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Abstract: In recent years, China’s urbanization has accelerated, significantly impacting ecosystems
and the carbon balance due to changes in urban land use. The spatial patterns of CO2 emissions
from urban land are essential for devising strategies to mitigate emissions, particularly in predicting
future spatial distributions that guide urban development. Based on socioeconomic grid data, such
as nighttime lights and the population, this study proposes a spatial prediction method for CO2 emis-
sions from urban land using a Long Short-Term Memory (LSTM) model with added fully connected
layers. Additionally, the geographical detector method was applied to identify the factors driving the
increase in CO2 emissions due to urban land expansion. The results show that socioeconomic grid
data can effectively predict the spatial distribution of CO2 emissions. In the Yangtze River Economic
Belt (YREB), emissions from urban land are projected to rise by 116.23% from 2020 to 2030. The
analysis of driving factors indicates that economic development and population density significantly
influence the increase in CO2 emissions due to urban land expansion. In downstream cities, CO2

emissions are influenced by both population density and economic development, whereas in mid-
stream and upstream city clusters, they are primarily driven by economic development. Furthermore,
technology investment can mitigate CO2 emissions from upstream city clusters. In conclusion, this
study provides a scientific basis for developing CO2 mitigation strategies for urban land within
the YREB.

Keywords: urban expansion; spatial prediction; LSTM; geographical detector; driving factors

1. Introduction

Global warming presents a grave danger to human society and ecosystems, ranking
among the most pressing environmental issues of our time [1,2]. Its primary driver is the
emissions of greenhouse gases, such as CO2 [3]. Despite covering only 2% of the planet’s
land area, urban areas are responsible for more than 60% of the emissions contributing to
the greenhouse effect and utilize 78% of the world’s energy supply [4]. Human activities
and industrial processes in cities lead to energy consumption and consequently CO2 emis-
sions, indirectly impacting the urban climate and ecological environment [5–8]. China’s
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rapid urbanization and socioeconomic development in recent decades have significantly
influenced terrestrial ecosystems and increased CO2 emissions [9–12]. Urban land, as a
critical area for human activities, has complex CO2 emissions originating from various
sources [13]. Understanding the spatial distribution of urban CO2 emissions is vital for
accurately estimating and predicting the growth trends and driving factors of CO2 emis-
sions under current socioeconomic development conditions, in order to formulate effective
carbon reduction strategies [14,15].

Recently, there has been considerable research on the spatialization of urban CO2
emissions [16–18]. These studies can be categorized into two primary methods: bottom-up
and top-down [19]. Bottom-up methods face challenges, such as data scarcity, acquisition
difficulties, and a lack of timeliness and universality, making them less applicable. In
contrast, top-down methods benefit from readily available data and broader applicabil-
ity [20,21]. Top-down methods can be further classified into two types. The first involves
allocating CO2 emission statistical values to grid cells using nighttime lights and other
data sources. For example, some studies have proposed a grid allocation approach based
on land-use types, which has been applied in specific cities [18,22]. Furthermore, Gao
et al. [21] combined nighttime lights with electricity consumption to create an Energy and
Emissions Comprehensive Index (EECI) for fine-scale CO2 emission spatialization (130 m).
Although effective in estimating CO2 emission distributions, these methods have lacked a
quantitative model assessment, limiting their predictive capabilities. The other type has
established regression models between total CO2 emissions at regional levels and statistical
socioeconomic data, such as nighttime lights, to estimate the CO2 emission distribution. For
instance, Guo et al. [23] developed spatio-temporal regression models based on enhanced
population-light index (RPNTL) data for urban, industrial, and rural areas, achieving a
spatial CO2 emission estimation. Additionally, indices, such as the Improved Vegetation
Adjusted Nighttime Light Urban Index (VANUI) [24] and Improved CO2 Emissions Index
(ICEI) [25], have been proposed to estimate CO2 emissions. Although the latter methods
have enabled quantitative model evaluation and prediction extension, uncertainty in re-
gression models may introduce deviations in estimation results [26]. The reason for this
uncertainty is that while there is a high correlation between socioeconomic variables and
CO2 emissions, it is not possible to accurately estimate or predict grid-level CO2 emissions
based solely on socioeconomic variables.

Currently, there is limited research on spatially predicting future urban land CO2 emis-
sions. For instance, considering the variation in urban population density, an estimation
of the prospective spatial arrangement of population density is made, and then, the total
CO2 emissions plan from the Intended Nationally Determined Contributions (INDC) is
allocated to grid cells [27]. However, this method is too simplistic and cannot evaluate
the precision of the predicted outcomes. Luo et al. [28] used ridge regression to correlate
CO2 emissions with land-use proportions, predicting emissions in Xi’an City. However,
this method lacks temporal data validation and wide spatial coverage. Deep-learning
LSTM models, as Huang et al. [29] demonstrated, address these limitations. Previous
research indicates the potential of nighttime lights and population data for estimating
urban CO2 emissions, as these metrics closely reflect human activity intensity, which is
closely tied to emissions [30–32]. Thus, using socioeconomic grid data, such as nighttime
lights and the population, with LSTM models offers promise in predicting future urban
CO2 emission patterns.

Moreover, many studies that examine the effects of urban expansion on CO2 emissions
rely on historical data to analyze this relationship. For instance, the analysis of how urban
expansion affects CO2 emissions [33] and the trade-off between urban land expansion
and ecological development concerning CO2 emissions [34] demonstrate important rela-
tionships. However, there is limited research on the potential factors influencing future
urban expansion and CO2 emissions. Identifying these driving factors can enhance the
understanding of CO2 emissions from urban land expansion, laying the groundwork for
future reductions in urban CO2 emissions and sustainable development [35].
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In this study, a method for predicting the spatial distribution of urban land CO2
emissions was proposed based on CO2 emission statistical data and urban socioeconomic
grid data. An LSTM model with additional fully connected layers was applied in the
method to predict the spatial distribution of CO2 emissions from urban land. Urban land
CO2 emissions are correlated to socioeconomic grid data. Due to their high magnitude and
extensive coverage, urban land CO2 emissions represent a significant component of overall
urban CO2 emissions [36]. The urban land in this study refers to residential, commercial,
and public spaces within a city, excluding industrial areas. Taking the YREB as the study
area, this study predicted the spatial distribution of urban land CO2 emissions for the
year 2030 based on nighttime lights (NTL), population (POP), Gross Domestic Product
(GDP), electricity consumption (EC), and land use data. Furthermore, the potential driving
factors of the increase in CO2 emissions from urban land expansion from 2020 to 2030 were
analyzed based on the geographical detector. The aims of this study are as follows: (1) to
develop a CO2 emissions spatial distribution prediction model based on socioeconomic
grid data; (2) to predict and analyze the spatio-temporal evolution of CO2 emissions within
the YREB; (3) to explore the potential factors driving future urban land expansion CO2
emissions, providing a scientific basis for low-carbon and sustainable development of cities.

2. Materials and Methods
2.1. Research Framework

The study framework comprises three main sections: data collection and prepro-
cessing, model training and prediction, and spatio-temporal analysis of results (Figure 1).
In the data collection and preprocessing phase, socioeconomic grid data, land use data,
and statistical yearbook data are preprocessed. For model construction and training, an
integrated LSTM model was developed using time-series socioeconomic data and urban
land CO2 emissions statistics. This model aimed to predict the spatial distribution pattern
of urban land CO2 emissions for 2030, leveraging historical data. In the driving analysis, a
geographical detector model was utilized to identify the driving factors, such as the end-of-
year urban population and population density, affecting the increase in CO2 emissions and
the decrease in carbon sequestration from urban land expansion. Additionally, a spatial
and temporal analysis for all the cities and only provincial capital cities was conducted to
offer insights and recommendations for urban development.
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Figure 1. The workflow of the study.

2.2. The Study Area

The YREB stretches across China’s eastern, central, and western areas, encompassing
11 provinces and municipalities, such as Shanghai, Wuhan, and Chengdu. It covers an area
of about 2.0523 million square kilometers and is situated between latitude 21◦ 08′ N–35◦ 08′

N and longitude 97◦ 21′ E–122◦ 12′ E (Figure 2). With its population and GDP collectively
representing over 40% of China’s total, the YREB holds significant influence as an inland-river
economic development zone on a global scale [37]. Known for its concentration of modern
industries, such as steel, automobiles, and electronics, the belt boasts a high urban density, with
urbanization levels around 50% and urban density 2.16 times higher than the national average,
transforming it into one of the most economically prosperous areas beyond the coastal regions.

The YREB is divided into three regions based on the river basin topography and
administrative boundaries: the downstream, midstream, and upstream areas [38]. The
downstream cities feature a flat terrain, high population density, and advanced urbaniza-
tion, contributing to about 25% of China’s socioeconomic output, despite covering less than
4% of the land [39]. The midstream cities are characterized by a hilly and plain topography,
with a large population and rapid urban development [40]. The upstream cities have a com-
plex topography, including basins, mountains, and plateaus. Economic development and
urbanization levels are relatively underdeveloped, and urban development is uneven [41].
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The belt’s rapid urbanization and expansion, along with the increasing population density
and traditional energy consumption, have led to a notable surge in CO2 emissions [42]. The
rapid development of the YREB has come at the cost of excessive resource consumption
and is currently facing issues of excessive CO2 emissions, particularly in the downstream
provinces and major cities [43,44]. The belt is now actively advancing a strategy of “taking
concerted efforts to achieve ecological protection” and aims to become a leading area for
ecological civilization in China [45]. Therefore, taking the YREB as a demonstration area to
study urban land CO2 emissions and their driving factors holds significant importances for
carbon reduction in other cities in China and around the world.
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2.3. Data Sources and Preparation

The CO2 emission dataset, socioeconomic grid datasets, land use, and socioeconomic
statistical datasets were employed in this study (Table 1). CO2 emission data at the pre-
fectural city scale spanning from 2005 to 2020 was obtained from the China City Green-
house Gas Working Group (http://www.cityghg.com/, accessed on 12 October 2023).
These data were used as the basis for CO2 emission predictions related to urban land
use. Socioeconomic grid data comprised nighttime light data from 1995 to 2019 sourced
from the National Earth System Science Data Center (https://www.geodata.cn/main/,
accessed on 3 November 2023), population grid data from 2000 to 2019 from WorldPOP
(https://hub.worldpop.org/, accessed on 8 November 2023), and electricity consumption
and GDP grid data from 1995 to 2019 from Chen and Gao [46]. These socioeconomic grid

http://www.cityghg.com/
https://www.geodata.cn/main/
https://hub.worldpop.org/
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datasets were projected to the Albers coordinate system with a 1 km spatial resolution.
Land-use data with detailed classification criteria from 2000 to 2020 were obtained from
the Institute of Geographic Sciences and Natural Resources Research, Chinese Academy
of Sciences. Urban land simulation data for 2030 were provided by PANGAEA’s Data
Publisher for Earth & Environmental Science [47]. The socioeconomic statistical datasets
comprise eight potential factors that may affect the increase in CO2 emissions from urban
land expansion, including the household registered population at year-end, population
density, Gross Regional Product (GRP), per capita GRP, local general public budget revenue,
expenditure for science and technology, tertiary industry as a percentage of the GRP, and
tertiary industrial output value, all sourced from the 2019 Chinese City Statistical Yearbook
(https://data.cnki.net/, accessed on 10 December 2023).

Table 1. Overview of datasets utilized for this study.

Type Data Year Source

CO2 emission data CO2 emission statistics 2005, 2010, 2015, 2020 China City Greenhouse Gas Working Group

Socioeconomic grid data

Nighttime light 1995–2019 National Earth System Science Data Center
Population 2000–2019 WorldPOP

GDP 1995–2019
Chen and Gao [46]Electricity consumption 1995–2019

Land use data
Secondary land use classification (Urban land) 2000, 2005, 2010, 2015,

2020

Institute of Geographic Sciences and
Natural Resources Research, Chinese

Academy of Sciences
Future urban land 2030 PANGAEA

Socioeconomic data

Household registered population at
year-end (HRP)

2019 China City Statistical Yearbook

Population density (PD)
Gross Regional Product (GRP)

Per capita GRP (PGRP)
Local general public budget revenue (BR)
Expenditure for science and technology (EST)

Tertiary industry as percentage of GRP (TIGRP)
Tertiary industrial output value (TI)

CO2 emissions can be divided by land-use type into three categories: urban land,
industrial land, and rural land [32]. This study focuses on the spatial prediction of CO2
emissions from urban land use. Urban land includes transportation land, residential land,
commercial and service land, and construction land. CO2 emissions corresponding to urban
land use include emissions from the service industry, urban living, transportation (road,
rail, water transport, aviation), and some indirect emissions. Only a few cities have indirect
CO2 emissions in the CO2 emission statistics, which cannot be allocated to urban land or
industrial land, and since their magnitude is small, half of the indirect CO2 emissions are
allocated to urban land.

2.4. Methodology
2.4.1. Stationarity Test

Stability tests are conducted on the time-series data of each variable to ensure stationarity,
essential for predicting future CO2 emissions. Before conducting tests, socioeconomic grid data
are aggregated by the city. The urban land area is extracted using land-use data from 1995 to
2020 at five-year intervals. Missing years are replaced with the nearest available land-use data.
This process yields annual urban land CO2 emissions for 126 cities, which are then averaged to
obtain a time series of the total value of socioeconomic grid data.

The Augmented Dickey–Fuller (ADF) test is employed to assess time-series stationarity,
overcoming limitations of the Dickey–Fuller test in handling sequences with high-order lag
terms and addressing autocorrelation in random disturbance terms.

Yt = α + γt + (ρ − 1)Yt−1 + ∑k
i=1 βiYt−i + εt (1)

https://data.cnki.net/
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tρ̂ =
ρ̂ − 1
se(ρ̂)

, tα̂ =
α̂ − 0
se(α̂)

, tγ̂ =
γ̂ − 0
se(γ̂)

(2)

where tρ̂, tα̂, and tγ̂ follow the ADF distribution, which is used to test whether the original
time series is a unit root process (ρ = 1). se represents the standard error, which is used to
compute these test statistics.

2.4.2. The CO2 Emission Spatio-Temporal Prediction Model

Socioeconomic grid data have been proven to have a substantial correlation with the
spatial pattern of CO2 emissions. Thus, they can be utilized for estimating and predicting
the spatial distribution CO2 emissions. To improve the precision of predicting the spatial
distribution of urban land CO2 emissions, this research proposes a spatial prediction model
that integrates CO2 emissions with nighttime light, population, electricity consumption,
GDP, and land-use data (Figure 3).
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The LSTM model, a variant of the RNN model, addresses the problem of long-term
dependency in RNNs by using “gate” units to control the updating or discarding of input
data [48]. In this study, LSTM serves as the base model for predicting CO2 emissions in
2030 based on socioeconomic grid data. However, since the model training is many-to-one,
where pixel CO2 emissions correspond to total city CO2 emissions, it cannot ensure the spatial
correlation between the output CO2 emissions and the socioeconomic grid data. To address
this, a fully connected layer module is integrated into the model. This module averages the
input socioeconomic grid data, calculates weight coefficients, applies them multiplicatively to
the model’s output, and keeps its parameters fixed during mid-term training. Furthermore, to
enhance prediction accuracy and stability, an ensemble model that averages predictions from
multiple models is employed. The model description is as follows:

ĈEi = f3

[
f1(x1i, x2i, x3i, x4i) f2

(
∑n

j=1 x1ij

n
,

∑n
j=1 x2ij

n
,

∑n
j=1 x3ij

n
,

∑n
j=1 x4ij

n

)]
(3)

CEcity = ∑N
i=1 ĈEi + ε (4)

where x1ij represents the time-series data of the first input variable based on the ith pixel for
the jth year, where n represents the length of the time series, N represents the total number
of pixels for urban land use in the city, ĈEi represents the estimated CO2 emission of the
output pixel, and CEcity represents the statistical value of city CO2 emissions. f1 represents
the LSTM model, f2 represents the fully connected layer module, and f3 represents the
ensemble model.

MSELoss = ∑m
i=1(yi − ŷi)

2

m
(5)

During model training, we utilize the MSELoss loss function, where yi represents the
actual CO2 emission value and ŷi represents the predicted CO2 emission. The socioeco-
nomic grid data from 1995 to 2004 and 2000 to 2009 are associated with CO2 emissions
in 2015 and 2020, respectively, serving as the training dataset. Data from 2010 to 2019
correspond to CO2 emissions in 2030 and are utilized for prediction purposes.

2.4.3. Geographical Detector

The geographical detector, a statistical model based on spatial variance analysis, has
garnered widespread adoption within the realm of spatial analysis [49,50]. This study uses
the factor detector and interaction detector models of the geographical detector to explore
the potential influence of factors on the spatial distribution of the increase in CO2 emissions
and the decrease in carbon sequestration due to urban land expansion from 2020 to 2030, as
well as the interaction between multiple factors. The geographical detector is implemented
using the R language GD library (https://CRAN.R-project.org/package=geodetector,
accessed on 5 January 2024).

The factor detector is used to identify spatial disparities among variables and to assess
the extent to which factors contribute to these spatial variations [51].

q = 1 − ∑L
h=1 Nhσ2

h
Nσ2 = 1 − SSW

SST
(6)

In the formula, q represents the impact level of factors on the spatial heterogeneity of
the target variable, ranging from 0 to 1, with a higher value indicating a greater explanatory
power of factors on the spatial heterogeneity of the target variable; h = 1, 2, . . . , L represents the
partition of variables or factors, Nh and N represent the count of units in the partition and the
overall count of units in the whole area, respectively, σ2

h and σ2 represent the variance within
the partition and the total variance of the whole area, respectively, SSW and SST represent the
sum of squares within the partition and the total sum of squares of the whole area, respectively.

The interaction detector is used to identify interactions among various factors and to
evaluate whether the combined effect of two factors on a variable enhances or diminishes

https://CRAN.R-project.org/package=geodetector
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the explanatory capacity of the variable. The q value of the factors’ influence on the variable
(q(x1) and q(x2)) is initially determined, followed by the calculation of the q value for the
layer resulting from the interaction between the two factors (q(x1∩x2)). The relationship
among q(x1), q(x2), and q(x1∩x2) is to be determined, and the type of interaction is to be
determined as well [52].

3. Results
3.1. The Prediction Results

The changes in time-series data used in this study were analyzed. Figure 4 depicts the
changes in socioeconomic grid data and CO2 emissions after the data were normalized to
the same range. The average CO2 emissions from urban land in the YREB saw a significant
rise from 2005 to 2020, especially during 2005–2015. The rate of increase in CO2 emissions
has risen by an average of 51.41% for each five-year interval. From 1995 to 2019, the mean
values of urban land-use socioeconomic grid data show a clear increasing trend, indicating
growth in the urban land expansion, population, GDP, and electricity consumption. The
average growth rates are 7.93%, 3.80%, 10.38%, and 9.28%, respectively. This growth trend
correlates with CO2 emissions, supporting the use of socioeconomic grid data to predict
urban land CO2 emissions.
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For the stationarity test of socioeconomic grid data and CO2 emissions over time
(Table 2), all four variables failed the unit root ADF test, confirming that the original
variables were non-stationary. However, after first-order differencing, the data became
stationary, enabling the prediction of CO2 emissions utilizing these time-series data.

Table 2. Time-series stationarity test.

Variables ADF Test

Intercept and trend Intercept and trend

Level 1st difference

Nighttime Light (NTL) 0.999 5.88 × 10−5

Population (POP) 0.985 6.40 × 10−7

Gross Domestic Product (GDP) 0.997 2.95 × 10−5

Electricity Consumption (EC) 0.995 1.00 × 10−5

CO2 Emissions (CE) 0.858 - *

*: Due to the limited four-year span of CO2 emissions data, the series after differencing is too short for testing.

Over the last 25 years, urban land in the YREB has consistently expanded, mainly in
the Yangtze River Delta region, particularly Shanghai and Suzhou. Meanwhile, national
initiatives, such as the “Revitalization of Central China” and the “Western Development”
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have further accelerated urban land expansion in the middle and upper regions of the
Yangtze River [53].

Figure 5 depicts the predicted spatial distribution of urban land CO2 emissions in cities
across the YREB in 2030. It reveals that CO2 emissions are notably higher in the central
city areas and gradually diminish towards rural regions. Urban land CO2 emissions range
from 0.18 to 133.70 k tons/grid, with an average of 42.18 k tons and a standard deviation
of 17.89 k tons. Grids with CO2 emissions ranging from 30 to 70 k tons/grid are widely
distributed around urban core areas, accounting for over 70%. Grids with CO2 emissions
exceeding 70 k tons/grid are concentrated in core areas, particularly in economically
developed cities, accounting for approximately 3%. Grids with CO2 emissions below 30 k
tons/grid are scattered in suburban and town areas. From 2020 to 2030, expansion land
CO2 emissions range from 0.18 to 114.28 k tons/grid, with a mean of 34.70 k tons and a
standard deviation of 17.30 k tons. CO2 emissions from urban land expansion account for
33.14% of the total urban land CO2 emissions. This phenomenon is more severe in the
Yangtze River Delta region, where it accounts for 41.12%.
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Cities in the lower reaches of the Yangtze River display widespread high CO2 emis-
sions due to their large urban land area and concentrated emission sources, resulting in
higher overall emissions compared to other areas. The Yangtze River Delta has experi-
enced swift development and high population density recently. This population surge is
anticipated to boost the consumption of fossil fuels, consequently generating substantial
CO2 emissions [25]. Conversely, cities in the middle and upper reaches exhibit high CO2
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emissions mainly in their central areas. Due to their smaller and less concentrated urban
land, these cities have lower total CO2 emissions.

3.2. Spatio-Temporal Variation Characteristics of CO2 Emissions

From 2005 to 2030, urban land CO2 emissions in cities across the YREB have generally
risen (Figure 6). In 2030, the average CO2 emissions are projected to be 13805.42 k tons,
with a median of 5483.54 k tons (Figure 6a). The ten-year average growth rate of CO2
emissions is 103.73%. Specifically, the average growth from 2020 to 2030 is 7420.90 k tons,
with a growth rate of 116.23%. This indicates that urban land CO2 emissions in the YREB
will continue to increase from 2020 to 2030.
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Analyzing the CO2 emission changing trends of provincial capitals within the YREB
(Figure 6b,c), significant increases were observed in Nanjing, Hangzhou, and Shanghai,
with the exception of Hefei. The urban regions on the eastern seaboard of the Yangtze River
Delta, as well as the more developed central areas, are experiencing a rapid increase in CO2
emissions [54]. It is projected that Shanghai, Hangzhou, and Nanjing will expand outward
significantly from 2020 to 2030, resulting in a substantial rise in CO2 emissions by 2030.
These cities are expected to experience a CO2 emissions growth rate of over 200% from
2020 to 2030. Changsha and Nanchang show consistent increase in emissions with a slight
uptick expected by 2030, with a CO2 emission growth rate of about 100%. In the cities along
the middle reaches, urban expansion exerts a more pronounced impact on driving CO2
emissions than economic growth [10]. Chengdu and Chongqing will experience significant
urban expansion leading to increased CO2 emissions, especially in Chengdu, by 2030.
Kunming’s CO2 emissions are rising due to positive lifestyle and economic trends despite
minimal urban expansion. Emissions in Guiyang increased slightly from 2005 to 2015 but
are expected to decrease by 9.86% by 2030 due to declining population density and active
promotion of low-carbon living.

From 2020 to 2030, urban land CO2 emissions in the upper and middle reaches
show a gradual increase, although some cities observe a slight decline in emissions. The
increasing demand for urban residents’ lifestyles, including food, transportation, and
shopping, contributes to the rise in CO2 emissions from urban land. Simultaneously, the
vigorous promotion of low-carbon living partially suppresses the unlimited growth of CO2
emissions. Thus, the observed gradual rise in urban land CO2 emissions aligns with the
expected outcomes of the study. In contrast, the significant increase in CO2 emissions in the
lower reaches from 2020 to 2030 is partly due to the robust economic development, rapid
population growth, and intense urban expansion in these cities.

3.3. Driving Factors of the Increase in CO2 Emissions and the Decrease in Carbon Sequestration

This study explores how different socioeconomic factors impact the increase in CO2
emissions and the decrease in carbon sequestration when cities expand their land areas
(Figure 7). It also found that several socioeconomic factors positively impact the increase in
CO2 emissions from urban land expansion in the YREB (Figure 7a). Among these factors,
GRP, BR, TI, and EST are identified as primary influencers, with q-values exceeding 0.7,
while PD had the smallest impact, with a q-value as low as 0.1. In interaction detection,
TI and PD, BR and PD, and PGRP and PD all exhibit nonlinear enhancement effects, with
their combined effects on the dependent variable reaching 0.92, 0.90, and 0.8,7 respectively
(Figure 7b). This indicates that while PD does not directly affect the increase in CO2
emissions from future urban land expansion, it serves as a foundational factor. Overall,
the future increase in CO2 emissions resulting from urban land expansion will mainly be
influenced by the current population density, the state of service industry development,
technological investment, and residents’ living standards, with GRP being the dominant
driving factor.

Furthermore, the analysis identified potential factors contributing to the decrease in
carbon sequestration from urban land expansion. The direct impact of these socioeconomic
variables is relatively small, with BR being the primary direct influencing factor, with a
q-value of less than 0.5 (Figure 7c). Interaction detection shows that the linear enhance-
ment effect of TIGRP and PGRP on the dependent variable is the greatest, reaching 0.62,
whereas their individual effects are only 0.4 (Figure 7d). This indicates that the urban
economic structure and residents’ living standards jointly influence the decrease in carbon
sequestration from urban land expansion. Additionally, similar to the driving analysis
of the increase in CO2 emissions, PD’s nonlinear enhancement effects with both TI and
BR also contribute significantly to explaining the variance in the dependent variable, each
reaching 0.6. Therefore, when urban PD reaches a certain level and economic development
is robust, further expansion of urban land becomes necessary, leading to a reduction in
carbon sequestration.
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4. Discussion
4.1. Model Evaluation and Result Analysis

Due to uncertainties, some cities experience overestimation or underestimation when
predicting CO2 emissions using socioeconomic grid data [55]. Figure 8 illustrates the
model’s fitting performance for total urban land CO2 emissions in 2015 and 2020, evaluating
the model’s fitting effectiveness in different regions and cities based on fitting deviations.
The study shows that the method used is generally accurate, with an overall R-squared of
0.73 for urban areas in cities along the YREB in 2015 and 2020. The highest accuracy is in
the midstream city cluster, with an R-squared of 0.84, while the upstream and downstream
city clusters have R-squared values of 0.69 and 0.75, respectively, indicating the model’s
reliability (Figure 8c–f).

Most overestimated cities are in the lower reaches, covering most of Jiangsu Province
and some cities in Zhejiang and Anhui provinces (Figure 8a,b). In the urban agglomeration
of the lower reaches, the average values of absolute and relative deviations in CO2 emissions
are 209.01 (10 k tons) and 0.23, respectively. Notably, Suzhou, Nanjing, and Ningbo show
high socioeconomic grid data, such as nighttime light, due to their large urban areas,
dense populations, and strong economies [56]. This overestimation is primarily due
to the dominance of small cities in the YREB. Additionally, some larger cities, despite
their efforts in emission reduction, are also overestimated due to their socioeconomic
data. For instance, Shanghai is underestimated in 2015 but overestimated in 2020. In the
early 21st century, Shanghai experienced rapid urbanization, with significant population
and economic growth. With the implementation of national measures for reducing CO2
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emissions and the development of green and low-carbon technologies, cities are expected
to gradually reduce the growth rate of CO2 emissions [57].
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Underestimated cities are mainly found in the upper and middle reaches and some
cities in Zhejiang Province (Figure 8a,b). In the urban agglomerations of the middle and up-
per reaches, the average values of the absolute and relative deviations in CO2 emissions are
−185.35 (10 k tons) and 0.39, respectively. These underestimated cities are characterized by
small urban land areas, low urban populations, and relatively low Nighttime Light Digital
Number (DN) values, resulting in underestimated CO2 emissions. Small cities constitute
the majority of underestimated cities, leading to a relatively large relative underestimation
deviation due to their small total CO2 emissions. Notably, economically developed cities,
such as Chongqing, Guiyang, and Hangzhou experience underestimated CO2 emissions
due to statistical errors in urban land area and CO2 emissions. However, despite these
deviations, the total CO2 emissions of these cities are substantial, and the relative deviations
are small, so the results remain credible.

The model fits best in the middle reaches of the city, most of the upper reaches, and the
southern part of the downstream city (Figure 8a,b). However, the fitting effect is relatively
poor in the northern part of the downstream city. The cities with poor fitting effects are
mainly located in Jiangsu Province, where the economic development is good, the total CO2
emissions are high, and they are generally overestimated. Due to the large total volume,
the relative deviation of the estimated value is still credible. The cities with good model
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estimation effects have an undulating terrain and moderate economic development. In
these cities, the R-squared of the model test results can reach 0.87.

Overall, the absolute values of the average fitting deviations of the model across
various regions do not exceed 210 (10 k tons), which is significantly less than the total CO2
emissions of most cities. The R-squared of the model fitting in all simulated cities reaches
0.73. The estimated deviation in the middle reaches urban agglomeration is the smallest,
with an R-squared value of 0.83. These results indicate that the model estimation accuracy
meets the requirements. Therefore, the model can be used for predicting urban land CO2
emissions in cities within the YREB. Additionally, the model performs well in areas with an
undulating terrain and moderate economic development (most areas of YREB). Therefore,
based on the applicability of this model, it can be expanded to more cities in the future.

The CO2 emissions of the YREB from 2005 to 2030 are showing an upward trend
(Figure 6a). The slight increase from 2015 to 2020 can be attributed to the impact of COVID-
19, which reduced emissions due to decreased production and activities. The model predicts
a significant increase in CO2 emissions from urban land in the Yangtze River Delta region
from 2020 to 2030 (Figure 6b,c), mainly due to the substantial expansion of urban land.
These cities attract a large influx of population, leading to a continuous rise in population
density, an increase in consumer spending power, the continuous expansion of urban
land, and a reduction in terrestrial carbon sequestration [58,59]. According to the current
development trend, the total CO2 emissions from urban land in these cities will continue to
rise, which is consistent with the results of related studies [60]. Compared to the Yangtze
River Delta region, the urban land CO2 emissions in the central reaches of the Yangtze
River, such as Wuhan, Changsha, and Nanchang, are increasing steadily but at a slower
pace. The increase in CO2 emissions in these cities is mainly influenced by the expansion
of urban land, hence the need to control urban land expansion to curb CO2 emissions [1].
In the upper reaches of the Yangtze River, the CO2 emissions from urban land in most
cities no longer rise. However, in a few cities, such as Chengdu and Chongqing, the CO2
emissions from urban land are still steadily increasing. This is due to the obvious urban
expansion in these cities, and their CO2 emissions from the service industry, urban living,
and transportation are expected to rise with economic development.

4.2. Analysis of the Differences in Driving Factors of Urban Agglomerations in Different
River Basins

Using geographical detectors, this study analyzed the drivers of CO2 emission in-
creases from urban land expansion in the Yangtze River’s downstream, midstream, and
upstream city clusters (Figure 9). The downstream cluster (Shanghai, Jiangsu, Anhui,
Zhejiang) has a dense population and robust economy, with significant urban growth.
The results indicate that the q-value of GRP reaches 0.85, while the q-value of PD is only
0.06. However, PD shows a nonlinear enhancement interaction with TI and BR, both
at 0.97. This indicates that the increase in CO2 emissions from downstream urban land
expansion clusters is primarily driven by the population density and jointly influenced
by economic and industrial development (Figure 9a,b). Population density is not a direct
driver of increased CO2 emissions from land expansion. This is attributed to the flat ter-
rain and robust economic development in the Yangtze River Delta, where the population
density is generally high across the cities. However, when cities have a well-developed
economy and service industry, coupled with high population density, it directly leads
to an increase in CO2 emissions from land expansion, as exemplified by cities, such as
Shanghai, Suzhou, and Hangzhou. Therefore, in the future, these cities will need to control
urban land CO2 emissions by restricting the increase in both population density and urban
land area [61]. Additionally, it is essential to actively promote a green lifestyle, leveraging
the advantages of technological development and population to collectively reduce CO2
emissions [62]. The midstream cluster (parts of Hubei, Hunan, and Jiangxi), led by cities,
such as Wuhan, Changsha, and Nanchang, has fewer people and less economic activity
than the downstream area. The factor detection results indicate that the q-values of TI, GRP,
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PGRP, and EST all exceed 0.85. Combined with the interaction detection, it shows that
there is a linear-enhanced interaction among them, but it is not significant (Figure 9c,d).
Interaction detection revealed that fiscal economic factors, rather than the population, are
the primary drivers of CO2 emissions from expanding land. The household registered
population at year-end and population density do not exert a significant influence on the
CO2 emissions from urban land expansion. This is due to the stable development of the
midstream urban agglomerations, where changes in the urban population are relatively
minor compared to the downstream urban clusters, leading to a more stable pattern of
urban expansion [63]. The factors that directly impact CO2 emissions from land expansion
are the city’s service industry, per capita economic status, and fiscal revenue. In some
cities within the midstream urban agglomeration, CO2 emissions are trending towards
stabilization or even decline. A few economically advanced cities need to pay attention to
the expansion of urban land, especially in areas with vegetation coverage. The upstream
cluster includes the Chengdu–Chongqing urban agglomeration, the Central Guizhou urban
agglomeration, and the Central Yunnan urban agglomeration, characterized by a relatively
underdeveloped economy and uneven urban development [64]. The factor analysis results
suggest that the q-values for GRP, TIGRP, BR, and HRP all exceed 0.92, while EST is the
lowest at 0.29 (Figure 9e,f). This indicates that economic development in upstream cities
strongly drives urban expansion and CO2 emissions. This is due to the complex terrain of
the upstream urban agglomerations and the uneven urban development. Most cities have
a smaller population, extensive areas of vegetation cover, and CO2 emissions are tending to
stabilize, with some cities experiencing a decrease in CO2 emissions [65]. However, a few
economically developed cities, such as Chengdu and Chongqing, still exhibit a trend in
urban expansion, with increasing CO2 emissions. Interaction detection analysis shows that
these variables exhibit mutual attenuation, which is attributed to the uneven development
of upstream city clusters. Notably, investment in science and technology can help mitigate
urban land CO2 emissions.
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In the downstream city cluster, particularly in cities such as Shanghai and Hangzhou,
large-scale urban expansion is expected to result in higher CO2 emissions in the future. To
mitigate this, efforts to restrain urban land expansion should be accompanied by the devel-
opment of multifaceted emission reduction strategies, including green building, energy
conservation for urban residents, and the promotion of low-carbon transportation. Cities in
the upper and midstream city clusters of the Yangtze River, with better fiscal and economic
development, need to pay attention to urban land expansion. This expansion directly
leads to increased CO2 emissions, necessitating coordination between urban expansion
and vegetation coverage. Increasing vegetation coverage alongside urban expansion not
only reduces CO2 emissions but also enhances the living environment [66]. Additionally,
increasing investment in science and technology, as well as developing and promoting
low-carbon products, can alleviate the pressure of CO2 emission reductions from urban
land to a certain extent.

4.3. Limitations and Implications

This study proposes a CO2 emission spatial prediction model that uses various so-
cioeconomic grid data and land-use data to predict the spatial distribution pattern of CO2
emissions from urban land within the YREB in 2030. Compared to Wei et al. [32], this
study utilizes multiple sources of socioeconomic grid data, enhancing the spatial capability
of CO2 emission prediction and extending its scope. Tao et al. [27] allocated total CO2
emissions to a population grid for 2030 based on population change rates to determine the
geographical spread of CO2 emissions. In contrast, this study effectively utilizes the tempo-
ral features of data using the LSTM model and can assess the precision of the prediction
model. Additionally, compared to Luo et al. [28], the model introduced in this research
has wider applicability and can be employed to predict the spatial distribution pattern of
CO2 emissions for all cities within the YREB. Overall, this study provides a possibility for
predicting the spatial distribution of urban land CO2 emissions based on a deep learning
model, and the predictive results within the YREB are credible.

There are also some limitations to our study. The model’s application is limited to
urban land due to weak correlations between socioeconomic data and CO2 emissions from
industrial and rural areas. It uses historical data to estimate emissions, but with national
carbon policies and technology development, urban emissions are expected to decline and
carbon intensity to fall. This study only predicts the future urban land CO2 emissions based
on the current societal scenario, without considering the impact of future development
differences among various types of cities on CO2 emissions. Additionally, city morphology
and function also influence CO2 emissions [23]. This study establishes a unified model for
all cities, leading to certain biases in CO2 emission predictions. There are certain limitations
to this study that utilizes the geographic detector to analyze the driving factors of CO2
emissions from future expansion land. The parameters used in the analysis are economic
and population variables, without considering other potential drivers.

A variety of factors contribute to the spatial distribution of CO2 emissions, but the
study recognizes that its consideration of these factors is still not complete. Future research
could broaden CO2 emission predictions to include industrial and rural areas. Additionally,
integrating more types of data related to CO2 emissions, such as factory distribution,
building density, and population mobility data, into the model could reduce the uncertainty
of the predictive model and more accurately forecast the spatial distribution of future CO2
emissions. Moreover, CO2 emissions may also be related to a multitude of other factors,
such as urban policies and cultural differences; for instance, the population structure and
socio-economic scale can influence CO2 emissions [67]. Future studies should incorporate
these factors into the model to enhance its explanatory power and predictive accuracy.
Different societal scenarios lead to diverse trajectories of urban economic development,
resulting in variations in the urban population, economic growth, industrial structure, and
other factors, which could impact future projections of urban land CO2 emissions [68,69]. To
enhance the model’s applicability, the future development trends of urban CO2 emissions
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could be segmented into multiple grades. When training the model, correction parameters
or modules for the total urban CO2 emissions should be added to train CO2 emission
forecasting models under a variety of societal scenarios. Additionally, classifying cities
by their morphology and function can improve the model’s precision and extend its
application to a wider range. Furthermore, utilizing urban spatial form and ecological
levels can provide an in-depth analysis of the potential factors driving CO2 emissions from
expanding urban land [70].

5. Conclusions

This study proposed an innovative spatial prediction model for urban land CO2
emissions, utilizing data on socioeconomic grids, land utilization, and CO2 emissions.
Furthermore, based on socioeconomic grid data, such as NTL and POP, the model predicted
the spatial distribution of urban land CO2 emissions in the study area for 2030. Additionally,
factors affecting the increase in CO2 emissions and the decrease in carbon sequestration
due to future urban expansion were analyzed using the geographical detector. Overall, by
analyzing cities in the upper, middle, and lower reaches, the study offers suggestions for
decreasing CO2 emissions in urban areas.

The results show that the CO2 emission spatial prediction model established in this
study achieved an R-squared of 0.73 in the YREB, effectively predicting urban land CO2
emissions. From 2005 to 2030, CO2 emissions are on the rise, with cities, such as Nanjing
and Shanghai, expected to experience substantial increases, while Wuhan and Changsha
will see slower growth. Guizhou’s emissions gradually decline after 2015 due to a decrease
in the population density. Additionally, the combined effect of TI, BR, and PD drives the
increase in CO2 emissions from urban land expansion and also influences the decrease in
carbon sequestration from urban land expansion, though to a lesser extent. CO2 emissions
in downstream cities are influenced by population and economic development, while those
in midstream city clusters are mainly driven by economic development. In upstream city
clusters, CO2 emissions are primarily driven by economic development, but an investment
in science and technology helps to mitigate them.

Based on our results, different developing directions and routes can be implemented
in the YERB: (1) downstream city clusters with rapid urban expansion and high CO2
emissions require urgent attention. Cities should limit population density, control urban
land expansion, and promote energy conservation and low-carbon transportation to reduce
CO2 emissions. (2) In midstream city clusters, stable CO2 emission growth is driven by
economic development and land expansion. It is important to transition to low-carbon
energy sources to achieve early carbon peaking in future development. (3) Increased
investment in science and technology can help reduce CO2 emissions in upstream city
clusters. Future efforts should focus on boosting such investments while monitoring urban
expansion in specific cities.
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