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Abstract: Net primary productivity (NPP) is an important index with which to evaluate the safety
and quality of regional carbon sinks. Based on the improved CASA model, climate data, social data,
remote-sensing ecological data, and other multi-source data types, this article took a Chinese city,
Yangzhou, as the research object, used Theil–Sen medium-trend analysis and the Hurst index to ana-
lyze its spatial–temporal-evolution characteristics and future change trends, and used geographical
detectors to analyze the impact of climate, social, ecological, and other factors on the change in NPP
in the study area, with the intention of providing a theoretical exploration and practical basis for
achieving the “dual carbon” goals in the region. The results showed that the annual average NPP lev-
els of the vegetation in Yangzhou in the five sampling years were 445.343 gc/m2·a, 447.788 gc/m2·a,
427.763 gc/m2·a, 398.687 gc/m2·a, and 420.168 gc/m2·a, respectively, exhibiting a trend that first
decreases and then increases, with a slight overall decrease from 2000 to 2020. The area in which the
vegetation in Yangzhou had the higher grades of NPP increased by 203,874 km2, and an increase
of 321,769 km2 in the lower levels was observed. The NPP level of vegetation showed polarization,
with relatively high levels in the surrounding farmland and mountain–forest areas and relatively low
levels in densely populated urban areas. The ranking was highest in Baoying and lowest in Gaoyou.
From the average NPP of all the land types in the study area, the following trend was exhibited:
forest land > farmland > bare soil > impermeable surface > water. The future change in vegetation
NPP in Yangzhou City will mainly follow the trend of the past 20 years, with a slow decrease. The
NDVI (q = 0.728) and LUCC (q = 0.5601) were the leading driving factors of vegetation NPP change
in Yangzhou City, and the interaction effect of double driving factors was greater than that of single
driving factors.

Keywords: CASA model; the spatiotemporal variation in NPP; future trend prediction; geographic
detectors; driving factors

1. Introduction

With the acceleration of urbanization, CO2 emissions derived from urban development
activities, such as deforestation, land reclamation, and the large-scale extraction of fossil
fuels, have disrupted the original carbon balance of ecosystems, had a significant impact
on regional vegetation systems, and caused a series of environmental problems [1–3]. Net
primary productivity (NPP) not only reflects the impact of climate change, social activities,
and ecological factors on vegetation productivity to a certain extent but also serves as
an important ecological indicator for the sustainable development level of vegetation
ecosystems [4,5]. China has committed to reaching its carbon peak by 2030 and achieving
carbon neutrality by 2060 [6,7]. To achieve these goals, the trends in and driving factors of
NPP in different regions of China will be explored for sustainable low-carbon development.
The timely and accurate monitoring of the changing trend in NPP in a region and its leading
driving factors are crucial for low-carbon and sustainable development in the region. Since
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1960, scholars from various countries have begun to attach importance to the study of NPP.
The International Biological Program (IBP) conducted extensive measurements of plant NPP
from 1965 to 1974. The subsequent International Geo Biosphere Program (IGBP), Global
Change and Terrestrial Ecosystems (GCTE), the Kyoto Protocol, and others have identified
NPP research on vegetation as one of their core contents. After the signing of the Paris
Agreement in 2015, the estimation of vegetation NPP, its spatiotemporal differentiation
characteristics, and the analysis of its driving factors have become important research
topics [8].

The methods for estimating vegetation NPP comprise two categories: the measured-
biomass method and the model-estimation method. The former is a method based on
the on-site measurement of sample sites. Due to limitations in on-site conditions, it is
usually suitable for small-scale areas. For larger-scale research areas, model-estimation
methods are often used. With the development of remote-sensing and computer technology,
satellite remote-sensing images have been widely used for estimating NPP due to their
advantages of strong timeliness, convenient data collection, high efficiency, and large
coverage [9,10]. Due to the low resolution of early remote-sensing data sources, remote-
sensing-based NPP estimation methods were usually only applicable to large-scale spaces,
and the estimation results did not present sufficient spatial details. Due to factors such
as climate change and human interference, the fragmentation of vegetation systems is
becoming increasingly severe, and high-resolution remote-sensing images are particularly
important for estimating NPP. With the rapid development of remote-sensing technology,
there are currently abundant sources of high-resolution optical remote-sensing image data.
Landsat data are among the most widely used for long-term series NPP estimation [11]. At
the same time, the remote-sensing cloud-computing platform GEE (Google Earth Engine)
provides support for the acquisition, rapid processing, and analysis of long-term Landsat
data, changing the traditional mode of remote-sensing data acquisition and analysis and
greatly improving computational efficiency.

In recent years, research on NPP has mainly focused on two directions. One is
the establishment and optimization of NPP estimation models [12,13], and the other is
exploring the response mechanism of NPP, with climate factors and human activities as
the main driving factors [14,15]. Among numerous NPP estimation models, the CASA
(Carnegie–Ames–Stanford approach) model based on the principle of vegetation light
efficiency is one of the most effective research methods [12,16,17]. In the CASA model,
NPP is represented by the product of two factors: the absorbed photosynthetically active
radiation of vegetation (APAR) and the light-use-efficiency factor ε [18,19]. In particular,
the value of the maximum light-energy utilization rate of vegetation has a significant
impact on the estimation of NPP. Early studies focused on the maximum utilization of
light energy in global vegetation, where εmax is assumed to be a constant, with a value of
0.389 gC·MJ−1 [20]. Later research found that the maximum solar energy utilization rate
varies among different plants. In 2007, the CASA model was improved by Zhu et al. [13].
Using measured data from China’s NPP, the maximum solar energy utilization efficiency
of different types of vegetation was calculated as εmax, and combined with existing regional
evapotranspiration models and meteorological data from China, simplifying the estimation
of water-stress factors and enhancing the operability of the CASA model [13]. On the
other hand, the research on the driving factors of NPP mainly focuses on the impact of
climate change and human activities on regional NPP. The research results indicate that
natural factors, such as temperature, water content, and CO2 concentration, are the main
driving factors leading to changes in NPP in some regions [21–23]. Moderate warming
can improve the efficiency of NPP [24]. Furthermore, the increase in water content in arid
areas can promote plant growth [25]. The fertilization effect of CO2 can increase the carbon
sequestration capacity of vegetation [24]. In addition, artificial factors such as land-use
change and human activities also have a significant impact on NPP changes. For example,
Zhang et al. used the R-contribution ratio and partial correlation analysis to study the
impact of land use and climate change on the spatiotemporal evolution characteristics of
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vegetation NPP in the Qinghai Lake Basin from 2000 to 2020. They found that climate
change was the main driving factor for NPP change, and at the same time, the impact
of land-use type change on NPP gradually increased [26]. Tian et al. studied the effects
of climate, human activities, and soil factors on the spatial differentiation of vegetation
NPP in the Changhe Basin based on the moving window method and Pearson correlation
analysis method. The results showed that NPP in the western part of the study area was
mainly influenced by climate human activities, while in the eastern part, it was mainly
influenced by soil properties and climate [27]. The study of the future development trend
of NPP has an important monitoring and warning role for the low-carbon and sustainable
development of the region. At present, the main models for analyzing the trend of NPP
changes are the combination of the Theil–Sen median trend analysis and the Mann–Kendall
test [28]. The prediction of future development is mainly achieved through R/S analysis
and the Hurst index method [26,28]. However, current research cannot fully explain the
interaction between NPP changes and many driving factors. In particular, the research on
predicting the future development of vegetation NPP at the city scale is relatively limited.

The innovation of this study comprises: (1) Currently, there is relatively little research
on high-precision spatiotemporal differentiation characteristics and future development
trend prediction of urban-scale NPP using long-term series and high-resolution Landsat
images. This article utilizes 30 m resolution Landsat8-OLI data from the GEE cloud
platform to estimate the vegetation NPP values in Yangzhou City, China, from 2000 to
2020 using an improved CASA model. The spatiotemporal variation characteristics are
summarized, and the Theil–Sen Median trend analysis method [29] and Hurst index
analysis method [30,31] are used to predict the future trend of vegetation NPP in Yangzhou
City, filling the gap in high-precision vegetation NPP research in Yangzhou City; (2) From
the perspective of driving-factor analysis, existing research mostly focuses on the impact
of climate factors and human activities on NPP, while there is insufficient research on
other ecological factors. This article refers to the sociological PPM (push–pull–mooring)
theory [28] and adds NDVI (Normalized Difference Vegetation Index) and LUCC (land-
use cover change) factors. From multiple perspectives such as ecology, society, economy,
climate, etc., it fully analyzes the positive factors (push), negative factors (pull), and key
factors (mooring) of vegetation NPP changes, analyzes the relative contribution values
of various driving factors, identifies key constraints, and explores research methods to
provide theoretical and data support for improving carbon-sink levels and low-carbon
sustainable development of future urban vegetation; (3) From the perspective of research
scale, current NPP research is mostly focused on large-scale spaces such as the global,
national, or watershed. There is relatively insufficient research on small-scale, long-term,
and high-precision NPP. The research object of this article is Yangzhou City, located in
the central part of Jiangsu Province, China, adjacent to the Yangtze River to the south. It
is a famous ecological garden city in the Yangtze River Delta and a livable city for the
United Nations. With the continuous development of urbanization, ecological problems
such as vegetation degradation, increased carbon emissions, and deepening landscape
fragmentation are becoming increasingly prominent. At present, research on vegetation
NPP in Yangzhou City is still blank, and the results of this study have important practical
value for low-carbon and sustainable development in Yangzhou City.

The purpose of this study is to predict the development trend of urban vegetation
NPP. The research framework is shown in Figure 1.

The research steps are as follows:
Step 1: Data collection and processing;
Step 2: Based on the improved CASA model, estimate the vegetation NPP value and

analyze the spatiotemporal pattern of vegetation NPP in the study area;
Step 3: Analyze the trend of vegetation NPP changes in the study area from 2000

to 2020;
Step 4: Predict the development trend of vegetation NPP in the research area in the

next 20 years;
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Step 5: Introduce the PPM theory of sociology and analyze the positive (push) factors,
restrictive factors (pull), and key factors (mooring) that affect the changes in vegetation
NPP in the study area;

Step 6: Suggestions for low-carbon sustainable development in the research area.
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Figure 1. The research framework.

2. Materials and Methods
2.1. Study Area

This study selects Yangzhou City as the research object. Yangzhou is in the middle of
Jiangsu Province, bordering the Yangtze River in the south, Gaoyou Lake in the west, and
the Beijing Hangzhou Grand Canal runs through it. It is important for the Yangtze River
Delta Economic Belt. Its total area is 6554.539 km2, with three districts and one county in
its jurisdiction, and two county-level cities, namely Baoying County, Gaoyou, Yizheng,
Hanjiang District, Guangling District, and Jiangdu District, covering 66 streets/towns. The
geographical location is between 119◦01′–119◦54′ E and 31◦56′–33◦25′ N. The overall terrain
is dominated by plains, high in the west and low in the east. The mountain area in Yizheng
City in the west has the highest elevation of about 150 m. In contrast, Baoying County,
Gaoyou and Jiangdu District in the east have the lowest terrain, which is a shallow lake
area (Figure 2). Yangzhou City belongs to the subtropical humid monsoon climate zone,
with four distinct seasons: sufficient heat, abundant rainfall, and hot and rainy seasons.
The vegetation status in the research area is relatively rich [32].
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2.2. Data Sources

This article uses data including land-use data from 2000, 2005, 2010, 2015, and 2020,
with ecological index data provided by the normalized difference vegetation index (NDVI),
normalized difference built-up and soil index (NDBSI), wetness component of the tasseled
cap transformation (WET); climate data comes from average annual temperature (TEM),
average annual rainfall, average annual solar radiation (RAD); and socio-economic data
is GDP, population density of Yangzhou City (POP), and Euclidean distance to main
roads (DTR). Among them, the ecological index data are based on the calculation method
proposed by Xu Hanqiu [33], using the GEE platform to invert the 30 m spatial-resolution
Landsat8-OLI remote-sensing image-calculation results. Land-use data are derived from
the 30 m precision land-cover data product of Wuhan University from 1985 to 2021. The
overall classification accuracy of these data is as high as 80%, which has a high reference
value for land-type-related research. In this article, the land use of Yangzhou City is
divided into six categories: farmland, forest, grassland, bare soil, water, and impermeable
pavement [34]. Meteorological data are sourced from the National Qinghai Tibet Plateau
Science Data Center and the National Meteorological Science Data Center, and raster image
data are formed using the interpolation method. All data were unified to a 30 m grid
accuracy using the ArcGIS10.8 resampling tool (Table 1).

Table 1. Driving-factor data information.

Data Type Data Content Spatial
Resolution

Data Coordinate
System Data Sources

Climate data
Monthly temperature 1 km WGS84-UTM-50 https://data.tpdc.ac.cn/

(accessed on 22 February 2023)

Monthly rainfall 1 km WGS84-UTM-50 https://data.tpdc.ac.cn/
(accessed on 22 February 2023)

Monthly solar radiation 1 km WGS84-UTM-50 https://data.cma.cn/
(accessed on 22 February 2023)

Social data

GDP of Yangzhou City 1 km WGS84-UTM-50 https://www.resdc.cn/
(accessed on 25 February 2023)

POP of Yangzhou City 1 km WGS84-UTM-50 https://www.resdc.cn/
(accessed on 25 February 2023)

Distance to road 30 m WGS84-UTM-50 https://www.openstreetmap.org/
(accessed on 25 February 2023)

Land-use CLCD 30 m WGS84-UTM-50 https://doi.org/10.5194/essd-13-3907-2021/
(accessed on 26 February 2023)

Ecological data
NDVI 30 m WGS84-UTM-50 Google Earth Engine-based inversion
NDBSI 30 m WGS84-UTM-50 Google Earth Engine-based inversion
WET 30 m WGS84-UTM-50 Google Earth Engine-based inversion

Other data
DEM data 30 m WGS84-UTM-50 NASA DEM30 m Type Dataset

Administrative
division Map of
Yangzhou City

— WGS84-UTM-50 https://www.resdc.cn/
(accessed on 22 February 2023)

Historical and cultural
data of Yangzhou City — —

http://www.yangzhou.gov.cn/yangzhou/zrdl/
(accessed on 28 February 2023)

and the annals of statistics

2.3. Methodology
2.3.1. Improved CASA Model

In this paper, the improved CASA model [13] based on the light-energy utilization
method is used to estimate the NPP of vegetation in Yangzhou City. By coupling the
ecosystem productivity, soil carbon, and nitrogen flux, the vegetation NPP of Yangzhou
City is estimated from the Rasterization dataset of climate, radiation, soil, and NDVI. In the
model, NPP (x, t) is the NPP (gC·m−2·month−1) of pixel x in month t, which is the product
of the photosynthetic effective radiation APAR (MJ/m2·month−1) absorbed by vegetation

https://data.tpdc.ac.cn/
https://data.tpdc.ac.cn/
https://data.cma.cn/
https://www.resdc.cn/
https://www.resdc.cn/
https://www.openstreetmap.org/
https://doi.org/10.5194/essd-13-3907-2021/
https://www.resdc.cn/
http://www.yangzhou.gov.cn/yangzhou/zrdl/
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and the light-energy utilization efficiency coefficient ε (gC·MJ−1) [35]. The specific formula
is as follows:

NPP(x, t) = APAR(x, t)× ε(x, t) (1)

APAR(x, t) = SOL(x, t)× FPAR(x, t)× 0.5 (2)

ε(x, t) = εmax × Tε1(x, t)× Tε2(x, t)×Wε(x, t) (3)

FPAR(x, t) =
(NDVI(x, t)− NDVIi,min)

(NDVIi,max − NDVIi,min)
× (FPARmax − FPARmin) + FPARmin (4)

Tε1(x, t) = 0.8 + 0.02× Topt(x)− 0.0005×
[
Topt(x)

]2 (5)

Tε2(x, t) = 1.184/
{

1 + exp
[
0.2×

(
Topt(x)− 10− T(x, t)

)]}
× 1/

{
1 + exp

[
0.3×

(
−Topt(x)− 10− T(x, t)

)]}
(6)

where SOL(x, t) is the total solar radiation at x pixels in month t, and FPAR(x, t) is the
absorption ratio of incident photosynthetic effective radiation by the vegetation canopy at
x pixels in month t. Within a certain range, there is a linear relationship between FPAR(x,
t) and NDVI. The values of FPARmax and FPARmax are independent of vegetation type,
with values of 0.95 and 0.001, respectively. The values of NDVIi,max, and NDVIi,min are
shown in Table 2. The constant 0.5 represents the proportion of effective solar radiation
available to vegetation to total solar radiation, εmax is the maximum light-energy utilization
efficiency under ideal conditions, and the values are shown in Table 2. Tε1(x, t) and Tε2(x,
t), respectively, represent the stress effects of low and high temperatures on light-energy
utilization efficiency, which are influenced by the optimal temperature Topt (x). Topt(x) refers
to the monthly average temperature (°C) in the study area when the NDVI value reaches
its maximum within a year. When the average temperature of a month is less than or equal
to −10 ◦C, Tε1(x, t) is 0; When the average temperature of a month is 10 ◦C higher or 13 ◦C
lower than the optimal temperature Topt(x), Tε2(x, t) is taken as half of the value of the
optimal temperature [13]. The month when the NDVI value in the research area reaches its
highest is August. Wε(x, t) is a water-stress factor that reflects the impact of the available
water conditions that plants can utilize on light-energy utilization efficiency. The study area
belongs to a subtropical climate. According to the research results of Zhou et al. [36], this
paper states εmax is taken as 0.83. This article uses Zhu Wenquan et al. [13] and Running [37]
to configure vegetation static parameters based on measured data of different vegetation
types in China (Table 2). The detailed calculation steps for each coefficient can be seen in
previous studies [12,37].

Table 2. Values of different vegetation types of NDVIi,max, NDVIi,min, and εmax.

No. Land use NDVIi,max NDVIi,min εmax

1 Farmland 0.634 0.023 0.604
2 Forest 0.676 0.023 1.295
3 Water 0.634 0.023 0.542
4 Urban 0.634 0.023 0.542
5 Unused land 0.634 0.023 0.542

Note: This table is organized based on reference [13,37].

2.3.2. Theil–Sen Median Trend Analysis and Mann–Kendall Significance Test

The Theil–Sen trend analysis method combined with the Mann–Kendall significance
test is a nonparametric calculation method widely used in spatiotemporal trend analysis of
long time series at the grid pixel scale [28,38]. The combined method has the advantage
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that the data do not need to follow a specific distribution law and are less affected by an
Outlier. This method quantifies the trend of change by calculating the median slope of n
(n−1)/2 data combinations:

β = median
(NPPj − NPPi

j− i

)
, 2000 ≤ i < j ≤ 2020 (7)

where β is the trend of NPP changes, β > 0 represents an upward trend, β < 0 represents
a downward trend, NPPi and NPPj represent the NPP values of pixels in the i year, and j
year, respectively.

S =
n−1

∑
j=1

n

∑
i=j+1

sgn
(

NPPj − NPPi
)
, 2000 ≤ i < j ≤ 2020 (8)

sgn
(

NPPj − NPPi
)
=


1, NPPj − NPPi > 0
0, NPPj − NPPi = 0
−1, NPPj − NPPi < 0

(9)

Z =


S−1√
var(S)

, S > 0

0, S = 0
S+1√
var(S)

, S > 0
(10)

var(S) =
n(n− 1)(2n + 5)

18
(11)

where the Z value of the Mann–Kendall significance test method [39] is used to test the
significance of the NPP change trend of vegetation. By specifying the significance level
a, if |Z| > Z1 − a/2, it is considered that the trend of data change is significant, and vice
versa. It indicates that the trend of change is not significant. If Z > 0, the sequence shows
an upward trend, and if Z < 0, it shows a downward trend [40]. This paper takes a = 0.05,
and when |Z| > 1.65, the data passes the 90% confidence test.

2.3.3. Rescaled Rang Analysis (R/S Analysis) and Hurst Index Method

R/S analysis, also known as rescaled range analysis, is commonly used to analyze the
classification features and memory processes of a long time series. The Hurst index can
predict future development trends based on past trends of long time series data [29,30]. It
can be applied to the study of vegetation cover changes [39,41]. The calculation steps are as
follows:

∆NPPi = NPPi − NPPi−1, (12)

∆NPP(m) =
∑m

i=1 ∆NPPi

m
, m = 1, 2, · · · n (13)

X(t) =
m

∑
i=1

(
∆NPPi − ∆NPP(m)

)
, 1 ≤ t ≤ m (14)

R(m) =
maxX(t)

1 ≤ m ≤ n
− minX(t)

1 ≤ m ≤ n
(15)

S(m) =

√√√√∑m
i=1

(
∆NPPi − ∆NPP(m)

)2

m
(16)

R(m)

S(m)
= (km)H (17)
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where NPPi represents the vegetation NPP value in the i year; K represents a constant; H
represents the Hurst index. The norm of the Hurst exponent is 0–1. When 0 < H < 0.5, it
indicates that NPP will exhibit the opposite trend from the past; when H = 0.5, the changes
in NPP are independent of each other and are a random event; when 0.5 < H < 1, it indicates
a long-term correlation, and NPP will be consistent with the previous trend [40,42].

β is the superposition of the Hurst index and Theil–Sen trend analysis results. The
change trend is divided into five categories: Continuing Improvement, Continuing Decline,
Improvement to Decline, Decline to Improvement, and Remained Stable (Table 3), used to
determine the continuity of future change trends.

Table 3. The value range of β and Hurst index to judge future trends.

The Value Range of β and Hurst Index Future Trends

β > 0, H > 0.5 Continuing Improvement
β < 0, H > 0.5 Continuing Decline
β > 0, H < 0.5 Improvement to Decline
β < 0, H < 0.5 Decline to Improvement

B = 0 Remained Stable

2.3.4. Geographic Detectors Model

The geographic detector model is a statistical method that analyzes the spatial strati-
fication and differentiation of geographical phenomena, explores the driving factors and
operating mechanisms behind the dependent variables [43], and has strong explanatory
power in the study of multi-driving-factor correlation problems. The specific formula is
as follows:

q = 1− ∑L
h=1 Nhδ2

h
Nσ2 (18)

where q is the differentiation factor (0 < q < 1). The closer the q value is to 1, the more
significant the impact of this driving factor is on the spatial differentiation of vegetation
NPP; L is the number of variable categories, h = 1, 2,... is a specific type; Nh and N represent
the number of h category units and the total number of units in the study area, respectively;
σh

2 and σ2 represent the variance of category h and the total variance of the study area [44].
In terms of driving-factor selection, this article draws on the famous PPM theory in

sociology. It divides many driving factors into three categories: positive driving factors,
negative driving factors, and individual driving factors [31]. According to previous research,
there are many driving factors for NPP, which can be summarized as climate factors, social
factors, ecological factors, and other major categories. Temperature, rainfall, and solar
radiation are important components of climate factors that directly affect the accumulation
of NPP in regional vegetation [45]. In social factors, the Euclidean distance to the road
reflects the scope of human activities, and GPD and population density represent the
level of economic development and the degree of urban expansion [22]. The above three
indicators can reflect the increasingly prominent impact of human activities on vegetation
NPP changes in the context of urbanization development in recent years. Currently, there
is little attention paid to ecological factors in current research. This paper uses NDVI,
NDBSI, and WET selected by Xu Hanqiu’s Remote-Sensing Ecological Index (RSEI) [33] as
the ecological factors for this study, representing vegetation coverage, urban impervious
surface coverage, and soil and vegetation humidity, respectively. Due to the high correlation
between land surface temperature (LST) and TEM indicators in meteorological factors, the
LST factor is omitted from the ecological indicators to avoid duplication and exaggerate the
impact of temperature. In summary, this article selects 10 driving factors covering climate,
human activities, and ecological perspectives, including TEM, Rainfall, RAD, LUCC, GDP,
POP, DTR, NDVI, NDBSI, and WET from 2000 to 2020, as independent variable factors.
Factor detection and interaction detection are used to analyze the impact of each driving
factor on regional vegetation NPP changes.



Sustainability 2023, 15, 14518 9 of 21

3. Results
3.1. Spatial and Temporal Variation of Vegetation NPP in Yangzhou City

To be able to understand more intuitively the temporal and spatial changes of veg-
etation NPP in Yangzhou, the NPP inversion results were divided into five grades ac-
cording to the following classification: Worst (0–200 gC/m2·a), Poor (200–400 gC/m2·a),
Medium (400–600 gC/m2·a), Better (600–800 gC/m2·a), and Best (>800 gC/m2·a). As
shown in Table 4, the annual mean NPP values of vegetation in Yangzhou City from 2000
to 2020 were 445.343 gC/m2·a, 447.788 gC/m2·a, 427.763 gC/m2·a, 398.687 gC/m2·a, and
420.168 gC/m2·a. At the time level, the vegetation NPP level fluctuates first decreases and
then increases, with an overall slight decrease. The vegetation NPP levels in Yangzhou
City belonged predominantly to the Medium and Better categories. The proportion of
Better level area shows a trend of first increasing, then decreasing, then increasing and then
decreasing, with the highest in 2005 and a slight increase overall. The Medium level area
fluctuated significantly in the early stage but stabilized after 2015, with a slight overall
decrease. The area of Worst, Poor, and Best levels is generally relatively small, but the
proportion of area remains relatively stable, with a slight increase overall. Spatially, as
shown in Figures 3 and 4, and Table 5, the average NPP of vegetation in Yangzhou City
shows a high spatial pattern in the surrounding regions and a low one in the central regions,
with Baoying County having the highest NPP (459.824 gC/m2·a) among all county-level
administrative regions, followed by Jiangdu District (451.324 gC/m2·a) and Yizheng Dis-
trict(446.727 gC/m2·a). The lowest is Gaoyou (389.247 gC/m2·a). In terms of ranking, the
average NPP values in urban construction-intensive areas centered around Hanjiang and
Guangling districts from 2000 to 2020 were lower. Gaoyou, which is characterized by a
large water area, has been at the bottom of the list for many years. The average annual
NPP values of Baoying, Yizheng, and Jiangdu, which are mainly characterized by farmland
and forest land, fluctuated but remained among the highest. The inversion calculation
results were consistent with the actual values, which further confirmed the reliability of the
CASA model.

Table 4. Area and proportion of NPP at different levels from 2000 to 2020.

NPP
Level

2000 2005 2010 2015 2020
Area/km2 % Area/km2 % Area/km2 % Area/km2 % Area/km2 %

Worst 345.07 5.26% 472.15 7.20% 469.75 7.17% 496.23 7.57% 545.52 8.32%
Poor 478.12 7.29% 555.04 8.47% 805.80 12.29% 515.31 7.86% 599.44 9.15%

Medium 3341.66 50.98% 1963.81 29.96% 3470.35 52.95% 2663.92 40.64% 2816.01 42.96%
Better 2388.46 36.44% 3562.32 54.35% 1807.41 27.57% 2877.85 43.91% 2592.19 39.55%
Best 1.22 0.02% 1.22 0.02% 1.22 0.02% 1.22 0.02% 1.37 0.02%
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Table 5. Average NPP and ranking of districts under Yangzhou City from 2000 to 2020.

District 2000
NPP Rank 2005

NPP Rank 2010
NPP Rank 2015

NPP Rank 2020
NPP Rank Mean of NPP

2000–2020 Rank

Hanjiang 422.72 5 418.92 6 409.22 5 377.34 5 399.53 5 405.55 5
Jiangdu 467.45 2 459.86 3 450.15 1 423.35 3 455.82 1 451.32 2
Yizheng 446.49 3 463.93 2 440.99 3 435.40 2 446.83 3 446.73 3

Guangling 439.91 4 424.14 4 422.65 4 381.25 4 410.08 4 415.61 4
Baoying 475.10 1 484.33 1 443.05 2 441.23 1 455.42 2 459.82 1
Gaoyou 415.92 6 418.45 5 402.62 6 343.27 6 365.99 6 389.25 6

Yangzhou 449.20 / 451.84 / 432.02 / 403.02 / 424.17 / 432.05 /

3.2. Spatiotemporal Variation of Vegetation NPP in Yangzhou City

To further explore the temporal and spatial evolution of vegetation NPP in Yangzhou
City from 2000 to 2020, data were interpolated in ArcGIS10.8 to obtain the vegetation
NPP level change maps of Yangzhou City: 2000–2005, 2005–2010, 2010–2015, and 2015–
2020 (Figure 5). In addition, the natural breakpoint classification method was applied to
categorize the NPP variation into Significantly Declined, Slightly Declined, Unchanged,
Slightly Improved, and Significantly Improved.
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The results of the Theil–Sen trend analysis reported in Table 6 and Figure 5 show
that the NPP of vegetation in Yangzhou City fluctuated in different sub-periods between
2000 and 2020. Specifically, the proportion of Unchanged areas increased from 30.17%
to 41.57% and continued to expand, while that of Improved areas initially decreased,
then increased, and finally decreased again. The rate of increase was relatively large in
the 2000–2005 and 2010–2015 periods and relatively small in 2005–2010 and 2015–2020.
The Improved area decreased by 2371.731 km2 from 2000 to 2020. Among these areas,
the Significantly Improved area showed the largest decrease, while the Declined area
showed “increase–decrease–increase” changes. Among them, there was a significant
decrease in 2005–2010 and 2015–2020. The Significantly Declined and Slightly Declined
areas increased by 1624.022 km2 and 1243.47 km2, respectively. In summary, the vegetation
NPP in Yangzhou City fluctuated from 2000 to 2020, with an overall slight downward trend.

Table 6. Area and proportion of vegetation NPP change level in Yangzhou City from 2000 to 2020.

Class Grade

2000–2005 2005–2010 2010–2015 2015–2020

Grade
Area
/km2

Class
Area
/km2

Percentage%
Grade
Area
/km2

Class
Area
/km2

Percentage%
Grade
Area
/km2

Class
Area
/km2

Percentage%
Grade
Area
/km2

Class
Area
/km2

Percentage%

Degradation 1 180.74 1086.45 16.58 840.19 2950.33 45.01 267.94 1148.54 17.52 563.29 2710.47 41.352 905.71 2110.13 880.60 2147.18
NO change 3 1977.28 1977.28 30.17 2065.09 2065.09 31.51 2057.48 2057.48 31.39 2724.99 2724.99 41.57

Improvement 4 2255.65 3490.81 53.26 1165.48 1539.13 23.48 1843.32 3348.52 51.09 1117.65 1119.08 17.075 1235.16 373.65 1505.21 1.43

Note: Grade: 1—Significant Decline; 2—Slight Decline; 3—Unchanged; 4—Slight Improvement; 5—Significant
Improvement.

Spatially, vegetation NPP in Yangzhou City from 2000 to 2020 fluctuated significantly
in Yizheng in the southwest and Baoying in the north, with the most significant fluctuations
detected in the areas northwest of Yizheng bordering Gaoyou Lake and in the farmland
area northeast of Baoying (Figure 5). NPP variation in the central region of Gaoyou was
relatively low, and values were stable overall. In the southwestern districts of Jiangdu,
Hanjiang, and Guangling, this parameter showed a fluctuating downward trend. Among
the districts of Yangzhou City, Hanjiang and Yizheng exhibited a consistent NPP variation
overall, with the trend first increasing, then decreasing, stabilizing, and then increasing
again. In the four regions of Baoying, Gaoyou, Guangling, and Jiangdu, the NPP variation
decreased at first and then increased. In general, the overall NPP values in all districts
in Yangzhou City from 2000 to 2015 were mainly in the Slightly Declined category, while
from 2015 to 2020, they fell mainly within the Slightly Improved category. Specifically, the
proportion of the Unchanged areas was the highest (72.58%), indicating that most regions
still had stable and unchanged NPP values. The area of the Significantly Improved category
was the smallest (only 1.43 km2 by 2020) and was mainly distributed along the coast of
Gaoyou Lake. In summary, from 2000 to 2020, vegetation NPP values were significantly
different among various regions of Yangzhou City. In general, they varied obviously in the
surrounding regions, such as the mountainous areas of Baoying, Jiangdu, and Yizheng, and
remained relatively stable in the central regions, such as Hanjiang, Guangling, and Gaoyou.

3.3. Prediction of Future Trends in the Evolution of Vegetation NPP in Yangzhou City

The Hurst index method was used to calculate the sustainability of the future variation
of vegetation NPP in Yangzhou City and, therefore, predict its evolution. The results
revealed an average Hurst index value of 0.722, indicating that in most areas of Yangzhou
City, the variation of NPP will be sustainable (Figure 6b). An area of 6312.305 km2 had a
Hurst index value > 0.5, accounting for 96.30% of the total Yangzhou area. A total of 11.48%
of the regions have a Hurst index > 0.9, while areas < 0.5 only account for 3.70% of the total
area, indicating that the variation of NPP in Yangzhou is predicted to be mostly continuous
based on past trends.
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By superimposing Hurst index values and the results of Theil–Sen trend analysis,
the study area was divided into five categories based on NPP values: Remained Stable,
Continuing Improvement, Continuing Decline, Improvement to Decline, and Decline to
Improvement (Figure 6).

The prediction chart of the evolution of vegetation NPP in Yangzhou in the next
20 years (Figure 6c) indicates that the largest proportion of area in Yangzhou City will be the
Continuing Decline category (47.71%), followed by the Remained Stable category (41.15%).
The proportions of Continuing Improvement, Improvement to Decline, and Decline to
Improvement areas will be relatively small, at 7.78%, 3.32%, and 0.04%, respectively. This
indicates that the NPP level of vegetation in most areas of Yangzhou City will be in the
Remained Stable or Continuing Decline categories in the future (2020–2040).

Spatially, NPP levels will continue to decrease mainly in the Yizheng area southwest of
Yangzhou City and the surrounding area of Jiangdu to the east. The Gaoyou, Baoying, and
urban areas are generally predicted to remain within the Remained Stable category, and
NPP in the waterfront areas along Gaoyou Lake and the Grand Canal will continuously
and significantly improve. These model predictions indicate that changes in land-use types,
especially within the urbanization process, have a significant impact on vegetation NPP.

3.4. Analysis of Factors Driving the Variation of Vegetation NPP in Yangzhou City

In this study, a 500 × 500 m grid was used for sampling, resulting in the collection of
a total of 2500 sampling points. Geographical detectors were used to analyze 10 driving
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factors related to climate, society, and ecology. The main climate factors were temperature
(TEM), rainfall, and solar radiation (RAD), which were highly correlated with vegetation
growth [26]. The ecological factors were NDVI, WET, NDBSI, etc., which reflect the en-
vironmental ecological quality in the remote-sensing ecological index proposed by Xu
Hanqiu [33]. The social factors were indicators such as LUCC data, Euclidean distance to
roads (DTR), population density (POP), and GDP [46].

The results showed that all factors were significant at p < 0.05, meeting the confidence
requirements. This indicated that there were significant differences in the spatial distribu-
tion of the impact of each driving factor on the mean NPP of vegetation in Yangzhou City.
As shown in Table 7, the q values of each driving factor were ordered as follows: NDVI
(0.728) > LUCC (0.5601) > WET (0.392) > NDBSI (0.208) > POP (0.065) > TEM (0.034) >
GDP (0.027) > DTR (0.026) > Rainfall (0.016) > RAD (0.012), which indicated that social
and ecological factors were the main drivers of NPP variation in Yangzhou City. Among
the social factors, LUCC had the strongest effect, while POP, DTR, GDP, and others had a
relatively weak impact on vegetation NPP. Among the ecological factors, NDVI was the
dominant factor playing a major role, indicating that NPP value was mainly influenced by
vegetation coverage, followed by NDBSI, which reflected the level of urban construction in
the study area. These findings revealed that ecological factors exerted a significant effect
on NPP variation in Yangzhou. Among the climate factors, TEM, Rainfall, and RAD had
a relatively weak impact on NPP. Overall, the main driving factors of NPP variation in
Yangzhou City were NDVI, among the ecological factors, and LUCC, among the social
factors. Significant differences in the annual NPP of vegetation were detected among
different land-use types (Table 8). Specifically, mean values varied in descending order
as follows: forest > farmland > unused land > urban area > water area. The stochastic
matrix of land use in Yangzhou City from 2000 to 2020 showed that during the process of
urbanization, land-use changes indirectly affected vegetation coverage, further influencing
the variation of NPP (Table 9).

Table 7. The q value of driving factors on spatial differentiation of vegetation NPP in Yangzhou City.

Driving
Factors

Ecological Factors Climatic Factors Social Factors

NDVI WET NDBSI Rainfall TEM RAD LUCC DTR POP GDP

q statistic 0.7287 0.3923 0.2085 0.0163 0.0343 0.0124 0.5601 0.0266 0.0651 0.0275
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Table 8. NPP mean values and NPP values of land types in Yangzhou City from 2000 to 2020.

Land-Use Type 2000 2005 2010 2015 2020

Mean values of
NPP 449.2002 451.8444 432.0215 403.0195 424.1662

Farmland 456.5331 455.7672 438.6139 407.8482 411.9065
Forest 478.0433 489.3618 461.6351 449.2652 472.9257
Water 292.51 263.4293 284.5288 158.4521 156.6578
Urban 242.5894 317.584 301.0946 257.5867 290.9038

Unused land 435.5329 260.052 362.058 276.519 223.492

Table 9. Land transition matrix of Yangzhou City from 2000 to 2020.

2000–2020 Farmland Forest Water Unused Land Urban

Farmland 4564.5777 1.71 188.4123 0.0108 456.525
Forest 6.5232 6.0462 1.629 0.0000 0.7218
Water 108.9126 0.423 707.8401 0.0036 20.0673
Urban 1.5939 0.0000 3.5703 0.0000 505.5921
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The interaction detector results showed that the q value for the interaction of two
factors was higher than that for a single factor, indicating that vegetation NPP in Yangzhou
City was more affected by multiple factors (Table 10). The impact of each factor after the
interaction was a nonlinear or two-factor enhancement. Among the factors examined,
NDVI and LUCC had the strongest impact after an interaction, with an explanatory power
of 77.78%. In contrast, solar radiation and air temperature had the weakest impact, with an
explanatory power of 4.81%.

Table 10. The q value of interaction among driving factors of vegetation NPP in Yangzhou.

q LUCC NDVI WET NDBSI Rainfall TEM RAD DTR POP GDP

LUCC 0.5601
NDVI 0.7777 0.7287
WET 0.6269 0.7491 0.3923

NDBSI 0.6283 0.7327 0.6467 0.2085
Rainfall 0.5742 0.7343 0.4145 0.2872 0.0163

TEM 0.5820 0.7407 0.4243 0.2913 0.0688 0.0343
RAD 0.5871 0.7405 0.4166 0.2652 0.0918 0.0481 0.0124
DTR 0.5714 0.7348 0.4101 0.2642 0.0582 0.0849 0.0896 0.0266
POP 0.5740 0.7348 0.4354 0.2882 0.0900 0.0904 0.0775 0.0953 0.0651
GDP 0.5678 0.7334 0.4173 0.2847 0.0361 0.0570 0.0469 0.0484 0.0707 0.0275

To further analyze the impact of various driving factors on NPP, the data of the
aforementioned sampling points were subjected to Pearson correlation analysis using
SPSS27 software. The results showed that the changes in vegetation NPP in Yangzhou
City were positively correlated with NDVI, TEM, and RAD, and negatively correlated with
Rainfall, WET, GDP, NDBSI, and DTR (Table 11). These findings were consistent with the
results obtained from geographical detectors. A high correlation was detected between
ecological factors (NDVI, WET, and NDBSI) and changes in NPP, with NDVI showing
the strongest positive correlation. Except for LUCC, the correlation between social factors
and NPP was weak and mostly negative, indicating that this group of factors, especially
the degree of urbanization, mainly had a negative impact on NPP variation. WET was
found to be negatively correlated with vegetation NPP in Yangzhou, which may be related
to the characteristics of the climate zone where this city is located. The climate here is
characterized by abundant annual rainfall [32], and more than 70% of the city consists of
farmland areas. The excessively wet environment inhibits the growth of vegetation, which
in turn has a negative impact on vegetation NPP.

Table 11. Pearson correlation analysis of driving factors of vegetation NPP change in Yangzhou.

Pearson
Correlation NPP NDVI WET NDBSI Rainfall TEM RAD DTR POP GDP

NPP 1.000 **
NDVI 0.854 ** 1.000 **
WET −0.385 ** −0.237 ** 1.000 **

NDBSI −0.484 ** −0.709 ** −0.424 ** 1.000 **
Rainfall 0.017 ** −0.012 −0.382 ** 0.375 ** 1.000 **

TEM −0.108 ** −0.116 ** −0.249 ** 0.372 ** 0.804 ** 1.000 **
RAD 0.095 ** 0.099 ** 0.272 ** −0.363 ** −0.857 ** −0.914 ** 1.000 **

Distance to road −0.017 ** 0.008 0.163 ** −0.162 ** −0.341 ** −0.564 ** 0.587 ** 1.000 **
POP 0.003 −0.061 ** −0.202 ** 0.244 ** 0.534 ** 0.529 ** −0.539 ** −0.443 ** 1.000 **
GDP −0.048 ** −0.103 ** −0.204 ** 0.289 ** 0.606 ** 0.621 ** −0.640 ** −0.423 ** 0.921 ** 1.000 **

Note: ** mean p < 0.01.

4. Discussion
4.1. Validation of Improved CASA Model-Estimation Results

Various models exist for estimating NPP using remote-sensing data, and among them,
the CASA model is the most widely used [47,48]. However, the original model has many
disadvantages, such as the difficulty of obtaining basic data, the presence of many outliers,
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and the low accuracy of estimation results [13]. In the present study, the improved CASA
model reported by Zhu et al. [13] and based on the light-energy utilization method was
used to estimate the vegetation NPP of Yangzhou City from the rasterized NDVI dataset of
climate, radiation, soil, and greenness variables by coupling ecosystem productivity, soil
carbon, and nitrogen flux. The 500 × 500 m precision MODIS17A3 NPP product dataset for
the 2000–2019 period, which was released by NASA (http://earthdata.nasa.gov), was used
to verify the accuracy of the inversion results obtained from the improved CASA model
and make comparisons. The data were extracted to the same size according to the mask
range of the research area, set by a 1 km × 1 km fishing net, and extracted to the improved
CASA model estimated NPP data and MODIS17A3 NPP data using fishing-net grid points.
At the same time, due to the abnormal values of MODIS17A3 NPP product data in the
water areas and impermeable pavement, this article conducted correlation, RMSE, and bias
analysis on the remaining 2192 pixel values after excluding the abnormal data.

The results indicate that the values estimated by the improved CASA model are
generally smaller than the MODIS17A3 NPP product data, which is consistent with existing
research results [13,47]. The RMSE value between the extracted data is 109.84, and the
bias value is −0.22. There is a significant positive correlation between the data (R2 = 0.8,
p < 0.01) (Figure 7), which has statistical value. At the same time, the vegetation NPP data
obtained using the improved CASA model and the product data used for comparison had
similar characteristics in terms of spatial distribution. The 2192 pixel values extracted were
highly similar, indicating that the improved CASA model yielded NPP inversion results
that were highly reliable. This result is consistent with the relevant research conducted
by Zhu et al. in 2007, which compared the inversion data with the measured data, with a
slightly smaller difference of 43 gC·m−2·a−1, and an average bias value of −4.5%. The two
have high consistency [13].
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4.2. Spatiotemporal Evolution of NPP and Prediction of Future Trends

NPP is an essential parameter within the current global “carbon neutrality” strategy
and an important indicator for the evaluation of urban green and low-carbon development.
The results of this study revealed the presence of obvious differences in the average NPP

http://earthdata.nasa.gov
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of different land-use types in Yangzhou City from 2000 to 2020. Specifically, the values
were ranked in descending order as forest > farmland > unused land > urban > water,
indicating that the NPP level was related to land-use type, which is consistent with previous
research results [26,39,45]. Vegetation NPP values in Yangzhou City exhibited significant
temporal and spatial differentiation. Spatially, they were low in the central urban area and
high in the surrounding fields and rural areas, which is basically consistent with existing
research [46,49,50]. Temporally, vegetation NPP in Yangzhou City fluctuated over the past
20 years, decreasing at first and then increasing, with an overall slightly declining trend.
From 2000 to 2005, NPP values remained stable. From 2005 to 2015, they slightly declined,
and from 2015 to 2020, they slightly increased (Table 5). The slightly declining NPP from
2005 to 2015 may be related to the increasing urban area and decrease in vegetation coverage
due to the rapid expansion of Yangzhou’s urbanization in this period. In contrast, the
increase from 2015 to 2020 may be due to the gradual implementation of environmental
governance policies and the strengthening of ecological greening projects in the main
urban area and along roads and rivers in Yangzhou, taking the World Garden Expo as
an opportunity. The above trends indicate that urban development policies and land-use
change can, on the one hand, promote the increase of vegetation NPP and, on the other,
inhibit it, which is consistent with the results of existing research [8,26,50].

Previous studies have often focused on analyzing the temporal and spatial changes in
NPP in the past, but future trends and their sustainability have rarely been discussed. In
this study, in addition to determining the spatiotemporal evolution and trends of vegetation
NPP in Yangzhou City from 2000 to 2020, their sustainability in the future is also predicted
using the Hurst index method. The future vegetation NPP in most regions of Yangzhou will
be mainly within the Remained Stable (41.15%) or Continuing Decline (47.71%) categories.
Overall, 96.61% of the regions will maintain the past trends, and only along the Gaoyou
Lake and the Grand Canal will NPP values continuously increase. The above predictions
may be influenced by the urban development and environmental policies of the city [51]. In
recent years, urban areas have actively promoted the construction of ecological garden cities,
expanded green spaces, and increased the level of greenness to increase vegetation NPP. In
Yangzhou, the Baoying and Jiangdu Districts, located in the east and north, respectively,
are characterized by higher NPP levels due to the presence of large farmland areas, and
they belong mainly to the Remained Stable or partially Continuing Decline categories. It is
worth noting that the Decline to Improve areas are mainly distributed along the Gaoyou
Lake and the Grand Canal, which may be related to the launch of the construction of the
“Yangtze Huaihe River Ecological Corridor” in Yangzhou in recent years. To address the
threat of land degradation, it is necessary to strengthen dynamic monitoring, improve
relevant policies, and promote green and low-carbon development in the region.

4.3. Selection and Analysis of Driving Factors

When selecting driving factors, previous studies have mostly focused on climate
and human activities [37,39], but the impact of ecological environment quality on NPP
changes has rarely been explored. Based on previous studies, three groups of driving
factors (climate, ecology, and society) were selected and analyzed using the geographical
detector model. The results show that NDVI and LUCC were the main ecological and
social factors, respectively, playing a decisive role in the variation of vegetation NPP in
Yangzhou. In contrast, the influence of other social factors (such as GDP) and climate factors
(such as Rainfall) were generally lower, which were not in line with previous research
results [34,51]. Although climate factors directly affect and are an important guarantee of
vegetation NPP, the research scale considered in this study is relatively small. The average
annual climate change amplitude within the study area over the past 20 years was also
minimal and had a relatively weak effect on NPP variation. At the same time, during the
period researched, with the rapid development of urbanization, a large amount of farmland
and forest land have been converted into urban construction land, resulting in significant
changes in land use and the indirect reduction of vegetation coverage. Therefore, NDVI
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and LUCC have become key indicators of changes in vegetation NPP in Yangzhou in recent
years. Compared to the influence of a single driving factor, the interaction of multiple
factors was shown to exert a stronger effect. Specifically, the interaction between NDVI and
LUCC in Yangzhou had the strongest impact, with an explanatory power of 77.78%. The
interaction between RAD and TEM had the weakest impact, with an explanatory power
of only 4.81%. These results suggested that the main factors affecting vegetation NPP
varied in different regions. In areas with higher levels of urbanization, NPP variation has
been shown to be mainly driven by the dual interaction of land-use change and vegetation
cover reduction [45,49]. In remote and mountainous areas less affected by anthropogenic
activities, the interaction between climate and ecological factors constitutes the main driving
force [10,52,53]. Studying the differences in dominant driving factors in different regions
can assist managers in making targeted scientific decisions.

4.4. Uncertainty and Limitations

In terms of research data and methods, due to the limitations of remote-sensing
technology, early research mostly focused on large-scale research scope, with low accuracy
of data and many details in the research area that cannot be reflected. This article uses
satellite remote-sensing data with a resolution of 30 m, which provides the possibility
for studying high-precision NPP products at relatively small city scales. Although the
improved CASA model can relatively accurately estimate the vegetation NPP, the model
itself cannot fully explain the impact mechanism of soil nutrients and water factors on
vegetation NPP values. There is also a certain degree of uncertainty in the simulated values
of the CASA model in water areas. These are common problems among many models (Zhu
et al., 2007; Bao et al., 2016; Liu et al., 2022) [13,17,47].

The improved Hurst index method used in this study, which was based on past trends,
has the advantages of high accuracy and wide applicability in predicting the evolution of
future trends [41]. The prediction and analysis of the future NPP variation based on this
method is a useful exploration of the “low-carbon” development theory and associated
practical applications. However, these predictions contain many uncertainties, such as
those related to future climate change scenarios, economic development trends, and land-
use policies. All these will affect the evolution of future trends, and the influencing factors
considered in this study will all present a degree of uncertainty. Especially in terms of social
factors, it should be noted that while those selected in this study (LUCC, GDP, POP, and
DTR) represent most human activities, the actual impact of these activities on NPP goes
far beyond this. On the other hand, the socio-economic situation and policies to support
urban development are also constantly changing, directly affecting the aforementioned
driving factors. NDVI and NDBSI are both ecological factors and important indicators of
land-use change. The analysis of the interaction between driving factors may exaggerate
the influence of some of them. There are studies showing that elevation indirectly affects
NPP by affecting the distribution of vegetation [54]. Since the research area is mainly
composed of plains, although the southeastern part is hilly terrain, the overall elevation
difference is relatively less, and the impact on NPP is not significant. This study did
not systematically discuss the impact of elevation changes on NPP. In addition, the scale
dependence of the variation of climate factors requires further exploration in the future.
We hope to develop more comprehensive and accurate prediction models in the future,
address the aforementioned uncertainties, assist managers in scientific decision-making,
and provide a reference or early warning for the formulation of low-carbon development
plans and policies in the Yangzhou region in the future.

5. Conclusions

In this study, the temporal and spatial evolution of vegetation NPP in Yangzhou City
from 2000 to 2020 was analyzed, and future trends were predicted. At the same time, the
main driving factors of NPP variation in this city were also examined. The results revealed
that: (1) temporally, the vegetation NPP values in Yangzhou City from 2000 to 2020 mainly
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manifested as the Slightly Declined (51.04%) and Remained Stable (41.15%) categories,
and this trend is predicted to continue in the future; and (2) spatially, NPP values were
generally higher in the city’s surrounding areas and lower in the central area. Significant
differences in NPP were observed among land types. Specifically, values were ranked in
the following descending order: forest > farmland > unused land > urban > water. In most
areas, NPP values were within the Remained Stable category. In the future, the NPP of
vegetation along Gaoyou Lake and the Grand Canal will improve significantly. In general,
the values of this parameter in Yangzhou City are predicted to fall within the Continuing
Decline (47.71%) and Remained Stable (41.15%) categories. The main driving factors of NPP
variation in Yangzhou were NDVI (among the ecological factors) and the LUCC (among
the social factors). Climate factors played a relatively minor role, and the interaction of
multiple driving factors exerted a more significant influence than single factors. These
findings indicated that it is necessary to consider the influence of multiple factors in the
analysis and prediction of future NPP trends in rapidly developing coastal areas, identify
the dominant factors driving these trends, and provide theoretical exploration and practical
basis for achieving the “dual carbon” goals in the Yangzhou region.
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