
Frontiers in Plant Science

OPEN ACCESS

EDITED BY

Ye Yuan,
Chinese Academy of Sciences (CAS), China

REVIEWED BY

Yali Zhu,
Chinese Academy of Sciences (CAS), China
Friday Uchenna Ochege,
University of Port Harcourt, Nigeria

*CORRESPONDENCE

Danzi Wu
wudanzi@bjfu.edu.cn

RECEIVED 08 November 2025
REVISED 28 December 2025
ACCEPTED 04 January 2026
PUBLISHED 26 January 2026

CITATION

Zhang W, Tian Y, Su X and Wu D (2026)
A machine learning and remote
sensing approach for accurate
forest sub-compartment level
vegetation cover change monitoring.
Front. Plant Sci. 17:1741992.
doi: 10.3389/fpls.2026.1741992

COPYRIGHT

© 2026 Zhang, Tian, Su and Wu. This is an
open-access article distributed under the terms
of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction
in other forums is permitted, provided the
original author(s) and the copyright owner(s)
are credited and that the original publication
in this journal is cited, in accordance with
accepted academic practice. No use,
distribution or reproduction is permitted
which does not comply with these terms.

TYPE Original Research
PUBLISHED 26 January 2026
DOI 10.3389/fpls.2026.1741992
A machine learning and
remote sensing approach
for accurate forest sub-
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Introduction: Accurate detection of vegetation cover type changes in forest
sub-compartments (FSCs) is essential for supporting informed forest
management decisions. Although various forest change detection algorithms
have been developed, � ne-scaledetection at the FSC level has received
limited attention.
Methods: This study addresses this gap by developing an FSC-scale vegetation
cover type change detection method that couples spectral and texture
information from Sentinel-2 multispectral imagery with forest management
planning and design investigation (FMPI) data. Original spectral bands,
vegetation indices, and texture features were extracted and used to construct
a classi� cation model based on a particle swarm optimization– back propagation
neural network (PSO-BPNN). To evaluate performance, the proposed PSO-
BPNN method was compared with random forest (RF), support vector machine
(SVM), and conventional back-propagation neural network (BPNN) models.
Results: Results indicate that PSO-BPNN consistently outperformed the other
algorithms in change detection at the FSC scale. Speci� cally, the method
achieved an overall accuracy of 91% for change identi� cation, with a Kappa
coef� cient of 0.86. In the validation dataset, it successfully detected
approximately 80% of the changed FSCs.
Discussion: The proposed approach offers a robust and accurate solution for
� ne-scale forest change monitoring, it enhances the scienti� c basis for
sustainable forest resource management.
KEYWORDS

change detection, forest sub-compartment (FSC), machine learning, remote sensing
image, texture feature
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1 Introduction

A forest sub-compartment (FSC) is the basic operational unit
for forest management planning and design investigation (FMPI). It
represents a forest plot with relatively homogeneous internal
characteristics and clear boundaries that distinguishing it from
neighboring units. In China’s forest resource inventory system,
FSCs are typically delineated based on basic conditions such as land
type, dominant tree species, and forest type, with their boundaries
usually de�ned by identi�able topographic features. The area of an
FSC generally ranges from 5 to 20 hectares, depending on
management intensity, and the minimum area is determined by
whether it can be represented on a basic map. The basic information
on forest area, resources, and biomass collected in FMPI is
organized at the FSC level. FSC surveys are therefore a critical
component for forest management units in formulating
management plans and for forestry authorities in conducting
resource assessments (Wu et al., 2012). For a long time,
monitoring FSC changes has relied primarily on reports
submitted by operating units. However, irregular disturbances—
such as illegal land-use changes, �res, pests, and diseases—as well as
underreporting of management activities, have made accurate and
timely FSC change monitoring a persistent challenge. Traditionally,
FSC change information has been obtained through manual
interpretation of remote sensing imagery, �eld inspections, or
periodic forest resource surveys conducted at intervals of up to
ten years. These approaches are labor-intensive, costly, and often
subject to temporal delays and uncertainty. Consequently,
obtaining FSC change information in a timely, accurate, and
ef�cient manner, and updating FSC datasets accordingly, remains
a key technical challenge faced by forest management authorities
(Zhao et al., 2002).

The advancement of remote sensing technology has created
new opportunities for forest monitoring. However, in current
forestry practice, forest management staff still primarily rely on
visual interpretation, overlaying remote sensing imagery from two
periods to make a preliminary judgment on FSC changes. For areas
where changes cannot be clearly determined or remain disputed,
�eld investigations are required. These �eld veri�cations not only
con�rm the occurrence of changes but also update essential
information such as land type, causes, and other relevant
attributes. Integrating the veri�ed �eld data ultimately produces a
complete database of FSC change information. Given the current
forestry work�ow and operational practices, a critical challenge
remains: how to effectively use remote sensing imagery to
automatically and accurately extract FSC change information,
thereby reducing misjudgment and inef�ciency caused by the
subjectivity of manual interpretation (Panigrahy et al, 2010). The
demand for up-to-date and reliable information on vegetation cover
type changes has fueled rapid progress in change detection methods
and algorithms based on remote sensing data. The proliferation of
Earth observation datasets, advances in remote sensing
technologies, the rise of machine learning algorithms, and the
expansion of high-performance computing capabilities have
collectively accelerated research in change detection and driven
Frontiers in Plant Science 02
continuous innovation in detection methodologies (Hussain et al,
2013; Cheng et al, 2024).

Over the past decades, a variety of forest change detection
methods have been proposed. The direct classi�cation method
directly classi�es multi-temporal images and is one of the most
common approaches for detecting forest changes using multi-
temporal satellite data and harmonic analysis. Leveraging time-
series remote sensing data, several well-established algorithms have
been widely applied, including Breaks For Additive Season and
Trend (BFAST) (Masiliunas et al, 2021), Landsat-based detection of
Trends in Disturbance and Recovery (LandTrendr) (Kennedy et al,
2010), Continuous Change Detection and Classi�cation (CCDC)
(Zhu and Woodcock, 2014), Vegetation Change Tracker (VCT)
algorithm (Huang et al, 2010). However, algorithms relying on long
time series imply that a large amount of data needs to be
downloaded, organized, stored and processed, with high
computational cost, complex data processing, and monitoring
accuracy is greatly affected by the length of the time series, and
the stability of the variables (Gao et al, 2021). With the rise of
arti�cial intelligence, deep learning methods have emerged as
powerful tools for remote sensing change detection. For instance,
Zhao et al. (2022) proposed U-Net to generate a map of
deforestation hotspots by comparing post-harvested patches with
the surrounding intact forest using Sentinel-1 data. Zhang et al.
(2021) fused Landsat and Sentinel-2, and generated a scaling
method based on deep learning to generate forest disturbance
maps with a lot of spatial details for tracking small-scale
disturbances in tropical forests. Deep learning demonstrates
substantial potential in remote sensing change detection; however,
it requires large volumes of high-quality training data, which are
often dif�cult to obtain promptly within a speci�c region of interest.
Furthermore, when applied to high-resolution remote sensing
imagery, these methods are accompanied by signi�cantly
increased computation time (Zhang et al., 2020).

Post-classi�cation change detection methods, which compare
classi�cation results from different time periods, remain among the
most widely used techniques (Li, 2003; Tewkesbury et al, 2015). For
example, the Pan-European High-Resolution Change Layers—such
as Impervious Surface Density or Tree Cover Density from the
Copernicus Land Monitoring Service—are produced from single-
date products collected at three-year intervals. Forest change
surveys draw on multiple data sources, including satellite imagery,
aerial photography, airborne laser scanning, or combinations
thereof. Medium-resolution imagery such as Landsat and
Sentinel-2, owing to their free availability, global coverage, and
frequent updates, are among the most widely adopted (Bullock et al,
2020; Chen et al, 2021; Novo-Fernandez et al, 2018). At the scale of
FSC, typically ranging from 5 to 20 hectares, changes are often
subtle and small in spatial extent, making them challenging to
detect using medium-resolution satellite imagery. This scale-
speci�c challenge requires the development of more sophisticated
detection methods that integrate time series data, multi-source
feature extraction (such as spectral and texture information), and
advanced machine learning algorithms to improve the accuracy and
ef�ciency of forest cover change detection.
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Recent studies indicate a clear shift from pixel-based
approaches toward FSC or object-based frameworks, primarily
because key forest inventory variables, such as area, forest
resources, and aboveground biomass, are de�ned and managed at
the irregular FSC scale. Forest stands within an FSC generally
exhibit internal consistency and similarity, resulting in more
homogeneous pixels and richer remote sensing information when
aggregated at the FSC level. Compared with pixel-based methods,
FSC-based approaches exploit within-stand homogeneity to
enhance the reliability of vegetation information extraction,
making them better aligned with operational forest inventory and
management practices (Liu et al., 2023). Beyond forest change
detection (Zhou et al., 2025), recent FSC-scale studies have
extended to forest aboveground biomass estimation (Lv et al.,
2023), forest health and disease monitoring (Liu et al., 2023;
Zhang et al., 2025), and vegetation type assessment (Zhang et al.,
2025), all of which provide critical indicators of vegetation cover
dynamics. These advances highlight a growing trend toward
integrated FSC-scale monitoring frameworks, with future
prospects focused on automated, data-rich, and operationally
applicable support for forest management.

This study focuses on addressing the key scienti�c challenge
currently facing change detection at the FSC scale: how to build an
ef�cient change detection process applicable to multi-temporal data
to meet the dual needs of forest management for timeliness and
accuracy. In this study, we address these challenges by proposing a
FSC-scale vegetation cover type change detection method that
couples spectral and texture features extracted from Sentinel-2
imagery with FMPI data. The speci�c objectives of this study are
as follows: (1) Feature Selection for FSC Change Detection: Spectral,
vegetation index, and texture features from Sentinel-2 satellite
imagery were systematically extracted and evaluated to identify
the most informative variables to enhance classi�cation and change
detection performance at the FSC scale. (2) Development of an
optimized change detection model: A particle swarm optimization–
back propagation neural network (PSO-BPNN) model was
constructed for FSC vegetation cover type change detection and
benchmarked against Random Forest (RF), Support Vector
Machine (SVM), and Backpropagation Neural Network (BPNN)
methods. (3) Regional-scale FSC vegetation mapping and trend
analysis: Detailed regional-scale FSC vegetation cover type maps
were constructed and the spatiotemporal patterns of vegetation
dynamics were assessed. This study provides a comprehensive and
effective framework for accurate FSC-scale vegetation cover change
detection by integrating feature selection, advanced modeling, and
regional-scale analysis, thereby supporting improved forest
management and monitoring.
2 Materials and methods

2.1 Study area

The study area is located in Xuanhan County, Dazhou City,
Sichuan Province, at the southern foot of the Daba Mountains in
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the Sichuan Basin, between longitudes 107°20� and 108°20� E and
latitudes 31°00� and31°50� N. The region has a mid-subtropical
humid monsoon climate, with an average annual temperature of
approximately 16.8°C, an average annual precipitation of 1230 mm,
and a frost-free period of approximately 296 days. The region’s
topography is complex, with altitudes ranging from an average of
780 meters to a maximum of 2458 meters. The vegetation is
categorized into �ve typical cover types: trees, shrubs, bamboo
forests, bare land, and other woodlands (Figure 1). Dominant tree
species include Chinese �r and Masson pine, collectively covering
over 70% of the area. Other notable species include cypress
(Cupressus funebris Endl.), oak (Quercus acutissima), and pine
(Pinus kesiya Royle ex Gordon).
2.2 Dataset and preprocessing

2.2.1 Field data
The ground survey data used in this study consist of two

independent datasets. The �rst dataset is the FSC data of the
Sichuan Province FMPI in 2019~2021, which are utilized for FSC
boundary extraction, vegetation type determination, and accuracy
evaluation. The second dataset is the “One Map of Forest Land”
data of Sichuan Province for 2019~2021, which integrates remote
sensing interpretation, of�cial land-use approval records,
afforestation project archives, and �eld veri�cation of changed
FSCs, and is primarily used to provide documented causes of
FSC changes.

The study area contains a total of 340588 FSCs, with individual
FSC area ranging from 100 m2 to 224,289 m2, and the dataset
contains attribute �elds such as area, vegetation cover type,
vegetation cover type change in 2019 to 2021, dominant tree
species, geomorphology, elevation, and so on. The vegetation
cover types in the study area are classi�ed into �ve major
categories. The change reason attribute is derived from the “One
Map of Forest Land” dataset and re�ect �eld-veri�ed or of�cially
documented causes of change, including afforestation projects, tree
removal associated with construction land use, natural vegetation
succession, and disturbance events.

To develop a robust change detection model, improve
classi�cation stability, and reduce noise introduced by very small
patches, only FSC samples with an area larger than 3,000 m2 were
selected for training. Furthermore, to ensure representativeness and
training ef�ciency, the proportion of training samples for each
vegetation cover type in the study area was adjusted based on its
abundance while avoiding excessive class imbalance. The detailed
composition of the FSC samples is presented in Table 1.

2.2.2 Remote sensing data
Google Earth Engine (GEE) is a powerful cloud computing

platform launched by Google in 2010. It excels in data acquisition,
analysis and processing. Compared with traditional remote sensing
image processing software such as ENVI 5.3 and ArcGIS 10.8, GEE
has obvious advantages. The platform provides numerous open
source codes, including publicly available datasets and free storage
frontiersin.org
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space. It integrates datasets from multiple satellite platforms,
including Landsat, MODIS, Sentinel, SRTM, DMSP and NPP
VIIRS, totaling more than 200 datasets. These features make GEE
an important tool for remote sensing image processing. The
Sentinel-2 data used in this paper is from the GEE Open Access
Data Center. Sentinel-2 provides multispectral imagery across 13
spectral bands, from visible to shortwave infrared, with spatial
resolutions of 10 m, 20 m, and 60 m, depending on the selected
spectral band. This study used RGB bands with a spatial resolution
of 10 m.

Sentinel-2 images for the growing season (spring, summer, and
autumn) of each year from 2019 to 2021 were acquired from the
GEE platform and processed for multi-temporal synthesis to obtain
composite images with the lowest cloud cover and good radiometric
consistency during that period. All images used for synthesis were
limited to cloud cover below 10%. Areas with cloud cover above
10% were de�ned as areas with large cloud cover and were removed
Frontiers in Plant Science 04
in subsequent processing. The Sentinel-2 L1C data product used has
completed radiometric and geometric correction, where
radiometric correction includes terrain correction and
atmospheric correction based on a digital elevation model. Due to
the large scope of the study area, some Sentinel-2 images still have
large areas of cloud cover. In the subsequent training and prediction
process, these areas with thicker clouds will be masked out to reduce
their impact on classi�cation and change detection. The main
reason for choosing growing season imagery is that vegetation is
in its most vigorous growth phase during this period, and the
spectral re�ectance characteristics and differences between different
vegetation types are most signi�cant, which helps improve the
discriminative capabilities of classi�cation and change detection.
Furthermore, the high vegetation cover during the growing season
effectively reduces interference from soil, litter, and other non-
vegetation background, thereby improving the overall accuracy and
stability of the model.
FIGURE 1

Location of the study area and distribution of FSCs. The sampling points represent the different vegetation cover types of the FSC samples in the
training sample.
TABLE 1 Statistical overview of FSC land types and vegetation cover types in the study area.

Type De�nition
Entire study area Training dataset

Quantity Proportion Quantity Proportion

Arbor Composition of arbor tree species, canopy density � 0.2 319107 93.69 1803 43.87

Shrub Composition of shrub species, coverage � 40% 17132 5.03 1645 40.02

Bamboo Bamboo species with a diameter of � 2cm, canopy density � 0.2 2726 0.80 574 13.97

Bare Vegetation cover � 10%, and there is no obvious seasonal vegetation recovery 1194 0.35 30 0.73

Other
Not belonging to the other three types of land, this study speci�cally refers to grassland

and bare land
429 0.13 58 1.41
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2.2.3 Dataset preparation
Due to the irregular boundaries of FSCs, the spatial location of

sample extraction can substantially in�uence vegetation cover
change detection results. To improve classi�cation accuracy and
reduce the impact of mixed pixels and boundary-related spectral
ambiguity between adjacent FSCs, a centroid-based central image
extraction strategy was adopted in this study.

First, the ground survey shape�le layer was used to spatially mask
the Sentinel-2 imagery. Then, the Geospatial Data Abstraction
Library (GDAL) gdalwarp tool was applied to clip the imagery at
the FSC level. Considering the 10 m × 10 m spatial resolution of
Sentinel-2 data and the �xed patch-based model input, FSCs with an
area larger than 3,000 m� were used for model training to ensure
suf�cient interior pixels for representative sampling and to reduce
boundary-related interference during learning. For each FSC, the
geometric centroid was calculated, and a �xed-size image patch of 5 ×
5 pixels (corresponding to 50 m × 50 m at the Sentinel-2 spatial
resolution) was extracted by centering the window on this centroid
location. This patch size was selected to provide a consistent spatial
context for model input while minimizing boundary effects and
mixed-pixel contamination. For FSCs exceeding 3,000 m�, the
centroid-based patch is highly likely to be effectively enclosed
within the FSC interior, thereby implicitly reducing the in�uence of
boundary effects.

By adopting a �xed-size, centroid-based extraction strategy,
spatial consistency among samples was maintained, which is
bene�cial for stable model training and reliable performance
evaluation. FSCs smaller than 3,000 m� were not discarded;
instead, they were excluded from training but retained in the
testing stage and treated as out-of-distribution samples to
evaluate model generalization performance for FSCs approaching
the spatial-resolution limit of Sentinel-2 imagery. The resulting
central image dataset was subsequently divided into training (80%)
and testing (20%) subsets for model development and
accuracy assessment.
2.3 Methods

The overall technical work�ow of this study (Figure 2) consists
of �ve main stages. First, data collection and preprocessing were
performed by acquiring Sentinel-2 multi-temporal imagery and
ground survey data from 2019 to 2021, and the training and test
datasets were divided. Second, multi-feature construction and
selection were performed. Original spectral bands, vegetation
indices, and gray level co-occurrence matrix (GLCM) texture
features were extracted from the preprocessed imagery, and
feature screening was performed. Third, classi�cation models
were developed and compared using three classi�ers. The particle
swarm optimization (PSO) algorithm was used to optimize the
weight initialization and parameter search of the BPNN to improve
model convergence and classi�cation accuracy. Fourth, post-
classi�cation change detection and accuracy assessment were
performed. Multi-temporal classi�cation results were compared to
identify changes in forest cover types. Accuracy was veri�ed using
Frontiers in Plant Science 05
�eld survey data. Finally, change mapping and results analysis were
performed, and a vegetation type transition matrix was calculated to
quantify transitions between types.

2.3.1 Features extraction and Selection
This study comprehensively utilizes raw spectra, vegetation

indices, and texture features to improve the accuracy and
robustness of ground object classi�cation. Speci�cally, three types
of feature information were extracted based on Sentinel-2
multispectral remote sensing images. The details are as follows:

(1) Raw spectral bands.
Sentinel-2 provides a series of multispectral bands across the

visible to shortwave infrared range. In this study, four key spectral
bands were selected for feature extraction, including B2 (Blue), B3
(Green), B4 (Red), and B8 (Near-Infrared, NIR), all with 10-meter
spatial resolution. These bands were chosen due to their sensitivity
to vegetation phenology and structural characteristics.

(2)Vegetation indices for change detection.
Based on the literature review, 10 common spectral vegetation

indices (VIs), i.e., normalized vegetation index (NDVI) and
enhanced vegetation index (EVI), etc., were derived by using the
GEE platform based on the sensitivity of optical features to the
vegetation cover type. The complete list of formulas is shown
in Table 2.

(3) Texture Analysis of Images.
Texture describes the spatial patterns and relationships of image

pixels and is important for image analysis and classi�cation (Farwell
et al., 2021). GLCM is a matrix function containing pixel distances
and angles that detects the gray level distribution of neighboring
pixels by considering the spatial location of the pixel in the image
(Fu et al., 2021). In this study, we selected eight standard GLCM-
based texture features as shown in Table 3.

* i and j in the table are the number of rows and columns of the
image, respectively, and P is the number of grayscale covariance
matrices in the GLCM.

To select the most discriminative variables for classi�cation
tasks from a high-dimensional feature set, this study used the
ensemble learning algorithm eXtreme Gradient Boosting
(XGBoost) for feature selection. XGBoost constructs a series of
weighted regression tree models, effectively evaluating the
contribution of each feature to optimizing the loss function
during model training. Considering the semantic differences
among feature types, spectral features (including raw spectral
bands and VIs) and texture features were treated as two
independent feature groups during the ranking process. This
separation avoids potential bias caused by differences in feature
dimensionality or feature quantity between groups and allows each
type of information to be evaluated within a comparable context.
For each feature group, candidate variables were ranked according
to their gain values, and the most representative features were
identi�ed based on their relative importance and cumulative
contribution, rather than by applying a �xed numerical threshold.
Although spectral bands and VIs derived from similar wavelengths
may exhibit mutual correlation, tree-based ensemble models such as
XGBoost are generally robust to multicollinearity. In this study,
frontiersin.org
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correlated features were evaluated jointly during the ranking
process, and redundant variables tended to receive lower gain
scores. Consequently, the selected spectral and texture features
were subsequent ly fused and used as input for the
classi�cation model.

2.3.2 Machine learning classi�cations
In this study, a machine learning-based approach was adopted

to classify vegetation types using Sentinel-2 multispectral remote
sensing imagery. Three commonly used classi�ers— BPNN, SVM,
and RF—were �rst employed and systematically compared. Based
on classi�cation accuracy and model stability, the optimal base
Frontiers in Plant Science 06
classi�er was further enhanced using PSO, resulting in an optimized
hybrid model, PSO-BPNN.

The RF model was con�gured with 50 decision trees
(n_est imators=50) and a maximum tree depth of 8
(max_depth=8) . The random seed was �xed a t 42
(random_state=42) to ensure reproducibility. The SVM classi�er
adopted the Radial Basis Function (RBF) kernel (kernel=‘rbf’). A
grid search strategy was employed to tune the penalty parameter C
(explored in the range 0.1 to 100; here selected as C = 100) and the
kernel coef�cient y (gamma=‘scale’, corresponding to an adaptive
default). Probability estimation was enabled (probability=True).
Feature scaling was performed prior to training to improve model
FIGURE 2

Flowchart of FSC vegetation cover type change detection based on Sentinel-2 images.
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