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changes. Accurate accounting of TCS and rigorous quantification of its changes caused by 

historical urban expansion may help us to better predict its changes in the future. This study 

focuses on the carbon impacts of urbanization in China where the share of the urban population 

has increased from 18% in 1978 to 59% in 2017 and the growing will continue in the coming 

decades. Our results show that China’s TCS decreased at an accelerating pace over the past three 

decades with an average reduction of 0.72TgC/y in 1980-1990 and 8.72TgC/y in 2000-2010, 

mostly due to conversion from cropland and woodland to urban land. Through simulating urban 

expansion under four scenarios from 2010 to 2050, we found a potential increasing trend in land 

conversion from woodland to urban land. This conversion trend would result in carbon storage 

loss at an average rate of 9.31TgC/y~12.94TgC/y in 2010-2050. The increasing trend in both 

land conversion and carbon storage loss is especially visible in the population centers of the 

Yangtze River Delta and the Pearl River Delta. Considering that the indirect emission effects of 

urbanization, such as farmland displacement, population migration, and land degradation, may 

be much larger, the overall emission impact of forthcoming urban expansion in China would 

increase the uncertainty of the nation’s carbon emissions and potentially undermine China’s 

targets as committed in the Paris Climate Agreement. 

 

Keywords: Urban expansion; Terrestrial carbon storage; Development scenarios; InVEST model; 

FLUS model; Urban agglomerations 

 

1 | INTRODUCTION 

Terrestrial ecosystems influence the climate system through carbon exchanges between these 

ecosystems and the atmosphere.1-3 By capturing and storing carbon from the atmosphere, the 

carbon dioxide (CO2) concentration of the atmosphere decreases and the carbon storage of 

terrestrial ecosystems increases. On the other hand, carbon storage loss in terrestrial ecosystems 

leads to increased CO2 concentration in the atmosphere and thus contributing to global 

warming.2-9 Carbon storage dynamics are affected by wildfires, timber harvesting, land 
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management and land cover/land use change.7, 9, 10 Among these factors, land use conversion 

caused by human activities has been recognized as a leading driver for loss of global terrestrial 

carbon storage. 11-14 As a result, the impact of land-use changes on carbon storage and balance 

has been a focus of global change research in recent decades.15-18 

With ongoing rapid urbanization, the share of global population living in towns and cities 

was projected to reach 70% by 2050.19 Under this trend, urbanization will be a major contributor 

to global land use change.19-22 With urban areas expanding, cropland and woodland are shrinking 

and become increasingly fragmentized,23-24 causing negative impacts on ecosystems.25-26 

Therefore, simulating the impact of urban expansion on terrestrial carbon storage is of great 

significance for climate regulation and ecological balance. 

China has experienced fast urbanization and economic development since the reform and 

opening up, with the share of urban population soaring from 17.9% in 1978 to 58.52% in 

2017.27-29 Owing to its vast territory extending across various climate zones and diverse 

ecosystems, China is a critical region for global carbon storage research.2, 30 Moreover, in its 

commitment to the Paris Climate Agreement, China targeted at reaching peak carbon emissions 

by around 2030 and then achieving declines thereafter. China also committed to increasing the 

share of non-fossil fuels, increasing the volume of forest stocks, and reducing carbon emissions 

per unit of GDP.31 Therefore, research on China’s terrestrial carbon storages and the effects of 

land-use change in general and urbanization in particular is very important for China’s carbon 

mitigation efforts.  

 The 13th Five-Year Plan (2016-2020) of China mandated an acceleration in urbanization 

and prioritized the rapid expansion of nineteen urban agglomerations, including megacities and 

population centers such as Beijing-Tianjin-Hebei, the Yangtze River Delta (YRD), and the Pearl 

River Delta (PRD). These urban agglomerations are planned to be closely interconnected by 

means of highly developed transportation and information networks to form a relatively 

complete urban complex.32-34 Such large-scale, rapid and ongoing urbanization makes China a 

unique case for a systematic assessment of the impact of urban expansion on terrestrial carbon 
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storage change. In addition, the availability of detailed land-use maps derived from 

remote-sensing images in combination with the latest advances in carbon storage modeling and 

the cellular-automata based land-use modeling provides us a rare opportunity to carry out such a 

systematic assessment.  

A few studies have been conducted to assess carbon storage change in specific regions of 

China.9, 14 However, none of them covered the whole nation or estimated the potential impacts of 

future urban expansion scenarios. Given the fact that Chinese regions are diverse in terms of the 

industrial division of labor and development stages as well as in the size of urban areas and 

regional population, it is essential to provide a full picture of urban expansion and its impacts on 

carbon storage. Moreover, the simple classification of land use types in official data limits the 

accuracy of carbon storage estimation. In the current study, we carry out an improved estimation 

of carbon storage by taking the variation of climatic zones into consideration, which may exert 

significant impact on the capacity of carbon storage.35 We then provide projections of carbon 

storage change caused by China’s urbanization under four scenarios from 2010 to 2050, at the 

national level and also specifically for the growing agglomerations of Beijing-Tianjin-Hebei, the 

YRD and the PRD. The estimation of carbon storage during 1980-2010 is based on the 

Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model and the projections 

are carried out by coupling the Future Land Use Simulation model (FLUS model in short) 

developed by Liu et al. 36 and the InVEST model.  

 

2 | MATERIALS AND METHODS 

2.1 | Methods 

2.1.1 | Overview 

In this study, we coupled the Future Land Use simulation (FLUS) model and the Integrated 

Valuation of Ecosystem Services and Tradeoffs (InVEST) model to simulate the impacts of 

urban expansion on terrestrial carbon storage. First, we calculated the carbon densities of 

different land cover types for five climate zones. Next, the InVEST model was used to examine 
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the carbon storage changes caused by urban expansion from 1980 to 2010 both across the whole 

country and in the three urban agglomerations, and analyzed the share of carbon storage loss 

caused by conversion of cropland, woodland and grassland to new urban land. Then, we 

simulated the spatial distribution of future urban land under four scenarios in 2050 with FLUS 

model, estimating and analyzing its impacts on carbon storage variations from 2010 to 2050 in 

the same way as in the last step. Finally, we conducted a comparison between historical and 

future carbon storage changes, with the intention to highlight the hot spots with serious carbon 

storage loss and to identify the least environmentally damaging scenario for urban expansion. 

 

2.1.2 | Urban expansion simulation 

Cellular Automata (CA) are widely used for modeling spatial-temporal discrete dynamical 

systems and have a strong capacity in spatial dynamic modeling and complex computing. Using 

a simple local conversion rule, CA model can generate a global complex urban development 

simulation. For performing well on an elaborate spatial-temporal scale, CA model and its 

improved models have been extensively applied in urban simulation.37-39 A future land use 

simulation model, called FLUS for short, was presented recently (available for free download at 

http://www.geosimulation.cn/FLUS.html). 36, 40-41 The FLUS model is based on CA theory and 

has made significant improvement on the basis of traditional CA model.  

The FLUS model is divided into two parts: Artificial neural network-based 

Probability-of-occurrence Estimation (ANNs) and Self Adaptive Inertia and Competition 

Mechanism CA. The ANNs model is built to estimate the probability of the conversion from 

non-urban land to urban land in a specific grid cell. And it has been proved that the ANNs are 

more effective to map nonlinear relationship, which is highly suitable for modeling the urban 

expansion at a large scale.42 The spatial variables, e.g., distance to the center of the provincial 

capital, to the center of the jurisdictive city and county town, and to rivers, provincial roads, 

national roads, railways and expressways, are set as the input layer. After the processing of the 

hidden layer, the spatial map of transition probability, i.e., the output layer, is derived. The 

http://www.geosimulation.cn/FLUS.html
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self-adaptive inertia and competition mechanism is based on the binary image of urban land and 

non-urban land as the initial input data, and the number of grid cells of urban land and non-urban 

land in the target needs to be preset. To a certain extent, the target of conversion from non-urban 

to urban land will affect the simulation results. Therefore, in this study, a top-down system 

dynamic (SD) model is adopted to determine the reasonable quantity target according to the 

actual situation in the study area. The cost of conversion from different land use types to urban 

land is determined based on historical land use data, and we need to set limits on the conversion 

from different land use types to urban land based on empirical data and current policy. In 

addition to the spatial map of transition probability derived from the first part, the future urban 

land use dynamics can be derived.  

Before simulating the urban land dynamics, the demands for urban land use should be 

estimated under four scenarios which cover a sufficiently broad range of socioeconomic 

development scenarios for China and couple both human-related and climate change factors. 

These scenarios refer to the baseline development scenario (BDS), fast development scenario 

(FDS), slow development scenario (SDS) and harmonious development scenario (HDS), 

designed in line with the IPCC assessment reports.43 BDS assumes that social, economic, and 

technological trends do not shift markedly from historical patterns (China in SSP2-RCP4.5 in the 

IPCC’s Phase 6 of the Coupled Model Intercomparison Project CMIP6).44,45 In FDS, the 

economy and population are growing rapidly, and science and technology are developing rapidly 

(China in SSP5-RCP6.0). In contrast, SDS assumes that GDP growth rate, population growth 

rate and technological innovation achievements are considered to be at the lowest level (China in 

SSP1-RCP2.6). In HDS, stable population growth and modest development-oriented economic 

growth are considered, assuming that the proportion of technology investment has more 

investment in agricultural productivity (China in SSP3-RCP4.5). 

Many previous studies proved that the overall simulation results derived by these improved 

CA models were stable, though the operation process of each simulation was not exactly the 

same.46 To evaluate the ANN model performance in terms of fitting the individual land use 
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probability-of-occurrence, the Receiver Operating Characteristic (ROC) curve and the Area 

Under ROC Curve (AUC) values are typically employed.47 The ROC curve is plotted with the 

true positive rate (known as the sensitivity in machine learning) against the false positive rate 

(estimated with “1 – specificity”), where the former is on y-axis and the latter is on the x-axis. A 

larger area under the ROC curve (AUC value) indicates a better model fitting performance. A 

completely random model yields an AUC value of 0.5, and a model with perfect fit yields an 

AUC value of 1.0. 

 

2.1.3 | Carbon storage assessment 

Many studies have been conducted to estimate the relationship between urban expansion and 

carbon storage change, with field surveys, remote sensing and model assessment. Field surveys, 

including outdoor sampling and measurement with professional instruments, is very 

time-consuming and resource intensive, and thus is commonly used in single ecosystems such as 

grassland 48 and carbon pool like soil carbon49. Despite of its limitations, field survey data are 

fundamentally important for parameters calibration in model assessment and for verification of 

remote-sensing results.11, 50 Based on remote sensing images, NDVI (Normalized Difference 

Vegetation Index) and LAI (Leaf Area Index) can be derived and utilized for carbon storage 

estimation of vegetation.10, 51 Last but not least, many models have been developed and improved 

to assess terrestrial carbon storage, of which biogeochemical models have been widely applied 

for taking biological processes into consideration. Characterized by requiring a large number of 

calibrated parameters and by complex operational processes, the biogeochemical models make it 

less flexible to predict the impact of urban expansion on carbon storage. In contrast, the Carbon 

Storage and Sequestration module of InVEST model only uses maps of land use types and 

carbon densities for four carbon pools (aboveground biomass, belowground biomass, soil and 

dead organic matter) in the measurement of terrestrial carbon storage; and moreover, recent 

studies have shown that InVEST has the advantage of estimating the impact of urban expansion 

on carbon storage in a much more straightforward way and producing reliable results.7,8,9, 52 For 
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example, He et al. employed InVEST to simulate the spatial distribution of future urban land in 

Beijing, and assessed the changes of terrestrial carbon storage caused by urbanization from 1990 

to 2030.9 An obvious limitation in He et al.9 was that the carbon densities of urban land uses 

were assumed as being zero, thus being unable to take consideration of the role that urban land 

can play for carbon storage and for urban ecosystems and services. 21, 53, 54 In this research we 

provide a more detailed classification of land use types and acquire carbon densities for each 

land use type. As a consequence, we are able to improve the precision of estimation for Beijing, 

in addition to our nationwide assessment.  

InVEST model is developed by the Natural Capital Project, characterized by processing 

multiple objectives with much less demand for input data. The carbon storage component of 

InVEST is based on differences of carbon densities between land use types, and users just need 

to input land use maps and the corresponding tables of carbon densities of the land use types 

according to their own research purposes. As mentioned before, carbon pools are divided into 

aboveground biomass, belowground biomass, soil, dead organic matter. While the terrestrial 

carbon storage inventory has been assessed in the existing literature based on vegetation biomass 

(aboveground biomass) and soil organic carbon 55, we use the carbon storage InVEST model to 

measure the change of aboveground biomass and soil organic carbon storage in each grid cell 

due to urban expansion (Supporting Information Figure S1). First, the combination of the more 

detailed carbon density table, which we acquired for different types of natural vegetation and soil, 

with the spatial maps of natural vegetation and soil generates the spatial maps of carbon densities 

of vegetation biomass and soil organic carbon, respectively (Supporting Information Figures S2 

and S3). Second, the land use map in 1980 is overlaid with the climatic zoning map to produce 

the climatic zoning-land use spatial distribution map. Third, the tables of carbon densities of 

vegetation biomass and soil organic carbon in different land use types and climatic zones are 

derived with zonal statistics. Fourth, the tables of carbon densities obtained from step three and 

the land use maps in the base year and focal assessment year are the input to the carbon storage 

InVEST model. 
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The carbon storage InVEST model makes an assumption that the carbon density of certain 

land use type is a constant, and the aging period of conversion from other land use types to urban 

land is not take into consideration. To improve spatial accuracy under this constraint, it is 

necessary to more detailed classification of land-use types based on best available climate and 

ecological data. For this purpose, we incorporate climatic zoning into the land-use classification 

and calibrate carbon densities for each class of the combined land use type and climatic zone.  

In more detail, Köppen-Geiger climate classification is generated based on the spatial 

distribution of natural vegetation. A further classification of the land use types is done by 

overlaying Köppen-Geiger climatic zoning map. The average soil organic carbon densities in 

climatic zone 𝑖𝑖 and land use type j is calculated using Eq. (2):  

      𝐷𝐷𝑠𝑠𝑖𝑖,𝑗𝑗 = ∑ (𝑛𝑛𝑖𝑖𝑖𝑖𝑖𝑖𝐷𝐷𝑆𝑆𝑖𝑖𝑗𝑗𝑖𝑖)𝑚𝑚
𝑖𝑖=1 /𝑁𝑁𝑖𝑖𝑖𝑖                             (2) 

where 𝐷𝐷𝑠𝑠𝑖𝑖,𝑗𝑗 is the average soil organic carbon densities in climatic zone 𝑖𝑖 and land use type 𝑗𝑗; 

𝑛𝑛𝑖𝑖𝑖𝑖𝑖𝑖 is the amount of cell in climatic zone 𝑖𝑖, land use type 𝑗𝑗 and soil type 𝑘𝑘; 𝐷𝐷𝑆𝑆𝑖𝑖𝑗𝑗𝑖𝑖  is the soil 

organic carbon densities in climatic zone 𝑖𝑖, land use type 𝑗𝑗 and soil type 𝑘𝑘; 𝑁𝑁𝑖𝑖𝑖𝑖 is the amount 

of cell in climatic zone 𝑖𝑖 and land use type 𝑗𝑗. The same procedure is applied to measure the 

vegetation carbon densities in climatic zone 𝑖𝑖 and land use type 𝑗𝑗: 

𝐷𝐷𝑣𝑣𝑖𝑖,𝑗𝑗 = ∑ (𝑛𝑛𝑖𝑖𝑖𝑖𝑖𝑖𝐷𝐷𝑣𝑣𝑖𝑖𝑗𝑗𝑖𝑖)𝑚𝑚
𝑖𝑖=1 /𝑁𝑁𝑖𝑖𝑖𝑖                             (3) 

 

2.2 | Study area and data 

Our study covers the whole of China and also zooms into three major urban agglomerations of 

Beijing-Tianjin-Hebei, the YRD, and the PRD (Supporting Information Fig. S4). Data used to 

simulate the urban expansion and evaluate the accuracy of the simulation include: (1) two land 

use maps of China in 1980 and 2010, which were provided by Data Center for Resources and 

Environmental Sciences, Chinese Academy of Sciences (http://www.resdc.cn); (2) spatial data 

including distance to the center of the provincial capital, to the center of the jurisdictive city and 

county town, and to rivers, provincial roads, national roads, railways and expressways, which 

http://www.resdc.cn/
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were acquired from relevant urban planning departments. 

Data used to estimate terrestrial carbon storage include: a municipal administrative zoning 

map，four land use maps of China in 1980, 1990, 2000 and 2010, a table of biomass carbon 

densities of different types of natural vegetation in China, a table of organic soil carbon densities 

of different types of soil in China, a climatic zoning map and two spatial distribution maps of 

natural vegetation and soil in China. The Chinese municipal administrative zoning map was 

downloaded from National Fundamental Geographic Information System website 

(http://ngcc.sbsm.gov.cn/). The land use maps of China in 1980, 1990, 2000 and 2010 were 

provided by Data Center for Resources and Environmental Sciences, Chinese Academy of 

Sciences (http://www.resdc.cn). The original classification of land use types includes 7 first-level 

types, 26 second-level types. In this study, we intend to assess the carbon storage in terrestrial 

ecosystem, so water body is excluded. Based on the land use types after reclassification 

(Supporting Information Table S1), we calculate the carbon storage inventories with the second 

level land use types and analyze the results using the first level land use types. The tables of 

above carbon densities are acquired from relevant literatures.56-58 Köppen-Geiger climate 

classification is adopted in this research, which includes tropical climates, arid and semiarid 

climates, temperate climates, continental climates and polar climates in the first level, and is 

downloaded from the Internet (http://koeppen-geiger.vu-wien.ac.at/). The spatial distribution 

maps of natural vegetation and soil were separately made in 1980 by Big Data Center of Science 

in Cold and Arid Regions and Institute of Soil Science, Chinese Academy of Sciences 

(http://westdc.westgis.ac.cn; http://www.issas.ac.cn/). 

 

3 | Results and Discussion 

3.1 | Carbon densities of different land use types 

Soil organic carbon (SOC) densities are much higher than aboveground carbon densities (SI 

Table S2). In addition, aboveground carbon densities are much more sensitive to the change of 

climatic zones. Tropical zones have the highest aboveground carbon densities whereas the 

http://ngcc.sbsm.gov.cn/
http://www.resdc.cn/
http://koeppen-geiger.vu-wien.ac.at/
http://westdc.westgis.ac.cn/
http://www.issas.ac.cn/)
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continental zones have the highest SOC densities. A comparison across land use types indicates 

that woodland has the highest composite carbon densities of woodland, followed by cropland, 

and grassland, then by waterbody and unused land. In terms of geographical distribution, regions 

with the highest SOC densities are mainly distributed in the northeastern and central China. 

Southern China hosts the highest aboveground carbon densities for six of the seven land use 

types, with the exception of the woodland. Northwestern China hosts the lowest aboveground 

carbon and SOC densities of all seven land use types. 

 

3.2 | Carbon storage loss caused by urban expansion from 1980 to 2010 

The national carbon storage loss caused by urban expansion had increased at an ever-accelerating 

pace over the past 30 years. During the periods of 1980-1990, 1990-2000 and 2000-2010, the 

carbon storage decreased by 7.24TgC, 14.59TgC and 87.20TgC, respectively (1TgC = 106tC; 

“carbon storage loss” in the following sections refer to “carbon storage loss caused by urban 

expansion”; SI Fig. S5). The average annual carbon storage loss from 2000 to 2010 was 12.05 

times the corresponding figure from 1980 to 1990. Among the sources of the new urban land, the 

carbon storage loss caused by conversion from cropland, woodland and grassland to urban land 

accounted for more than 90% of total carbon storage loss (Fig. 1). Carbon storage loss caused by 

the conversion from cropland to urban land continuously made up the largest percentage of the 

total carbon storage loss during the past 30 years. Over the first ten years, carbon storage loss 

caused by the conversion from cropland to urban land was up to 5.18TgC, accounting for 71.58% 

of the carbon storage loss. This share was shrinking to 51.59% during the period of 2000-2010. 

In contrast to cropland, carbon storage loss caused by conversion from woodland and grassland 

to urban land accounted for an increasing share, and the growth was especially obvious for the 

former. During the periods of 1980-1990, 1990-2000, 2000-2010, the carbon storage loss caused 

by conversion from woodland to urban land amounted to 0.81TgC, 2.60TgC and 24.56TgC, 

accounting for 11.20%, 17.79% and 28.16% of the total losses in the corresponding periods, 

respectively. If the current trends persisted, the conversion from woodland to urban land would 
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become the main cause of carbon storage loss in China in the future. 

 

 
Fig. 1 The proportions of carbon storage loss by major land sources of urbanization in 
China. Percentages represent the shares of the carbon storage loss caused by the conversion 
from cropland, woodland and grassland to new urban land in the total carbon storage loss caused 
by the above-mentioned conversion. Carbon storage loss caused by the conversion from unused 
land and reclaimed land to new urban land are ignored for the small percentage they account for 
(add up to less than 10%). 

 

Among the three urban agglomerations, the maximum carbon storage reduction occurred in 

Beijing-Tianjin-Hebei, followed by the YRD and then the PRD over the past 30 years 

(Supporting Information Table S3). Carbon storage in Beijing-Tianjin-Hebei decreased by 

12.03TgC between 1980 and 2010, and the urbanized area associated with the carbon storage 

loss increased by 0.64×104km2 (“urbanized area” in the following sections refers to “urbanized 

area associated with carbon storage loss”). It is worth noting that the size of the newly urbanized 

area in Beijing-Tianjin-Hebei was close to that in the YRD (0.63×104km2), however the 

corresponding carbon storage loss in Beijing-Tianjin-Hebei was 1.51TgC higher than that in the 

YRD due to the different share structures of cropland, woodland, grassland conversion to new 
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urban land across these two regions. In Beijing-Tianjin-Hebei, carbon storage loss caused by 

conversion from cropland, woodland and grassland was 6.64TgC, 2.82TgC, 1.59TgC, 

accounting for 55.20%, 23.46%, 13.21% of the total, respectively. Though nearly half of carbon 

storage loss in Beijing-Tianjin-Hebei was caused by the conversion from cropland to urban land, 

the carbon storage loss caused by conversion from woodland to urban land still made up a 

relatively high proportion compared with that in the YRD, where the proportion of carbon 

storage loss caused by conversion from cropland to urban land was 91.72%, and only 7.55% of 

carbon storage loss was caused by the conversion from woodland to urban land. Because the 

composite carbon storage densities of woodland were significantly higher than those of cropland, 

the relatively large loss of woodland in Beijing-Tianjin-Hebei led to the significantly higher 

carbon storage loss in comparison with the case of YRD, although the urbanized areas in the two 

regions had similar size. In the PRD, carbon storage loss caused by the conversion from 

woodland, cropland, grassland was 3.64TgC, 3.02TgC, 0.29TgC, accounting for 50.08%, 

42.07%, 4.00% of the total, respectively. Both the absolute amount and share of the carbon 

storage loss caused by the conversion from woodland to urban land were the largest in the PRD. 

Moreover, though the absolute amount of urbanized area in the PRD over the past 30 years is 

smaller than that in other two agglomerations, its share in the total land area was the highest 

(Supporting Information Table S3). If the current trends of land conversion and urbanization 

continue in the future, the PRD would become the region with the most serious carbon storage 

loss in the coming decades. 

Overall, the urbanized area turned larger from 2000 to 2010, not only within the mega cities, 

but also expanding to medium size cities of the urban agglomerations (Fig. 2). And more 

significantly, carbon storage loss of peripheral and semi-peripheral areas intensified, especially 

in Beijing-Tianjin-Hebei and the PRD.  
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Fig. 2 Carbon storage loss caused by urban expansion in the three urban agglomerations 
during the period of 1980-2010. a, Beijing-Tianjin-Hebei. b, the Yangtze River Delta (YRD), 
and c, the Pearl River Delta (PRD). 
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Fig. 3 The urban expansion under four scenarios from 1980 to 2050 in China. BDS stands 
for the baseline development scenario, FDS for the fast development scenario, HDS for the 
harmonious development scenario, and SDS for the slow development scenario. 

 

3.3 | Simulation of carbon storage loss caused by urban expansion from 2010 to 2050 

To test the reliability of the FLUS model in predicting the spatial process of urban expansion in 

China, 500,000 samples were randomly selected across the Chinese territory, with 70% of the 

samples being the training set and the remaining 30% being the validation set. The demands for 

the six major land-use types in 2010 were projected using SD module of the FLUS. The 

projection was based on the land use pattern in 2000 and the driving forces of the socioeconomic 

factors and environmental tendencies from 2000 to 2010. The spatial evolution of land uses over 

2000-2010 was subsequently simulated using the FLUS to meet the demands projected by the 
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SD module. The AUC evaluation of the FLUS projection performance shows that the 

probability-of-occurrence fits well for each of the six land-use types, with the AUC values 

greater than 0.8 for cropland, grassland and water body, and greater than 0.9 for woodland, urban 

land and unused land. Therefore, we believed that the FLUS model is applicable for predicting 

the spatial process of urban expansion in this study. Our simulation results of urban expansion in 

2050 are shown in Fig. 3. 

Based on the above simulation results of urban expansion, national carbon storage will 

further decrease during the period of 2010-2050. The predicted annual carbon storage loss will 

increase to 9.31TgC/y~12.94TgC/y (Supporting Information Table S4), this is more than 

2.63~3.66 times the carbon storage loss occurring from 1980 to 2010 (3.54TgC/y). In addition, 

the proportion of carbon storage loss caused by the three main sources of urbanization will 

change during the period 2010-2050. During the period 1980-2010, the conversion from 

cropland to urban land resulted in a decrease of carbon storage by 58.78TgC, which accounted 

for 55.34% of the total decrease caused by the urbanization conversion. During the period of 

2010-2050, the above share will decrease to 54.26% and 54.46% under the FDS and SDS, while 

increase to 56.22% and 57.31% under the BDS and HDS. In addition, the share of carbon storage 

caused by the conversion from grassland to urban land in the total will decrease by around 4% 

under all the four scenarios. The share of carbon storage loss caused by conversion from 

woodland to urban land in the total will increase by 0.93% to 4.73% across the four scenarios. 

As the frontrunners of China’s urban agglomeration developments, Beijing-Tianjin-Hebei, 

the YRD and the PRD will continue to experience significant carbon storage loss. Though the 

three urban agglomerations account for only 3.45% of the whole country’s territory, their share in 

the national total carbon storage loss caused by the urbanization conversion is predicted to be 

around 17% during the period of 2010-2050 (27.98% during the period of 1980-2010). As shown 

in Supporting Information Tables S3 and S5, among the three urban agglomerations, the extent 

of the average annual urbanized area under all four scenarios in Beijing-Tianjin-Hebei will 

double the corresponding figure in the base period of 1980-2010, and as a consequence, this 
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agglomeration will experience the largest carbon storage loss. Carbon storage loss in the YRD is 

more sensitive to the choices of scenarios, ranging from 0.475TgC/y under the SDS to 

0.892TgC/y under the FDS. Comparing with the average annual carbon storage loss in the base 

period of 1980-2010 in the YRD, the corresponding figure under the FDS and SDS will be over 

1.5 times and about 0.5 times larger. By contrast, carbon storage loss in the PRD will have a 

decrement or small increment under all four scenarios in comparison with the loss during the 

base period of 1980-2010. Interestingly the PRD will be the only region where the average 

carbon storage loss per unit of urbanized area will increase. Presenting the results by the major 

land-use type, we can see that the proportion of carbon storage loss caused by the conversion 

from cropland to urban land in the total loss will decrease in the YRD and PRD under all four 

scenarios in comparison with the base period of 1980-2010, whereas Beijing-Tianjin-Hebei will 

move to the opposite direction. The proportion of carbon storage loss caused by the conversion 

from woodland to urban land in the total will decrease in Beijing-Tianjin-Hebei under all four 

scenarios in comparison with the case during the base period of 1980-2010, whereas the YRD 

and PRD will experience an increase (Supporting Information Table S6). It is worth highlighting 

that in the PRD, carbon storage loss due to the conversion from woodland to urban land will 

accounts for over 50% of the total loss under all four scenarios. 

Figs. 4 and 5 present the spatial distributions of carbon storage loss over the base period of 

1980-2010 and the four scenarios for 2010-2050. As shown in the maps, the carbon storage loss 

is more serious under BDS and FDS in all three agglomerations. In Beijing-Tianjin-Hebei, the 

carbon storage loss in already urbanized part of Beijing will no longer take place. However, high 

carbon storage loss will scatter in the western Beijing, southern Tangshan and the central part of 

Chengde under all four scenarios. Across the whole region of the YRD, the urbanized area in 

virtually all cities will continue to expand and this will lead to high carbon storage loss across 

most of cities in the region. Notably, the spatial discrepancy of carbon storage loss is the most 

obvious in the YRD in comparison with other two regions. Under all the scenarios, Nanjing, 

Hangzhou and Shaoxing will experience high carbon storage loss. Wuxi and Suzhou will join the 
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same high-loss rank under BDS and FDS. The PRD will experience serious carbon storage loss 

as well. High carbon storage loss will occur in each city of the PRD under all the scenarios. 

Furthermore, high carbon storage loss in Guangzhou, Shenzhen and Zhuhai will be widespread 

under BDS and FDS. 
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Fig. 4 Carbon storage loss caused by urban expansion in Beijing-Tianjin-Hebei (5 maps in 
the upper panel) and the YRD (5 maps in the lower panel) during the periods of 1980-2010 
and under the four scenarios for 2010-2050. 
 
 

 

 
Fig. 5 Carbon storage loss caused by urban expansion in the PRD during the periods of 
1980-2010 and under the four scenarios for 2010-2050. 
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3.4 | Limitations and implications 

In this study, we coupled the FLUS model and the InVEST model to simulate the impacts of 

urban expansion on terrestrial carbon storage. The InVEST model is globally popular for its 

simplicity, stability, predictability, and ease of application across a large number of polygons 

with less intensive input requirement. However, its ease application is associated with limitations. 

The InVEST model assumes that all land-use types are at a fixed storage level, meaning that the 

only change in carbon storage over time is due to the change of land-use types. To reduce the 

biasness caused by this limitation requires a more detailed classification system that explicitly 

considers natural carbon sequestration and attaches years to land-use types, and applies the 

secondary classification of the climatic zone to subdivide geographical regions.  

 The uncertainty analysis of our study focused on the large variations across different 

socioeconomic development scenarios as presented in the Shared Socioeconomic Development 

Pathway of the IPCC and climate change scenarios as implied in the Representative 

Concentration Pathways of the IPCC. While this uncertainty analysis is in line with the large 

body of literature on the implementation of the SSPs, 44,45 the limitation of such analysis is that it 

ignores uncertainties associated with the plausible variations in key input parameters which can 

propagate through the CA modelling processes. Such limitation can be addressed by more 

computer intensive Monte Carlo simulations.  

The FLUS model is conducted under four scenarios of SSP-RCP combinations. While these 

scenarios are more in line with the ongoing policies urbanization promotion and farmland 

protection. More ecologically friendly urbanization policies are needed to reduce the significant 

carbon storage losses associated with the simulated urbanization paths. Such policies should 

include the introduction of green roofs, green walls, and permeable pavement; restoration of 

ecological bodies; and forest protection at the edge of the city. 
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