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Abstract: Global climate change and coastal urbanization have significantly impacted the health and
carbon storage of coastal zone ecosystems. Investigating the spatial and temporal variations in coastal
carbon storage is crucial for developing effective strategies for land management and ecological
protection. Current methods for evaluating carbon storage are hindered by insufficient accuracy
and data acquisition challenges, necessitating solutions to enhance both reliability and precision.
This study aims to assess the variations in carbon storage and annual carbon sequestration in the
Jiaozhou Bay coastal zone from 1990 to 2020 and to identify the driving factors by integrating the
Integrated Valuation of Ecosystem Services and Trade-offs (InVEST) and Carnegie Ames Stanford
Approach (CASA) models with remote sensing data and geographic detector methods. The find-
ings suggest that Jiaozhou Bay has experienced a substantial decrease in carbon storage, declining
by 17.4% from 1990 to 2020, and annual carbon sequestration, decreasing by 35.5% from 1990 to
2016, but has stabilized recently. Vegetation cover and water bodies play critical roles in regional
carbon storage. Furthermore, the dynamics of carbon storage and land use patterns are significantly
influenced by socioeconomic factors, including GDP and population density. A comparison of the
InVEST and CASA models demonstrates consistency in their carbon storage and annual carbon
sequestration assessments. Combining these models in future assessments can enhance the scientific
rigor and accuracy of the research, providing more reliable evidence for ecosystem management and
policy making.
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1. Introduction

Coastal zone ecosystems have significant potential for carbon sequestration and stor-
age, commonly referred to as coastal blue carbon. Blue carbon refers to the organic carbon
captured and stored by marine and coastal ecosystems [1]. It is a crucial component of
the ocean’s carbon sink and provides various ecosystem functions and services, includ-
ing coastal protection and climate regulation [2-5]. For example, although coastal zones
account for only 0.2% of the world’s oceans, they contribute half of the carbon burial in
marine sediments [6]. As a key part of the ocean carbon sink, coastal zone ecosystems play
a vital role in the global carbon cycle. Due to their high primary productivity and carbon
storage potential, coastal blue carbon is considered a natural climate solution [7,8] and
plays a vital role in the carbon cycle and in addressing global warming [6,9].

However, coastal zones are among the most vulnerable and threatened ecosystems,
highly susceptible to both climate and nonclimate factors [10]. Global climate change and
intensified human activities, especially urbanization and industrialization in coastal zones,
pose a serious threat to the carbon sequestration capacity and ecosystem health of coastal
zones [11]. These activities significantly reduce their carbon sequestration function [12],
greatly weakening the role of coastal blue carbon ecosystems in addressing climate issues.
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Studies have shown that LUCC (land use and cover change) can change the structure
and function of ecosystems, thereby affecting changes in carbon storage [13,14]. At the
same time, LUCC can destroy soil and vegetation, resulting in a large amount of carbon
exchange, which impacts the carbon storage capacity of the ecosystem [15-17]. Carbon
storage is closely related to ecosystem productivity and climate regulation, making it one
of the key indicators for measuring the value of ecosystem services. Therefore, studying
the spatiotemporal characteristics of blue carbon in coastal zones is crucial for effectively
monitoring regional carbon changes and updating carbon budgets [18-20].

Currently, the assessment of carbon storage in coastal zone ecosystems is mainly
conducted through field surveys [21], remote sensing inversion [22], and model simula-
tion [23-25]. Although field surveys are accurate, they are only applicable to small areas,
and the field sampling process is time-consuming and labor-intensive, making it difficult
to achieve comparative analysis of past and present conditions and real-time monitoring
of changes [26,27]. In contrast, remote sensing inversion methods can cover large areas
and provide continuous monitoring, but they rely on high-quality data and advanced
algorithms [28]. Model simulation methods are increasingly valued for their ability to
effectively estimate and predict carbon storage at various scales. For example, Christopher
Potter et al. used the CASA model to assess forest productivity in Southeast Asia [29];
Jiagian Sun et al. used the BIOME-BGC model to conduct sensitivity analysis and pa-
rameter calibration of net ecosystem productivity (NEP) in China’s subtropical forests,
providing important technical support for the carbon sink function of subtropical forest
ecosystems [30]; Maarten C. Braakhekke et al. used the Lund-Potsdam-Jena Managed
Land (LPJmL) model to study the carbon absorption potential of global forest plantations,
assessing the carbon accumulation capacity of temperate, tropical, and boreal plantations
under different climatic conditions by simulating specific plantation functional types [31].
In recent years, the INVEST model has also been widely used in the assessment of ecosystem
services [32]. Notably, the carbon storage and sequestration module can effectively estimate
and analyze blue carbon in coastal zones, providing valuable decision-making support
information [33]. Additionally, the CASA model effectively combines remote sensing data
and meteorological data to estimate net primary productivity (NPP) using the driving
forces of photosynthetically active radiation and vegetation photosynthetic efficiency. By
integrating with the vegetation carbon sequestration model, CASA can accurately estimate
the carbon sequestration of vegetation [34].

Although scholars have used the above models to assess carbon storage from multiple
perspectives and scales, no research has been conducted to assess coastal blue carbon
from the perspectives of both IN'VEST and CASA models. The InVEST model offers a
detailed assessment of carbon storage by evaluating multiple carbon pools within the
ecosystem, while the CASA model uses photosynthetically active radiation and light
energy utilization to accurately estimate NPP and carbon sequestration on a large scale.
Therefore, the two models have their respective strengths in assessing carbon storage and
carbon sequestration. The former excels in providing detailed information on carbon pools,
while the latter is superior for dynamic monitoring on a large scale. By combining these
models, this study offers a comprehensive analysis of the storage and dynamic changes
of coastal blue carbon from multiple perspectives, enhancing the accuracy and depth of
carbon storage assessments. This approach allows for a more thorough and dynamic
understanding of coastal carbon storage and sequestration. By applying these models to
the Jiaozhou Bay coastal zone, a region significant for biodiversity and ecological protection,
this research not only advances the methodology for carbon assessment but also provides
valuable insights for regional ecological management and policy making. The Jiaozhou
Bay coastal zone in China plays a significant role in international ecological protection.
It provides a resting place or wintering ground for tens of thousands of migratory birds
annually, serving as an important node in the global migration of migratory birds and a
key ecological safeguard for regional sustainable development [35]. It is not only a critical
protected area for biodiversity but also a key zone for regional climate regulation and
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carbon sequestration [36]. With the intensification of global climate change and human
activities, the Jiaozhou Bay coastal zone faces numerous challenges. Among these, LUCC
significantly impacts the ecological function and carbon storage capacity of the coastal zone
amid rapid urbanization. Therefore, it is particularly important to study the changes in
carbon storage in the Jiaozhou Bay coastal zone in depth, providing a scientific basis for
the formulation of ecological protection measures in Jiaozhou Bay.

Therefore, this study selected Landsat image data from 1990, 2000, 2010, and 2020,
extracted land use data using a random forests algorithm, and utilized the InVEST and
CASA models to evaluate the spatiotemporal patterns of carbon storage in the Jiaozhou
Bay coastal zone. GeoDetector was employed to identify the driving factors, and Pearson
correlation analysis was conducted to analyze the relationships between different factors
affecting carbon storage. The goal of this study is to provide decision support for the
protection and land use adjustment strategies of the Jiaozhou Bay coastal zone, as well as
for the sustainable management of the coastal zone. Figure 1 shows the overall research
process of this study.

Data preprocessing
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Figure 1. The framework of this study.

2. Materials and Methods
2.1. Study Area

Jiaozhou Bay, a semienclosed bay extending inland, is located on the southern coast of
the Shandong Peninsula in China and connects to the Yellow Sea. The bay covers nearly
473 km?, with an average depth of approximately 7 m and a maximum depth of 64 m. The
region experiences a mild temperate monsoon climate with distinct oceanic characteristics,
an average annual temperature of 12.2 °C, and an average annual rainfall of 776 mm [35].
The Jiaozhou Bay coastal wetlands are the largest estuarine bay-type wetlands in the
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Jiaodong Peninsula, nourished by major rivers such as the Dagu, Baisha, Licun, Moshui,
and Haipo Rivers. The wetlands in Jiaozhou Bay include salt marshes and seagrass beds.
Important wetland plants include Spartina alterniflora in the salt marshes and Zostera
marina in the seagrass beds. These plants play critical roles in sediment stabilization,
coastal protection, and providing habitat for various wildlife species.

In recent years, land use and cover patterns in Jiaozhou Bay have been significantly
altered due to accelerated urbanization. The continuous advancement of the land boundary
into the bay has led to changes in tidal flat wetlands and a decline in the ecological quality
of the coastal zone [36]. This investigation focuses on Jiaozhou Bay and its surrounding
areas. Due to significant changes in the coastline in recent years [37], the land boundary
of the study area was determined based on the 1990 coastline. Initially, the study area
was determined based on the 1990 coastline and extended 10 km inland. For subsequent
years, the study area comprises the land boundary of the 1990 area combined with the
coastline of each respective year. While the overall study area remains largely consistent,
slight variations occur due to changes in the coastline. The selection of this study area is
based on the guidelines provided in the “Concise Rules for the Comprehensive Survey
of Coastal Zone and Tideland Resources in China”, ensuring the rationality and scientific
basis of the chosen research area. The total area covered is approximately 1655 km?
(119.99° E-120.49° E, 35.89° N-36.35° N) (Figure 2) [38].
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Figure 2. Jiaozhou Bay’s terrain and location.

2.2. Data Sources
2.2.1. Source Information

This study includes the following data: (1) Remote sensing image data: Landsat series
data from Google Earth Engine (GEE) were selected, including Landsat 5 and Landsat
8 images with a resolution of 30 m and cloud cover of less than 10% for the years 1990, 2000,
2010, and 2020. These images underwent declouding and median synthesis operations, and
were subsequently integrated to create geometrically and atmospherically corrected remote
sensing image datasets. (2) CLCD dataset: This supplementary dataset, derived from the
Al Earth platform, includes nine categories: cropland, woodland, shrubs, grassland, water
bodies, snow, bare ground, impervious surfaces, and wetlands. Its overall accuracy exceeds
80% and it spans the years 1985 and 1990-2021, making it well suited for this analysis [39].
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(3) Meteorological data: Various meteorological data, including temperature, rainfall, solar
radiation, and sunlight duration, were used to evaluate the impact of climatic conditions on
regional carbon storage and sequestration. (4) Socioeconomic data: Population, GDP, and
nighttime light data were included to assess the impact of human activities and economic
development on ecosystem carbon storage. Detailed information and specific data sources
are provided in Table 1.

Table 1. Data preparation and data sources.

Data Type Scale Year Data Source
Landsat Raster 30m 1990, 2000, 2010, 2020 https:/ /earthengine.google.com/ (accessed on 20
October 2023)
https://zenodo.org/records /5210928 (accessed on
CLCD Raster 30m 1990-2020 25 October 2023)
NDVI Raster 1km 1990-2020 https://data.tpdc.ac.cn/ (accessed on 23 March 2024)
Raster 1 km 1990-1999 https:/ /zenodo.org/record /6295928 (accessed on 27
Monthly NDVI March 2024)
Raster 1 km 2000 https://www.resdc.cn/ (accessed on 27 March 2024)
Raster 250 m 2001-2020 https:// search.eeg;h;aﬁ;i;a.z%;z )/ search (accessed
MNDWI Raster 1 km 1990, 2000, 2010, 2020 https://data.tpdc.ac.cn/ (accessed on 23 March 2024)
Population Raster 1 km 1990, 2000, 2010, 2020 http:/ /data.europa.eu/ (accessed on 23 March 2024)
Temperature Raster 1 km 1990-2020 https://data.tpdc.ac.cn/ (accessed on 24 March 2024)
Rainfall Raster 1 km 1990-2020 https:/ /data.tpdc.ac.cn/ (accessed on 24 March 2024)
GDP Raster 1 km 1990, 2000, 2010, 2020 https:/ /www.resdc.cn/ (accessed on 25 March 2024)
DEM Raster 30 m - http://www.resdc.cn/ (accessed on 25 March 2024)
Nighttime lighting Raster 1 km 1990, 2000, 2010, 2020  https://data.tpdc.ac.cn/ (accessed on 25 March 2024)
Solar radiation Raster 8 km 1990-2016 https://data.tpdc.ac.cn/ (accessed on 28 March 2024)
Sunshine hours Digital Monthly 1990-2020 Statistical Yearbook

2.2.2. Data Processing

(1) Extraction of Information on Wetland Types in the Coastal Zone

The random forest is an ensemble learning technique used for various tasks, including
classification and regression. It operates by constructing a multitude of decision trees
during training and then outputting the majority category (for classification) or the mean
prediction (for regression) [40]. In this study, the decision tree model was built using a
random sampling method, with 80% of the data serving as training samples and 20% as test
samples. To classify wetland types in the coastal zone within the study area, we aggregated
the votes from all decision trees and selected the category with the majority of votes as the
final output [41].

Furthermore, utilizing the GEE platform, we applied the random forest algorithm
to extract wetland data for the coastal zone of Jiaozhou Bay across different time periods.
The wetlands were classified into four types: rivers, reservoirs, aquaculture ponds, and
mudflats. In recent years, fishery carbon sinks have gained attention as the “missing carbon
sink”, becoming a significant component of marine blue carbon [42]. Aquaculture ponds
were included in this study because Jiaozhou Bay is a renowned shellfish aquaculture base
in China. To improve classification accuracy, we used all available spectral bands and
six spectral indices as the basis for classification (Table 2). Additionally, we developed
the Aquatic Reflectance Enhancement Index (AREI), specifically designed to enhance the
accuracy and reliability of water body identification, thereby significantly improving the
resolution of complex water features.
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Table 2. Remote sensing indices used in the random forest algorithm.
Remote Sensing Index Formulas Description
_ (NIR - Red) The Normalized Difference Vegetation Index, which reflects
NDVI NDVI = ‘RiR+ Red) crop growth status information.
_ (Green—SWIR) The Modified Normalized Difference Water Index, which
MNDWI MNDWI = (Green + SWIR) enhances the detection of water bodies.
EVI EVI — (NIR—Red) The Enhanced Vegetation Index, which enhances vegetation
=25 x (NIR + 6 x Red — 75xBlue + 1) signals and reduce atmospheric interference.
BSI BSI = ngﬁg i gzg; jr Ex iﬁ i gzz; The Bare Soil Index, which identifies bare soil and urban areas.
IBI 1Bl — (2 x srftIRL (e + cre SR N o)) The Index of Building Ir}tens1ty, which identifies densely
R G Ny g S—— CREEN ) built-up areas.
SWIRT + NIR NIR + RED GREEN + SWIRT . . .
AREI AREI — SWIR1 + TIR + MIR — Blue — Green — NIR The Aquatic Reflectance Enhancement Index, which improves

the accuracy of water body identification.

Legend

(2) Construction of a Dataset to Fill Data Gaps Caused by Coastline Changes

Considering the potential impact of historical coastline changes on the dataset’s cover-
age, this study specifically focused on new areas that may have been uncovered by recent
activities such as land reclamation. By integrating 30 m resolution Landsat imagery from
2000 to 2020 with field research data and performing high-precision visual interpretation,
we utilized the classification post-processing tool in ENVI software (version 5.6) to accu-
rately fill in these uncovered or data-deficient areas. This process not only ensured the
completeness of the dataset but also enhanced its utility for land use classification. Ulti-
mately, we successfully constructed a land use map featuring nine types: rivers, reservoirs,
aquaculture ponds, mudflats, croplands, forests, grasslands, bare lands, and built-up areas
(Figure 3).

2000

)

o 15 30
O km

I River [] Reservoirs 1] Aquaculture ponds [l Mudflat [ Cropland Il Woodland [Z0] Grassland [ Bare land Il Built-up land

Figure 3. Land use types in Jiaozhou Bay (1990-2020).
2.3. Methods

This study integrates remote sensing data, land use data, and ecosystem service
models to assess the spatiotemporal patterns of carbon storage and identify driving factors
in the coastal zone of Jiaozhou Bay from 1990 to 2020. High-quality remote sensing data,
such as Landsat imagery, have been available since 1990, making this period suitable for
comprehensive analysis. Over these three decades, Jiaozhou Bay has undergone significant
urban expansion and land use changes [36]. Additionally, this timeframe coincides with
the availability of crucial socioeconomic data, such as GDP and population density, which
are essential for a detailed analysis of the factors influencing carbon storage. By covering
a 30-year period, this study aims to identify long-term trends and variations, providing
valuable insights for sustainable land management and ecological protection strategies.
This study employed InVEST model version 3.14.0 and GeoDetector version 2015.
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2.3.1. InVEST Model

The InVEST model’s carbon storage module is used to estimate the carbon storage
and sequestration potential of different landscapes. This module quantifies carbon stored
in various pools, including above-ground biomass, below-ground biomass, soil organic
matter, and dead organic matter [40]. This study utilized the InVEST model to calculate
changes in carbon storage in Jiaozhou Bay by using land use data and carbon density tables.
The calculation of carbon storage is based on the following formula:

Ci = Ciﬁabove + Ciﬁbelow =+ Ciﬁsoil + Ciﬁdead (1)

where C;, C; apoves Ci betowr Ci_soit, and C;_ 4054 denote the average carbon densities in mega-
grams per hectare (Mg/ha) for the total organic carbon pool, above-ground biomass,
below-ground biomass, soil organic matter, and dead organic matter for the i-th land-use
type, respectively. Parameter information is provided in the Supplementary Materials.

2.3.2. Improved CASA Model

The CASA model is a process-based remote sensing model used to estimate NPP and
carbon sequestration services. It is advantageous due to its requirement for few input
parameters, high data accessibility, and low error rates [43]. In this study, an improved
CASA model [44] was employed, incorporating vegetation cover classification to enhance
NPP estimation accuracy. The NPP calculation is based on the following formula:

NPP(x,t) = APAR(x,t) x e(x, t) ()

where APAR(x, t) denotes the photosynthetically active radiation absorbed by pixel x in
month ¢ (M]m_zmonth_l) ,and e(x, t) denotes the actual light energy utilization of pixel x

in month t(gC/M]J). The absorbed photosynthetically active radiation (APAR) is calculated
using the following formula:

APAR(x,t) = SOL(x,t) x FPAR(x,t) x 0.5 3)

where SOL(x, t) denotes the total solar radiation at pixel x in month ¢ (M]m_zmonthfl) ,

and FPAR(x,t) is the fraction of incident photosynthetically active radiation absorbed by
the vegetation layer [45].

Light energy utilization is influenced by the maximum light energy utilization €4y,
temperature, and precipitation [43]. It is calculated as follows:

e(x, 1) =Te(x, t) X Tea(x, t) X We(x, £) X €max 4)

where T (x, t) and T (x, t) represent the stress effects of low and high temperatures on
light energy utilization, respectively; We(x, t) denotes the coefficient of moisture stress
influence; and €4y represents the maximum light energy utilization of vegetation under
ideal conditions. Parameters values for different land use types are based on the existing
studies and are shown in Table 3 [44].

Table 3. Maximum light use efficiency (e;qx) for different land use types.

land Use Type

Cropland

Forest Shrub Grassland Water Sonw/Ice Bare Land Impervious Wetland

Emax

0.542

0.389 0.429 0.542 0.542 0.542 0.542 0.542 0.542

Note: &4y represents the maximum light use efficiency; all values are unitless.
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Based on the CASA model for calculating NPP, the vegetation carbon sequestra-
tion model was used to estimate the annual carbon sequestration in Jiaozhou Bay. The
calculation formula is as follows:

C=AxkxY NPP; (5)

where C denotes the total annual carbon sequestration (Mg/year) in the study area, NPP;
denotes the annual net primary productivity (gC/m?/year) of the i-th raster, A is the area
of the raster, 7 is the total number of rasters, and k is the conversion coefficient between
NPP and carbon sequestration.

2.3.3. Spatial Heterogeneity and Correlation Analysis Methods

GeoDetector is a statistical tool used to detect the spatial heterogeneity of geographical
phenomena and their driving factors [46]. It is based on the fundamental assumption that if
there is a significant correlation between an independent variable and a dependent variable,
then these variables should exhibit similar spatial distributions [47,48]. The GeoDetector
consists of four detectors: factor detector, interaction detector, risk detector, and ecological
detector. In this study, the factor detector and interaction detector were used to explore the
factors influencing the spatial distribution of carbon storage [49].

The factor detector uses the g-statistic to assess the explanatory power of each influ-
encing factor on carbon storage. The g-statistic is calculated as follows:

(6)

where g represents the explanatory power of the influencing factor on carbon storage; & h
denotes the stratification of the influencing factor; N represents the total carbon storage in
the entire region, and Nj, represents the carbon storage within a specific stratum #; (f,f and
o2 represent the variance within stratum / and the entire study area, respectively. Larger q
values indicate greater explanatory power [50].

Since the GeoDetector model requires discretized data, the resolution of different
datasets was standardized, and factor variables were classified into six classes using the
natural breakpoint method [46,49]. The Fishnet tool was used to generate numerical
sampling points and extract the values of both the independent and dependent variables
as input data for the GeoDetector model.

The interaction detector evaluates whether the interaction between two factors in-
creases or decreases their explanatory power on the dependent variable [51]. By comparing
the g-statistics of the factors detected individually and interactively, the assessment re-
sults can be categorized into five types. Table 4 presents the five categories of factor
interactions [49].

Table 4. Interaction types of the factors driving the spatial differentiation of carbon storage.

Interaction Type Judgment Criteria
Nonlinear attenuation (X1 N Xp) <minfg(X7), 9(X2)]
Univariate nonlinear attenuation min[q(X1), (X2)] < (X1 N Xy) < max[g(X1),q(X2)]
Bivariate enhancement g(X1 N Xp) > max[q(X1), q9(X3)]
Nonlinear enhancement q(X; N Xp) > q(X7) +9(X2)
Independent g(X1 N X2) =q(X1) +9(X2)

Note: X1 and X2 are the influencing factors; g(X1) and q(X2) represent the influences of factors X1 and X2 on
the spatial differentiation of carbon storage, respectively; q(X1MX2) represents the influence of the interaction
between factors X1 and X2 on the spatial differentiation of carbon storage.

Pearson correlation analysis was also used to assess the linear relationships between
different factors influencing carbon storage. Pearson correlation measures the strength
and direction of the linear relationship between two continuous variables, with correla-
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tion coefficients ranging from —1 to 1. Positive coefficients indicate a direct relationship,
while negative coefficients indicate an inverse relationship. This method complements the
findings from GeoDetector [52].

3. Results
3.1. Characteristics of Spatial and Temporal Variations in Carbon Storage

In terms of total amount, the overall carbon storage in the coastal zone of Jiaozhou
Bay exhibited a year-by-year decreasing trend from 1990 to 2020. The carbon storage
decreased from 5.59 x 10° tC in 1990 to 4.62 x 10° tC in 2020, a reduction of 17%, totaling a
decrease of 9.7 x 10° tC. Among these, the total carbon storage of wetland types decreased
most significantly, from 4.66 x 10° tC in 1990 to 2.97 x 10° tC in 2020, a reduction of 36%
(Figure 4). The decadal reduction rate of the total carbon storage in the coastal zone of
Jiaozhou Bay gradually decreased, from 9.8% in 1990-2000 to 3.5% in 2010-2020. Further
analysis reveals that the year 2000 marks a significant turning point. Taking 2000 as the
boundary, the total carbon storage reduction in the first decade (1990-2000) was 1.3 times
the total reduction in the following two decades (2000-2020). This indicates that the carbon
storage decline was more severe in the earlier period, while the rate of decline moderated
after the 21st century began.

=" Carbon storage change/t

Figure 4. Change of carbon storage in Jiaozhou Bay (1990-2020).

In terms of the average annual rate of change, the average annual reduction in carbon
storage was 5.50 x 10* tC in the period 1990-2000, 2.51 x 10* tC in the period 2000-2010,
and 1.67 x 10* tC in the period 2010-2020. This indicates that the carbon storage decreased
at the fastest rate in the first decade, while the rate of reduction significantly slowed in the
later periods. Notably, in the period 2010-2020, the average annual reduction dropped to
about one-third of the rate in the previous decade. Overall, both the total carbon storage in
the coastal zone and the wetland carbon storage show a decreasing trend, but the rate of
decrease is gradually narrowing, indicating a slowing trend in carbon loss.

In terms of spatial changes, the carbon storage in the coastal zone of Jiaozhou Bay
exhibits significant spatial heterogeneity. The area along the bay is dominated by artificial
land surfaces, heavily influenced by human activities. As a result, the carbon storage in this
area remains low, classifying it as a low-carbon zone. From 1990 to 2020, the low-carbon
zone expanded annually, spreading from the coastal area, gradually fragmenting and erod-
ing the integrity of the high-carbon zones. This expansion caused a significant reduction in
high-carbon zones, which retreated inland and became increasingly fragmented (Figure 4).
Specifically, the high-carbon zones were distributed in patches and bands in the eastern
and southwestern parts of the study area, located at relatively high elevations, mostly
mountainous regions, with lush and diverse vegetation providing a rich source of soil
organic carbon. The highest carbon density in these areas could reach 116.62 Mghm 2. In
contrast, the low-carbon areas were mainly distributed along the coast of Jiaozhou Bay,
comprising built-up areas and aquaculture ponds, with the lowest carbon storage values at
only 12.49 Mghm 2. From the perspective of spatial pattern changes, the period from 1990
to 2000 saw significant shifts, primarily with medium-high-carbon areas transitioning to
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low-carbon areas in the eastern part of the study region, and the gradual loss of dominance
of medium-carbon areas. From 2000 to 2010, the spatial pattern became further fragmented,
with low-carbon areas surpassing medium-carbon areas for the first time and becoming the
dominant type. Between 2010 and 2020, the spatial pattern stabilized, the rate of change
slowed, and the ecological environment gradually stabilized. Overall, the carbon stor-
age in the coastal zone of Jiaozhou Bay shows clear spatial differentiation characteristics.
High-carbon areas are gradually decreasing and retreating inland, while low-carbon areas
are expanding, fragmenting, and eroding the integrity of high-carbon areas, leading to
their fragmentation. This trend reflects the dynamic and complex nature of the spatial
distribution of carbon storage.

In terms of the trend of change, from 1990 to 2020, the carbon storage in the coastal
zone of Jiaozhou Bay exhibited significant regional characteristics, characterized by large-
scale aggregation and sporadic distribution. Among them, 74.13% of the areas had carbon
storage that remained basically stable, 24.85% of the areas experienced significant decreases,
and only 1.02% of the areas showed an increasing trend in carbon storage. The regions with
significant decreases in carbon storage are widely distributed, mainly in noncoastal regions
that have experienced dramatic urban expansion. In contrast, the areas with increasing
carbon storage are smaller and scattered in the northern and western parts of the Jiaozhou
Bay coastal zone. Carbon storage remains stable in most areas, especially in the coastal
regions, which exhibit better integrity and stability. This suggests that in terms of the
ecological environment, the coastal areas show strong stability (Figure 5).
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Figure 5. Carbon storage variations in Jiaozhou Bay (1990-2020).

3.2. Characteristics of Spatial and Temporal Variations in Carbon Sequestration

From 1990 to 2016, the annual carbon sequestration in the coastal zone of Jiaozhou Bay
exhibited notable volatility and an overall downward trend. The annual carbon seques-
tration decreased from 203.56 Mg/year to 131.36 Mg/ year, with significant interannual
fluctuations during this period. Notably, the annual carbon sequestration peaked in 1992
at 242.02 Mg/ year, which is 2.28 times the annual carbon sequestration in 2003. However,
there was a marked decline after this peak, especially during the 1990s (Figure 6).

In terms of long-term trends, total annual carbon sequestration experienced a rapid
decline from 1990 to 2000, falling from its peak to 110.45 Mg/year by 2000, almost halving.
This dramatic decline indicates that environmental changes or human activities significantly
impacted annual carbon sequestration levels during this decade. After this rapid decline,
the drastic downward trend in annual carbon sequestration was effectively curbed. From
2000 to 2010, annual carbon sequestration fluctuated but remained relatively stable overall,
with minor fluctuations, maintaining a range between 110 and 162 Mg/year. From 2010 to
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2016, annual carbon sequestration continued to show minor fluctuations and a tendency
to rebound, maintaining a range between 111 and 142 Mg/year. This indicates that the
ecosystem’s carbon sequestration capacity reached a relatively stable state with a rising
trend during this period.

Changes in Carbon Sequestration in Jiaozhou Bay from 1990 to 2016
300

R?=0.585

250

200

100

Carbon sequestration (Mg/year’

1990 1995 2000 2005 2010 2015
Year

Figure 6. Carbon sequestration variations in Jiaozhou Bay (1990-2016).

In terms of the average annual rate of change, average annual carbon sequestration
decreased by 9.31 Mg/year during the period 1990-2000, showing a clear downward trend.
However, during the period 20102016, the average annual carbon sequestration increased
slightly by 0.46 Mg/year. This indicates that, after a drastic decrease in the 1990s, the
annual carbon sequestration of the vegetation in the coastal zone of Jiaozhou Bay gradually
stabilized and showed a slow rebound in the 21st century. This trend suggests that the
carbon sequestration capacity of the ecosystem has gradually recovered after the initial
sharp decline and has made some progress in recent years. This rebound also reflects
the effectiveness of ecological protection measures, indicating that the implementation
of environmental management and protection efforts has positively impacted the carbon
sequestration capacity of ecosystems during this period.

In terms of spatial changes, the Mann—-Kendall test results (Figure 7) indicate that in
the coastal zone of Jiaozhou Bay, the annual carbon sequestration remained relatively stable
in most areas, with no significant changes in about 68.0% of the areas. However, about
32.0% of the areas showed a significant decreasing trend in annual carbon sequestration.
These areas with significant decreases are mainly concentrated in the northern part of the
coastal zone, which is relatively flat and has experienced the most drastic urban expansion.
Additionally, some areas with decreasing annual carbon sequestration are sporadically
distributed throughout the study area. The areas where annual carbon sequestration
remained relatively stable are spread throughout the entire coastal zone of Jiaozhou Bay,
particularly concentrated on the west and east coasts. However, these two shores exhibit
completely different development patterns: the west coast has maintained a relatively
good natural ecological environment with relatively little urban expansion during the
social development from 1990 to 2020, while the east coast has been under high-intensity
development with a very high urbanization rate during this 30-year period. Further analysis
revealed that 49.0% of the areas with significant decreases in annual carbon sequestration
were located in urban expansion areas. This indicates that the urbanization process has
significantly impacted the ecological environment of the coastal zone of Jiaozhou Bay,
reducing its carbon sequestration capacity. Overall, although annual carbon sequestration
remained stable in most areas, the negative impacts of land use change and ecological
damage caused by urbanization on annual carbon sequestration should not be ignored.
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Figure 7. MK test results for carbon sequestration (1990-2016).

4. Discussion
4.1. Factors Affecting Carbon

The factors affecting carbon storage in the coastal zone are variable and complex,
and studies have shown that natural environmental factors and human activities exert
varying degrees of influence on coastal carbon storage [53]. In this study, nine natural
environmental factors and four socioeconomic factors were selected for in-depth analysis.
These natural environmental factors include elevation (DEM), distance from the coast (Dco),
Modified Normalized Difference Water Index (MNDWI), Normalized Difference Vegetation
Index (NDVI), mean annual precipitation (Prec), slope (Slp), mean annual temperature
(Temp), extreme climate (EC), and temperature range (TR). The socioeconomic factors
include gross domestic product (GDP), night light index (NL), population density (PD),
and industrial structure (IS). Among these factors, temperature range (TR) indicates the
difference between the monthly average temperatures of the hottest and coldest months of
the year, while extreme climate (EC) reflects the difference between the highest and lowest
temperatures recorded during the year.

GeoDetector and Pearson correlation analysis are both valuable tools for analyzing
the factors influencing carbon storage, but they have distinct strengths and applications.
GeoDetector excels in detecting spatial heterogeneity and the interactions between fac-
tors, making it highly effective for understanding the complex spatial patterns of carbon
storage. It quantifies the explanatory power of each factor and their interactions, which is
particularly useful for spatially stratified phenomena.

On the other hand, Pearson correlation analysis measures the strength and direction
of linear relationships between continuous variables. It provides a straightforward method
to assess the correlations between factors influencing carbon storage. Pearson correlation is
easy to compute and interpret, making it suitable for initial exploratory analysis to identify
potential linear relationships between variables.

The results of this study (Table 5, Figures 8 and 9) show significant differences in
the explanatory power of various drivers on carbon storage changes. The p-values for all
detected factors were less than 0.01, confirming their statistical significance. Among them,
NDVI exhibited the highest g-statistic value of 0.289, making it the dominant factor in
the region. This underscores the crucial role of vegetation cover in carbon sequestration
capacity, as vegetation fixes carbon dioxide in biomass through photosynthesis. Higher
NDVI values indicate dense vegetation and strong carbon sequestration capacity. Therefore,
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the higher the NDVI value, the greater the carbon storage. Pearson correlation analysis
supports this, showing a strong positive correlation between NDVI and carbon storage
(r = 0.453 to 0.564 across different years). Vegetation not only absorbs and stores carbon but
also increases the organic carbon content in the soil through roots and litter, maintaining
the carbon balance of the ecosystem. Studies have shown that wetlands, such as mangroves,
swamps, and marshes, store significantly more carbon compared to other ecosystems
due to their dense vegetation and biomass. For instance, Mexican wetlands have been
documented to store 13, 7, 6, and 5 times more carbon than terrestrial ecosystems [54].

Table 5. Explanatory power (q) and significance (p) of single factors for carbon storage.

Factors DEM Dco GDP NL MNDWI NDVI PD Prec Slp Temp IS EC TR
g-statistics 0.032 0.030 0.120 0.082 0.235 0.289 0.075 0.040 0.018 0.079 0.099  0.089 0.040
p-value 0 0 0 0 0 0 0 0 0 0 0 0 0
Note: Dco indicates distance from coast; NL represents nighttime light; PD measures population density; Prec
quantifies precipitation; Slp denotes slope; Temp reflects temperature; IS indicates industrial structure; EC
measures extreme climate, and TR captures temperature range.
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Figure 9. Pearson correlation coefficients between carbon storage and influencing factors: Bub-
ble size represents correlation strength, red indicates negative correlations, and blue indicates
positive correlations.



Land 2024, 13, 1208

14 of 24

Second, MNDWTI also had a significant effect on carbon storage, reflecting the im-
portance of moisture conditions on ecosystem carbon storage. The MNDWTI indicates
the distribution of water in the region. Good water conditions are crucial not only for
vegetation growth and increased coverage but also for supporting microbial activity, which
accelerates organic matter decomposition and soil carbon formation. Pearson correlation
analysis indicates a negative correlation between MNDWI and carbon storage (r = —0.434 to
—0.366), suggesting that while good moisture conditions support carbon storage, excessive
water might negatively impact it through other means.

Natural factors such as Temp, EC, and TR affect the temperature conditions for plant
growth and climate stability, respectively. Suitable temperature conditions not only con-
tribute to the prosperity of vegetation and carbon fixation but also promote carbon cycling
in ecosystems. Extreme climates and large temperature ranges reflect climate stability;
frequent extreme climates and large temperature differences may lead to ecosystem degra-
dation, thus affecting the carbon sequestration efficiency of vegetation and the stability of
carbon storage [55,56]. Pearson correlation analysis shows negative correlations for Temp
(r=—-0.3to0 —0.392), EC (r = —0.070 to —0.184), and TR (r = —0.132 to 0.048), indicating that
higher temperatures and climate extremes negatively impact carbon storage.

Although the explanatory power of anthropogenic indicators such as GDP, PD, and
NL is relatively low, it remains significant. Among the anthropogenic factors, GDP has
the highest explanatory power, reflecting the intensity of economic and human activities,
including urbanization, industrial development, and infrastructure construction. These
factors have complex impacts on the formation and alteration of carbon storage in the
coastal zone. Economic development is usually accompanied by land use changes, such as
wetland degradation and urban expansion, which are associated with significant carbon
exchange and loss. Pearson correlation analysis indicates a negative correlation between
GDP and carbon storage (r = —0.205 to —0.147), supporting the notion that increased
economic activity may reduce carbon storage. Social activities promoting the sustainable
development of a green economy can also contribute to increasing carbon storage. The
NL and PD are also indicators of human activities. The difference is that NL reflects the
intensity of human activities, while PD reflects their concentration. In urbanized and
industrialized areas, higher NL values indicate frequent human activity, often accompanied
by reduced vegetation cover and increased soil erosion, which in turn affects carbon fixation
and storage. Similarly, high population density is often accompanied by land development
and construction activities, leading to reduced vegetation cover and ecosystem destruction,
resulting in a decline in carbon storage. Correlation analysis supports these observations
with negative correlations for NL (r = —0.22 to —0.239) and PD (r = —0.205 to —0.182).
The interaction between natural and socioeconomic factors plays a crucial role in carbon
storage. These interactions often result in nonlinear and synergistic effects that are more
significant than the sum of individual factors [54]. Economic activities, indicated by factors
such as GDP, population density, and night light, have complex impacts on carbon storage.
While economic development can lead to land use changes and reduced vegetation cover,
sustainable development practices can help mitigate these effects and enhance carbon
storage [57].

The average explanatory power of natural and socioeconomic factors was 9.46% and
9.38%, respectively, revealing the combined influence of natural and anthropogenic factors
on the spatial distribution of carbon storage in the coastal zone of Jiaozhou Bay. In general,
vegetation cover and moisture conditions are the main natural factors affecting carbon
storage, while the combined influence of socioeconomic factors should not be overlooked
despite their lower individual explanatory power. By analyzing these driving factors and
the mechanisms behind them in depth, we can better understand the changing patterns
of carbon storage and provide a scientific basis for the formulation of effective carbon
management and ecological protection policies.

In this study, the selected factors were interactively probed, and all interactions were
enhanced, indicating that the interaction between factors affects the spatial differentiation
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of carbon storage in a nonlinear and bifactorial manner. The complex coupling between
different factors influences the spatial differentiation of carbon storage, with 34 nonlinear
enhancements and 44 bivariate enhancements identified (Figure 10b).
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Figure 10. (a) Explanatory power of multifactor interaction detection (q); (b) type of interaction
detection, where red indicates nonlinear enhancement and yellow represents bivariate enhancement.

The results of this study (Figure 10a) show that the interaction between NDVI and
GDP in the coastal zone of Jiaozhou Bay produced the combination with the strongest ex-
planatory power for carbon storage in the study area, with a g-statistic value of 0.359. This
can be understood as changes in NDVI simultaneously enhancing the explanatory power
of GDP for regional changes in carbon storage. From 1990 to 2020, driven by economic de-
velopment, the urbanization rate in the coastal zone of Jiaozhou Bay increased from 29.83%
to 64.66%. Land use changes led to a decrease in vegetation cover from 50.35% to 25.97%,
which in turn affected the carbon storage in the study area. Additionally, the interactions of
NDVI, MNDWI, and GDP with other factors also yielded high g-statistic values.

This result suggests that the ecosystem of the coastal zone of Jiaozhou Bay is influenced
by the interaction of multiple factors, not simply by addition or independence, but through
nonlinear and bivariate enhancements. For example, the combination of vegetation cover
(NDVI) and economic activity (GDP) not only increases land use changes but also further
affects carbon storage by altering ecosystem structure and function. Additionally, the
interaction of moisture conditions (MNDWI) and vegetation cover also showed significant
effects. This interaction may affect carbon fixation and storage by influencing plant growth
and water use efficiency.

Such complex interaction mechanisms indicate that the effects of a single factor are
often amplified or altered in multifactor interactions, creating new ecological effects. For
example, in regions experiencing rapid economic development, even with high vegetation
cover, the carbon sequestration capacity of vegetation can be limited if water resources are
scarce. Similarly, in the context of climate change, changes in temperature and precipitation,
by affecting plant growth and soil moisture, can act in conjunction with socioeconomic
factors to alter the distribution and trends in carbon storage.

Opverall, carbon storage in the coastal zone of Jiaozhou Bay is influenced by the complex
coupling of natural and anthropogenic factors. This nonlinear enhancement and two-factor
enhancement effect emphasizes the importance of considering the combined effects of
multiple factors in ecosystem management. Understanding these interaction mechanisms
can help formulate more effective carbon management and ecological protection policies,
thereby better addressing the challenges of climate change and ecosystem change.



Land 2024, 13, 1208

16 of 24

4.2. Analysis of Factors Influencing Carbon Storage
4.2.1. Analysis of the Impact of LUCC on Carbon Storage

LUCKC is one of the key factors affecting ecosystem carbon sequestration services [58].
Converting cropland or wetlands to built-up areas can destroy soil and vegetation, releasing
large amounts of CO, into the atmosphere, thereby reducing the carbon sequestration
capacity of ecosystems. Additionally, the conversion of natural ecosystems to agricultural
ecosystems significantly reduces the soil’s carbon storage capacity [16,17]. For example,
converting forests and grasslands to agricultural land, or wetlands to agricultural land,
disturbs the soil and vegetation, resulting in the loss of carbon storage and nutrients [59].

According to the results of this study (Figures 4 and 11), the conversion of land use
types in the study area led to significant changes in carbon storage. From 1990 to 2020,
land use types in the coastal zone of Jiaozhou Bay changed significantly. The expansion
of built-up land and the substantial decrease in the cropland and aquaculture ponds
were particularly prominent. The built-up land increased by 410.40 km?, primarily due
to the decrease in the area of cropland and aquaculture ponds. Cropland decreased by
248.21 km?, especially between 2000 and 2010, and the area of aquaculture ponds decreased
by 85.49 km?. This study showed that the reduction in the area of cropland and woodland
led to significant carbon storage loss, accounting for 86.98% and 5.33% of the total carbon
storage loss, respectively, while the conversion of aquaculture ponds to built-up land
contributed to 60.75% of the increase in carbon storage. The average contributions of
different land use types to the total carbon storage in the study area, in descending order,
were cropland, built-up land, woodland, mudflat, aquaculture pond, grassland, reservoirs,
river, and bare land. Notably, cropland was the largest contributor to carbon storage in
the coastal zone of Jiaozhou Bay between 1990 and 2010. However, by 2020, built-up land
surpassed cropland as the top contributor to carbon storage. This is mainly due to the
continuous expansion of built-up land encroaching on cropland from 1990 to 2020, leading
to a continuous decline in cropland carbon storage and a continuous increase in the carbon
storage contribution of built-up land. Despite the lower carbon density of built-up land,
their carbon storage contribution value rose to the top position because they occupy the
highest absolute share in the study area. The combined average total carbon sequestration
of cropland and built-up land accounted for 80.49% of the total carbon sequestration in the
coastal zone of Jiaozhou Bay.

I Reservoirs [l Aquaculture ponds Mudflat [l Cropland [l Woodland Grassland Bare land [l Built-up land

Figure 11. Transfer matrix of land use per decade in Jiaozhou Bay (1990-2020). (a) Transfer matrix of
land use during 1990-2000; (b) transfer matrix of land use during 2000-2010; (c) transfer matrix of
land use during 2010-2020.

In addition to cropland and built-up land, which occupy the largest share of the area,
woodlands and mudflats, although smaller in area, make significant contributions to the
carbon storage in the coastal zone of Jiaozhou Bay due to their higher carbon density
values. Despite the small total area of reservoirs, their contribution to carbon storage
rose from seventh to fifth, highlighting their increasing importance in the coastal zone
ecosystem of Jiaozhou Bay. This increase is due to the creation of many artificial reservoirs
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between 1990 and 2020, which expanded their area and, thus, significantly increased
their contribution to carbon storage. Furthermore, natural ecosystems such as rivers,
woodlands, and grasslands also underwent significant changes during these 30 years, with
approximately 13.2% of these natural ecosystems (including rivers, reservoirs, mudflats,
woodlands, and grasslands) being converted into cropland, leading to a loss of soil carbon
(Figure 11).

Overall, land use changes in the study area have had a profound impact on carbon
storage. Cropland and built-up land dominate the carbon storage contribution, while other
types such as woodland, mudflats, and reservoirs, although smaller in area, still contribute
significantly to the regional carbon storage due to their high carbon density. This study
shows that rational planning of land use is crucial for enhancing the carbon sequestration
capacity of ecosystems.

4.2.2. Impact of Climate on Carbon Storage

Climate factors significantly influence the spatiotemporal distribution of carbon stor-
age in coastal zones. Climate affects hydrothermal conditions, which in turn influence the
decomposition rate of vegetation litter, ultimately impacting soil organic carbon content.

GeoDetector results indicate that climate factors, especially temperature, have a sub-
stantial impact on carbon storage in coastal zones (Figure 8). This finding is corroborated
by Pearson correlation analysis. Temperature shows a moderate explanatory power (g-
statistic = 0.073 to 0.116), and Pearson correlation analysis reveals a negative correlation
between temperature and carbon storage (r = —0.3 to —0.392) (Figure 9). This suggests that
rising temperatures negatively affect carbon storage, likely due to limitations on vegetation
growth and increased soil microbial respiration caused by higher temperatures, leading to
a reduction in carbon storage.

Furthermore, precipitation and its spatial distribution also influence carbon storage
to some extent. Pearson correlation analysis shows that precipitation and carbon storage
can be both positively and negatively correlated, indicating that while adequate moisture
conditions support vegetation growth and carbon storage, excessive rainfall can lead
to waterlogging, negatively impacting soil structure and microbial activity, and thereby
reducing carbon storage.

Extreme climate events and temperature range also have significant explanatory
power regarding carbon storage. Generally, both EC and TR show a negative correlation
with carbon storage, indicating that extreme temperatures and temperature fluctuations
can destabilize carbon storage. GeoDetector results confirm these findings, with extreme
climate events and temperature range showing moderate explanatory power.

4.2.3. Impact of Economic Factors on Carbon Storage

Based on Pearson correlation analysis, GDP, NL, and PD all show negative correlations
with carbon storage. An increase in GDP typically indicates heightened industrial activities,
urban expansion, and infrastructure development, all of which involve significant land use
changes. The night light index serves as a proxy for human activity intensity and is highly
correlated with population density.

From 1990 to 2020, the expansion of built-up areas was a major trend in the region
(Figure 11), leading to substantial vegetation loss and soil carbon depletion. Similarly,
areas with high human activity density often exhibit lower carbon storage due to land use
changes and habitat destruction, negatively impacting carbon storage.

GeoDetector results confirm the significant impact of economic factors and human
activities on carbon storage (Figure 8). These findings underscore the importance of
considering economic growth and human activity in carbon management strategies.

In conclusion, economic factors significantly impact carbon storage in coastal ecosys-
tems. Sustainable economic growth, efficient land use planning, and conservation policies
are essential to enhance carbon storage and maintain ecological balance in coastal zones.
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4.3. Comparison of InVEST and Improved CASA Models

NPP is the net amount of carbon dioxide fixed by plants through photosynthesis
minus the carbon released by respiration [60]. It is a sensitive indicator of climate and envi-
ronmental change and is closely related to carbon storage. The magnitude of NPP directly
determines the rate of carbon sequestration by plants, thus affecting the carbon storage
capacity of ecosystems. In this study, we calculated the carbon storage and annual NPP
of the coastal zone of Jiaozhou Bay from 1990 to 2020 and from 1990 to 2016, respectively,
using the In'VEST model and the improved CASA model, and converted the annual NPP to
carbon sequestration.

The results showed that the trends of carbon storage changes and annual carbon
sequestration in Jiaozhou Bay were similar, and the trends and spatial distribution of
carbon storage and sequestration were highly consistent, indicating a strong correlation
between ecosystem productivity and carbon storage in the coastal zone of Jiaozhou Bay.
Under the pressure of environmental changes and human activities, the health of the
ecosystem continues to deteriorate. From 1990 to 2020, the carbon storage showed a
decreasing trend, with the rate of decline gradually decreasing. Although the data on
annual carbon sequestration only cover the period from 1990 to 2016, the decreasing trend
is consistent with the change in carbon storage. This pattern coincides with the change in
cultivated land area in Qingdao, which decreased from 102 km? per decade to 52 km? per
decade during the same period. This shows that the region has transitioned from rapid
urbanization, which led to the encroachment of a large amount of arable land, and to the
implementation of the “Protect the Bay and Develop around the Bay” strategy by Qingdao
in 2007, aimed at protecting the ecological environment. In recent years, conservation
measures in the coastal zone of Jiaozhou Bay have achieved remarkable results, and the
trends in carbon storage and annual carbon sequestration indicate that the ecological
environment is stabilizing.

Although both the InVEST model and the improved CASA model are based on LUCC
data, there are significant differences in modeling principles and applications. The InVEST
model excels at comprehensively assessing ecosystem carbon sequestration capacity by
quantifying the carbon in various carbon pools. However, its accuracy depends on exhaus-
tive carbon pool data, and it has a limited ability to reflect the complexity of ecosystem
carbon sequestration mechanisms. In contrast, the CASA model, as a process-based remote
sensing model, has advantages in data availability and parameter inputs, but its ability to
accurately estimate carbon sequestration in small areas is weaker, particularly due to its
high requirements for accuracy in land use classification and parameters [61,62]. Therefore,
for estimating carbon storage and annual carbon sequestration in small areas, more mature
ecosystem service valuation models like the InVEST model may provide more accurate
results than the CASA model, better reflecting the region’s carbon storage and productivity.

Comparing Figures 5 and 7, it can be seen that both the distribution of carbon storage
changes calculated using the InVEST model and the distribution of carbon sequestration
changes calculated using the CASA model show that the vast majority of the area remained
relatively stable, with a small portion experiencing significant decreases in carbon storage
and sequestration, and only 1% showing an increasing trend in carbon storage. This spatial
pattern indicates that the carbon sequestration capacity of the coastal zone ecosystem in
Jiaozhou Bay is experiencing a rapid decline. Further analysis revealed that areas with
declining carbon storage and sequestration were mainly concentrated in zones with drastic
urbanization and land use changes. Especially in areas with frequent urban expansion,
industrial development, and agricultural activities, these human activities have led to
significant vegetation destruction and soil carbon loss, thereby markedly reducing the
carbon storage capacity and ecosystem service function of the region. Overall, the decline
in carbon storage and sequestration capacity in the coastal zone of Jiaozhou Bay reflects
serious challenges facing the regional ecosystem. To reverse this trend, there is an urgent
need to strengthen the ecological protection and restoration efforts in the Jiaozhou Bay
coastal zone.
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4.4. Limitations of This Study and Future Directions

Within the context of this study, the following limitations should be pointed out and
could be further explored in future studies. First, there may be some uncertainties in the
remote sensing data and other datasets used in this study due to data availability and
resolution limitations. For example, the calculation of annual carbon sequestration was
limited to 19902016 due to the lack of solar radiation data from 2017-2020. Additionally,
errors might be present in the calculation of annual carbon sequestration because the
monthly NDVI data were obtained from three different sources. Furthermore, although the
random forest and CASA models showed relatively good classification and estimation in
this study, the accuracy and generalization ability of the models were constrained by data
quality. It should also be noted that, although GeoDetector can reveal the relationships and
interactions between carbon storage and the influencing factors, it is limited in the ability
to explore complex nonlinear relationships and spatiotemporal distributions.

Another significant limitation of this study arises from the dynamic nature of the coast-
line in the Jiaozhou Bay area. Over the years, natural processes such as erosion, sediment
deposition, and sea-level rise, along with anthropogenic activities like land reclamation and
infrastructure development, have led to changes in the coastline. Consequently, the shape
and area of the study region have experienced slight variations over time. For instance, the
study area was initially determined based on the 1990 coastline and extended 10 km inland.
The study areas for 2000, 2010, and 2020 were determined by combining the land boundary
of the 1990 study area with the coastline of each respective year. These adjustments in
the study area’s boundaries lead to minor variations in the total area covered each year.
This results in the carbon storage calculations not being strictly based on the same area,
introducing an element of uncertainty in the total carbon storage estimates.

Future research will focus on the following aspects: First, with the continuous devel-
opment and advancement of remote sensing and geographic information, datasets with
higher spatial and temporal resolution should be used to improve the accuracy and reliabil-
ity of the research. Second, more advanced machine learning algorithms and ecological
assessment models should be explored to enhance the accuracy of land use classification
and carbon storage estimation. Additionally, a deeper investigation into the mechanisms
affecting ecological changes and carbon storage dynamics, especially the combined effects
of socioeconomic development and climate change on coastal carbon storage, will better aid
in assessing and predicting the trends of spatiotemporal changes in carbon storage. Finally,
emphasis should be placed on researching ecosystem restoration and management strate-
gies, evaluating the impacts of various conservation measures on ecosystem health and
carbon storage, thereby providing a basis for the formulation of more effective ecological
protection policies.

5. Conclusions

This study, leveraging remote sensing data, employs the InVEST model and CASA
model to conduct a comprehensive quantitative analysis of carbon storage and annual car-
bon sequestration in the coastal zone of Jiaozhou Bay from 1990 to 2020. By evaluating the
spatial and temporal changes in these parameters, this study uncovers the driving factors
behind these variations and provides crucial insights for the sustainable development and
ecological protection of Jiaozhou Bay. The key conclusions drawn from this research are
as follows:

(1) From 1990 to 2020, carbon storage and annual carbon sequestration in the coastal
zone of Jiaozhou Bay experienced a notable decline, which has shown signs of stabilization
in recent years. This trend underscores the profound impact of urbanization on land use
patterns, transitioning from a focus on rapid economic development to prioritizing ecologi-
cal protection. This study highlights the critical role of vegetation cover (NDVI) and water
bodies (MNDWI) in regional carbon storage, emphasizing the need to maintain ecological
integrity for effective carbon sequestration. Policymakers are increasingly integrating envi-
ronmental considerations into economic development decisions, aiming to strike a balance
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between growth and sustainability. Socioeconomic factors such as GDP and population
density (PD), though less directly impactful on carbon storage, significantly influence land
use patterns and carbon storage dynamics.

(2) Over the past three decades, Jiaozhou Bay has seen substantial land use changes,
particularly an increase in built-up areas and a decrease in cultivated land and wetlands.
The proportion of built-up areas surged from 29.83% to 64.66%, encroaching on croplands
and wetlands, key sources of carbon storage. These changes highlight the immense pressure
from human activities on the ecological service system. Government agencies must address
the conflict between economic development and ecological protection, particularly in
rapidly urbanizing areas, by protecting high-value carbon storage regions and rationalizing
land use spatial layouts.

(3) Model comparison and integration: The comparison between the InVEST and
CASA models reveals a high degree of consistency in the spatial and temporal trends of
carbon storage and annual carbon sequestration. The IN'VEST model excels in quantifying
carbon in various pools, providing detailed insights into an ecosystem’s carbon sequestra-
tion capacity. In contrast, the CASA model offers high-precision ecosystem productivity
assessments using remote sensing technology. The integration of these models enhances
the accuracy and reliability of carbon storage assessments, offering robust data support for
ecosystem management and policy formulation. Future research should continue to refine
the integrated application of these models to further enhance the credibility of ecosystem
carbon storage assessments.

(4) This study underscores the necessity of comprehensive land remediation, which
requires balancing ecological and economic considerations. Policymakers should priori-
tize the establishment of protected areas in regions with high carbon storage potential to
prevent further degradation and promote natural carbon sequestration processes. Land
use planning policies should integrate carbon storage considerations, restricting urban
expansion in high-carbon areas and promoting green infrastructure in urban environments.
Economic incentives, such as payments for ecosystem services (PES), tax breaks, or subsi-
dies for sustainable agricultural practices, should be introduced to encourage conservation
and restoration activities. Establishing robust monitoring and evaluation frameworks is
crucial for tracking the effectiveness of land remediation strategies. By implementing these
targeted actions, policymakers can enhance the resilience of coastal zones, promote sustain-
able development, and achieve a harmonious balance between environmental protection
and economic growth.

In conclusion, the findings of this study highlight the intricate relationship between
land use changes, human activities, and carbon storage dynamics in coastal zones. By
adopting a holistic approach to land management and policy formulation, it is possible to
enhance regional carbon storage capacity, contribute to global climate goals, and ensure
sustainable development for future generations.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/1and13081208/s1, Table S1: Carbon density of Jiaozhou Bay
Mg/ hm?); references [20,63—69] are cited in the Supplementary Materials.

Author Contributions: Conceptualization, Q.G.; methodology, Q.G. and L.Z.; software, L.Z.; vali-
dation, Q.G.; formal analysis, L.Z.; investigation, L.Z.; resources, Q.G.; data curation, L.Z. and X.Z,;
writing—original draft preparation, L.Z.; writing—review and editing, Q.G.; visualization, L.Z., H.L.,
J.C. and T.M.; supervision, Q.G.; project administration, Q.G.; funding acquisition, Q.G. All authors
have read and agreed to the published version of the manuscript.

Funding: This research was funded by the National Natural Science Foundation of China (grant
number 42106215), the Natural Science Foundation of Shandong Province, China (grant num-
ber ZR2021QD064), and Fundamental Research Funds for the Central Universities (grant number
22CX06033A).

Data Availability Statement: The original contributions presented in this study are included in the
article and Supplementary Materials, further inquiries can be directed to the corresponding author.


https://www.mdpi.com/article/10.3390/land13081208/s1
https://www.mdpi.com/article/10.3390/land13081208/s1

Land 2024, 13, 1208 21 of24

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

Abbreviations

The following abbreviations are used in this manuscript:

LuCC Land use and cover change

CASA Carnegie Ames Stanford Approach

NEP Net ecosystem productivity

LPJmL Lund-Potsdam-Jena Managed Land model

InVEST  Integrated Valuation of Ecosystem Services and Trade-offs model

NPP Net primary productivity

CLCD Annual China Land Cover Dataset

AREI Aquatic Reflectance Enhancement Index
GEE Google Earth Engine

NDVI Normalized Difference Vegetation Index
DEM Digital elevation model

MNDWI  Modified Normalized Difference Water Index
EVI Enhanced Vegetation Index

BSI Bare Soil Index

IBI Index of building intensity

APAR Absorbed photosynthetically active radiation
FPAR Fraction of photosynthetically active radiation
SOL Total solar radiation

Dco Distance from the coast

Prec Mean annual precipitation

Slp Slope

Temp Mean annual temperature

EC Extreme climate

TR Temperature range

GDP Gross domestic product

NL Night light index

PD Population density

IS Industrial structure
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