral/Modality Protocol Diversity

Semantic
Agrl.c glture— United States ~ 3432 parcels  Aerial sensor 0.1-0.2m RGB + NIR maslks (field  Low (mostly
Vision agricultural flat)
anomalies)

PASTIS France (4 ~124 k Sentinel-2 10-20 m Ml{ltlspect'ral +  Parcel masks Low (low—

zones) parcels time-series (crop types)  lands/rolling)
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Table 4. Cont.
. Unique Spatial Spec- Annotation  Topographic
Dataset Region Parcels Sensors Resolution tral/Modality Protocol Diversity
RGB + NIR +
NDVI Parcel masks
Al4Bound- 7 EU ~24M Sentinel-2, ~ ALareasi10 o alized  (cropland Moderate
. . . m/Partial . (temperate
aries countries parcels Aerial photos . Difference parcel
areas: 1 m . Europe)
Vegetation boundary)
Index)
Global
Mapper, Parcel masks
>180 k Geospatial 0.2m/0.5 . .
Our Three Europe ) (expertly High (plains,
unique (>280 Earth, m/0.6 m/2.4 3 .
Benchmark & Central . . RGB refined hills,
. k multi-res Sentinel-2, m/4.8 m/10 ;
Dataset China . parcel mountains)
obs) Pleiades, m boundary)
UAV pho- © y
togrammetry
3.2. Evaluation of the Extraction Effects of Nine Deep Learning Models
Under uniform sub-meter high-resolution conditions, this study comparatively eval-
uated the boundary extraction performance and architectural capabilities of nine deep
learning models across heterogeneous agricultural landscapes, with the detailed evaluation
metrics summarized in Table 5.
Table 5. Performance comparison of nine deep learning methods across six study areas.
Area Evaluaion  ppp  RCF D-LinkNet BsiNet ResUNet-a TFNet E2EC  SOLOv2 YOLOV&
Metrics Seg
Precision (%) 31.00 30.31 44.75 57.46 72.53 55.19 35.64 55.56 48.81
D K Recall (%) 4425  61.09 37.28 62.46 57.62 5852  40.34 50.55 53.58
enmar F1Score (%)  33.68 37.76 39.89 58.81 61.65 56.80  34.88  49.99 50.03
IoU (%) 21.66  24.66 25.48 44.49 47.14 39.67 21.53 35.81 34.63
Precision (%)  63.24  43.83 70.30 78.76 79.36 78.01 57.75 56.50 50.95
Nether- Recall (%) 67.81 73.73 74.34 80.27 68.70 68.87 68.03 45.86 56.15
lands F1 Score (%) 62.30 51.56 71.60 79.12 70.72 73.16 61.18 49.29 52.99
ToU (%) 48.09 37.14 56.42 69.03 58.43 57.68 44.97 33.26 37.47
Precision (%) 5811  50.21 63.10 69.33 76.94 70.29 57.95 62.69 61.70
Spain Recall (%) 5991 6543 57.57 75.15 76.93 53.71 53.12 43.49 61.33
p F1 Score (%) 5749  55.51 60.06 70.83 75.53 60.89 54.94 49.80 61.01
IoU (%) 4148  39.50 43.16 56.67 62.80 43.77 3854 33.75 4453
Precision (%) 66.15  62.14 73.70 89.84 66.76 69.84 58.13 50.12 63.30
Jiangxia Recall (%) 50.68  61.95 75.66 84.29 61.47 67.77 64.07 46.52 57.63
District F1Score (%)  55.60  60.80 74.64 86.58 62.17 68.79 60.31 46.34 60.04
IoU (%) 39.32 44.41 59.78 77.92 47.82 52.43 44.71 31.26 43.84
Precision (%) 61.09  53.79 65.47 84.43 54.06 44.73 48.74 42.38 56.67
Echeng Recall (%) 61.18  68.06 54.69 69.13 47.16 41.61 52.58 47.75 45.71
District F1 Score (%) 60.67  59.65 59.42 75.06 47.55 43.11 47.71 40.18 49.75
ToU (%) 4454  43.30 42.83 64.04 33.11 27.48 32.00 26.21 33.66
Precision (%)  78.63  73.58 67.74 41.06 57.54 69.59 63.68 61.90 64.61
Tongshan Recall (%) 5794 6891 70.30 36.22 55.67 68.36 61.65 41.02 20.97
County F1 Score (%) 66.09  70.85 68.81 36.56 52.83 68.97 60.89 47.30 30.85
IoU (%) 4992 5517 52.58 23.31 37.59 52.63 4445 31.59 18.58

Note: Bold values indicate the best performance.
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Table 5 presents a comprehensive performance comparison of the nine deep learning
models across the six study areas, revealing pronounced disparities across model paradigms,
individual architectures, and regional landscapes.

Regarding cross-regional landscape divergence, model efficacy exhibited geographic
clustering. In plain and hilly regions, multi-task semantic segmentation architectures
(BsiNet, ResUNet-a, and TFNet) generally achieved favorable boundary delineation per-
formance. Specifically, BsiNet yielded the highest overall metrics in Jiangxia District (frag-
mented plains), Echeng District (rolling hills), and the Netherlands (large-scale, regular
rectangular parcels). In Jiangxia District, for example, its precision, recall, F1 score, and IoU
reached 89.84%, 84.29%, 86.58%, and 77.92%, respectively. Meanwhile, across landscapes
featuring non-orthogonal parcel orientations and irregular polygonal contours, such as
Denmark and Spain, ResUNet-a achieved F1 scores of 61.65% and 75.53%, respectively. In
contrast, in the steep mountainous terrain of Tongshan County, where pronounced topo-
graphic relief is coupled with irregular, meandering parcel contours, model performance
yields results distinct from those in the plains and hilly areas. Multi-task frameworks that
performed robustly in low-relief terrain experienced a marked accuracy decline, with the
F1 score of BsiNet dropping to 36.56%. Conversely, local edge detection networks (HED,
RCF, and D-LinkNet) exhibited greater resilience in complex mountainous terrain. HED at-
tained the highest precision (78.63%), D-LinkNet achieved the highest recall (70.30%), and
RCF produced the top F1 score (70.85%) and boundary IoU (55.17%). The three instance
segmentation models (E2EC, SOLOvV2, and YOLOv8-seg) achieved relatively low overall
extraction accuracy.

Cross-paradigm comparisons reflect behavioral differences aligned with distinct ar-
chitectural designs. Within the multi-task semantic segmentation paradigm, clear special-
ization emerged among architectures. BsiNet excels in regular contiguous plains due to
its explicit distance field repulsion, whereas ResUNet-a is better suited to irregular geo-
metric polygons. The TFNet exhibited cross-landscape stability. Benefiting from zero-shot
boundary priors provided by the Segment Anything Model (SAM) and decoupled two-flow
interactions, TFNet achieved an F1 score of 68.97% and an IoU of 52.63% in mountain-
ous Tongshan County. This substantially outperformed BsiNet (36.56%) and ResUNet-a
(52.83%), suggesting a potential benefit from foundation-model-derived priors in handling
cast shadows and low-contrast boundaries. Instance segmentation models (E2EC, SOLOv2,
and YOLOv8-seg) consistently yielded lower pixel-level boundary extraction metrics across
all study sites, with F1 scores predominantly situated in the 40% to 61% range. This trend
is consistent with spatial upsampling smoothing inherent to mask prediction from deep
feature maps under strict buffer-matching protocols.

Figure 6 shows a visual comparison of the nine models’ performance in extracting
cropland parcel boundaries in the six study areas. The study areas in Denmark (Figure 6a),
the Netherlands (Figure 6b), and Spain (Figure 6c) feature flat terrain, large-scale crop-
land parcels, and straight, well-defined boundaries. Except for E2EC and SOLOv2, which
exhibited significant omissions of target boundaries, the remaining models were able to
effectively identify cropland parcel boundaries. Among them, ResUNet-a and BsiNet, lever-
aging the advantages of multiscale feature fusion, were able to maintain the integrity and
continuity of cropland boundaries relatively well; HED and RCF tended to misidentify
cropland ridges and surface textures as boundaries in the Danish study area, generating
a large amount of false boundary noise; in the Spanish study area, HED, RCF, D-LinkNet,
and YOLOvS-seg exhibited significant omissions of weak, low-contrast boundaries between
adjacent cropland parcels.
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Label

HED

D-LinkNet BsiNet ReUNet—a TFNet E2EC SOLOv2 YOLOv8-seg
Figure 6. Visualization results of different models. The presented image samples are from (a) Den-
mark, (b) Netherlands, (c) Spain, (d) Jiangxia District, (e) Echeng District, and (f) Tongshan County.

Jiangxia District (Figure 6d) also features flat terrain, but the parcels are fragmented
and densely packed with complex boundaries, placing higher demands on the models’
ability to perceive fine details. In this area, BsiNet and D-LinkNet reconstructed frag-
mented parcel boundaries with relatively good continuity of fragmented parcels, while
the extraction results from HED and RCF exhibit obvious boundary discontinuities, and
the omission issues in YOLOv8-seg and SOLOV?2 are particularly prominent. In Echeng
District (Figure 6e), due to undulating terrain, parcel boundaries often take on irregular,
curved shapes. In this scenario, BsiNet continues to deliver good extraction results, while
HED, RCEF, and D-LinkNet are also able to capture parcel boundaries with relative stability;
E2EC and SOLOv2 lack sufficient adaptability to curved boundaries, resulting in very
obvious boundary breaks and missed detections. Tongshan County (Figure 6f) features
mountainous terrain with scattered cropland parcels. Due to interference from the complex
topography, the extraction accuracy of all models decreased to varying degrees. In this
scenario, traditional edge detection models demonstrated some adaptability; among them,
D-LinkNet was able to identify more valid boundary segments, while TFNet and BsiNet’s
results contained a large number of false positives.

3.3. Effects of Different Spatial Resolutions on Cropland Parcel Boundary Extraction

To evaluate the practical applicability of operational remote sensing data tiers for
cropland parcel boundary extraction, this study examined four authentic data sources
across a spatial resolution gradient in the Netherlands: Global Mapper aerial orthomosaics
(0.6 m), Geospatial Earth satellite imagery (2.4 m), Pleiades satellite imagery (4.8 m),
and Sentinel-2 multispectral observations (10 m). Conducting this benchmark within
a single geographic region serves to minimize broad landscape heterogeneity, keeping
macroscopic attributes such as flat topography, general farming practices, and average
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parcel size (consistently around 10 hm?) relatively uniform. These datasets capture realistic
operational tiers accessible in applied agricultural monitoring. Consequently, performance
variations across these tiers reflect the combined influence of spatial resolution, native
sensor imaging characteristics, and associated operational observational conditions under
real-world monitoring workflows. The results are presented in Table 6.

Table 6. Performance comparison of nine deep learning models across four operational spatial
resolution tiers in the Netherlands.

Site Evaluaion - pppy - rer D BsiNet  ResUNet-a  TFNet E2EC  SOLOvz YOLOVE:
Metrics LinkNet Seg
Netherlands  Precision (%) 63.24 43.83 70.30 78.76 79.36 78.01 57.75 56.50 50.95
(Spatial Recall (%) 67.81 73.73 74.34 80.27 68.70 68.87 68.03 45.86 56.15
resolution F1 Score (%) 62.30 51.56 71.60 79.12 70.72 73.16 61.18 49.29 52.99
0.6 m) IoU (%) 48.09 37.14 56.42 69.03 58.43 57.68 44.97 33.26 37.47
Netherlands  Precision (%) 39.38 39.04 39.38 75.96 48.19 78.15 47.73 67.75 52.69
(Spatial Recall (%) 2425 31.24 24.25 65.82 50.41 49.54 41.73 66.65 30.37
resolution F1Score (%)  29.05 33.94 29.05 69.00 47.74 60.64 42.92 63.75 36.35
2.4 m) ToU (%) 17.50  21.00 17.50 53.77 31.95 43.52 27.90 48.74 23.63
Netherlands  Precision (%)  76.04 75.77 70.52 80.84 73.36 78.94 69.83 81.35 7522
(Spatial Recall (%) 48.62  55.26 64.18 65.44 60.22 60.63 55.08 72.84 24.81
resolution F1 Score (%) 58.57 63.11 66.81 71.69 64.43 68.58 59.17 76.70 34.49
4.8 m) IoU (%) 41.86 46.65 50.37 56.77 48.94 52.18 42.86 62.28 22.23
Netherlands  Precision (%) 23.71 24.00 26.69 59.62 34.15 73.11 48.34 72.77 74.30
(Spatial Recall (%) 10.01  11.02 15.65 22.08 22.26 21.01 16.75 48.90 10.95
resolution F1 Score (%) 13.29 1455 19.20 32.06 25.34 32.64 21.69 58.02 16.36
10 m) IoU (%) 7.16 7.89 10.65 19.19 14.70 19.50 12.30 43.55 10.03

Note: Bold values indicate the best performance.

As shown in Table 6, at the sub-meter resolution of 0.6 m, multi-task semantic segmen-
tation models generally surpassed other paradigms. BsiNet achieved the highest F1 score
(79.12%) and boundary IoU (69.03%), followed by D-LinkNet (71.60%) and ResUNet-a
(70.72%). The edge detection model HED also exhibited competitive boundary delineation
capability, achieving an F1 score of 62.30%. In contrast, the two instance segmentation net-
works, SOLOv2 and YOLOvS-seg, yielded lower pixel-level boundary extraction accuracy,
recording F1 scores of 49.29% and 52.99%, respectively.

When the spatial resolution coarsened to 2.4 m, BsiNet maintained the highest overall
performance, retaining an F1 score of 69.00% and an IoU of 53.77%. SOLOv2 ranked second
across the benchmark with an F1 score of 63.75%, visibly exceeding ResUNet-a (47.74%)
and E2EC (42.92%). At a spatial resolution of 4.8 m, SOLOv2 achieved the highest F1
score (76.70%) and precision (81.35%), suggesting that position-driven instance priors may
provide favorable adaptability to this intermediate scale. Concurrently, BsilNet preserved
robust detection performance with an F1 score of 71.69%, followed by D-LinkNet (66.81%)
and ResUNet-a (64.43%), whereas YOLOv8-seg recorded the lowest F1 score of 34.49%.
Under the coarsest resolution of 10 m, the scale resilience of SOLOv2 became even more
pronounced, maintaining the highest F1 score (58.02%), IoU (43.55%), and recall (48.90%).
In contrast, all remaining architectures experienced severe performance collapses, with
their boundary IoU decreasing below 20%.

Except for SOLOvV2 and YOLOv8-seg, the remaining seven models exhibited an initial
decrease, a subsequent rebound, and then a severe decline, as shown in Figure 7. Among
the evaluated models, the edge detection models (HED, RCF, and D-LinkNet) were the
most sensitive to resolution changes; the multi-task semantic segmentation models (BsiNet,
ResUNet-a, and TFNet) exhibited greater stability in extraction accuracy and were less
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susceptible to resolution variations; and the three instance segmentation models (E2EC,
SOLOV2, and YOLOvS-seg) differed considerably in how resolution affected their extraction
performance, with SOLOvV2 performing best overall across resolution changes. From the
overall trends of all models across different resolutions, most models showed only small
differences in extraction accuracy between 4.8 m medium-resolution imagery and 0.6 m

sub-meter imagery.
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Figure 7. Trend of boundary extraction accuracy across four operational spatial resolution tiers.

3.4. Effects of Parcel Scale on Cropland Parcel Boundary Extraction

To evaluate the influence of parcel scale on boundary extraction accuracy while mini-
mizing severe terrain interference, this study examined four agricultural areas representing
an empirical parcel scale gradient: Jiangxia District (0.22 hm?), Spain (1.5 hm?), Denmark
(6.0 hm?), and the Netherlands (10.0 hm?). Table 7 shows the detailed results.

Table 7. Performance comparison of nine deep learning models across four parcel-scale gradients.

Site Bvaluation  ppry pep D pgiNer  ReSUNet  rpnet E2EC soLova  YOLOV
Metrics LinkNet Seg
Jiangxia Precision (%) 66.15 62.14 73.70 89.84 66.76 69.84  58.13 50.12 63.30
District Recall (%) 50.68 61.95 75.66 84.29 61.47 67.77 64.07 46.52 57.63
(Parcel scale  F1 Score (%) 55.60 60.80 74.64 86.58 62.17 68.79  60.31 46.34 60.04
0.22 hm?) ToU (%) 39.32 44.41 59.78 77.92 47.82 52.43 44.71 31.26 43.84
Spain Precision (%) 58.11 50.21 63.10 69.33 76.94 7029  57.95 62.69 61.70
(Parcel scale Recall (%) 59.91 65.43 57.57 75.15 76.93 53.71 53.12 43.49 61.33
1.5 hm?) F1 Score (%) 57.49 55.51 60.06 70.83 75.53 60.89 54.94 49.80 61.01
’ IoU (%) 41.48 39.50 43.16 56.67 62.80 4377  38.54 33.75 4453
Denmark Precision (%) 31.00 30.31 44.75 57.46 72.53 55.19 35.64 55.56 48.81
(Parcel scale Recall (%) 44.25 61.09 37.28 62.46 57.62 58.52  40.34 50.55 53.58
6 hm?) F1 Score (%) 33.68 37.76 39.89 58.81 61.65 56.80  34.88 49.99 50.03
IoU (%) 21.66 24.66 25.48 44.49 47.14 39.67 21.53 35.81 34.63
Netherlands Precision (%) 63.24 43.83 70.30 78.76 79.36 7801  57.75 56.50 50.95
(Parcel scale Recall (%) 67.81 73.73 74.34 80.27 68.70 68.87 68.03 45.86 56.15
10 hm?) F1 Score (%) 62.30 51.56 71.60 79.12 70.72 73.16 61.18 49.29 52.99
ToU (%) 48.09 37.14 56.42 69.03 58.43 57.68 44.97 33.26 37.47

Note: Bold values indicate the best performance.

https://doi.org/10.3390/rs18213699


https://doi.org/10.3390/rs18213699

Remote Sens. 2026, 18, 3699

22 of 30

The results in Table 7 reveal that the two multi-task semantic segmentation architec-
tures, BsiNet and ResUNet-a, generally achieved superior boundary delineation perfor-
mance across the evaluated scale tiers. Specifically, BsiNet attained the highest accuracy at
both the small-scale and large-scale extremes. In Jiangxia District (0.22 hm?), BsiNet led
across all evaluated metrics, recording a precision of 89.84%, recall of 84.29%, boundary
IoU of 77.92%, and an F1 score of 86.58%. Similarly, at the 10.0 hm? scale in the Netherlands,
BsiNet achieved the top ranking with a recall of 80.27%, an F1 score of 79.12%, and an IoU of
69.03%. Conversely, ResUNet-a exhibited favorable adaptability at intermediate scale tiers,
leading across all evaluation metrics in Spain (1.5 hm?, F1 score: 75.53%) and Denmark
(6.0 hm?, F1 score: 61.65%). TFNet maintained consistently high performance across all
four parcel scale gradients, with F1 scores ranging from 56.80% to 73.16%. D-LinkNet also
maintained competitiveness in Jiangxia District and the Netherlands, achieving F1 scores
of 74.64% and 71.60%, respectively. By contrast, edge detection models (HED and RCF)
and instance segmentation models (E2EC, SOLOv2, YOLOvS8-seg) generally yielded lower
boundary extraction metrics.

Figure 8 depicts the performance trajectories of all evaluated models across the parcel
scale spectrum. When the parcel scale increased from 0.22 hm? to 1.5 hm?, the performance
changes varied among models, with some showing increases and others showing decreases,
as indicated in Figure 8. When the parcel scale increased from 1.5 hm? to 6.0 hm?, all models
except SOLOV2 exhibited a declining trend in both F1 score and IoU. When the parcel scale
increased to 10.0 hm?, compared with the 6.0 hm? scale, all models except SOLOv2 exhibited
an upward trend in both F1 score and IoU. The edge detection models showed relatively
larger improvements. SOLOv2 slightly decreased during this stage. Across the entire scale
continuum, the multi-task semantic segmentation models generally occupied the upper
range of the performance trajectories, demonstrating structural robustness.
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—eo— YOLOvV8-seg

Figure 8. Trend of boundary extraction accuracy across four parcel scale gradients.

3.5. Effects of Terrain Conditions on Cropland Parcel Boundary Extraction

The three Central China study areas constitute a topographic gradient transect with
quantified relief amplitudes: the Jiangxia plain (56 m), Echeng hills (470 m), and Tongshan
mountainous area (1637 m) (Table 1). Instead of evaluating static performance rankings,
this analysis focuses on cross-terrain sensitivity dynamics (Table 8).
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Table 8. Performance comparison of nine deep learning models across three terrains.

Site Bvaluation  ypp rer PO BsiNet ReSUNeM rpnet  mEC  soLova  YOROVE
Metrics LinkNet a Seg
Jiangxia Precision (%) 66.15 62.14 73.70 89.84 66.76 69.84 58.13 50.12 63.30
Disﬁ‘ict Recall (%) 50.68 61.95 75.66 84.29 61.47 67.77 64.07 46.52 57.63
(Plain) F1 Score (%) 55.60 60.80 74.64 86.58 62.17 68.79 60.31 46.34 60.04
IoU (%) 39.32 44.41 59.78 77.92 47.82 52.43 44.71 31.26 43.84
Echen Precision (%) 61.09 53.79 65.47 84.43 54.06 44.73 48.74 42.38 56.67
Districgt Recall (%) 61.18 68.06 54.69 69.13 47.16 41.61 52.58 47.75 45.71
(Hill) F1 Score (%) 60.67 59.65 59.42 75.06 47.55 43.11 47.71 40.18 49.75
IoU (%) 44.54 43.30 42.83 64.04 33.11 27.48 32.00 26.21 33.66
Tongshan Precision (%) 78.63 73.58 67.74 41.06 57.54 69.59 63.68 61.90 64.61
Co%mt Recall (%) 57.94 68.91 70.30 36.22 55.67 68.36 61.65 41.02 20.97
(Mounta};n) F1 Score (%) 66.09 70.85 68.81 36.56 52.83 68.97 60.89 47.30 30.85
IoU (%) 49.92 55.17 52.58 23.31 37.59 52.63 44.45 31.59 18.58

Note: Bold values indicate the best performance.

Along this topographic gradient, model architectures exhibited substantially divergent
performance degradation trajectories. Multi-task semantic segmentation architectures show
contrasting resilience across relief tiers. BsiNet displayed sensitivity to rising topographic
amplitude. Its F1 score decreased by 11.52% from plain to hilly terrain, followed by a further
decrease of 38.50% when relief reaches 1637 m in Tongshan County. This vulnerability
may plausibly arise from degraded continuous Euclidean distance field representations
over fractured, shadow-obscured slope geometries. In comparison, the foundation model-
guided TFNet showed promising stability across varying terrain. It achieved competitive
performance on the plain (F1 score: 68.79%) and retained an F1 score of 68.97% and
boundary IoU of 52.63% in steep mountainous terrain, considerably outperforming BsiNet
(36.56%) and ResUNet-a (52.83%). This contrast suggests that the integration of SAM
zero-shot boundary priors and decoupled two-flow representations may help mitigate
the topological deterioration commonly observed in conventional multi-task architectures
under mountain shadowing.

Figure 9 further summarizes performance trajectories of all evaluated models along this
topographic gradient. BsiNet and YOLOvS8-seg followed a monotonic downward trajectory
across the terrain gradient. In contrast, HED, RCF, and D-LinkNet exhibited upward
or rebounding trajectories. ResUNet-a, E2EC, and TFNet traced a non-linear, dip-and-
rebound pattern characterized by lower performance in hilly terrain followed by recovery
in mountainous terrain, with TFNet reaching metrics comparable to RCF and D-LinkNet in
the mountain setting. Collectively, these trajectories suggest an apparent cross-over pattern
between plain and mountainous landscapes, where models that led in the plain setting
experienced steep declines, whereas models with lower plain metrics showed marked
upward or rebounding trends in mountainous terrain.
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Figure 9. Trend of boundary extraction accuracy across three terrains.

4. Discussion

Public cropland datasets such as PASTIS and Al4Boundaries commonly rely on ad-
ministrative cadastral records derived from farmer declarations. These records frequently
contain label noise, such as omitted boundary paths, drainage ditches, and geometric mis-
alignments, which can bias benchmark evaluation metrics. To reduce label errors, this
study used an expertly refined workflow to inspect and rectify cadastral vectors against
contemporaneous high-resolution imagery. This procedure aligns reference boundaries
with the visible parcel boundaries in imagery acquired at the corresponding date, miti-
gating label discrepancies caused by temporal lags and land management changes such
as field consolidation and subdivision. Furthermore, the resulting dataset covers diverse
agricultural landscapes, spanning large, regular parcels in Western Europe (averaging up
to 10.0 hm?) and fragmented smallholder fields in Central China (averaging 0.05 hm?),
with imagery resolutions ranging from 0.2 m to 10 m.

Grounded in our constructed benchmark dataset, although sensor platforms, data vol-
umes, and topographic conditions naturally co-vary across the study areas [64], this work
offers an empirical baseline reflecting the real-world observational variability encountered
in operational agricultural monitoring. Nevertheless, several inherent limitations must be
acknowledged when interpreting these findings and guide future research. Geographic
coverage and intra-regional sampling density of the current dataset remain bounded. In
particular, the dataset does not yet encompass agricultural scenarios with significant het-
erogeneity, such as the US Midwest and North China Plain, tropical perennial plantations
in Southeast Asia and Brazil, complex flooded paddy terraces, and rainfed smallholder
mosaics in sub-Saharan Africa). Future work will expand the dataset in three dimensions,
geographic coverage, crop varieties, and agricultural management systems, to enhance
and refine the data selection strategies offered. The current evaluation framework focuses
primarily on in-domain spatial adaptability rather than cross-domain zero-shot general-
ization. Models were benchmarked within regional subsets to isolate architecture-specific
responses to local field configurations. However, direct cross-continental transferability
was not systematically quantified. We acknowledge the theoretical continuum spanning
from localized spatial block partitioning to systematic zero-shot Leave-One-Region-Out
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(LORO) cross-domain transfer as a vital direction. Future work will benchmark transfer
learning, domain adaptation, and few-shot fine-tuning protocols to establish standardized
cross-domain transfer baselines.

Models exhibit a non-monotonic performance trajectory across spatial resolutions. In
large-scale agricultural plains (10.0 hm?), model accuracy did not degrade continuously
from 0.6 m to 10 m; instead, performance dipped at 2.4 m before rebounding at 4.8 m to
levels comparable to 0.6 m, followed by a sharp drop at 10 m. At the 2.4 m resolution,
models may encounter an intermediate scale trade-off. Pure boundary pixels are reduced,
yet high-frequency intra-parcel textures (such as tractor tramlines and furrow shadows)
remain visible and generate spurious edge responses. Transitioning to 4.8 m may function
as a spatial low-pass-like filter that attenuates intra-field textural noise while preserving
prominent inter-parcel boundaries, with broader receptive fields capturing complete macro-
topologies. When resolution degraded to 10 m, pixel dimensions exceed physical boundary
widths, which may lead to mixed-pixel deterioration. Under this extreme degradation,
position-driven models (SOLOv2) maintained higher contour closure probably because
grid-based center priors rely less heavily on degraded boundary gradients. Because these
resolution tiers were compiled from authentic operational data sources (Global Mapper
aerial orthomosaics, Geospatial Earth, Pleiades, and Sentinel-2), spatial resolution inherently
co-varies with native sensor characteristics, including modulation transfer functions (MTF),
signal-to-noise ratios, radiometric calibrations, and minor acquisition timing differences.
Consequently, the observed performance disparities capture the composite influence of real-
world operational imaging tiers rather than GSD in pure physical isolation. As a next step,
we will further investigate the influence of spatial resolution by constructing a benchmark
from a single ultra-high-resolution source scene with an identical spatial footprint and
deriving multiple resolution tiers through controlled spatial downsampling and realistic
PSF/MTF filtering.

Multi-task semantic segmentation models such as BsiNet and ResUNet-a leverage
a joint multi-task and distance field supervision architecture to adapt to the characteristics
of contiguous cropland. Within densely contiguous regions of remote sensing imagery,
the numerical gradient generated by the distance field may provide strong geometric con-
straints. This boundary-equivalent repulsion effect plausibly helps alleviate the prevalent
issue of parcel boundary adhesion in contiguous imagery. When integrated with a spatial
grouping enhancement module, such architectures appear better suited to capturing the
textural features of fragmented parcels, which may facilitate more refined delineation of
small-scale parcel boundaries. Because the evaluated scale gradient (spanning 0.22 hm?
to 10.0 hm?) was assembled across distinct geographic landscapes, parcel area inherently
co-varies with geometric regularity (such as compactness and aspect ratio), boundary
spatial orientation, landscape fragmentation, and localized spectral contrast. Consequently,
the observed performance disparities across scale tiers cannot be attributed solely to parcel
dimensions in pure isolation. To decouple parcel scale from these confounding geometric
and environmental factors, in our future work, we intend to leverage large-scale cadastral
databases to conduct stratified quantile sampling, holding geometric compactness and
perimeter-to-area ratios constant across varying area tiers, while employing generalized
additive models (GAM) to statistically isolate and quantify the independent contribution
of parcel area to boundary extraction accuracy.

Multi-task semantic segmentation models (BsiNet and ResUNet-a), the foundation
model-guided TFNet, and edge detectors (HED and RCF) exhibited distinct architectural
inductive biases across topographic conditions. In low-relief, contiguous plains, multi-task
models leveraged distance field supervision, where numerical gradients directed toward
parcel margins generate a boundary repulsion-like effect that helps alleviate parcel adhe-
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sion. In steep mountainous terrain, however, severe terrain undulation and cast shadows
may disrupt image-wide spatial continuity, which may degrade feature representations in
architectures relying on continuous global semantic masks and distance fields. Conversely,
edge detection models such as HED and RCF relied on multiscale side outputs and local-
ized receptive fields. Although cast shadows attenuated broader contextual information,
high-frequency spectral transitions along land cover margins (such as cropland/forest
interfaces) often remained locally detectable, providing a plausible explanation for why
edge detectors retained higher topological stability in rugged terrain. We acknowledge
that while the hilly and mountainous sites (Echeng District and Tongshan County) utilized
identical low-altitude UAV photogrammetric workflows to establish a relatively comparable
empirical baseline, our terrain evaluation remains an observational comparison rather than
a fully decoupled single-factor physical experiment. In future work, we will investigate phys-
ical topographic radiometric normalization (such as C-correction) alongside multimodal
three-dimensional data fusion (coupling optical imagery with SAR [65] and LiDAR [66])
to actively compensate for the geometric distortions and shadow occlusions inherent to
steep mountainous environments.

5. Conclusions

In this study, we constructed a standardized, multi-source cropland parcel boundary
benchmark dataset encompassing over 180,000 expert-rectified unique physical parcels
across diverse agricultural landscapes in Europe and Central China. Evaluation of nine
representative deep learning models across observational and environmental gradients
yielded three conclusions:

(1) Spatial resolution exerts a non-linear influence on boundary extraction fidelity,
where some medium-resolution data conditions (such as 4.8 m imagery in large-scale fields)
retained competitive boundary extraction performance for certain models.

(2) Empirical evaluations across four regional parcel scales (0.22 hm? in Jiangxia,
1.5 hm? in Spain, 6.0 hm? in Denmark, and 10.0 hm? in the Netherlands) indicate that
boundary extraction accuracy does not exhibit a simple positive correlation with parcel scale.

(3) Terrain complexity is one of the primary factors closely associated with the accuracy
drop in mountainous cropland parcel extraction. Multi-task semantic segmentation models
excel in plains and hills but degrade sharply in rugged mountainous terrain, where local
gradient-driven edge detection models exhibit superior topological resilience.

Overall, this benchmark provides an open dataset and comparative empirical obser-
vations across multiple agricultural and topographic settings. These results offer a pre-
liminary baseline that may assist future research and model selection in cropland parcel
boundary extraction.
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Abbreviations

NIR Near-Infrared

MTF Modulation Transfer Function

PASTIS  Panoptic Agricultural Satellite Time Series
SAM Segment Anything Model

BCE Binary Cross-Entropy

CE Cross-Entropy

NLL Negative Log-Likelihood

MSE Mean Squared Error

DFL Distribution Focal Loss
GSD Ground Sampling Distance
PSF Point Spread Function
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