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Spatial-Temporal Pattern of Land Use and SDG15
Assessment in the Bohai Rim Region Based

on GEE and RF Algorithms
Lina Ke , Daqi Liu , Qin Tan , Shuting Wang , Quanming Wang , and Jun Yang

Abstract—The United Nations has proposed Sustainable De-
velopment Goal 15 (SDG15), which emphasizes the importance
of sustainable land development. This study aims to use remote
sensing data to build a spectral index feature dataset based on
Google Earth Engine (GEE) platform, dig deep spectral features of
ground objects, and use a random forest (RF) algorithm to extract
land use type distribution data in the Bohai Rim region from 2000
to 2020. Meanwhile, combined with a land use transfer map and
landscape pattern index, the spatio-temporal pattern of land use
was quantitatively analyzed. Finally, the sustainable development
level of land was evaluated quantitatively from three aspects: forest
resource sustainability, wetland resource sustainability, and land
system sustainability. The results show that the overall accuracy
and kappa coefficient of land use classification achieved by GEE
and the RF algorithm were 0.94 and 0.92, respectively. From 2000
to 2020, the main land use type in the study area was cropland,
accounting for 33% of the total, and the impervious has signifi-
cantly expanded, increasing by 9588.01 km2, mainly from cropland,
barren, and water. In relation to SDG15, forest resources exhibited
poor stability, wetland resources demonstrated a steady recovery,
SDG15.3.1 revealed that the problems of land degradation exist in
various provinces and cities around the Bohai Sea, and the stability
of the land system was poor between 2000 and 2020. This article
can provide a valuable reference for land use management and
ecological remediation in the Bohai Rim region.

Index Terms—Bohai rim region, Google Earth Engine (GEE),
land sustainability assessment, random forest (RF) algorithm,
sustainable development goal 15 (SDG15).

I. INTRODUCTION

LAND use/cover (LU/LC) effectively mirrors a region’s
economic vitality, capturing the impact of land intensity,
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policy orientation, and economic inputs within a distinct spatial-
temporal context.

Since the 20th century, global urbanization has escalated,
propelling land use and development to unprecedented levels
[1], [2]. In this milieu, China’s significant shifts in land spatial
planning and use control have precipitated issues such as the
overuse of prime arable land and ecological spaces, leading to
ecological degradation and environmental pollution [3], [4]. As
a pivotal coastal open development region in China, monitoring
the Bohai Rim’s LU/LC status is crucial for enhancing land use
efficiency, evaluating sustainability, fostering coordinated re-
gional development, and optimizing the region’s overall benefits.

High-precision LU/LC mapping remains a central topic in
land use change research [5]. Early studies were constrained by
limited data, low precision, and small-scale analysis. However,
advancements in data collection have enriched our understand-
ing of multisource data, enabling long-term monitoring and en-
hanced time series analysis [6]. Remote sensing satellite imagery
has become invaluable for accurate land use mapping. Google
Earth Engine (GEE), as a comprehensive geographic data pro-
cessing platform, allows access to extensive remote sensing
datasets, facilitating analysis and processing through various
programming languages, including JavaScript and Python [7],
[8], [9], [10], [11]. Utilizing GEE, combined with advanced
remote sensing image interpretation algorithms, has emerged as
a leading approach in land use research. This method surpasses
traditional automatic classification techniques, such as image
element-based [12] and object-oriented classification [13], [14],
and has progressed to more potent machine learning methods
[15]. These techniques encompass convolutional neural net-
works, support vector machines (SVMs), decision trees, and ran-
dom forests (RFs). Wu et al. [16] proposed a multilabel convolu-
tional neural network model that exhibits superior performance
in simulating complex mixed land use evolution compared to
previous artificial neural network-cellular automata models.
Yousefi et al. [17] optimized the SVM algorithm’s parameters
for LU/LC mapping, finding that a penalty parameter of >100
yielded more accurate results. The RF algorithm, integrating
decision trees, has shown significant improvements in training
speed and learning outcomes. Numerous studies have confirmed
its efficacy in processing multisource data and various applica-
tions [18], [19], [20], [21]. Parthasarathy and Chandra compared
the efficiency of three machine learning algorithms—RF, CART,
and SVM—on the GEE platform for land use classification.
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Fig. 1. Location map of the study area.

Their findings indicate that RF holds a considerable advantage
in land use classification, especially in large-scale and complex
feature areas [22].

For the objectives of sustainable development, the United
Nations has established a set of 17 sustainable development
goals (SDGs) [23]. Among these, Sustainable Development
Goal 15 (SDG15), referred to as “Life on Land,” embodies the
concept of conservation and is seen as a critical benchmark for
sustainable land use by 2030 [24]. Scholars have engaged in
quantitatively assessing SDGs, with data selection and modeling
method selection presenting key challenges in the assessment
process [25]. Current quantitative assessments of SDG15, both
domestically and internationally, tend to focus on individual
objectives [26] and infrequently employ techniques such as
GIS and spatial statistics. Moreover, due to regional variations,
assessment methods and models suitable for one area may not be
applicable elsewhere. This highlights the urgent need for more
comprehensive research on multiscale quantitative monitoring
and assessment of SDG15.

Therefore, the primary aim of this study is to enhance the
implementation of the United Nations’ SDGs at a local level in
China. While existing research in this area is mostly qualitative,
this study aims to contribute a quantitative dimension. Specifi-
cally, it focuses on SDG15-oriented monitoring and assessment
of land resources. To achieve this, the study involves classifying
wetland types, and employing GEE in conjunction with RF
algorithms to produce detailed land use type maps for the Bohai
Rim region for the years 2000, 2010, and 2020. In addition, it
examines the spatial and temporal evolution of these areas. The
study’s specific objectives are as follows.

1) It utilizes open-access Landsat multisensor satellite im-
agery to accurately map land use types within the GEE,
establishing an efficient and replicable workflow.

2) It employs high-precision, triphase, long-term series land
use type maps to uncover and elucidate current land use
changes, development patterns, and consequent landscape
ecological effects in the Bohai Rim region, adopting both
static and dynamic approaches.

3) It achieves dynamic, spatially detailed, and quantitative
monitoring and assessment of selected SDG15 subtargets,
aiming to provide scientific references and insights for
promoting sustainable and coordinated development of
land resources and ecology in the Bohai Rim region.

II. MATERIALS AND METHODS

A. Overview of the Study Area

The Bohai Rim is located in the northern part of China
along the west coast of the Pacific Ocean, which comprises the
Liaodong Peninsula, the Shandong Peninsula, and the North
China Plain in a “C”-shaped region. The Bohai Rim lies within
the temperate monsoon climate zone, characterized by distinct
seasonal variations and favorable light and water-heat conditions
during summer [27]. The region’s topography mainly consists
of hills and plains, boasting abundant land resources. Liaoning
and Shandong provinces, in particular, hold extensive coastline
resources and a significant total scale of sea resources [28]. This
region is rich in wetland resources, with a mudflat area of over
68.04∗104 km2 [29], concentrated in the Yellow River Delta and
Liaohe River Delta, which provide abundant material products
and ecological services for the regional socio-economy.

The Bohai Rim serves as a crucial gateway for China’s
northern region and the Northeast Asian Economic Zone [30].
Since the reform and opening-up era, this region has developed
rapidly, becoming China’s third largest urban economic zone
after the “Yangtze River Delta” and “Pearl River Delta” urban
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TABLE I
STATISTICS ON THE NUMBER OF IMAGES USED

economic zones [31]. By 2019, the Bohai Economic Rim ac-
counted for 18.5% of the country’s total population, 18.3% of
the country’s total GDP, 16.7% of the country’s total imports, and
17.1% of the country’s total exports. The regional urbanization
rate reached 64.91%, 4.31 percentage points higher than the
national average.

With the rapid development of urbanization and industrializa-
tion in the Bohai Rim, coastal development activities have be-
come increasingly frequent, land use has undergone significant
changes, and the ecological environment is under unprecedented
pressure. Large-scale cofferdams, dams, and other irrational
marine development and utilization activities have resulted in
a large loss of coastal wetlands. These factors have led to a
continuous decline in the ecosystem service function and sus-
tainable utilization of the Bohai Sea, threatening the economic
and social development of the Bohai Sea’s surrounding areas
[32]. Thus, conducting SDGs assessment based on the Bohai Sea
Rim is essential for maintaining the regional ecological balance
and realizing the sustainable development of society, economy,
and environment. In this study, the Bohai Sea Rim was selected
as the study area, and the study area including 17 city-level
administrative units was delineated by combining the research
needs and the actual situation of the study area, as shown in
Fig. 1.

B. Research Data and Preprocessing

The remote sensing data utilized in this research comprises
Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 atmospherically
corrected surface reflectance image data. These datasets are
readily accessible online via the GEE platform. The selected
Landsat imagery encompasses data for the entire years 2000,
2010, and 2020, covering the study area (see Table I). Notably,
Landsat data include a “pixel_qa” band, instrumental in identi-
fying clouds and cloud shadows. To mitigate cloud interference,
a CFMask cloud mask was implemented in GEE, filtering out
images with cloud cover exceeding 10% for subsequent analysis.

TABLE II
CLASSIFICATION TABLE OF LAND USE TYPES

Challenges in unprocessed image data often stem from cloud
cover, cloud shadows, and anomalies in Landsat 7 ETM+ data
[33].

The research area is situated in the Bohai Rim region. In
accordance with the prevailing land use classification system and
considering the subsequent land landscape utilization objectives,
the Bohai Rim region has been categorized into seven distinct
land types (including Wetland, Cropland, Forest, Grassland,
Water, Impervious, and Barren) based on a comprehensive
analysis of research goals as well as natural conditions such as
topography, climate, and hydrology. Refer to Table II for detailed
information.

For the selection of sample points, this study uses Google
Earth images and visual interpretation. In order to ensure that the
selected training samples conform to the principles of represen-
tativeness, uniformity, and quantity, this article evenly divides
the research area into six equal “block” elements according to the
maximum boundary for sample selection. This “block” based
partitioning method can ensure that the selected samples are
evenly distributed in the research area. Each region assigned
500 sample points for each land use type, for a total of 21 000
sample points. These points were incorporated into GEE, of
which 70% were randomly selected for training the RF model
and the remaining 30% were allocated for accuracy verification
of the classification results.

III. RESEARCH METHODS

The main content of this study contains the following three
aspects: 1) land use classification based on GEE; 2) charac-
terization of land use change; and 3) sustainable development
assessment based on SDG15. The technical route of the study is
shown in Fig. 2.

A. Random Forest Model

RF algorithm belongs to ensemble learning, which has the
advantages of high accuracy, low error, strong robustness, and
strong antinoise ability [34]. In this study, a classification feature
set consisting of Landsat remote sensing image original spectral
bands and multiple spectral feature indices is constructed. The
spectral feature index can expand the pixel difference of adjacent
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Fig. 2. Technology Roadmap.

TABLE III
DESCRIPTION OF THE FEATURES

ground objects [9] and it has been proposed that the phenological
difference of LULC type should be considered to improve the
classification accuracy [35], [36], [37].

Therefore, this study took into account the uneven image
distribution caused by the seasonal changes of surface features,
especially vegetation features, and designed a spectral index
feature dataset including Landsat’s main original single-band
features, vegetation index, water index, building index, and soil
index according to the phenological characteristics of vegeta-
tion in the study area. The total number of features was 45
(6 × 3 + 9 × 3 = 45). Using the seasonal percentage feature
can better reduce the classification errors caused by regional

seasonal fluctuations and further improve the classification
accuracy of the RF algorithm. A detailed description of each
feature is given in Table III.

Invoking the RF classifier in GEE usually requires setting two
parameters: the number of feature variables selected at each sep-
aration point (mtry) and the number of tree classifiers (Ntrees),
which will affect the performance and complexity of the model.
Increasing the number of Ntrees can improve the performance
of the model, making it more robust and generalization ability.
A proper mtry can make the model more robust and reduce the
risk of overfitting. In this article, after parameter adjustment,
the ntree parameter is set to 100 trees, and the square root of



KE et al.: SPATIAL-TEMPORAL PATTERN OF LAND USE AND SDG15 ASSESSMENT IN THE BOHAI RIM REGION 7545

Fig. 3. (a) 2000, (b) 2010, and (c) 2020 land use classification map of the Bohai Rim region.

Fig. 4. Accuracy picture of land use classification results.

the number of features involved in mtry and classification is
calculated.

B. Land Use Classification Results and Accuracy Evaluation

Based on the GEE platform, this section finally obtains the
land use distribution results of the Bohai Rim in 2000, 2010,
and 2020 by mining the classification feature set, followed by
utilizing the RF algorithm with high classification accuracy, as
shown in Fig. 3.

The verification scheme in this article is comprised of three
primary components: response design, sampling design, and
analysis. In the response design, the spatial evaluation unit is
defined as a Landsat pixel measuring 30 m× 30 m. The reference
classification for validation purposes is determined using high
spatial resolution data obtained freely from Google Earth [38].
From Fig. 4, it can be found that the land use classification
system based on RF classification in this article achieves better
accuracy; the overall accuracy is between 0.94 and 0.98, and the
Kappa coefficient is greater than 0.92. Overall, the results can
meet the needs of the subsequent land use analysis and research,
and the analysis results obtained are reliable.

The land use classification results of the Bohai Rim region in
this article were compared with GlobeLand30 and World Cover

TABLE IV
COMPARISON WITH OTHER LAND USE DATASETS

v100 land use datasets, and the accuracy of the classification
results was tested with 2020 as the sample. The former is
derived from the National Catalogue Service for Geographic
Information, The latter was obtained from the World Cover
v100, a 10-m resolution land cover data product released by
the European Aviation Agency ESA in 2020, with an overall
accuracy of 74.4%. The classification system of the two datasets
was reclassified to make it consistent with the classification
system of this study. The sample point data generated in this
article was used to sample the products of the dataset, generate
a confusion matrix, and evaluate the accuracy of classification
results with existing open land use datasets. As given in Table IV,
the classification map of the Bohai Rim region completed by
spectral characteristics and RF classification method in this arti-
cle achieved the best classification accuracy, the overall accuracy
was 0.95, and the Kappa coefficient was 0.93, which was signif-
icantly higher than other global scale land use products. From
the perspective of producer accuracy (PA), the classification
results of this article also have overall advantages. For wetland
land classes with greater difficulty in classification, this study
can still achieve a higher classification accuracy (0.92), which
reflects better accuracy of the classification results in this study
compared with 0.63 in GlobeLand and 0.59 in WorldCover.
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Fig. 5. Proportion of land use types in the Bohai Rim region from 2000 to
2020.

IV. RESULT ANALYSIS

A. Analysis of Spatial and Temporal Evolution of Land Use

The dominant land use type in the Bohai Rim from 2000
to 2020 was arable land (see Fig. 5), and between 2000 and
2020, impervious expanded rapidly, increasing by 9588.01 km2;
the area of water bodies also showed a small increase of about
980.53 km2; the area of all other types of land showed a different
level of decrease. The primary factor contributing to the decline
in the area of these land types was the continuous expansion of
impervious.

1) Characterization of Temporal Changes in Land Use: The
land use transfer matrix delineates the transitions among differ-
ent land types within the study area over the specified period
[39]. It provides detailed insights into the dynamic interactions
and exchanges between various land use types. Using ArcGIS
10.6, the dynamic land use transfer matrices for 2000–2010 and
2010–2020 were constructed and subsequently visualized in a
Sankey diagram (see Fig. 6).

During 2000–2010, significant transfers out were observed
from unutilized land, forest, wetlands, and cropland. The pri-
mary recipients of these land transfers were cropland and im-
pervious. Similarly, in the 2010–2020 period, cropland exhibited
the largest area of transfers out of all land types, with the pattern
of transfers mirroring the previous decade.

Overall, from 2000 to 2020, the Bohai Rim region experienced
a substantial expansion of impervious, predominantly sourced
from arable land, barren, and water bodies. The transformed ar-
eas for these were 9218.30 km2, 2889.99 km2, and 1607.74 km2,
respectively. This trend highlights the rapid urbanization in the
Bohai Rim, characterized by the overconsumption of soil and
water resources.

2) Spatial Change Characteristics of Land Use: A land use
transfer graph, an analytical method that combines temporal and
spatial elements, was employed in this study to construct a land
use transfer map of the Bohai Rim region for 2000–2020. Based
on the theory of land use transfer graph, a total of 49 types of

Fig. 6. Sankey map of the transfer land use types in the study area from 2000
to 2020.

graph units were generated, with 42 types experiencing changes
in land use. According to the transferred area data (see Table V)
and the spatial distribution illustrated in the land use transfer
atlas (see Fig. 7), it was observed that 12 types of atlas units
accounted for a cumulative change rate of 63.02%. These units
exhibited significant geographical disparities across the Bohai
Rim region. The most extensive transfer was observed from
“cropland to impervious” (code 15), predominantly occurring
in Weifang, Rizhao, and Binzhou cities in Shandong Province,
Cangzhou City, Tangshan City, and southern Qinhuangdao in
Hebei Province, along with coastal areas of other cities. Notably,
this conversion was most pronounced in the city centers of
Weifang, Cangzhou, and Tangshan. The second-largest transfer
was “cropland to grassland” (code 13), occurring across all
areas of the three provinces and one city in the Bohai Rim,
attributed to China’s ecological initiative of converting farmland
back to forest and grassland. The third significant transfer was
“grassland to cropland” (code 31), primarily found in Yantai,
Qingdao, Weifang, Rizhao, and Dongying in Shandong Province
and Jinzhou and Huludao in Liaoning Province.

3) Analysis of Land Use Landscape Pattern Changes: As
a key indicator of the impact of urbanization on the regional
ecological environment, landscape pattern evolution analysis
has been widely used in the study of land use patterns. In this
study [40], 90 m resolution was chosen as the optimal granularity
for landscape analysis. Ten landscape pattern indices were used
to evaluate the structural characteristics of land use landscape
pattern change. The Fragstats 4.2 software was used for analysis,
and the changes of these indicators were comprehensively ana-
lyzed in the three dimensions of patch level, patch type level, and
landscape level in Table VI and Fig. 8, and the main conclusions
were drawn as follows.

The maximum patch index (LPI) in the study area decreased
by 22.33%, and the cohesion index remained relatively sta-
ble, indicating that the area of dominant landscape species
decreased during this period but the connectivity between land-
scape patches was still good, and the ecosystem in the study area
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TABLE V
UNIT ORDINATION TABLE OF LAND USE TRANSFER GRAPH IN STUDY AREA FROM 2000 TO 2020

Fig. 7. Map of land use transfer in the Bohai Rim region from 2000 to 2020. (a) Research area of Liaoning Province. (b) Research area of Hebei Province.
(c) Research area of Shandong Province. (d) Tianjin City.

had a certain degree of integrity. However, increased human
disturbance has led to fragmentation of the landscape. The
number of patches (NP) showed a fluctuating upward trend,
increasing by 9.93%. Edge density (ED) decreased first and then
increased significantly, with an overall increase of 4.17%.

This change may reflect the instability of the landscape bound-
ary in the Bohai Rim region and further reflect the complexity

of the ecosystem. The Landscape Index (LSI) increased by
4.12% overall. This indicates that the landscape pattern around
the Bohai Sea has evolved into a more complex and irregular
form. This change may have a certain impact on the stabil-
ity of the ecosystem and biodiversity. Notably, the interleaved
Juxtaposition index (IJI) continued to decline by 3.38%. This
trend is unfavorable to biodiversity and ecological functions,
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TABLE VI
INDEX TABLE OF LANDSCAPE PATTERNS IN THE BOHAI RIM REGION FROM

2000 TO 2020

and attention should be paid to ecological protection in the
Bohai Rim region. The turning point in the Shannon diversity
index (SHDI) from decline to increase occurred in 2010–2020,
from 1.72 to 1.74, an overall increase of 1.16%. This reflects
the diversification of landscape types, the increasing degree of
fragmentation, and the impact on ecological functions in the
Bohai Rim region in the past 20 years.

To sum up, the changes in landscape patterns in the Bo-
hai Rim region in the last 20 years have presented complex
and diverse characteristics. In the future ecological protection
and restoration work, we should fully consider these changes
and formulate targeted policies and measures to achieve sus-
tainable development of the ecosystem. At the same time, the
monitoring and evaluation work will be strengthened to provide
a scientific basis for ecological protection and ecological civi-
lization construction in the Bohai Rim region.

B. SDG15 Sustainability Analysis

The core objectives of SDG15 are to protect, restore, and pro-
mote the sustainable use of terrestrial ecosystems, sustainably
manage forests, combat desertification, halt and reverse land
degradation, and halt biodiversity loss, and the SDG15 indicator
framework contains 12 targets and 14 indicators. At present, the

Fig. 8. Landscape pattern index growth map from 2000 to 2020. (a) 2000–
2010. (b) 2010–2020. (c) 2000–2020.

Fig. 9. Forest resource sustainability of the Bohai Rim region and provinces
from 2000 to 2020.

design of the indicator framework and the calculation method
of the indicator are still worthy of discussion. In summary,
considering the accessibility and operability of the indicator
data and the resource endowment of the Bohai Rim region, the
research focuses on evaluating the progress of SDG15.1 and
SDG15.3 targets.

1) Forest Resource Sustainability: SDG15.1 emphasizes the
protection, restoration, and sustainable use by 2020 of terrestrial
and inland freshwater ecosystems and their services, in partic-
ular, forests, wetlands, foothills, and drylands, in accordance
with obligations under international agreements. In this study,
the recommended index SDG15.1.1 was used to represent the
sustainability of forest resources as the proportion of forest
area to the total area of LULC (except inland water bodies)
(see Fig. 9). The target value of SDG15.1.1 in the Bohai Rim
region during 2000–2020 has decreased from 18.77% in 2000
to 17.85% in 2020. It shows that forest resources are scarce and
forest degradation exists in the Bohai Rim region. Among them,
rapid economic development and population increase are the
main reasons. In addition, the different natural resource endow-
ments, regional blockades, and different development levels in



KE et al.: SPATIAL-TEMPORAL PATTERN OF LAND USE AND SDG15 ASSESSMENT IN THE BOHAI RIM REGION 7549

Fig. 10. Wetland resources sustainability of the Bohai Rim region and
provinces from 2000 to 2020.

the Bohai Rim region lead to the uneven distribution of forest
resources among provinces and cities, and the variation trend
among regions is quite different.

2) Wetland Resources Sustainability: As one of the key open
development areas in China, the Bohai Rim region has a more
serious degree of wetland fragmentation, which deserves sepa-
rate attention. Therefore, the sustainability of wetland resources
is taken as an indicator factor in the assessment of SDG15.1.2,
which covers the connotation of protecting wetlands as a terres-
trial ecosystem. In this study, the proportion of wetland area to
the total land area was used to characterize the sustainability
of wetland resources (see Fig. 10). During 2000–2020, the
wetland resources in the Bohai Rim region first decreased and
then increased but still showed a decreasing trend in general,
from 5.60% in 2000 to 5.20% in 2020, reflecting the trend of
wetland degradation first and then slow recovery during the study
period. The reason is that there are many wetland resources
around the Bohai Sea. However, since the 1980s, excessive
wetland reclamation in the Bohai Rim region has resulted in a
sharp reduction in the area of natural coastal wetlands [40], and
the problem of wetland degradation has become increasingly
prominent. Since 2018, The State Council has requested that
ecological restoration projects be actively promoted to gradually
restore damaged wetlands.

3) Land System Sustainability: SDG15.3 aims to achieve the
protection, restoration, and sustainable utilization of terrestrial
ecosystems and their biodiversity by 2030 while also preventing
land degradation. To assess the extent of land degradation in
the Bohai Rim region, this article adopts land cover change as
an indicator based on the good practice guidance on SDG 15.3
issued by the United Nations Convention to Combat Desertifi-
cation. The definition of land degradation used in this study is
consistent with previous relevant research findings (see Fig. 11).

To examine land system sustainability in the Bohai Sea Rim,
SDG15.3.1 was calculated, and the spatial distribution of land
degradation was mapped (see Figs. 12 and 13). Fig. 12 reveals
that from 2000 to 2020, the Bohai Sea Rim faced significant
land degradation, indicating poor land system sustainability.
Notably, Tianjin experienced the most extensive land degrada-
tion, indicating poor land system sustainability. As depicted in
Fig. 13(a)–(d), the spatial distribution of degraded land varies.
Land in the central areas of each province is relatively stable,

Fig. 11. Definition of land degradation.

Fig. 12. Land system sustainability of the Bohai Rim region and provinces
from 2000 to 2020.

primarily due to its use as impervious, which has seen minimal
change over the study period. Conversely, the peripheral areas,
largely comprised of cropland, exhibit a wider distribution of
degradation.

V. DISCUSSION

A. Comparison With Different Algorithms

Traditional classification methods (visual interpretation) are
difficult to avoid the impact of “different spectrum of the same
object” and “foreign body of the same spectrum” in land use
classification, and there are many misclassifications and missing
classification problems [41], while many studies have found that
machine learning algorithms, such as SVMs, decision trees, and
RFs, can achieve good classification results [42], [43].

The principle of the artificial neural network is to construct
a subspace with a complex classification interface based on the
nonlinear system space and simulate the human learning process
to determine the relationship between the input layer and the
output layer. However, the classification accuracy of this method
is subject to the feature parameters and classifier parameters in
the process of application [44]. As a supervised classification
method, SVM has significant advantages in the classification of
land use in small areas [45]. Different from the artificial neural
network, the decision tree method is essentially data mining,
which is more suitable for processing multidimensional data
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Fig. 13. Land degradation distribution map of Bohai Rim region from 2000 to 2020. (a) Research area of Liaoning Province. (b) Research area of Hebei Province.
(c) Research area of Shandong Province. (d) Tianjin City.

[46]. RF algorithm integrates decision tree, and training speed
and learning effect are significantly improved, and it has the
advantages of high accuracy, small error, strong robustness, and
strong antinoise ability. At the same time, the RF algorithm has
excellent application effect in processing multisource data and
other fields [47]. Parthasarathy and Chandra [22] compared the
efficiency of three machine algorithms, RF, CART, and SVM, in
LULC classification on the GEE platform, and the results proved
that RF had significant advantages in LULC classification and
was more suitable for land type classification research in a large
range and complex terrain areas. Therefore, GEE combined with
the RF algorithm was selected for land use classification in
this study.

B. Extraction of Land Use Types

Accurate extraction of land use types is pivotal in this study.
The Bohai Rim area, characterized by its vast expanse, is
classified using intra-annual, long-duration, dense sequence im-
agery, and time-series feature sets based on phenology. Man-
aging and processing this substantial geospatial dataset poses a
challenge in achieving high-performance computation. GEE, a

cloud-based platform, offers free access to robust computational
resources for processing diverse geospatial datasets [48]. In this
research, GEE’s cloud computing capabilities, along with its
integrated machine learning and image processing algorithms,
were employed to accurately extract three annual land use types
in the study area. GEE facilitates the development of remote
sensing imagery information extraction methods with higher
automation, reducing the time required for data acquisition,
calibration, and preprocessing. However, limitations exist, such
as constraints on the number of points in the training set for ma-
chine learning algorithms, which can be addressed by processing
data in segments.

Improvements can still be made to the land use classification
process. First, higher resolution satellite images or multisource
remote sensing data fusion could be considered for better data
selection. Second, in feature set selection, aspects such as topog-
raphy and texture have not been included. Enhancing the feature
set and selecting highly relevant feature variables for training
could further optimize accuracy. Future studies might explore
GEE’s segmentation algorithms to enhance object-based classi-
fication methods. The efficacy of combining multiple machine
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learning algorithms, as opposed to solely using the RF classifier,
in improving classification accuracy remains to be tested.

Furthermore, since wetland types are separately categorized
in this study, defining wetlands accurately is essential [49]. The
focus on coastal wetlands necessitates further consideration of
coastline extraction. Remote sensing data sensitive to moisture,
such as SAR images, could be utilized, and wetland-related in-
dices might be added to the feature set to refine the classification
process.

C. Spatial and Temporal Evolution of the Bohai Sea Region

This study analyzes the spatial and temporal evolution of land
use in the Bohai Sea region over the past 30 years, employing
land use transfer matrices and mapping. The findings reveal
significant encroachment and destruction of arable land during
the study period, leading to the compensatory occupation of
natural ecological lands such as grasslands and wetlands. This
widespread conversion, affecting various land types including
cropland, impervious, grassland, and wetland, highlights the
lack of strategic planning in the utilization of land resources
in the Bohai Rim. Such practices have resulted in low re-
source efficiency and wastage. To gain deeper insights, this
driving mechanism should further be quantitatively analyzed
in conjunction with habitat quality changes [50] and ecosystem
service values [51], providing scientific guidance for ecological
environment construction in the Bohai Rim.

The landscape pattern index, which is a quantitative indicator
that captures both landscape structure and spatial features, holds
significant ecological importance. Analyzing this index across
three dimensions—patch level, patch type level, and landscape
level—indicates that increasing landscape fragmentation has
progressively impaired the ecosystem structure and functions
in the Bohai Rim region, causing severe damage to the value of
ecological services. Future research should focus on identifying
and analyzing the key factors influencing landscape patterns,
including urbanization, policy, mining, population growth, and
natural factors such as climate and soil. These factors are vital
in driving landscape change, and their in-depth study is crucial
for understanding and mitigating their impact on the region’s
ecology.

D. Assessment of SDG15 Objectives

Current research urgently needs to enhance quantitative mon-
itoring and assessment of SDG15 subtargets. In this study, land
use type maps for 2000, 2010, and 2020 serve as the baseline
for spatio-temporal analysis, aligning with specific SDG15 sub-
targets. The sustainability of forest resources corresponds to the
SDG15.1.1 target, wetland resource sustainability corresponds
to the SDG15.1.2 target, and land system sustainability corre-
sponds to the SDG15.3.1 target. For SDG15.1.1, the focus is
on the protection and restoration of wetlands and other habitats.
This study evaluates wetland resource sustainability using the
proportion of wetlands in the total land area, with future research
planning to incorporate additional factors, such as wetland mor-
phology, habitat quality, and productivity.

In assessing land system sustainability in the Bohai Sea
region, the SDG15.3.1 target was employed, defined as “the pro-
portion of degraded land to the total land area.” The evaluation of
degraded land should include subindicators such as changes in
land use types, land productivity, and carbon stocks both above
and below ground. Due to data availability constraints, this study
simplifies SDG15.3.1 by focusing solely on land use change data
and the definition of degraded land types, thus limiting the scope
of the assessment.

In conclusion, while this research addresses three key subtar-
gets of SDG15, it is imperative to expand the scope to include
additional targets, such as SDG15.8, and to analyze the interplay
among these subtargets. Moreover, the assessment of SDG15 in
this article relies on a single dataset. Future studies should in-
tegrate a broader array of data—including population, land use,
net primary productivity, soil organic carbon, the distribution
of flora and fauna, nature reserve boundaries, and key biodiver-
sity areas—to enrich the assessment’s comprehensiveness and
accuracy.

VI. CONCLUSION

In this article, with the help of massive remote sensing data
provided by the GEE platform and powerful cloud computing ca-
pability, the spectral characteristics of ground objects are deeply
mined, and the RF algorithm is used to extract the LULC-type
distribution data of three periods from 2000 to 2020 in the Bohai
Rim region. Based on the LULC-type area, land use transfer
matrix, land use transfer map, and landscape pattern index, the
LULC change pattern in the study area in the past 20 years
was analyzed from multiple perspectives. Finally, according to
the sustainable development goals of SDG15, the sustainable
development of land resources in the Bohai Rim region is
quantitatively analyzed. This study provides countermeasures
and suggestions for structural optimization and layout regulation
of land use transition to sustainable development, alleviates the
increasingly sharp contradiction between people and land in the
Bohai Rim region, and actively implements the development
strategy of ecological civilization construction in China.

The results show that the GEE cloud platform combined with
the RF algorithm can achieve reliable LULC classification re-
sults. From 2000 to 2020, the impervious in the Bohai Rim region
has always maintained an expanding trend. Human activities
have led to the decrease of landscape-dominant species, the
diversification of landscape types, the intensification of land-
scape fragmentation, and the damage of ecological functions.
According to SDG15.1.1, the sustainability of the overall forest
resources in the Bohai Rim region decreased during 2000–2020.
Corresponding to SDG15.1.2, the sustainability of wetland re-
sources fluctuated, decreased first and then increased, but still
decreased in general. According to SDG15.3.1, all provinces
and cities around the Bohai Sea have different degrees of land
degradation, and the sustainability of the land system is poor.
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