Pre prints.org

Article Not peer-reviewed version

Automatic Multi-Temporal Land Cover
Mapping with Fine Spatial Resolution
Using the Model Migration Method

Ruijun Chen, Xidong_Chen i , YuRen

Posted Date: 18 October 2024
doi: 10.20944/preprints202410.1402.v1

Keywords: time series; land cover; remote sensing classification; classification model migration; Landsat

O O] Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
(=] &5 Science, Crossref, Google Scholar, Scilit, Europe PMC.

Dy

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/3939754
https://sciprofiles.com/profile/1855569

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 October 2024 d0i:10.20944/preprints202410.1402.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Automatic Multi-Temporal Land Cover Mapping
with Fine Spatial Resolution Using the Model
Migration Method

Ruijun Chen !, Xidong Chen 2*, Yu Ren %4

1 Faculty of Architecture, The University of Hong Kong, Hong Kong SAR 999007, China

2 Future Urbanity & Sustainable Environment (FUSE) Lab, Division of Landscape Architecture, Department
of Architecture, Faculty of Architecture, The University of Hong Kong, Hong Kong SAR 999007, China

3 Key Laboratory of Ecological Safety and Sustainable Development in Arid Lands, Northwest Institute of
Eco-Environment and Resources, Chinese Academy of Sciences, Lanzhou 730000, China

4 University of Chinese Academy of Sciences, Beijing 100049, China

* Correspondence: xdchenrs@hku.hk

Abstract: Land cover refers to the combination of various material types and their natural
characteristics on the Earth. Accurately mapping the spatial distribution and temporal changes of
the earth's land cover is of great significance for studying the energy balance and carbon cycle of
the earth system. However, there is still a high degree of human participation in the production of
multi-temporal land cover products. Developing an automated method for multi-epoch land cover
mapping has become a key research focus. To this end, an automatic training sample extraction
method was first employed using multi-source prior land cover products. Then, based on the
generated training dataset and the Random Forest classifier, local adaptive land cover classification
models of the reference year were developed. Finally, by migrating the classification model to the
target epoch, the multi-epoch land cover products were generated. Yuli County in Xinjiang and
Linxi County in Inner Mongolia were used as test cases. The classification models were first
generated in 2020 and then transferred to 2010 to enable automatic classification of multi-temporal
land cover. The mapping results showed high accuracy in both regions, with Yuli County achieving
92.52% in 2020 and 88.33% in 2010, and Linxi County achieving 90.28% in 2020 and 85.28% in 2010.
Additionally, uncertainty analysis of the model migration method revealed that land types such as
water bodies, wetlands, and impervious surfaces, which exhibit significant spectral changes over
time, are less suitable for the model migration. Our research can offer valuable insights for fine-
resolution land cover mapping. Furthermore, the approach provides a scalable solution for multi-
period land cover monitoring, which could facilitate more efficient and accurate environmental
assessments.

Keywords: time series; land cover; remote sensing classification; classification model migration;
Landsat

1. Introduction

Land cover refers to the composition of various material types and their natural properties on
the surface of the Earth. Its spatial distribution and migration play a crucial role for the balance of the
water, heat, and material at the surface [1]. Changes in land cover not only impact biogeochemical
cycles but also lead to climate change potentially [2]. Therefore, for developing the study of the
energy balance, carbon cycle, biogeochemical processes, and climate change within the Earth system,
it is very important to determine the spatial distribution and temporal dynamics of land cover
accurately.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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With its large-scale observational capabilities and repeatability, remote sensing technology
offers significant advantages for land cover classification and mapping [3]. For example, Hansen et
al. (2000) produced a global 1-km land cover product (UMD) by AVHRR data [4]. The European
Space Agency (ESA) developed the 300-m global land coverage product GlobCover based on MERIS
data [5]. The National Aeronautics and Space Administration (NASA) created a global 500-m
resolution land-cover product (MODIS land-cover product, MCD12Q1) with MODIS data [6]. ESA
later advanced the field with a 300-m global land-cover product (ESA Climate Change Initiative
Global Land Cover, CCI_LC) based on multi-source remote sensing data [7].

In recent years, the availability of fine-resolution (10 m-100 m) remote sensing data, such as
Sentinel-2 and the Landsat series, has spurred significant advances in land cover research, primarily
through open data sharing [8]. These datasets provide enhanced texture details and spatial structure
information and enable a more detailed understanding of land cover changes. As a result, fine-
resolution land cover mapping has gained increasing attention among researchers. For example,
Gong et al. developed a global 30-meter land-cover product using supervised classification based on
a global training sample set [9]. Chen et al. also produced a high-precision 30-m global land cover
product (GlobLand30) by combining visual interpretation and supervised classification [10].
However, these fine-resolution products heavily rely on manual efforts to obtain training data, which
will make it challenging to update the products efficiently. As the need for dynamic land cover
monitoring grows, there is increasing interest in developing methods for the rapid categorization,
mapping, and updating of fine-resolution land cover products over different regions and years [11].

To address the limitations of traditional supervised classification, which requires significant
manual labor for constructing training sample sets, researchers have explored automated methods
for generating these datasets using existing land cover data. For instance, Radoux et al. (2014)
developed a 300-m land cover product for Eurasia and South America by automatically extracting
high-confidence training samples from CCI_LC [12]. Zhang et al. (2017) utilized MODIS land cover
products to automate training data generation for classifying Landsat data [13]. Moreover, Liu et al.
proposed an approach that leverages existing land cover products and MODIS surface reflectance
data to construct a geoid time-series spectral library [14]. It produced 30-meter time-series spectral
libraries for China and global regions [15,16]. Although these studies demonstrate the feasibility of
automatically generating and classifying training data from existing land cover products, the strategy
is typically applied to the development of single-period land cover products. This is because the
mapping year must closely match the year of the land cover product used. Consequently,
constructing classification models that can be applied across different periods remains a critical
challenge in producing multi-period land cover products [17].

In response to this challenge, a novel classification strategy based on the extension of
classification models has emerged in recent studies on automated land cover mapping [18]. This
approach is predicated on the assumption that images of the same surface feature at different times
exhibit similar or identical reflectance spectra. Therefore, by extending classification models trained
on spectral data to images from various years, multi-year land cover information can be automatically
extracted [19,20]. Building upon this idea, this study integrates 30-meter multi-source land cover
products with a classification model expansion strategy, which aims to automatically identify and
monitor land cover elements in Yuli County, Xinjiang, and Linxi County, Inner Mongolia, as case
studies. The approach involves developing an automated method to extract training data from
existing multi-source land cover products to create a high-precision training dataset. Spectral features
from time-series Landsat images of the base year for each region are then extracted, and the generated
training dataset is used to build a land cover classification model. This model is subsequently
expanded to target years in each region. It enables the rapid identification and extraction of multi-
year land cover information at a fine resolution. This methodology offers valuable insights and
potential solutions for the automated monitoring of land cover elements.
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2. Study Area and Data

2.1. Study Area

This study focuses on two diverse regions: Yuli County in Xinjiang and Linxi County in Inner
Mongolia (Figure 1). These areas present distinct climatic conditions and topographical features,
which located in the northwest and northeast of China, respectively. It offers an ideal setting to
evaluate the robustness of the proposed classification algorithm under varying environmental
conditions. Both regions benefit from Landsat ETM+/OLI imagery with minimal cloud interference,
and their high-latitude location ensures a greater degree of image overlap [15]. These characteristics
provide ample valid observations, which are essential for land cover monitoring. The predominant
landscapes in Yuli and Linxi counties include mountains, plains, and deserts, with a diverse range of
land cover types such as cropland, forestland, shrubland, grassland, waterbody, bare land,
impervious surface, and wetlands. These varied landforms make the regions ideal for land cover
studies.
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Figure 1. The location of Yuli County area, Xinjiang and Linxi County area, Inner Mongolia.

2.2. Remote Sensing Imagery and Data Preprocessing

This study conducts automated land cover classification with time-series Landsat OLI and ETM+
surface reflectance data from 2020 + 1 year and 2010 + 1 year. Notably, the Coastal band from the OLI
sensor is excluded from the analysis due to its high sensitivity to atmospheric conditions, which
makes it unsuitable for time-series remote sensing studies [21-23]. The analysis includes the 15-meter
panchromatic bands from OLI and ETM+, which enhance spatial details and are particularly useful
for detecting fine features like towns and rivers [22,23]. To maximize classification accuracy, only
images with less than 80% cloud cover were selected. Cloud and cloud shadow pixels were masked
using data from the cloud detection files in the Landsat QA layer [24]. The specific Landsat OLI and
ETM+ bands utilized in this study are outlined in Table 1.
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Table 1. Load setting of Landsat OLI and Landsat ETM+.

Landsat OLI OLI band range Landsat ETM+ ETM+ band range

Band band (nm) band (nm)

Blue 2 450-515 1 450-520
Green 3 525-600 2 520-600
Red 4 630-680 3 630-690
NIR 5 845-885 4 770-900
SWIR1 6 1560-1660 5 1550-1750
SWIR2 7 2100-2300 7 2080-2350
Panchromatic 8 500-900 8 520-900

2.3. Land Cover Reference Data

Among the available high-resolution land cover products, GlobeLand30 is one of the most
extensively utilized global datasets with a 30-meter resolution [14,25]. Developed by the National
Geomatics Center of China, GlobeLand30 is based on Landsat imagery and uses a combination of
object-oriented classification and manual interpretation. The overall mapping accuracy of this
product reaches 83.50%, with a Kappa coefficient of 0.78, which positions it as one of the most
accurate global land cover products available [10]. GlobeLand30 has been released in three phases—
2000, 2010, and 2020. With the superior mapping accuracy of the 2020 dataset, this study references
its results to extract a high-confidence training sample set. The classification system employed in
GlobeLand30 forms the basis for this mapping study (Table 2).

Table 2. The definition of land cover types.

Types Description

Cropland Land used for growing crops, including paddy fields, irrigated land, dry
land, vegetable fields, grassland, orchard land, and large plantation
land, as well as other lands used for economic tree crops, fruit trees, and

crops grown under agroforestry.

Forestland Land where the tree canopy coverage exceeds 30%, including deciduous
broadleaf forests, evergreen coniferous forests, mixed forests, and land

with 10-30% tree canopy coverage, such as sparse forests.

Shrubland Regions where shrub canopy coverage is about 30%, including barren

shrubland and mountainous shrubland.

Grassland Areas dominated by herbaceous vegetation, where plant coverage
exceeds 10%, including natural grasslands, grasslands, sparse

grasslands, desert grasslands, and urban artificial grassland.

Waterbody  All land-surface water bodies except cropland (paddy fields), wetlands,
and perennial snow and ice-covered areas, including rivers, lakes,

reservoirs, and ponds.

Bareland Land with plant coverage lower than 10%, including deserts, sand

dunes, rocky land, bare rock, gravel, and areas with biological crust.

Impervious  Land covered by human-made structures, such as buildings, mixed soil,
Surface sand, gravel, brick, glass, and other built environments, including

residential areas, transportation facilities, and industrial sites.
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Wetland Land located in the boundary between terrestrial and aquatic zones,
where water accumulates or where wetland vegetation grows,
including inland swamps, lake swamps, river floodplains, marshlands,

mangroves, tidal flats, and salt marshes.

Perennial Land permanently covered by snow and ice, including areas of high-
Snow and altitude permanent snow, ice cover, and polar ice caps.

Ice

To improve the accuracy and representativeness of the training data, two additional 30-meter
resolution datasets were incorporated: the Joint Research Center Global Surface Water (JRC-GSW)
and the Global 30 m Impervious Surface Dynamic (GISD30) products. JRC-GSW is developed by
time-series Landsat imagery, multiple indices, expert knowledge, and global classification rules. It
distinguishes between seasonal and permanent water bodies with an impressive extraction accuracy
of 99% for stable water bodies [26]. GISD30 is a five-year global impervious surface product (1985-
2020) that uses multi-source remote sensing data to model the dynamic expansion of impervious
surfaces. It achieves an overall accuracy of 91.5% and contributes valuable high-precision data to this
study [27].

2.4. Validation Dataset

To validate the classification results, 1,200 validation sample points were randomly generated
in both Yuli and Linxi counties. These sample points for the years 2020 and 2010 were manually
labeled through visual interpretation of time-series Landsat imagery and high-resolution imagery
from Google Earth. For quality control, each sample point underwent meticulous review, and those
that were ambiguous were excluded from the dataset. At last, 1,097 and 1,101 validation sample
points were confirmed for Yuli and Linxi counties, respectively. These datasets are now publicly
accessible for broader research use at https://zenodo.org/record/7081098.

For cross-validation, the study also utilized the China Land Cover Dataset (CLCD), a year-by-
year land cover dataset for China spanning from 1990 to 2021 [28]. CLCD employs stable training
samples extracted from land cover products, combined with manual visual interpretation, to
construct a global classification model. The model utilizes time-series Landsat data for year-by-year
mapping, which achieves an overall accuracy of 79.31%. Because the spatial resolution of CLCD
matches the mapping resolution used in this study, it can serve as a reliable reference for cross-
comparison.

3. Methodology

This study focuses on the automated classification and monitoring of land cover in Yuli County,
Xinjiang, and Linxi County, Inner Mongolia. The methodology involves the construction of a high-
precision, automated training dataset extraction method based on three land cover products:
GlobeLand30, GISD30, and JRC-GSW. Using these products, training datasets for 2020 in the
selected regions are automatically generated. These datasets are then employed to extract spectral
features from time-series Landsat imagery for the baseline year (2020) in each region. A localized
classification model is developed through the Random Forest classifier. It is subsequently expanded
to other target years, which enables rapid extraction and fine-resolution mapping of land cover
products across multiple time periods (Figure 2).
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Figure 2. Flow chart for rapid identification and extraction of fine-resolution land cover information.

3.1. Time-Series Feature Extraction

The relatively long revisit period of Landsat, combined with the susceptibility of optical imagery
to cloud cover, results in variations in both the quantity and quality of data across different regions.
These factors pose challenges for time-series-based land cover mapping [29]. To mitigate these
challenges, data processing techniques centered around image compositing have become
increasingly important [30]. Two widely used compositing methods are seasonal synthesis (e.g.,
monthly and quarterly composites) and statistical synthesis (e.g., quantile composites) [31]. Studies
show that both methods produce comparable classification accuracy in land cover mapping [32].
However, seasonal synthesis is limited by its reliance on prior knowledge of climatic characteristics,
which vary significantly by region and date [16].

This study adopts a quartile synthesis algorithm to enable automated feature extraction, which
could compute the 25th, 50th, and 75th percentile composite features for six spectral bands of Landsat
data (see Table 1) [16]. Using these synthesized quantile results, four normalized indices are
calculated to derive time-series spectral features: Normalized Difference Vegetation Index (NDVI)
[33], Normalized Difference Water Index (NDWI) [34], Enhanced Vegetation Index (EVI) [35], and
Normalized Burnt Ratio (NBR) [36]. This results in a total of 30 spectral features.

Additionally, recognizing the value of the panchromatic band in providing enhanced spatial
texture details due to its higher resolution [23], this study computes three gray-level co-occurrence
matrix (GLCM) features: variance, dissimilarity, and entropy. These features are derived from the
panchromatic band of the composite image. The computation is performed using a spatial window
of 7 x 7. Texture features are integrated into the time-series spectral feature set. Based on the well-
established relationship between landform elements and topographic variables [37], this study also
incorporates elevation, slope, and aspect data derived from Digital Elevation Models (DEM) into the
multi-temporal spectral and texture feature vectors. This integration enhances the model’s ability to
differentiate between land cover types in the feature space. In total, 42 classification features are
selected for this study, incorporating both spectral and topographic data to optimize the classification
accuracy.

3.2. Automated Training Data Extraction Methods for Collaborative Multi-Source Land Coverage Products

The quality of training samples plays an important role in determining classification accuracy.
It makes the construction of training datasets a focal point in land coverage mapping research [16].
Traditional approaches are time-consuming and labor-intensive, which rely on manual visual
interpretation. Thus, they are unsuitable for large-scale land coverage mapping projects. To address
this limitation, this study proposes a novel method that synergizes the 30-meter resolution
GlobeLand30, JRC-GSW, and GISD30 products to automate the extraction of training data.

However, GlobeLand30 has some limitations, particularly its minimum mapping unit (e.g., 9 x
9 Landsat pixels for wetlands and 4 x 4 Landsat pixels for impervious surfaces). It can result in the
omission of fine and fragmented features [10,14]. These features are often fragmented and require
more detailed representation, such as roads, village houses, rivers, and other impervious surfaces,
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water bodies, and wetlands [27,38]. Therefore, this study extracts training data for cropland,
forestland, grassland, shrubs, and bare ground based solely on GlobeLand30. For water bodies,
wetlands, and impervious surfaces, the study applies a combination of GlobeLand30, JRC-GSW, and
GISD30, which demonstrate higher accuracy in capturing these features [14,27].

Firstly, the study integrates information from these three land cover products to identify
potential areas for each land cover type. Specifically, GlobeLand30 and JRC-GSW exhibit low
commission errors for water bodies. GlobeLand30 reports a 94% user accuracy for water bodies in
China [39]. JRC-GSW shows a 0.4% commission rate for water bodies and a 1.4% omission rate for
stable water bodies. This study combines the stabilized water body regions extracted by GlobeLand30
and JRC-GSW in 2020. The combined regions define the potential water body region, denoted as
Pyater (Equation 1).

Then, the study considers JRC-GSW's seasonal water bodies, which are mainly composed of
wetland types such as floodplains and mudflats, and have a low commission rate (1.4%) [26]. The
study integrates the seasonal water body areas from JRC-GSW with the wetlands identified in
GlobeLand30 in 2020. Wetland areas outside the potential water body regions are designated as
potential wetland areas, denoted as P,,.; (Equation 2). For impervious surfaces, the study notes the
lower omission rate of GISD30 and GlobeLand30. GISD30 reports a producer accuracy of over 90%
for impervious surfaces in 2020 [27]. The study integrates the impervious surface areas from both
GISD30 and GlobeLand30 in 2020 to define the potential impervious surface area, denoted as P,
(Equation 3). For cropland, forestland, grassland, shrubland, and bare ground, the potential
distribution areas outside the identified water body, wetland, and impervious surface areas are
inherited from the GlobeLand30 2020 mapping results.

Pyater = WaiobeLandso-water Y VV]RC—GSW—P (1)
Pyer = (WGlobeLand30—Wet U VV]RC—GSW—S) N —Pyater (2)
lep = (ImpGlobeLandSO u ImpGlSDSO) n _'Pwater n _'Pwet (3)

where WgiobeLandzo-water 15 the water body in GlobeLand30. WgiopeLandzo-wet is the wetland in
GlobeLand30. Wjgrc_gsw-p is the stabilized water body in JRC-GSW; Wjgc_gsw-s is the seasonal
water bodies. ImpgiopeLandzo 1S impervious area in GlobeLand30. Impgspso is impervious area in
GISD30. =P, 4ter and —P,,.; are non-water bodies and non-wetland areas.

The land coverage product is particularly well-suited for selecting training data in homogeneous
regions due to its higher accuracy in these areas [40]. Therefore, the study calculates the dominant
land cover type for a 3 x 3 spatial windows for each class. It could identify the central pixel as a
potential homogeneous sample point if all pixels within the window belong to the same class.
Homogeneous sample points are further screened from a spectral perspective by calculating the
maximum deviation in the spectral values of all pixels within the window for six Landsat bands (blue,
green, red, near-infrared, short-wave infrared 1, and short-wave infrared 2). If the polar deviation of
all pixels in the 3 x 3 region for the six bands is below predefined thresholds (0.03, 0.03, 0.03, 0.06,
0.03, and 0.03, respectively), the central pixel is deemed a potential homogeneous sample point [13].

For potential homogeneous sample points that meet both spatial and spectral criteria, the intra-
class "spectral center of mass" is computed for each object (Equation 4). The absolute spectral distance
between each potential pixel and the "spectral center of mass" is then calculated (Equation 5), and the
top 60% of potential sample points with the smallest absolute distances are selected as training data
[29].

G = 1mi,j /n 4)

A j=|my; — Gl @)

where C; is the "spectral center of mass" of category j, which is calculated from n potential
homogeneous sample points extracted from category j. m;; and A;; are the spectral vectors of the
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potential sample points i in category j and the spectral distances between them and their "spectral
centers of mass," respectively. T; is the set of training samples for category j.

3.3. Construction and Extension of Local Classification Models

A total of 33 spectral features for each Landsat sample point are extracted to build the
classification model based on the generated training samples. Previous studies have demonstrated
that the Random Forest classifier is highly effective in handling high-dimensional data [15,37] and is
robust against noise and feature selection issues. Moreover, the Random Forest model has shown
high accuracy and computational efficiency compared to other commonly used classifiers such as
support vector machines (SVM), artificial neural networks (ANN), and decision tree-based methods
[41-43]. Thus, this study adopts the Random Forest classifier for land cover classification.

The Random Forest classifier relies on two key parameters: the number of classification trees
(Ntree) and the number of features considered at each split (Mtry). Previous research suggests that
variations in these parameters do not significantly affect classification accuracy [43]. Therefore,
following the approach of Chen et al. [37], Ntree is set to 100, and Mtry is defined as the square root
of the total number of features used in the training set. This parameter configuration is used to build
a localized land cover classification model for the baseline year (2020).

Once the classification model for the baseline year is constructed, it is extended to classify
Landsat data from 2010, generating land coverage products for that year. Recognizing the potential
radiometric differences between images from different years due to varying imaging conditions and
sensor characteristics [27], a correction was applied to ensure data consistency across different years.
The relative radiometric normalization method [44] was employed to adjust for radiometric
variations between the base year (2020) and the target year (2010), following Equation (6):

pr(A) = a; X p(4;) + B; (6)

where p,(4;) is the reflectivity of band 4; in the base year 2020; p,(4;) is the reflectivity of band 4;
in the year t to be migrated; and @; and g; are the corresponding coefficients of the linear regression
model. This process helps to minimize discrepancies caused by different imaging conditions. It
ensures that the classification model can be effectively extended across multiple time periods while
maintaining the accuracy of land cover classification results.

4. Results

4.1. Results of Automatic Land Cover Classification Mapping

Figure 3 presents the land cover classification results for the two test areas: Yuli County and
Linxi County. The automated classification successfully captures the spatial distribution of various
land cover types. It closely matches the actual spatial arrangement of features in the imagery. For
example, in Yuli County, cropland is primarily concentrated in the western and southern regions,
while impervious surfaces are located toward the northwest. In contrast, Linxi County is dominated
by extensive grassland and forestland, with cropland primarily distributed along the riverbanks.

The integration of multi-source land cover products during the construction of training datasets
significantly enhances the identification of finer features, such as roads and rivers, which are often
overlooked in previous land cover products. Moreover, the classification results for both study areas
show a notable increase in cultivated land and impervious surfaces in Yuli County, consistent with
the findings of Liu Xinping (2019) [45]. In Linxi County, the results indicate a significant decrease in
cultivated land, which align with the "Grain for Green" initiative that has been in effect since 2000
[46]. Additionally, the results highlight the expansion of urban areas in Linxi County.
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Figure 3. Classification results of two phases of land cover mapping in Yuli County and Linxi County
area: (a) RGB image of Yuli in 2020; (b) Land cover mapping results of Yuli in 2020; (c) RGB image of
Yuli in 2010; (d) Land cover mapping results of Yuli in 2010; (e) RGB image of Linxi in 2020; (f) Land
cover mapping results of of Linxi in 2020; (g) RGB image of Linxi in 2010; (h) Land cover mapping
results of Linxi in 2010.

This study also examined the changes in land cover types between 2010 and 2020, and the results
are shown in Figure 4. In Yuli County, forestland was notably absent, with bare ground making up
the majority of the area. Over the decade, the proportions of several surface types increased: cropland
rose from 9.4% to 11.3%, shrubs from 1.1% to 1.9%, grassland from 9.3% to 14.9%, impervious surfaces
from 0.7% to 1.3%, water bodies from 0.4% to 0.5%, and wetlands from 0.9% to 1.4%. Meanwhile, the
proportion of bare ground dropped significantly. It decreased from 78.3% to 68.7%. In Linxi County,
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grassland remained the dominant land cover, but there were notable shifts in other surface types.
Forestland increased from 5.9% to 8.1%, grassland expanded from 69.0% to 74.0%, and impervious
surfaces grew from 0.3% to 0.8%. Meanwhile, cropland saw a significant decline, which decreased
from 22.3% to 15.4%. Water bodies always kept around 0.1%. Additionally, the proportions of shrubs,
bare ground, and wetlands also decreased, with shrubs dropping from 0.4% to 0.1%, bare ground
from 1.3% to 0.8%, and wetlands from 0.8% to 0.6%. These trends highlight the dynamic nature of
land cover changes in both regions over the ten-year period.
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Figure 4. Comparison of percentages of land cover types in 2010 and 2020: (a) Yuli County; (b) Linxi
County.

4.2. Assessment of The Accuracy of Land Cover Mapping Results

To quantitatively assess the accuracy of the land cover mapping results, four commonly used
metrics were employed, including user accuracy, producer accuracy, overall accuracy, and the Kappa
coefficient [47]. The accuracy of the land cover mapping for Yuli and Linxi counties is presented in
Tables 3 to 6. The overall mapping accuracies for Yuli and Linxi counties in the baseline year (2020)
were 92.52% and 90.28%, respectively. For the model expansion year (2010), the mapping accuracies
were also high. It reaches 88.33% in Yuli County and 85.28% in Linxi County, which indicates robust
results. These findings demonstrate the effectiveness of the proposed methodology, which involves
the automatic generation of training data from existing land cover products, the construction of a
high-precision classification model, and the temporal expansion of the model for multi-period land
cover extraction and monitoring.

It is worth noting that the classification accuracy for shrubs in both regions was relatively low.
This could be due to the small proportion of shrubs and the limited number of validation samples in
both areas. Additionally, the lower accuracy may be related to the classification performance of
GlobeLand30 for shrublands, which was used as the reference product for extracting training data
[10]. Interestingly, validation accuracies for bare ground, forestland, and cropland were higher in the
model expansion year (2010) compared to the baseline year (2020). In contrast, the accuracies for
water bodies, impervious surfaces, and wetlands exhibited more pronounced decreases. Specifically,
the producer and user accuracies for water bodies dropped by an average of 13.41% and 15.29%
across the two regions. Similarly, the accuracies for impervious surfaces decreased by 20.36% and
8.18%, while wetlands experienced reductions of 15.68% and 19.74%.

Table 3. Evaluation of Mapping Accuracy in Yuli County area in 2020.

Classifier Crop- Shrub- Grass- Water- Bare- Impervi Wetl User

land land land body land ous and  accuracy
surface (%)
Cropland 141 0 2 2 6 6 1 89.24

Shrubland 2 6 2 0 2 0 0 50.00
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Grassland 11 3 77 0 4 0 5 77.00
Waterbody 0 0 45 0 0 2 95.74
Bareland 0 10 0 646 0 97.43
Impervious 3 0 0 0 5 58 0 87.88
surface

Wetland 0 0 0 5 4 0 42 82.35
Producer 88.13 66.67 84.62 86.54 96.85 85.29 84.00 -

accuracy (%)

Table 4. Evaluation of Mapping Accuracy in Yuli County area in 2010.

Classifier Crop- Shrub- Grass- Water- Bare- Impervi Wetl User

land land land body land ous and  accuracy
surface (%)

Cropland 125 0 0 3 5 1 89.93

Shrubland 2 4 0 2 0 0 40.00

Grassland 13 2 78 0 7 8 6 69.74

Waterbody 0 0 1 24 0 0 5 80.00

Bareland 12 3 16 3 676 11 4 93.77

Impervious 2 0 0 1 3 38 0 86.73

surface

Wetland 1 0 1 4 4 0 25 71.44

Producer 80.64 44.44 75.73 75.00 9727 61.29 60.98 -

accuracy (%)

Table 5. Evaluation of Mapping Accuracy in Linxi County area in 2020.
Classifier Crop- Forest- Shrub- Grass- Water- Bare- Imper- Wetla  User
land land land land body land vious nd accuracy
surface (%)

Cropland 127 0 0 35 0 0 6 3 74.27
Forestland 0 97 0 0 0 0 0 0 85.45
Shrubland 0 0 16 0 0 0 0 0 100.00
Grassland 29 2 0 667 0 0 0 0 94.34
Waterbody 0 0 0 0 2 0 0 0 96.67
Bareland 0 0 0 0 410 0 0 90.48
Impervious 0 0 0 0 0 44 0 97.78
surface
Wetland 0 0 0 0 0 0 0 11 78.57
Producer 81.41 9792 60.00 92.38 93.55 76.00 86.27 73.33 -

accuracy (%)

Table 6. Evaluation of Mapping Accuracy in Linxi County area in 2010.

Classifier Crop Forest- Shrub- Grass- Water- Bare- Impervi Wetl User
land land land land body  land ous and  accuracy
surface (%)



https://doi.org/10.20944/preprints202410.1402.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 October 2024 d0i:10.20944/preprints202410.1402.v1

12

Cropland 135 2 0 47 0 0 5 3 70.31
Forestland 0 84 0 7 0 0 0 0 92.31
Shrubland 0 0 4 0 0 5 0 0 44.44
Grassland 25 11 1 638 0 4 7 2 92.77
Waterbody 0 2 18 0 0 2 81.82
Bareland 0 6 0 28 0 0 82.35
Impervious 0 10 0 29 0 74.36
surface

Wetland 1 1 0 1 5 0 5 13 50.00
Producer 83.85 85.71 80.00 89.31 78.26 75.67 63.63 65.00 -

accuracy (%)

5. Discussion

5.1. Uncertainty Analysis of Automatic Land Cover Classification Based on Model Migration

This study utilized validation data obtained through visual interpretation, where ground cover
types remained consistent between 2010 and 2020, to assess the spectral differences between various
classes during these two time periods. The goal was to explore the uncertainties inherent in the
automatic classification strategy based on the model expansion approach. It is important to note that
forestland was not included in the analysis for Yuli County due to its minimal presence in the selected

study area.
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Figure 5. Spectral differences of land cover classes from 2020 to 2010 in Yuli and Linxi county areas
after relative radiometric normalization. Noted: B1, B2, B3, B4, B5, B6, B7, and B8 represent Blue,
Green, Red, NIR, SWIR1, SWIR2 and Panchromatic bands, respectively; P25_2020. P50_2020.
P75_2020 represent the 25th, 50th, and 75th quantile composites in 2020, respectively; P25_2010-
P50_2010. P75_2010 represent the 25th, 50th, and 75th quantile composites in 2010, respectively.
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As shown in Figure 5, the synthesized spectra for the 25th, 50th, and 75th quantiles from 2020
and 2010 demonstrate a high level of agreement, with similar spectral shapes for each class. To
quantify this similarity, two widely recognized spectral similarity metrics were applied to the
guantile-synthesized data, including Spectral Angle Distance (SAD) and Euclidean Distance (ED)
[48]. The analysis showed that the SAD values for the features in both regions exceeded 0.994, while
the ED values were consistently below 0.242. This indicates that the spectral consistency between the
two periods was generally high, following the application of relative radiometric normalization.

Among all land cover types, cropland and forestland had the highest spectral consistency
between 2010 and 2020. In both regions, their mean SAD exceeded 0.998, and mean ED was below
0.174. Bare ground came next, with a mean SAD of 0.999 and mean ED of 0.177. Grassland also
showed strong consistency, with mean SAD of 0.997 and ED of 0.212. Shrubland followed closely,
with a mean SAD of 0.998 and ED of 0.208. It demonstrates relatively high spectral stability between
the two periods. In contrast, water bodies, wetlands, and impervious surfaces showed the least
spectral agreement. For water bodies, the mean SAD was 0.991 and ED was 0.228. Wetlands had
values of 0.997 and 0.229, and impervious surfaces had 0.997 and 0.233. These results suggest that
these classes experienced more spectral variation between 2010 and 2020 compared to other land
cover types.

The spectral consistency between the baseline period and the model expansion period has a direct
impact on the accuracy of the expanded model [15]. Therefore, the greater spectral variability
observed in water bodies, wetlands, and impervious surfaces over time may have contributed to the
lower mapping accuracy for these classes following model expansion. This observation is further
supported by the validation results presented in Tables 3 and 4. While the mapping accuracy for these
features remained high after model expansion, there was a notable decline compared to the baseline
year. Thus, the uncertainty in model expansion results is more likely to arise for land cover types that
exhibit significant spectral changes over time, such as water bodies, wetlands, and impervious
surfaces. These findings underscore the importance of considering temporal spectral variability when
expanding land cover classification models to different time periods.

5.2. Assessment of The Importance of Time-Series Classification Features

This study employed a variety of features, including multispectral bands, spectral indices,
texture information from panchromatic bands, and topographic data, extracted from time-series
Landsat imagery for the classification process. The Random Forest model, known for its ability to
quantify the contribution of each feature to classification outcomes via the Gini index [49], enabled
the simultaneous evaluation of these diverse features. To better understand how these features
influenced the classification results, this study analyzed the relative importance of the 42 features
used in the Random Forest model (Figure 6).

The results demonstrate that topographic elevation emerged as the most important classification
feature in both Yuli and Linxi counties. Following closely in importance were the 75th quantile
composite of the NIR band, the dissimilarity information from the 25th quantile composite of the
panchromatic band, the 25th quantile composite of the NBR, and the 50th quantile composite of the
NDWI. These features consistently showed high relative importance across both regions.
Interestingly, the importance of other topographic features was more variable between the two
regions, such as slope and aspect. In Yuli County, where the terrain is relatively flat, slope-related
features were less significant. However, in the more mountainous Linxi County, these features gained
prominence. It reflects the greater role that topography plays in distinguishing land cover types in
regions with complex terrain. On the other hand, the information entropy of the panchromatic data
was consistently the least important feature in both study areas. Within the visible spectrum
(excluding the NIR band), the features were generally comparable in importance, with the 25th
quantile composite of the blue band standing out as the most influential.
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Figure 6. Importance of classification features to land cover mapping results in: (a) Yuli; (b) Linxi.
Noted: B1, B2, B3, B4, B5, B6, B7, and B8 represent Blue, Green, Red, NIR, SWIR1, SWIR2 and
Panchromatic bands, respectively; P25, P50, and P75 represent the 25th, 50th, and 75th quantile
composites, respectively; diss, ent, and var represent the dissimilarity, entropy and variance features,
respectively; aspect, elevation, and slope represent angle, elevation and slope, respectively.

When it comes to spectral indices, the importance of the 25th and 50th quantile composites was
notably higher than that of the 75th quantile composite in Linxi County, where vegetation is more
abundant. This suggests that these composites are particularly effective at distinguishing vegetated
from non-vegetated areas in such environments, which represent periods of more robust vegetation
growth. In contrast, in Yuli County, which mostly has bare land, the 75th quantile composites of
vegetation-related indices like NDVI and EVI held greater significance than the 25th and 50th
quantile composites. This pattern aligns with the lower reflectivity (albedo) of vegetation, where the
25th and 50th quantile composites correspond to times of peak vegetation growth, aiding in the
differentiation of vegetative and non-vegetative surfaces.

Therefore, the findings indicate that in regions with rich vegetation like Linxi County, the earlier
quantile composites (25th and 50th) are more important. Meanwhile, in areas dominated by bare land,
like Yuli County, the later quantile composites (75th) play a more important role. This reveals the
varying roles that vegetation dynamics and surface characteristics play in influencing classification
accuracy across different landscapes.

5.3. Land Coverage Products Cross-Comparison

Using the validation dataset, a cross-comparison was conducted between the 30-meter
resolution land cover products—GlobeLand30, CLCD, and the mapping results generated in this
study. The quantitative comparisons are outlined in Tables 7 and 8, with the mapping results
visualized in Figure 7. The findings reveal that all three products demonstrate commendable
accuracy in both study regions, with overall accuracies exceeding 81%. Specifically, in Yuli County,
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the mapping accuracies of our study for 2020 and 2010 were 92.52% and 88.3%, respectively. By
comparison, GlobeLand30 achieved similar accuracies of 90.88% and 88.70%, while CLCD lagged
behind with accuracies of 84.05% and 81.68%.

In Linxi County, this study achieved mapping accuracies of 90.28% in 2020 and 85.28% in 2010.
GlobeLand30 performed comparably, with accuracies of 90.46% and 88.28%, while CLCD once again
trailed with 85.65% and 83.65%. Notably, the classification results from this study closely align with
GlobeLand30, while significantly surpassing CLCD. The relatively lower accuracy of CLCD can be
attributed, in part, to its reliance on a global classification model, which may not fully capture local
land features and characteristics. Previous studies [13] have also highlighted the limitations of global
models in accurately representing localized variations.

A closer examination of Tables 7 and 8 shows that CLCD failed to accurately detect wetlands in
both study regions. It achieved zero accuracy for this class. This failure is also evident in Figure 7,
where CLCD barely identifies wetlands at all. Furthermore, both GlobeLand30 and CLCD exhibit
significantly lower producer accuracies for impervious surfaces, water bodies, and wetlands
compared to our study. It suggests a tendency for both products to under-detect these specific land
classes. In contrast, the mapping results from our study show a higher detection accuracy for
impervious surfaces, water bodies, and wetlands, which can be attributed to the strategic integration
of multiple land cover products in the construction of the training dataset.

Figure 7 also highlights limitations in GlobeLand30, particularly its omissions of roads and
rivers due to its minimum mapping unit constraints. On the other hand, CLCD frequently
misclassifies water bodies and wetlands as other land cover types, such as impervious surfaces,
especially in the mapping results for Linxi County. In contrast, the methodology of this study ensures
more accurate extraction of these features, which combines the strengths of various land cover
products. However, it is worth noting that all three products—our mapping results, GlobeLand30,
and CLCD —struggled with the accurate extraction of shrubs. It indicates the ongoing challenge of
distinguishing this class from other land cover types across diverse regions.

Table 7. The accuracy of three 30 m land-cover products using the validation datasets in Yuli

County.
Crop- Shrub- Grass- Water- Bare- I‘r,rilpsr- Wetla aOvzl;zll Kappa
Dataset land land land body land sur(;acse n ccy € coeffic
o, o, o, o, o, o, 1
%) () () (R (%) %) (%) %) ient
Current User

89.24 50.00 77.00 95.74 97.43 87.88 8235 9252 0.87
Study  accuracy

Results - Producer o0 13 (0 v 8160 8654 96.85 8520 84.00
2020 accuracy
User
GlobeLand3 accuracy

0-2020  Producer o ./ 4144 7573 7500 9727 6129 60.98
accuracy

User 907 000 5000 7857 94.08 6078 0.00 8405 072
accuracy

Producer o, )5 000 7473 6346 97.75 4559 0.00
accuracy

89.93 40.00 69.74 80.00 93.27 86.37 71.44 90.88 0.84

CLCD - 2020

Current —User o) 00 1500 6320 80.00 9470 93.18 77.78 8833 0.79
Study  accuracy

Results - Producer )15 5335 7206 7500 9812 6721 63.64
2010 accuracy
GlobeLand3 User

85.54 3333 67.26 67.74 95.01 97.56 77.42 88.70 0.80
0-2010 accuracy
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Producer o, (1 3333 73.08 6563 9639 6557 5455
accuracy

USer 0309 10000 4128 62.16 9257 73.68 0.0
accuracy

Producer ) 5y 1111 6827 71.88 95.38 4590 0.00
accuracy

81.68 0.67

CLCD - 2010

Table 8. The accuracy of three 30 m land-cover products using the validation datasets in Linxi
County.
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y
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Figure 7. Cross-comparison between the mapping results of our study, GlobeLand30 and CLCD in
Yuli and Linxi County areas.

6. Conclusions

This study addresses several critical challenges associated with existing fine-resolution land
cover products, such as the heavy reliance on manual input during the mapping process, the
difficulty of dynamically updating products, and the limitations in automatically generating multi-
period land cover products. To overcome these obstacles, it developed a method that leverages
multiple land cover products to automate the extraction of training data and expand the classification
model across different time periods. By incorporating these advancements, we conducted an
automated identification and monitoring study of land cover elements over multiple years. The
proposed methodology was applied and tested in two geographically distinct regions: Yuli County
in Xinjiang and Linxi County in Inner Mongolia.

The results of this study demonstrate the effectiveness of our approach, with advanced mapping
accuracy in both regions. In Yuli County, the accuracy reached 92.52% in the baseline year (2020) and
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88.33% in the expansion year (2010). Similarly, in Linxi County, the mapping accuracy was 90.28% in
2020 and 85.28% in 2010. These results outperform comparable land cover products like GlobeLand30
and CLCD. They highlight the ability of proposed method to provide high-precision, automated land
cover classifications over multiple time periods. The automated approach also reduces the need for
manual input. This makes land cover map updates faster and more efficient, which is essential for
dynamic environmental monitoring.

Despite the advancements, this study highlighted limitations, particularly related to mapping
accuracy following model expansion. Features with significant spectral-temporal variability showed
higher uncertainty, posing challenges as their spectral signatures change over time, which will impact
classification accuracy. Addressing the model’s sensitivity to spectral heterogeneity is essential for
future research. Efforts will focus on improving the model’s ability to handle temporal variability
and enhancing its robustness for dynamic landforms. Potential improvements include integrating
higher-frequency time-series data, refining spectral correction methods, and utilizing advanced
machine learning techniques. Additionally, testing this methodology in diverse regions with varying
climates and landscapes will be crucial to assess its generalizability and improve its effectiveness for
automated land cover classification.

Thus, this study contributes a significant advancement in the field of remote sensing by
providing a scalable, automated approach for generating fine-resolution, multi-period land cover
products. The method holds great potential for enhancing the efficiency and accuracy of land cover
monitoring, with broad applications in environmental management, land use planning, and climate
change adaptation strategies.
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