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Highlights
●●	 The size, shape, and distribution of cropland parcels are key features of agricultural systems.
●●	 Traditional schemes to obtain parcel change information require wall-to-wall mapping.
●●	 A new approach is proposed that can achieve the same purpose without mapping.
●●	 Comparing the number of edge pixels enables efficient detection of changes in cropland parcels.

Abstract
Cropland parcels are the basic unit for agricultural production, and their size and shape may change due to human activities, 
e.g., land consolidation.  Remote sensing has been increasingly used for mapping cropland parcel, yet detecting changes in 
cropland parcels by wall-to-wall mapping is time-consuming.  This paper proposes a new algorithm to identify whether and 
where cropland parcel changes have been undertaken without generating complete parcel maps.  We use the number of 
edge pixels derived from remote sensing imagery as a proxy indicator for cropland parcel changes.  First, we apply a Sobel 
operator to delineate the total edge pixels of parcels from dual-time images.  Second, we apply the connected-components 
labeling to remove pseudo-edges arising from non-cropland built structures and transmission towers.  We then perform 
topological optimization, including morphological dilation and skeleton extraction, to eliminate redundant edge pixels for 
parcel structure.  Finally, we detect whether parcel changes have been undertaken by counting and comparing the number 
of edge pixels derived from dual-time images.  We applied this innovative framework in five regions in East Asia where land 
consolidation has significantly changed cropland parcels.  Our method demonstrated robust detection results, with stable 
accuracy, precision, recall, and F1-score, all exceeding 0.85.  Screening redundant edge pixels reduced noise and permitted 
efficient detection of changes in cropland parcels.  Our method extends the traditional detection of semantic change to 
structural change and can quickly detect cropland parcel changes with high accuracy.  This capability offers the potential 
to identify hotspot areas of cropland changes on a larger scale without the need to produce full cropland maps, which is 
particularly useful for monitoring land consolidation programs.
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1. Introduction
Cropland parcels serve as fundamental agricultural units 
(Gónzalez et al. 2007; Persello et al. 2019), determine the 
spatial structure of cropland (Yang et al. 2014; Kwinta et al. 
2017) and are related to agricultural scale (Bey et al. 2020; 
Jänicke et al. 2024), machinery utilization (Janulevičius et al. 
2019; Al-Amin et al. 2023), biodiversity (Clough et al. 2020; 
Noack et al. 2022; Li S N et al. 2025), and sustainability (Duan 
et al. 2021; Gao et al. 2024; Wang et al. 2025).  While the 
size and shape of parcels are generally stable, their structure 
and configuration may change due to strong interventions 
from various biophysical, socioeconomic, and institutional 
factors (Qian et al. 2020; Gu et al. 2023; Hemond et al. 2023).  
For example, contemporary agricultural development is often 
characterized by the consolidation of smaller lands into larger 
parcels (Langeveld et al. 2006).   In Germany, the average 
parcel size increased 3.7-fold from 1949 to 1994 due to land 
consolidation (LC) efforts (Hendricks et al. 2014).  Similarly, 
China’s Well-Facilitated Farmland Construction Programs 
aim to merge fragmented parcels to support mechanization 
and irrigation (Rogers et al. 2021; Yu et al. 2025).  Therefore, 
understanding changes in cropland parcels is crucial for 
comprehending agricultural transformations shaped by land 
management policies, resource allocation, and broader socio-
environmental dynamics (Fritz et al. 2015).

Remote sensing is an effective method for mapping the 
size, shape, and distribution of cropland parcels (Li M M 
et al. 2025).  The basic idea of cropland parcel mapping 
is image segmentation and boundary delineation, and it is 
becoming more effective with the development of machine 
learning and the availability of high-resolution images and 
multimodal satellite data (Xu et al. 2022; Wang et al. 2023).  
For example, Xu et al. (2024) combined Mask RCNN and 
DeepSnake in a contour-based instance segmentation 
network to extract parcel boundaries from Google Earth 
imagery.  Sun et al. (2025) developed a sample-free method 
that integrates super-resolution reconstruction with a dual-
edge-corrected Segment Anything Model to delineate fields 
from Sentinel-2 or PlanetScope images.  García-Pedrero 
et  al. (2019) applied a convolutional neural network to 
delineate parcels based on open Land Parcel Information 
Systems (LPIS) data.  Despite the current progress in parcel 
boundary delineation, understanding changes in cropland 
parcels remains a challenge.  Most existing studies only 
mapped cropland parcels at a fixed time stage.  Only few 
case studies have analyzed changes in the size and shape 
of cropland parcels by overlaying accurate cropland parcel 
maps from different time stages, such as analyses based on 
the use of existing LPIS data in Europe.  However, generating 
time-series parcel maps remains labor-intensive, limiting 
timely detection of human-induced parcel changes in areas 
without LPIS coverage.

Change detection originated from computer vision and 
employs well-designed algorithms to directly generate pixel-
level differences (Feng et al. 2015; Huang et al. 2020; Huang 
et al. 2022).  Traditional methods like image differencing and 
ratioing lay the foundation by capturing pixel-level spectral 
differences but are sensitive to noise and environmental 

interference (Singh 1989).  With the rise of machine learning, 
supervised methods such as support vector machine (SVM) 
for change detection have improved accuracy by learning 
from labeled change samples, yet they rely heavily on high-
quality training data (Hussain et al. 2013).   In recent years, 
deep learning has brought new advancements.  Models like 
U-Net and its variants achieve end-to-end change detection 
by extracting deep features, showing strong performance in 
complex scenes (Shi et al. 2020).  However, these methods 
mainly focus on semantic changes between different land 
cover types.  For example, Sun et al. (2024) proposed a 
lightweight CNANet model that semantically labels non-
agricultural pixels in cropland to detect land cover type 
changes associated with cropland non-agriculturalization.  
In contrast, structural changes in land cover, such as parcel 
changes within cropland, require a more detailed analysis of 
pixel connectivity and spatial arrangement within the same 
land cover type (Alcantarilla et al. 2018).  Existing methods 
for semantic change detection treat each land cover type as 
a uniform label, which overlooks the fine-grained pixel-level 
patterns essential for detecting structural changes (Liu et al. 
2019; Zhang et al. 2022).  For instance, the implementation 
of LC may involve merging or splitting parcels, leading to 
changes in cropland parcels.  However, the overall cropland 
area may remain stable even when the internal structure of 
the cropland is altered.   In this case, detecting changes in 
cropland parcels requires analyzing pixel connectivity and 
distribution to identify transformations in internal structures.  
This underscores the challenge of adapting conventional 
change detection approaches to effectively understand the 
process of cropland parcel changes, as it involves both pixel-
level differences and the spatial organization of these pixels 
within a given type.

In order to quickly identify the hotspots of cropland parcel 
changes caused by land consolidation (LC), we propose a 
novel and efficient approach for quantifying cropland parcel 
changes without relying on wall-to-wall parcel maps.  Instead 
of focusing on the semantic information of all pixels – the way 
traditional land cover change detection analysis basically 
relies on – we focus on edge pixels as they represent 
the abrupt changes in grayscale value between adjacent 
pixels and are frequently used as the basic input in image 
segmentation for cropland boundary delineation.  Counting 
the edge pixels inside a fixed window provides a direct 
proxy for parcel geometry: the total rises when parcels are 
small and fragmented and falls when neighbouring parcels 
are merged into larger, simpler fields, because boundary 
length per unit area contracts accordingly (Garcia-Pedrero 
et al. 2015).  Within LC areas, changes in edge pixel count 
predominantly indicate parcel merging or splitting.  Soil 
exposure or temporary fallow rarely triggers large gray-
level discontinuities, so such factors do not materially alter 
the edge pixel signal.  Therefore, by counting the number of 
edge pixels, we can easily obtain a quantitative assessment 
of whether the focused area has undergone significant 
modifications in the cropland boundary.  The advantages of 
our method become apparent when compared to traditional 
cropland parcel mapping methods.  Our approach is more 
error-tolerant and labor-saving.  Leveraging these strengths, 
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we treat the total number of edge pixels within a fixed window 
as a structural proxy for parcel change and hypothesise that 
temporal shifts in this proxy reveal parcel‑scale restructuring.  
We test the approach in five East‑Asian regions where LC 
has demonstrably enlarged and simplified fields, evaluating 
whether the proxy can highlight change hotspots without 
producing a single parcel map and thereby offer a scalable 
tool for regional‑to‑national LC monitoring.

2. Materials and methods
2.1. A new framework to understand cropland parcel 
change without mapping
The traditional scheme for understanding cropland parcel 
change follows a multi-step wall-to-wall mapping workflow.  It 
usually begins with manual annotation of cropland pixels to 
build a training set, continues with model training and parcel 
segmentation, and ends with accuracy assessment.  Because 
this entire sequence must be executed for every image in 
the time series, it is computationally demanding, sensitive 
to segmentation error, and heavily dependent on labour-
intensive labels (Fig. 1).  Crucially, the edge pixels that lie 
along the cropland–non-cropland interface already delineate 
parcel boundaries and therefore concentrate the structural 
information needed for change analysis.

Leveraging this insight, we introduce a lightweight 
alternative that eliminates wall-to-wall mapping.  The 
framework treats the number of edge pixels within a fixed 
analysis window as a structural proxy for detecting cropland 
parcel change.  By directly comparing proxy values between 
dates, parcel-scale dynamics are identified without parcel 
segmentation, map validation, or cross-temporal overlay 
(Fig.  1).  This approach removes the most labour- and 
computation-intensive stages of the conventional workflow 
while retaining sensitivity to parcel-level change.

2.2. Study area
LC serves as an effective land management strategy that 
enhances agricultural production (Abubakari et al. 2016), 
contributing to food security, modern agriculture, and 
sustainable development (Jiang et  al. 2022).  Cropland 
parcels after LC are characterized by centralized and 
contiguous parcels of regular shape while prior to LC, 
parcels were smaller and exhibited varied shapes, including 
regular (rectangular, square) and irregular forms (narrow, 
fragmented).  These shape variations represent a key 
source of instability for the methodology proposed in this 
study.  To test the proposed edge pixel-based change 
detection method, we selected five regions across East Asia, 
specifically in Central, North, East, and Southwest China, 
as well as Hokkaido, Japan.  These sites reflect distinct 
geographical characteristics, diverse parcel shapes, and 
significant structural changes due to LC, where irregular, 
small-scale parcels have been consolidated into larger, more 
regular ones (Fig. 2).

In Central China, we selected Jingzhou City in Hubei 
Province.  The original cropland units were predominantly 
rectangular parcels with blurred edge characteristics.  The LC 
project, covering approximately 1.19 km2, was implemented 

from 2017 to 2018, reducing parcel numbers from 389 to 
167.   In Tangshan City, Hebei Province, in North China, the 
original cropland pattern consisted of neatly arranged fine 
square parcels with clear boundaries and uniform internal 
texture.  The LC project also covered 1.19 km2, was initiated 
in 2017 and completed in 2018, and similarly resulted in a 
reduction of the number of parcels from 389 to 167.  The test 
site in East China in Lu’an City, Anhui Province, features a 
complex cropping structure.  Following an LC project from 
2019 to 2020 covering 1.85 km2, scattered parcels were 
consolidated into contiguous units, reducing parcel counts 
from 917 to 283.  The test site in Southwest China, Xigaze 
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Fig. 1  Comparison of traditional and new schemes for under-
standing cropland parcel change.
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City, Xizang Autonomous Region, contained a mix of narrow 
and irregular parcels with clearly defined boundaries.  An LC 
project spanning 2.79 km2 was completed from 2020 to 2021, 
decreasing the parcel count from 498 to 98.  The Hokkaido 
test site in Japan reflects a unique approach to LC, focusing 
on the further consolidation of already regularized cropland.  
The project, conducted from 2003 to 2004, reduced the 
number of parcels from 157 to 90 within an area of 0.95 km2.

2.3. Data
We employed Google Earth Pro imagery with a spatial 
resolution of 0.53 m and three RGB bands.  The data are 
freely available, enhancing the universal applicability of our 
method.  To detect parcel-scale restructuring effectively, multi-
temporal imagery is indispensable for capturing changes 
in surface conditions before and after LC.  At each study 
site, we collected multi-temporal imagery with at least three 
acquisition dates, comprising both changed parcels (before 
and after LC) and unchanged parcels (within the same 

period), thereby establishing a robust dataset for cropland 
parcel change detection.  Given that LC implementation 
occurred at different times across sites, it was not feasible 
to standardize the image acquisition dates.   Instead, we 
determined the LC implementation periods using official 
documents and literature, and subsequently collected all 
high-quality, cloud-free images that adequately covered 
the corresponding time spans.  To minimize the impact of 
phenological variation, the dataset includes both intra-season 
and cross-season image pairs to test robustness.  The 
complete data list is presented in Table 1.

All study sites are cropland-dominated, and LC projects 
scarcely change land-cover categories; instead, they reshape 
cropland boundaries through parcel merging and splitting.  
Non-cropland features (roads, water bodies, settlements, 
forests) remain virtually static during the observation window 
and therefore contribute negligible temporal fluctuation to 
edge pixels.  After radiometric correction and co-registration, 
each image was cropped to 512×512 pix tiles focusing 
exclusively on cropland areas.   In total, we obtained 625 
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image slices, with 935 pairs of both parcel-changed and 
parcel-unchanged image pairs.  We randomly divided the 
samples into a training (280 pairs) and a test set (655 pairs).  
The training set, labeled with changed and unchanged 
scenarios of cropland parcels, was used to train the SVM 
classifier, while the test set was used to evaluate the 
algorithm’s feasibility.

2.4. Methodology
The core idea of the edge pixel-based method is that the 
number of edge pixels will decrease when small parcels are 

consolidated into larger ones.  To ensure the reliability of 
edge pixels as a basis for change detection while avoiding 
wall-to-wall mapping, we employ a lightweight three-step 
approach: total edge pixel delineation, redundant edge pixel 
screening, and cropland parcel change detection (Fig. 3).  
In the proposed three-step workflow, decisions are based 
solely on the bi-temporal variation in edge pixel counts; 
the algorithm bypasses traditional image segmentation, 
vectorization, and parcel delineation.  Accordingly, we omit 
explicit boundary extraction and accuracy assessment, as the 
goal is to identify whether a structural change has occurred, 
not to reconstruct exact field boundaries.  By removing 
the labor-intensive mapping stage, the pipeline avoids 
error propagation from boundary delineation and remains 
lightweight and computationally efficient.
Total edge pixel delineation  To extract the edge of cropland 
parcels, we process the bi-temporal remote sensing image 
gray-scale for feature extraction.  The brightness information 
in gray-scale images often contains important information 
about image structure and texture.  The edge detection 
methods do not require pixel-by-pixel segmentation, making 
them more suitable for identifying a wide range of edges with 
low precision in remote sensing images.  The Sobel operator 
is employed for edge detection, connecting neighboring 
pixels based on gradient information to smooth out 
discontinuous edges (Sobel 1978; Tong et al. 2011; Ranjan 
et al. 2023).  The Sobel operator is a discrete, first-order 

Table 1  Acquisition dates of Google Earth images
Site Before land consolidation After land consolidation
Jingzhou April 2014

July 2017
March 2018

March 2021

Tangshan September 2007
October 2013

September 2015

May 2018
September 2022

May 2024
Lu’an April 2017

December 2017
March 2019

May 2022

Xigaze December 2011
September 2013
December 2014

May 2018

April 2022

Hokkaido May 2002
May 2003

June 2015
April 2019
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Fig. 3  Workflow of cropland parcel change detection based on edge pixels.  
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differential operator for edge detection, involving Gaussian 
smoothing and differential derivation (Tong et al. 2011; Kong 
et al. 2023).   In comparison to other complex operators with 
high accuracy, the Sobel operator strikes a better balance 
between processing speed and accuracy (Qu et al. 2005).  
The fundamental concept involves using two different 
convolution checks for images horizontally and vertically in 
the convolution operation, followed by image edge detection 
through first-order differential calculation (Sobel 1978; Qu 
et al. 2005).  

Assuming that the input image is I(x, y), the convolution 
template of the Sobel operator for horizontal Gx and vertical 
Gy is as follows:

Gx= Gy=
–1
–2
–1

–1
0
1

0
0
0

–2
0
2

1
2
1

–1
0
1

	 (1)

For the input image I, the horizontal gradient gx and vertical 
gradient gy are computed using the Sobel operator:

gx=I×Gx    gy=I×Gy. 	 (2)
where × represents a convolution operation.

The gradient magnitude M and gradient direction θ are 
calculated by the following equations:

M= gx
2+gy

2 	 (3)

θ=arctan(     )
gy

gx
	 (4)

The employment of these two thresholds could enhance 
edge selectivity.  The gradient threshold regulates the edge 
intensity, ensuring that only a sufficiently substantial gradient 
is recognized as an edge.  The angle threshold permits some 
deviation in direction to be accepted to a certain extent, 
facilitating the connection of edges in various directions.

Despite initial edge detection using the Sobel operator, 
the imagery still contains two distinct edge categories: 
structural edges, which exclusively delineate cropland parcel 
boundaries (including field ridges and inter-parcel roads), 
and pseudo-edges, which arise from non-structural factors.  
The pseudo-edges can be further classified into four types: 
(1) illumination artifacts, such as shadow boundaries caused 
by solar angle variations; (2) agricultural textures, including 
parallel furrow patterns from mechanized farming and 
spectral variations across crop growth stages; (3) vegetation 
transitions, resulting from density differences in non-parcel 
vegetation; and (4) non-agricultural features, such as field 
buildings and transmission towers.  To isolate valid parcel 
boundaries, we used the connected-components labeling 
method to detect connected regions in the binary edge graph 
and label them.  Common connected domains are typically 
categorized into two types: four-connected domains and 
eight-connected domains (He et al. 2017).  We adopted an 
eight-connected region, which involves examining whether 
there are adjacent edge pixels in the eight directions around 
a given edge pixel.  Since structural edges tend to form 
continuous, spatially coherent boundaries, while pseudo-
edges often appear as fragmented or isolated patterns, this 
connectivity constraint allows for the identification of coherent 
edge structures.  Within a connected domain, every pair 
of points is linked, and no two connected regions overlap 
(Rosenfeld et al. 1966; Walczyk et al. 2010).  By calculating 

the size of each connected region, we filter out small, disjoint 
pseudo-edges based on an area threshold, ensuring that only 
connectivity components representing parcel boundaries are 
retained.  We then computed the area of each component 
and discarded those smaller than 50 pixels - the threshold 
that yielded the optimum noise-to-signal ratio in a sweep from 
20 to 100 pixels - thereby retaining only components that 
faithfully delineate parcel boundaries.
Redundant edge pixel screening  Although most pseudo-
edges have been eliminated from the edge detection results 
in the previous stage, there are still many redundant edges 
for the parcel topology.  A parcel topology requires only one 
edge, while a ridge includes multiple feature edges within it.  
Therefore, morphological operations are pivotal in enhancing 
and simplifying the edges detected in the previous stage.  
The spatial extent of all edges is enlarged by morphological 
dilation processing to fuse all edges on the parcel topological 
structure (Meng 2018).  The outcome of the dilatation 
operation is to combine the background pixels in contact with 
the image boundary into the image, which can fill relatively 
small holes in the image and small dents at the edge of the 
image.  The dilatation operation of binary image I1(x, y) is 
shown in eq. (5).

I2(x,y)=max(s,t) E{II(x–s,y–t)} 	 (5)
where I2(x, y) is the pixel value in the dilatated image whose 
coordinate is (x,y), E is the convolution kernel of the dilatation 
operation, and (s,t) is the coordinate in the convolution kernel.

The subsequent stage involves extracting the skeleton 
from the fused edges.  Skeleton extraction algorithms refine a 
connected region to a width of one pixel for feature extraction 
and target topology representation (Lam et al. 1992).  Through 
the continuous traversal of the specified connection area in 
the image, the boundary pixels are identified and removed 
in each traversal, ensuring that the connection of the subject 
area is not damaged (Al Smadi et al. 2021).  Commonly used 
skeleton extraction methods include thinning algorithm (Chen 
et al. 2012), the Zhang-Suen thinning algorithm (Zhang and 
Suen 1984), the Lee thinning algorithm (Lee et al. 1994), and 
the medial axis transformation algorithm (Choi et al. 1997).  
The Zhang-Suen thinning algorithm demonstrates superior 
performance in preserving the main topology, as it effectively 
eliminates redundant branches and ensures a complete 
and smooth overall skeleton (Fig. 4).  Hence, we adopt the 
Zhang-Suen thinning algorithm.

The Zhang-Suen thinning algorithm adopts a two-layer 
cycle structure to scan and detect the pixels and then 
eliminate the edge pixels.  Fig. 5 illustrates the Zhang-Suen 
thinning algorithm for an eight-neighbor connectivity map.

Step 1: The target pixel P1 should meet the exclusion 
conditions:

(1) 2≤N(P1)≤6
(2) S(P1)=1
(3) P2×P4×P6=0
(4) P4×P6×P8=0

where N(P1) is the number of nonzero points in {P2, ... , P9}; 
and S(P1) is the number of 1–0 patterns in the ordered set 
{P2, ... , P9}.

Step 2: Simply adjust the third and fourth conditions in the 
first level of the loop to the following equation, as follows:
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(1) 2≤N(P1)≤6
(2) S(P1)=1
(3) P2×P4×P8=0
(4) P2×P6×P8=0
If the target pixel P1 meets the two-layer loop condition, 

then it can be deleted.  Otherwise, the pixel is retained (Zhang 
et al. 1984).

With the skeleton extraction algorithm, the fused edges 
are converted into skeleton structures, and these edges are 
streamlined based on topological relationships to preserve 
the edge’s topological structure representing the shape of 
parcel.
Cropland parcel change detection  Counting edge pixels 
represents the core of cropland parcel change detection.  
After skeletonisation, we enumerate topological edge pixels 
within each fixed M×M window for two acquisition dates and 
compute their bi‑temporal fluctuation：

∆N=Nt2–Nt1	 (6)
which quantifies parcel-level structural variation.  Each 
window is labelled changed or unchanged from reference 
data, and ΔN  serves as the sole input feature to a 
support‑vector machine (SVM).  The SVM uses an RBF kernel 
with hyper-parameters tuned via grid search and five-fold 
cross-validation: C=10, γ=0.01, and class_weight=‘balanced’ 
to counter class imbalance.  Hyper‑parameters are selected 
via five-fold cross-validation, and the optimised model is 
applied to the test set to determine whether cropland parcels 
have changed, thereby obviating image segmentation, map 
validation, and cross-temporal overlay analysis.
Outcome evaluation  We select four metrics for quantitative 
assessment: accuracy, precision, recall, and F1-score.  
Specifically, the above evaluation metrics are calculated as 
follows:

TP+TN
TP+TN+FP+FN

Accuracy= 	 (7)

TP
TP+FP

Precision= 	 (8)

TP
TP+FN

Recall= 	 (9)

Precision×Recall
Precision+Recall

F1-score=2× 	 (10)

In the above formulas, TP and TN denote the number 
of accurate predictions for positive and negative samples, 
respectively.  FP and FN represent the number of false 

predictions for positive and negative samples, respectively.

3. Results
3.1. Total edge pixels
The results show that our method outperformed the Canny 
algorithm in detecting edges across both regular (rectangular, 
square) and irregular (narrow, broken) parcel shapes (Fig. 6).  
Additionally, it was observed that for rectangular parcels, 
square parcels, narrow parcels, and broken parcels before 
LC, the main factor affecting the edge detection effect was the 
discontinuous edge problem, which hindered the extraction 
of closed-edge parcels.  As for the concentrated and regular-
shaped parcels after LC, the fine pseudo-edge was the 
primary challenge interfering with the edge detection effect.  
Our method excelled in addressing both discontinuous and 
fine-grained edges, surpassing the capabilities of the Canny 
algorithm.  Furthermore, our method effectively filtered out 
fine pseudo-edges, enhancing the effectiveness of cropland 
edge detection (Fig.  7).  While a significant number of 
pseudo-edges had been eliminated from the edge detection 
results, there remained some redundant edges for the parcel 
topology that still required optimization (Fig. 8).

3.2. Refined edge pixels
In the second stage of our study, we simplified the edges 
based on topological relations to maintain the edge topological 
structure, which could depict the shape characteristics of the 
parcels and screen redundant edges.  The analysis focused 
on the spatial relationships and connectivity among these 
edges, providing insights into the complex structures within 
cropland landscapes.  Fig. 9 presented the fusion results 
of parcel edges in the bi-temporal images, along with the 
topological edges extracted from the fusion results.  Following 
the morphological expansion operation, the spatial extent 
of all edges was enlarged, causing all redundant edges on 
a parcel topology to merge into a single edge.  Then, the 
inflated edges were simplified to a single pixel by Zhang-
Suen thinning algorithm (Zhang et al. 1984), which was the 
most essential edge capable of representing the structural 
feature of the parcels.  The red and yellow labels in Fig. 9 
marked the edge pixels statistics with and without topology 
optimization, showing a substantial screening of redundant 
edge pixels based on topology optimization operations.  The 
cumulative operation of morphological dilation and skeleton 

B C D EA

Fig. 4  Experimental results of cropland skeleton extraction.  A, original mask.  B, medial axis transformation.  C, thinning algorithm.  
D, Lee thinning algorithm.  E, Zhang-Suen thinning algorithm.
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Fig.  5  Zhang-Suen thinning algorithm for eight-neighbor 
connectivity map.  P1 is the target pixel, P2–P9 are its eight-
neighborhood pixels.

P1P8 P4

P2P9 P3

P6P7 P5

extraction effectively simplifies edge complexity and highlights 
the structural features of the parcels.

Accurate extraction of edge features is critical for 
successful edge pixel-based change detection.  Traditional 
edge detection methods failed to accurately characterize 
the distribution of feature contours and were susceptible to 
noise and pseudo-edges.  We compared the significance 
of the difference between filtered and unfiltered edge pixels 
using t-test (Table 2).  The results indicated that edge pixels 
without screening was unable to support change detection.  

There was no substantial variance in the number of edge 
pixels between the bi-temporal images (P>0.05), rendering 
it unsuitable as a change detection criterion due to the 
inclusion of numerous redundant edges in the detection 
results.  In contrast, the edge pixels after screening effectively 
represented parcel structural characteristics, revealing a 
significant difference between bi-temporal images (P<0.01) 
that facilitates robust parcel change detection.

3.3. Cropland parcel change detection
The refined edge pixels show significant fluctuation and 
contrast before and after changes, enabling the detection of 
cropland parcel changes based on edge pixel counts (Fig. 10).  
We trained the SVM classifier based on the edge pixel 
fluctuation values from 280 image pairs in the training set, 
including 203 pairs in Lu’an, 31 pairs in Jingzhou, 22 pairs 
in Tangshan, 69 pairs in Xigaze, and 56 pairs in Hokkaido.  
The performance of the proposed method was evaluated on 
a test set (Table 3).  The results demonstrate stable change 
detection across the dataset, with accuracy, precision, recall, 
and F1-scores all exceeding 0.85.  The proposed method 
showed robust performance across various parcel shapes, 
including regular parcel shapes such as rectangular and 
square, as well as irregular parcel shapes, such as narrow 
and broken, thus eliminating potential sources of instability.  

Jingzhou

T1 T2

Tangshan

Lu’an

Xigaze

Hokkaido

Original OriginalCanny This paper This paperCanny

Fig. 6  Bi-temporal images cropland parcel edge detection results.
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Among the study sites, Xigaze achieved the highest 
performance, with accuracy, precision, and F1‑score each 
exceeding 0.95, attributed to its distinct parcel boundaries.  
In contrast, Lu’an exhibited slightly lower performance, 
which was linked to ambiguous boundaries despite meeting 
detection requirements.  Both sites featured complex parcel 
structures before LC, yet the clarity of parcel edges played a 
more significant role in detection accuracy than parcel shape.  
In Hokkaido, Japan, a region where cropland regularization 
was further consolidated, the method also achieved stable 
excellent results, with accuracy, precision, recall, and F1-
scores exceeding 0.90 (Table 3).  These findings underscore 
the method’s robustness and reliability in detecting structural 
changes, including the further consolidation of regularized 
parcels, across diverse agricultural landscapes.

4. Discussion
4.1. Using semantic information for structural change 
detection
The applications of cropland change detection have become 
increasingly diverse, extending beyond the scope of semantic 
change detection.  During LC, the merging of smaller parcels 
into larger ones represents a marked transformation of the 
spatial structure, while the land cover remains unchanged.  
Traditional semantic change detection methods uniformly 

label each land cover type, capturing only spectral differences 
between types and overlooking internal structural details.  
Therefore, these methods fall short of detecting structural 
information.  We employed structural change types within 
a given window as semantic labels, treating edge pixels as 
detection targets, which enriches semantic change detection 
with structural changes.  Graesser et al. (2017) demonstrated 
the effectiveness of edge-based methods by estimating 
cropland at a parcel level using multi-temporal Landsat 
imagery over a large and complex agricultural region in South 
America.  Despite these advancements, few studies have 
leveraged edge features specifically for structural change 
detection.  Our method seeks to innovate in this area, using 
edge features to enable more precise and reliable detection 
of structural changes in agricultural parcels.

4.2. Linking edge pixel with field size
The pattern of cropland parcels determines the average field 
size in a given area, which has been regarded as a useful 
indicator for measuring agricultural development and resource 
management (Jänicke et al. 2024).  Traditionally, data on 
field size is typically obtained from agricultural censuses or 
household surveys.  Both are challenging and expensive 
to collect; thus infrequently available, and the temporal and 
spatial resolution of the statistical data is very coarse (Lowder 

JingzhouJingzhou

Discontinuity edges aspects Fine pseudo-edges aspects

Original OriginalCanny This paper Canny This paper

 Lu’an 

TangshanTangshan

XigazeXigaze

Hokkaido

Fig. 7  The performance of two algorithms in dealing with discontinuous edges and fine pseudo-edges.
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et al. 2021).  As shown in Fig. 11, through our continuous 
optimization for edge pixels, the refined edge pixels showed 
a ratio similar to the pattern between the average perimeter 
and area of the field.  This implied that the pattern of refined 
edge pixels may closely resemble field size.  Du et al. (2024) 
developed a field size measurement algorithm based on 
medium and high-resolution satellite imagery.  They used 
the proportion of edges per unit area of cropland to reflect 
field size, demonstrating the feasibility of an edge-based 
algorithm to estimate field size.  However, in small-scale 

farming areas, parcels are smaller and more fragmented, and 
the boundaries between parcels are thinner, often less than 
10 m, below the spatial resolution of common medium and 
high-resolution remote sensing imagery.  Therefore, field size 
measurement in small-scale farming areas is very difficult.  
Our method is independent of field size and can provide field 
size measurements in small-scale farming environments.   It 
is worthwhile for future studies to explore the spatial-temporal 
patterns of field size on a large scale, based on the negative 
relationship between field size and the number of edge 

JingzhouJingzhou

 Lu’an 

T1 T2

Original figure Edge detection result Original figure Edge detection result

TangshanTangshan

XigazeXigaze

Hokkaido

Fig. 8  Redundant edges on a parcel topology.  
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pixels, without requiring the continuous development of full-
coverage, wall-to-wall parcel maps.

4.3. Future prospects
We introduced a concept to directly detect the structural 
change in cropland parcel without the need to produce 
parcel maps.  The proposed method demonstrated high 
performance across five East Asian study regions that have 
experienced LC.  Several issues remain that require further 
research.

Firstly, the textural instability of other land types present in 
the figures interfered with the accuracy of change detection.  

The presence of land types with complex and changeable 
textures, such as small-range forest land, garden land, 
and wasteland, in proximity to cropland often resulted in 
numerous redundant edge pixels.  This increases the total 
edge pixel count, reducing variability when the number of 
changing areas remained constant and ultimately leading 
to inaccurate detection.  Secondly, parcel ridges were 
frequently obscured or blurred, complicating the perception 
of parcel edges and significantly affecting accurate edge 
pixel counting.  Therefore, too sensitive or too insensitive to 
edge information impacted the result of structural change 
detection.  While the proposed method allowed for a 
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Redundant edge pixel
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Refined

edge pixels

69,706

54,752

38,394

46,849
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4,444
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Refined
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T1 T2

Tangshan

Lu’an

Xigaze

Hokkaido

Fig. 9  Bi-temporal images redundant edge pixel screening results.  The red label indicates the total edge pixels, and the yellow label 
indicates the refined edge pixels.

Table 2  T-test results of edge pixels without or with screening

Site
Without screening With screening

T1 T2 P-value T1 T2 P-value
Jingzhou 71,463.250±23,071.013 48,561.000±17,120.417 0.162 8,750.250±1,025.626 5,028.750±402.289 0.001**

Tangshan 87,511.500±17,504.286 59,379.000±9,241.989 0.059 7,494.250±635.930 4,255.750±786.735 0.001**

Lu’an 55,237.250±10,639.663 40,531.250±11,523.179 0.110 7,767.500±901.049 4,632.750±536.095 0.001**

Xigaze 57,563.750±13,181.232 38,931.500±7,053.504 0.059 9,373.000±494.075 3,709.500±433.278 <0.001***

Hokkaido 53,133±12,809.379 32,662.5±9,811.797 0.054 4,544.75±440.459 2,813±300.314 0.001**

** denotes significance at the 0.01 level, *** denotes significance at the 0.001 level.
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Table 3  Change detection accuracy assessment
Dataset Accuracy Precision Recall F1-score
All 0.8941 0.8923 0.9017 0.8970
Jingzhou 0.8725 0.8824 0.8654 0.8738
Tangshan 0.8800 0.8889 0.9091 0.8989
Lu’an 0.8567 0.8596 0.8547 0.8571
Xigaze 0.9651 0.9670 0.9462 0.9565
Hokkaido 0.9086 0.9032 0.9573 0.9295

considerable margin of error in edge detection accuracy, 
edge feature extraction remained central to the approach.  
We devised a compromise that mitigated the over-extraction 
of edges from other land types while accurately capturing 
obscured and blurred edges.Future research would explore 
the use of stable features to represent edge characteristics 
of cropland parcels, aiming for more precise detection of 
parcel changes and enhancing the robustness and reliability 
of the change detection process.  Thirdly, the current sliding-
window strategy outputs a binary “changed/unchanged” label 
per window, limiting precise localization.  Although setting 
the window size smaller than the minimum LC operation 
unit and clustering adjacent positive windows provides a 
coarse outline of LC zones, this resolution suffices only for 
preliminary screening.  Future work should integrate super-
pixel segmentation with attention-guided edge weighting 
to refine window-level signals into parcel-level probability 
maps.  Although our approach is only applied to detecting 
parcel changes during LC in the current paper, it can also be 
used in areas where land fragmentation is occurring, such 
as in some regions of Africa (Rufin et al. 2024).   It is worth 
further upscaling its application to understand the patterns 
of hotspot areas of cropland consolidation versus cropland 
fragmentation across the globe.

5. Conclusion
This paper proposes a method for quickly identifying the 
consequence of cropland parcel change without producing 
any single complete cropland parcel maps.  The method 
works by simple counting the number of edge pixels, which 
are used as the basic input in image segmentation for 
cropland boundary delineation.  To minimize the impact 
of redundant edge pixels on change detection, we used 
connectivity component labeling, morphological expansion 
operations, and skeleton extraction algorithms from 
traditional edge detection methods.  These innovations 
streamlined the detection of the edge pixels and ensured 
high detection accuracy.   Experiments conducted on 
five typical LC applications in East Asia demonstrate the 
feasibility of the proposed method for detecting cropland 
parcel changes in different geographic and agronomic 
sett ings.  These results suggest that the proposed 
method enables rapid detection of substantial changes in 
cropland parcel over large areas and facilitates accurate 
identification of hotspot areas of cropland parcel change.  
This capability provides a lightweight solution to understand 
the consequences of human activities on reshaping the 
agricultural landscape at larger scales without the need 
for complete wall-to-wall mapping.  We advocate that 
the idea of structural change detection, rather than map 
comparison, should receive more attention in agricultural 
landscape studies, as it is particularly useful for monitoring 
the implementation of LC programs.
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