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A B S T R A C T   

Forecasting cities’ carbon emissions is an essential support for peak carbon emissions. Previous studies have 
mainly focused on estimating carbon emissions at large regional scales. Higher spatial resolution mapping of 
carbon emissions and simulation of future scenarios are important to support locally appropriate policy guidance 
to reduce carbon emissions. This paper proposes a bottom-up cadastral parcel-scale Carbon emission forecasting 
framework based on Vector-based Cellular Automata (CarbonVCA) by integrating land use modelling and 
carbon emission estimation. Shenzhen’s cadastral parcel-scale carbon emissions from 2020 to 2060 are predicted 
as a case study. A good performance was achieved using CarbonVCA (MAPE = 19.017 %, RMSE = 0.175 Mtpa 
(C)). Three progressive scenarios are designed for carbon emission simulation from land use planning and energy 
structure restructuring perspectives. The designed carbon emission reduction scenario limits carbon emissions 
and enables Shenzhen to achieve peak carbon emissions between 2025 and 2030. However, the efforts to reach 
peak carbon emissions may prompt the relocation of industrial land to the suburbs. Such areas will need 
appropriate infrastructure construction to break through terrain and landscape constraints, maintain economic 
growth and achieve sustainable development. This framework can forecast a high spatial resolution of land-use- 
based carbon emissions, which helps construct low-carbon cities.   

1. Introduction 

In recent years, global ecological problems, e.g., global warming and 
atmospheric pollution, have become a significant challenge for sus
tainable development. In September 2019, the United Nations Frame
work Convention on Climate Change stated that 60 countries worldwide 
have committed to reaching zero carbon emissions by 2050 (Iyer et al., 
2017; Kuyper et al., 2018; Wamsler et al., 2020). Controlling carbon 
emissions has aroused widespread concern amongst nations worldwide 
(Akadiri et al., 2019). The Intergovernmental Panel on Climate Change 

(IPCC) Special Report on Climate Change and Land state that the goal of 
keeping warming to well below 2 ◦C can only be achieved by reducing 
emissions from all industries (IPCC Technical Summary, 2019). 

As the largest energy consumer (with an industrial output of US$5.37 
trillion), China emitted 10,313,460 kt of carbon in 2018, accounting for 
about 30 % of total global carbon emissions (Facts, 2009). At the 2014 
Asia-Pacific Economic Cooperation (APEC) meeting, China pledged to 
peak its carbon emissions around 2030. Also, China has committed to 
reducing its CO2 emissions per unit of GDP (Meng et al., 2020). How
ever, China’s carbon emissions are still increasing or plateauing as 

* Corresponding author at: Technical University of Munich, Germany. 
E-mail addresses: yaoy@cug.edu.cn, yaoy@csis.u-tokyo.ac.jp (Y. Yao), sunzhenhui@stu.ecnu.edu.cn (Z. Sun), lilinlong@whu.edu.cn (L. Li), chengtaoch@tongji. 

edu.cn (T. Cheng), dongsheng.chen@tum.de (D. Chen), zhougx9981@cug.edu.cn (G. Zhou), 20191001508@cug.edu.cn (C. Liu), 20151002461@cug.edu.cn (S. Kou), 
3012857504@cug.edu.cn (Z. Chen), guanqf@cug.edu.cn (Q. Guan).   

1 These authors contributed equally to this work. 

Contents lists available at ScienceDirect 

Cities 

journal homepage: www.elsevier.com/locate/cities 

https://doi.org/10.1016/j.cities.2023.104354 
Received 22 October 2022; Received in revised form 26 April 2023; Accepted 29 April 2023   

mailto:yaoy@cug.edu.cn
mailto:yaoy@csis.u-tokyo.ac.jp
mailto:sunzhenhui@stu.ecnu.edu.cn
mailto:lilinlong@whu.edu.cn
mailto:chengtaoch@tongji.edu.cn
mailto:chengtaoch@tongji.edu.cn
mailto:dongsheng.chen@tum.de
mailto:zhougx9981@cug.edu.cn
mailto:3012857504@cug.edu.cn
mailto:3012857504@cug.edu.cn
mailto:3012857504@cug.edu.cn
mailto:guanqf@cug.edu.cn
www.sciencedirect.com/science/journal/02642751
https://www.elsevier.com/locate/cities
https://doi.org/10.1016/j.cities.2023.104354
https://doi.org/10.1016/j.cities.2023.104354
https://doi.org/10.1016/j.cities.2023.104354
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cities.2023.104354&domain=pdf


Cities 138 (2023) 104354

2

international energy-intensive industries, e.g., materials and 
manufacturing, continue shifting to Chinese cities (Yu et al., 2022). 
Hence, it is vital to evaluate China’s urban carbon emissions for the goal 
of peak carbon emissions (Wang et al., 2018). 

Forecasting cities’ carbon emissions can effectively support govern
ments in designing policies for reaching peak carbon emissions (Clark 
et al., 2016; Li et al., 2016). Some models were developed to assess 
carbon emission trends, including Logarithmic Mean Divisia Index 
(LMDI) model (Ding & Li, 2017), the Kaya model (Han et al., 2019), the 
Ideal Point Cross Efficiency (IPCE) model (Liu et al., 2018), and the 
Stochastic Impacts by Regression on Population, Affluence, and Tech
nology model (Li & Lin, 2015). These models are usually based on data 
(e.g., population, energy consumption and demand) at large scales (e.g., 
the national and regional scale). Thus, they ignore the spatial hetero
geneity of carbon emissions within the study region, resulting in a one- 
size-fits-all crude carbon emission management (Li et al., 2022; Liu, 
Guan, et al., 2015). Some models based on nighttime light data were also 
attempted to forecast carbon emission at a finer scale. However, the 
spatial resolution of their results is still limited by the low spatial reso
lution of the nighttime light data (1–10 km) (Guan et al., 2022; Lv & Liu, 
2020). It is challenging to assist policymakers in drawing precise 
ecological red lines and developing policies tailored to local conditions 
(Wang et al., 2022). Thus, fine-scale prediction for carbon emission is 
essential for advanced precise carbon emission management. 

Land use parcels can be a finer-scale unit for carbon emission esti
mations (Zhang et al., 2022). Land use dynamic, the spatio-temporal 
change of land use, is one of the critical factors affecting carbon emis
sions (Ma & Wang, 2015; Tao et al., 2013). Because the process of land 
use dynamic influences both the anthropogenic emissions and natural 
carbon sinks, leading to abrupt swings in the regional carbon cycle 
(Houghton & Nassikas, 2017; Zhu et al., 2019). Previous land-use dy
namic-based models for predicting carbon emission can simulate high- 
spatiotemporal-resolution results of carbon emissions by using multi- 
source data integration (Dou et al., 2022), carbon emission co
efficients (Zhou et al., 2021), or uncertainty in observation constraints 
(Lienert & Joos, 2018). They can provide a more detailed basis for urban 
carbon emissions management (Jia et al., 2020; Liu et al., 2019). 
However, two problems with these models constrain modern carbon 
management (Lai et al., 2016). On the one hand, they usually ignore the 
differences in carbon emissions between the various urban functions 
within the urban lands (Wang et al., 2022). On the other hand, they have 
limitations in effectively predicting the spatio-temporal distribution of 
future carbon emissions under diverse strategy scenarios (Li et al., 
2022). A valid spatio-temporal simulation model for predicting future 
carbon emissions is not yet available, which is essential for urban 
planners to design more locally appropriate strategies for carbon emis
sion management. 

Land use dynamic can effectively be modelled via Geographical 
Cellular Automata (GeoCA) models (Batty, 1998; Clarke et al., 1997; 
Dahal & Chow, 2015; Li et al., 2017; Santé et al., 2010). Since real-world 
land-use parcels in urban planning are usually irregular polygons, 
vector-based land-use simulations are more reasonable and accurate (Lu 
et al., 2015). Thus, the emerging vector-based cellular automata (VCA) 
model can effectively reveal the relationship between various urban 
land-use types and the driving factors to achieve cadastral parcel-scale 
urban land use dynamic simulation (Yao et al., 2017; Yao et al., 
2021). Moreover, the VCA models show the potential to explore the 
impact of policies on the spatio-temporal distribution of carbon emis
sions, thereby helping achieve peak carbon emissions following macro 
policy adjustments (Abolhasani et al., 2016; Yao et al., 2021; Zhai et al., 
2020). 

In summary, the current models for predicting urban carbon emis
sion show two deficiencies: the essential but neglected impact of urban 
land use dynamic on carbon emission changes (He et al., 2021) and the 
insufficiently high spatial resolution (Chuai et al., 2015). In addition, 
policymaker needs to understand the future trends in carbon emissions 

from detailed urban land use dynamic under diverse strategy scenarios 
(Yao et al., 2021). Therefore, this paper proposes a bottom-up cadastral 
parcel-scale Carbon emission estimating and forecasting framework 
based on Vector-based Cellular Automata, namely CarbonVCA frame
work. Shenzhen, Guangdong Province, is taken as the study area. This 
framework integrates VCA models, a random forest classifier, and car
bon emission coefficients for diverse land use types. It is designed to 
effectively model and analyse cadastral parcel-scale carbon emissions 
changes, contributing to the relevant policy guidance. The result is ex
pected to help facilitate the rapid transformation of the economy and the 
development of ecologically conscious cities. 

2. Study area and data 

Shenzhen, Guangdong Province, is located in the Pearl River Delta 
region in south China (Fig. 1A). The city covers a total area of 1997.47 
km2, with nine administrative districts and one new district (Dapeng 
District) under its jurisdiction (Fig. 1B). Shenzhen is the fastest growing 
and large city as China’s first special economic zone and one of the core 
cities in the Guangdong-Hong Kong-Macao Bay Area. In 2020, Shenzhen 
achieved a regional GDP of RMB 276,707,024 million and a resident 
population of 17.56 million (SSIB (Shenzhen Statistics and Information 
Bureau), 2010). However, its rapid urbanisation has brought about vast 
challenges of resource shortage and environmental pollution (Wang 
et al., 2010). Thus, Shenzhen urgently needs to enhance ecological and 
environmental management capabilities and achieve the city’s peak 
carbon emissions and carbon-neutral targets. 

Carbon emissions are strongly related to land use and dynamics (Ma 
& Wang, 2015; Tao et al., 2013). The probabilities of land-use trans
formation have to be calculated first to estimate the land-use-based 
carbon emissions. The cadastral land use data utilised here was ob
tained from the Shenzhen Municipal Bureau of Planning and Natural 
Resources (https://pnr.sz.gov.cn/) (Fig. 1C and D). The land use types 
include public service, residential, commercial, industrial, and unbuilt 
land. 

The multi-source geographical data of topography, transportation, 
industrial, commercial, and residential facilities are used to calculate the 
spatial driving factors for the urban land use change (Table 1). The data 
pre-processing step is conducted to unify the data format to calculate the 
spatial driving factors. Here, all spatial variables are in the raster format. 
Then, kernel density analysis is used to transform the data in the Point 
Shapefile format to the corresponding spatial variables (Wand & Jones, 
1994; Yuan et al., 2012). The data in the Line Shapefile format are 
converted to the corresponding spatial variables by calculating the 
Euclidean distances from all grids to the lines. Moreover, all the grid 
values are normalised to be between 0 and 1 with a spatial resolution of 
30 m × 30 m (Fig. 2). 

Statistics (such as land use percentage, residential building situation, 
distribution of public building types and electricity consumption) were 
selected to assist in the calculation of the land use-related carbon 
emission coefficients. These statistics were obtained from Shenzhen Land 
Use Plan, Shenzhen Statistical Yearbook and Report on the Monitoring of 
Energy Consumption in Large Public Buildings in Shenzhen. They are in text 
format containing Shenzhen’s socioeconomic indicators. In addition, 
district-scale carbon emission inventories for Shenzhen from 2010 to 
2017 are obtained to validate the carbon emissions accounted for in this 
paper (Chen, Gao, et al., 2020; Chen, Lu, et al., 2020). They are also in 
text format containing the annual figures for Shenzhen’s carbon 
emissions. 

3. Methodology 

The framework includes four steps (Fig. 3). 1) Land-use type inte
gration. This step aims to simplify the over-detailed and complex land 
use types. Similar land-use types are merged via a clustering algorithm. 
2) Urban land use dynamic simulation. This step inputs the simplified 
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land use data and the spatial variables into a VCA model to simulate the 
land use dynamic. 3) Land-use type decomposition. This step refines the 
simplified land-use types using the roulette strategy to estimate carbon 
emissions better. 4) Carbon emission forecasting. The cadastral parcel- 
scale carbon emissions are forecasted based on the simulated urban 
land use dynamic. And then, the spatio-temporal variations of carbon 
emissions are analysed under three scenarios to support urban carbon 
management decision-making. 

3.1. Land use type integration 

Land use type integration for a better VCA simulation was carried out 
for overall simulation accuracy improvement. The VCA models usually 
need to construct land use transformation rules through machine 
learning training (Yao et al., 2021). Over-detailed and complex land use 
types can reduce the simulation accuracy of VCA models for two reasons 
(Dietzel & Clarke, 2004). Firstly, the training sample size for each type is 
too small for the model to learn sufficiently (Ali et al., 2012). Secondly, it 
leads to over-complex land-use transformation rules, increasing the risk 
of misclassification (Ao et al., 2019). Hence, it is necessary to simplify 
the land use types. 

The original land use types with similar landscape patterns are in
tegrated into one simplified land use type. Landscape indices and a 
clustering algorithm are used to measure the similarity of their land
scape patterns. Landscape indices can quantify the landscape pattern of 
the land parcels, e.g., size, shape, neighbourhood, texture, and diversity 
(Wang et al., 2019). Moreover, Yao et al. (2022) proposed vector-based 

Fig. 1. Study area and the land use distributions. (A) Guangdong Province. (B) Shenzhen. (C) The cadastral land use data in 2009. (D) The cadastral land use data 
in 2014. 

Table 1 
Data sources of the multi-source geographical data.  

Data Format Resolution Data source Year 

DEM GeoTiff 30 m https://www.gs 
cloud.cn/ 

/ 

Slope GeoTiff 30 m https://www.gs 
cloud.cn/ 

/ 

OSM roads Line 
Shapefile 

/ http://openstree 
tmap.org 

/ 

Roads Line 
Shapefile 

/ http://openstree 
tmap.org 

/ 

Highways Line 
Shapefile 

/ http://openstree 
tmap.org 

/ 

Railways Line 
Shapefile 

/ http://openstree 
tmap.org 

/ 

Shopping facilities Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018 

Dining facilities Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018 

Recreational 
facilities 

Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018 

Medical facilities Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018 

Commercial 
facilities 

Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018 

Parklands Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018 

Bus facilities Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018 

Industrial facilities Point 
Shapefile 

/ https://lbs.amap. 
com/ 

2018  
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landscape indices for vector-based land parcels to measure the vector- 
modified landscape patterns (Yao et al., 2022). Here, 17 metrics of 
vector-based landscape indices are applied to quantify the size, shape, 
diversity and agglomeration (Table S1). 

The clustering algorithm combines original land-use types with 
similar landscape patterns (Ducret et al., 2016; Zheng et al., 2018). To 
verify the quality of the clustering result, Silhouette Coefficient is used 
as the accuracy metric. It effectively combines the cohesive and sepa
rating characteristics of clustering, thereby being widely used (Campello 
& Hruschka, 2006; Chen et al., 2014; Rousseeuw, 1987). 

Given the number of clusters as n, Silhouette Coefficient is calculated 
as follows. 

Sj =
bj − aj

max
{

aj, bj
}

where Sj denotes the Silhouette Coefficient of vector j, aj, bj indicate the 
mean distance between vector j and all other vectors in the same cluster 
and the smallest mean distance of vector j to all vectors in any other 
cluster. The Silhouette Coefficient ranges from − 1 to 1. It indicates the 
best quality of clustering when it equals one. 

3.2. Vector-based simulation of land-use dynamic 

The crux of land-use dynamic modelling is to mine land-use trans
formation rules effectively. In our VCA model, the probability of land- 

Fig. 2. Spatial driving factors calculated for the urban land use change.  
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use transformation consists of four components, i.e., the overall 
suitability Pg, the neighbourhood effect Ω, the restriction factor Pr, and 
the random factor RA. The probability for the i-th land parcel converting 
into the k-th type of land use at Moment t can be calculated as follows. 

Pk,t
i = Pg

k,t
i ×Ωk,t

i ×Pr
t
i ×RA 

In our VCA model, the land parcels are split based on a dichotomous 
strategy (Yao et al., 2017). The averages of the spatial variables for the 
split land-use parcels are defined as X. The probabilities of the trans
formed land-use types are defined as Y. And the model of Y = f(X) can 
be constructed. Finally, the probability of the split parcel transforming 
into the land use type in the initial year Yi is taken as the overall suit
ability of land-use transformation Pg. 

The neighbourhood effect Ω is calculated based on the number and 
distribution of land use types within the set neighbourhood. This 
framework applies the neighbourhood radius to search for the centre of 
mass of land parcels to measure the neighbourhood effect for each land 
parcel (Abolhasani et al., 2016). 

The restriction factor Pr simulates that the land use types cannot be 
transformed. Thus, Pr is set to 0 for development-restricted areas and 1 
for suitable development areas. In addition, to simulate the uncertainty 
of the land-use transformation process, we introduced the random factor 
RA = 1+ ( − lny)α, where α, y indicate a parameter ranging from 1 to 10 
and a random value ranging from 0 to 1. 

3.3. Land use type decomposition 

The step of land use type decomposition is designed to obtain refined 
land use types from the simplified land use types for accurate carbon 
emission estimation. The refined land use types can improve the accu
racy of carbon emission estimation (Liang, Guan, Clarke, Chen, et al., 
2021; Liang, Guan, Clarke, Liu, et al., 2021). Because detailed land use 
types can establish clear, logical relationships with carbon emissions, 
which can determine more accurate carbon emission coefficients (Xu 
et al., 2019). Here, the possibility of decomposing each refined land use 
type from the specified simplified land use type is calculated using the 
random forest algorithm and the parcels’ landscape indices. Define the 
means of the parcel landscape indices as X and the refined land use type 
as Y. Construct a Y = f(X) model and take the probability of a parcel 
converting into each refined type Yi as the probability of a parcel 

actually being a certain refined category Pm. 
The roulette strategy is applied to determine the final refined land 

use types based on the possibility obtained from the random forest al
gorithm (Liang, Guan, Clarke, Chen, et al., 2021; Liang, Guan, Clarke, 
Liu, et al., 2021) to simulate the uncertainty of the actual land use 
change. The advantage of this strategy is that it reserves the potential for 
refined land use types with a small probability (Luck & Wu, 2002). The 
details and the result of the land use type decomposition can be found in 
the section Result of land use type integration and decomposition in the 
Supplementary materials. 

3.4. Carbon emission forecasting 

This step aims to forecast the cadastral parcel-scale carbon emissions 
and analyse their spatio-temporal pattern based on the land use dynamic 
simulated in the above step. Two parts are included in this step. 1) 
Estimating carbon emission from urban land use. Different models are 
built to estimate carbon emissions depending on their corresponding 
land use types. 2) Multi-scenario carbon emission prediction. This study 
sets up three typical scenarios and predicts the corresponding future 
carbon emissions to tell what will happen and support urban develop
ment decision-making. 

3.4.1. Estimating carbon emissions from urban land use 
Here, different methods and models are applied to estimate carbon 

emissions depending on their corresponding land use types. Previous 
studies have proposed several widely-used methods for estimating car
bon emission coefficients, e.g., the IPCC method (Amstel, 2015; Penman 
et al., 2006), the experimental measurement approach (Chen, Gao, et al., 
2020; Chen, Lu, et al., 2020), and the adapted balance method 
(Schwarzböck et al., 2018). These methods show their different 
strengths in different situations. Firstly, the experimental measurement 
approach requires field measurements of emission sources, which is 
highly accurate but time-consuming. Thus, this approach is suitable for 
more stable land uses such as arable land, water bodies and forests. 
Here, we applied the experimental coefficients of carbon emissions for 
the above land use form (Chen, Gao, et al., 2020; Chen, Lu, et al., 2020). 
Secondly, the adapted balance method analyses the inputs and outputs 
of a production process, thereby being more applicable to industrial land 
use. Last, the IPCC method is one of the most used approaches of carbon 
estimation today, which can be used to estimate carbon emissions from 

Fig. 3. Workflow of the proposed CarbonVCA framework.  
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agricultural, forestry, energy, and industrial land uses. Here, we 
combine the above methods for different land uses to obtain a more 
reasonable result. 

Regarding the built-up land use, its carbon is mainly emitted from 
power consumption (e.g., night lighting and air conditioning devices) 
(Shen et al., 2018). And the carbon emission coefficient for power 
consumption can be estimated via the standard coal conversion method 
for electricity. Thus, the carbon emission coefficient Pb for the built-up 
land use can be calculated as follows. 

Pb =
∑

μk⋅V⋅T (1)  

where μk,V,T indicates the carbon emission coefficient for power con
sumption, power consumption per unit time of use in built-up areas, and 
duration of electricity use, respectively. 

For industrial land use, its carbon emission coefficient Pi can be 
indirectly estimated via its energy consumption (Wang et al., 2016). 
Then, we can calculate Shenzhen’s carbon emissions from industrial 
land use based on the IPCC method and energy consumption statistics 
(Xu et al., 2019). 

Similarly, the following equation can obtain the carbon emission 
coefficients for public service, residential, and commercial land. 

δ =
P

S × T
(2)  

where δ,P,T, S means the carbon emission coefficient for this type of 
land use, the carbon emissions from this type of land use, the duration of 
energy consumption and the total area, respectively. 

The details of the reasoning process and the carbon emission co
efficients for diverse land use types can be found in the section Deter
mination of carbon emission coefficients in the Supplementary materials. 

3.4.2. Multi-scenario carbon emission prediction 
Three scenarios of simulating the urban development strategies are 

set to explore the impact of existing ecological protection policies on 
urban carbon emissions. (1) The uncontrolled sprawl scenario (Scenario 
I) indicates that all land use types can be transformed into each other. 
(2) The ecological protection scenario (Scenario II) means that the land 
parcels within ecological reserves are prohibited from being developed 
into built-up land to represent the application of the policy of ecological 
protection. And (3) the carbon emission reduction scenario (Scenario III) 
is designed in the context of the current land use planning policy. The 
carbon emission coefficients of industrial and commercial land use are 
designed to decay over time to simulate the contribution associated with 
emissions reduction policies, e.g., the structure adjustment for energy 
consumption. Here, similar to the previous VCA models, the future total 
land stock is predicted first by using the Markov Chain model. And then, 
our VCA model simulates the future land use dynamic based on the 
above scenarios and the future total land stock. 

3.5. Accuracy assessment 

Figure of Merit (FoM), Product’s accuracy (PA) and User’s accuracy 
(UA) are applied to assess the accuracy of the result of land-use dynamic 
simulation. Amongst, FoM is a standard metric in current cellular 
automata simulation research, which can comprehensively evaluate the 
performance of the model (Chen et al., 2014; Li, Li, et al., 2020; Li, 
Peoples, et al., 2020; Pontius et al., 2008). Previous studies suggested 
that a FoM of 0.2 or more represents a good simulation of the land use 
model. And the PA and UA generally indicate good model performance 
when they are between 0.2 and 0.4 (Yao et al., 2017; Zhai et al., 2020). 
Their equations are as follows. 

FoM = B∕(A+B+C+D) (4)  

PA = B∕(A+B+C) (5)  

UA = B∕(B+C+D) (6)  

where A, B, C, and D indicate the parcels that remain untransformed in 
simulation but have transformed in the ground truth, the parcels that 
correctly change land use as well as the correct changed land-use type, 
the parcels that correctly change land use but with a wrong changed 
land-use type, and the parcels that transform land use in simulation but 
remain untransformed in the ground truth, respectively. 

To assess the error of the result of carbon emission measurement, we 
apply two metrics, i.e., root mean square error (RMSE) and mean ab
solute percentage error (MAPE). They are calculated at the county scale, 
as follows. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(ŷi − yi)

2

√

(7)  

MAPE =
100%

n
∑n

i=1

⃒
⃒
⃒
⃒
ŷi − yi

yi

⃒
⃒
⃒
⃒ (8)  

where n, yi, ŷi indicate the size of samples, the ground-truth carbon 
emission from the inventories, and the carbon emission estimated by the 
model, respectively. 

4. Result 

4.1. Simulation result of land-use dynamic 

This paper simulates the land-use dynamic in Shenzhen from 2009 to 
2014 using the VCA model. The model performs satisfactorily in most 
areas according to the criteria FoM ≥ 0.2 (Table 2). The overall FoM in 
Shenzhen achieves 0.239. And the FoM in Longhua District, Guangming 
District and Baoan District even reach higher than 0.25, and their PA and 
UA are higher than 0.38. Moreover, the simulated result in 2014 is 
almost identical to the ground truth in 2014 (Fig. 4A and B). Hence, the 
simulation result of the land-use dynamic in Shenzhen is reasonable. 

The correctly simulated land parcels are clustered in the northern 
part (Fig. 4C). It may be related to the fact that the northern part con
tains a lot of unbuilt-up land and has excellent potential for urbanisa
tion. Thus, the proposed model can effectively tap into the land-use 
transformation patterns of emerging urban and distant suburban areas. 
This simulation result is conducive to exploring future urban land use 
development and improving the accuracy of urban carbon emission 
prediction. In addition, the reduction trend in the industrial land is 
simulated by the VCA model, revealing that some industrial land is being 
transformed in urban regeneration. Thus, the VCA model can provide a 
better insight into urban regeneration patterns, which has important 
implications for carbon emission modelling. 

Table 2 
Accuracy of the VCA-based land use simulation.  

District FoM PA UA 

Nanshan  0.111  0.134  0.387 
Luohu  0.214  0.376  0.327 
Futian  0.169  0.389  0.230 
Yantian  0.232  0.323  0.452 
Dapeng  0.168  0.244  0.349 
Pingshan  0.220  0.357  0.363 
Longgang  0.244  0.444  0.349 
Longhua  0.293  0.420  0.483 
Baoan  0.254  0.384  0.420 
Guangming  0.265  0.382  0.457 
Shenzhen  0.239  0.370  0.399 

The bold fonts represent the overall accuracy of all the above accuracies. 
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4.2. Validation of the predicted carbon emissions 

The predicted result and the ground truth at the district scale from 
2015 to 2017 are compared (Table 3). Here, the predicted carbon 
emissions are aggregated to the 2010 version of the administrative 
district to keep them consistent with the ground truth since the current 
version is slightly different from the 2010 version. The predicted carbon 
emissions by the proposed model are consistent with the ground truth, 
presenting a high fitting accuracy (MAPE = 19.017 %, RMSE = 0.175 
Mtpa (C)). Baoan District, Longgang District, Nanshan District and 
Luohu District achieved high fitting accuracy, while Futian District and 
Yantian District had average fitting accuracy. 

4.3. Spatio-temporal variation of Shenzhen’s carbon emissions 

Only Luohu District and Yantian District are estimated to reach peak 
carbon emissions by 2035 under Scenarios I and II in Shenzhen (Fig. 5). 
The carbon emissions from 2015 to 2060 are forecasted based on the 
future land use dynamic (Fig. S3). Although Scenario II can lead to more 
aggregation and a reduction in the cost of allocating urban resources, it 
cannot significantly reduce carbon emissions in the study area. Hence, 
the achievement of peak carbon emissions is dependent on the imple
mentation of energy efficiency and emission reduction policies. 

All districts in Shenzhen can achieve peak carbon emissions by 
around 2025 to 2030 under Scenario III. Currently, the annual rate of 
decline in carbon dioxide intensity per unit of energy consumption in 
China is about 1.2 % (Hu, 2021). If the development of Shenzhen’s 
carbon structure continues to follow this trend in the future, combined 
with the share of fossil energy in Shenzhen, we define the annual decay 
rate of the carbon emission factor for industrial and commercial land in 
the carbon emission reduction scenario as 0.6 %. The carbon emission 
reduction scenario can lead to lower carbon emissions in all districts of 
Shenzhen than the other two scenarios. By around 2025 to 2030, 
Shenzhen’s carbon emissions will change less, and the city will achieve 
peak carbon emissions. After 2030, Shenzhen’s carbon emissions will 
decrease, with an annual rate of 0.211 %. 

Futian District (Fig. 5b) and Luohu District (Fig. 5c) have shown a 
decreasing trend in carbon emissions since 2020. And Longgang District 
(Fig. 5d) is estimated to show a decreasing trend in carbon emissions 
since 2025. The carbon emissions of Baoan District (Fig. 5e), Nanshan 
District (Fig. 5g) and Longhua District (Fig. 5f) show a similar trend of 
slow increase and then decrease. And they will achieve the peak carbon 
emissions by 2025, 2026 and 2034, respectively. In Guangming District 
(Fig. 5i) and Pingshan District (Fig. 5h), carbon emissions stabilise after 
a short increase, and their peak carbon emissions will be reached by 
2035 and 2030, respectively. In Yantian District (Fig. 5j), carbon emis
sions stabilise after a short period of shock, reaching a peak by 2037. The 
carbon emission of Dapeng District keeps oscillating over time. So it’s 

Fig. 4. Simulation result of the land-use dynamic. (A) Ground truth data in 2014. (B) Simulated result in 2014. (C) The correctly simulated and incorrectly simulated 
land parcels. A, B, C and D indicate the predicted land parcels in the four situations of FoM metric in Eq. (4). 

Table 3 
Comparison of predicted carbon emissions and ground truth data.  

District Year Ground truth 
Mtpa (C) 

Predicted result 
Mtpa (C) 

MAPE RMSE 
Mtpa (C) 

Nanshan 2015  1.063  0.955 10.109 %  0.107 
2016  1.084  0.976 10.024 %  0.109 
2017  1.033  0.986 4.639 %  0.048 

Luohu 2015  0.545  0.455 16.501 %  0.089 
2016  0.557  0.454 18.428 %  0.103 
2017  0.531  0.438 17.594 %  0.094 

Futian 2015  0.456  0.589 29.299 %  0.134 
2016  0.465  0.593 27.508 %  0.128 
2017  0.443  0.590 33.380 %  0.148 

Yantian 2015  0.410  0.137 66.628 %  0.273 
2016  0.430  0.164 61.794 %  0.266 
2017  0.419  0.169 59.663 %  0.250 

Longgang 2015  3.466  3.421 1.268 %  0.044 
2016  3.556  3.521 0.973 %  0.034 
2017  3.407  3.561 4.525 %  0.154 

Baoan 2015  3.849  4.236 10.059 %  0.387 
2016  3.926  4.267 8.675 %  0.341 
2017  3.725  4.228 13.859 %  0.502 

Overall 2015  9.788  9.794 0.062 %  0.006 
2016  10.018  9.975 0.432 %  0.043 
2017  9.558  9.971 4.321 %  0.413  
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impossible to estimate the exact time of achieving the peak carbon 
emissions. 

The forecasted carbon emissions in 2060 in Shenzhen suggest that 
the efforts to reach peak carbon emissions may pose new challenges for 
infrastructure construction in suburban areas (Fig. 6A, B and C). The 
carbon emission of Pingshan District is much lower under the two 
controlled scenarios (the ecological protection scenario and the carbon 
emission reduction scenario) than that of the uncontrolled sprawl sce
nario. However, the northern part of Dapeng District shows higher 
carbon emissions under all the three scenarios. It may suggest that the 
two controlled scenarios will facilitate the relocation of industries from 
Pingshan District to Dapeng District, thereby resulting in a more 
concentrated distribution of industrial sectors. In addition, the temporal 
trends of the carbon emissions from 2015 to 2060 are further analysed 
(Fig. 6a, b and c). Firstly, the carbon emissions of industrial land vary 
most significantly in all scenarios, followed by unbuilt land. Secondly, 
the carbon emissions of all land types are the most stable in Scenario III. 
Even for industrial land, the range of variation is only around − 0.15 to 
0.15. And for residential land, the carbon emissions remain stable over 
time, much lower than in Scenario I and II. The analysis is further dis
cussed in the Discussion section. 

5. Discussion 

This paper proposes a bottom-up cadastral parcel-scale carbon 
emission estimating and forecasting framework, CarbonVCA, to help 
policymaking for urban carbon management. The proposed framework 
provides a new idea for urban carbon emission simulation from the land 
use perspective. 

Shenzhen’s future carbon emissions were forecasted and analysed. 
The simulation result shows a good performance, indicating the validity 
of the proposed framework. The overall MAPE for Shenzhen reached 

1.605 %, and the average MAPE for each district reached 21.919 %. 
Specifically, the average MAPE in the coastal zone of Nanshan, the 
eastern part of Luohu and the central part of Longgang is 9.481 %. It 
indicates that the CarbonVCA framework is highly effective in modelling 
carbon emission changes in areas with high population concentration, 
high building density and high activity urban land development patterns 
(Guan et al., 2022; Lv & Liu, 2020). The conventional raster-based 
models for multi-scale carbon emission accounting usually rely on the 
high raster resolution at the finest scale. Thus, the raster resolution can 
easily lead to the accumulation of errors at large scales, such as the 
province and national scales (Liu et al., 2023). Compared to the raster- 
based models, CarbonVCA is no longer limited by the resolution. It can 
be used to investigate multi-scale carbon emissions without the negative 
impact of the accumulation of errors (Zhang et al., 2022). 

Factors affecting the accuracy of the carbon emission simulations 
were explored and demonstrated via computer simulations to provide 
practical support for integrating urban land use modelling into carbon 
emission assessment. Firstly, the simulation accuracy is closely related 
to each district’s total carbon emission. The lower the total carbon 
emissions of the district, the lower the simulation accuracy. And we 
notice that these regions with low carbon emissions are mainly covered 
by cultural land use, high-tech land use and finance-related land use. 
Their corresponding carbon emission coefficients are usually at low 
values, which may cause uncertainty in the step of land use type 
decomposition. Hence, these regions and their carbon coefficients may 
need to be further designed (Liu, Feng, et al., 2015; Liu, Guan, et al., 
2015; Shan et al., 2018). For example, building census data and Gaode 
POI data will be integrated with other advanced algorithms further to 
improve the performance of the carbon emission modelling. Secondly, 
how the land uses evolute is affected by the future land stock predicted 
by the Markov Chain in the multi-scenario prediction. Specifically, when 
one land use type quickly reaches its land stock, the simulation process 

Fig. 5. Temporal trends of the forecasted carbon emissions under three strategy scenarios in Shenzhen.  
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will be locked up. Thus, the other land use types may not have enough 
time to evolute, which can affect the accuracy of carbon emissions 
predictions (Liang, Guan, Clarke, Chen, et al., 2021; Liang, Guan, Clarke, 
Liu, et al., 2021). In order to avoid this issue, the strategy of regional 
simulation will be applied to improve the accuracy further. 

Our results have revealed distinct differences in the impact of three 
scenarios on future carbon emissions, which could be helpful for the 
government’s strategic decisions and policy making. Regarding the goal 
of peak carbon emissions, Scenarios I and II cannot significantly reduce 
the carbon emissions of Shenzhen. Because only two districts in 
Shenzhen, i.e., Luohu District and Yantian District, are estimated to 
achieve the goal around 2035 under these two scenarios. Hence, policy 

interventions for carbon emission reduction are necessary. In addition, 
the carbon emissions of Futian District, Luohu District and Longgang 
District show a faster decline than those in other districts. Because 
essential administrative, cultural, financial and high-tech areas of 
Shenzhen are located in these districts, with advantages of a better 
ecological environment and a more liveable environment. In contrast, 
Yantian District and Dapeng District have experienced significant os
cillations in their carbon emissions during the course of achieving peak 
carbon emissions, which is inextricably linked to their rapid develop
ment in recent years. The rapid urbanisation of Yantian District and 
Dapeng District in the future will lead to changes in the spatial distri
bution of land use. It will result in large oscillations in the carbon 

Fig. 6. Spatial distributions in 2060 (A, B and C) and temporal trends (a, b and c) of the forecasted carbon emissions under three strategy scenarios in Shenzhen.  
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emissions of the corresponding land parcels (Li, Li, et al., 2020; Li, 
Peoples, et al., 2020). In addition, this paper finds that under Scenario 
III, the carbon emissions of industrial land and unbuilt land change 
dramatically, while those of residential land and public service land 
change steadily. It suggests that the carbon emission reduction policy 
can ensure stable and green emissions from residential land and public 
service land, greatly alleviating the pressure on city carbon emissions. 
However, the carbon emission reduction policy intensifies the compe
tition between industrial land and unbuilt land for land transformation 
(Tian et al., 2020). More attention is suggested to be paid to the scale 
and layout of future unbuilt land development. And the mixed-use mode 
of high-density land should be promoted to improve land use efficiency 
and realise the effective allocation and use of land resources (Bowley & 
Evins, 2020). 

The results of this study can provide perspective and advice for 
Shenzhen’s goal of achieving peak carbon emissions and carbon 
neutrality. Firstly, the results show that the Shenzhen government needs 
to adhere to an emissions reduction policy that combines land use 
planning with energy transition. China’s average annual carbon emis
sions from anthropogenic sources are about 10 billion tonnes and are 
expected to reach 11 billion tonnes by 2030. Thus, the increase in carbon 
emissions must be controlled at 10 % (Xu et al., 2020; Yu et al., 2022). In 
the simulation scenario of ecological emissions reduction, Shenzhen’s 
annual carbon emissions increased from 9.755 Mtpa (C) to 10.019 Mtpa 
(C), an increase of 2.706 %, in line with China’s goal of peak carbon 
emission. Secondly, more attention should be paid to the future devel
opment of the Dapeng District and other suburban areas. Because the 
result shows that the land uses with high carbon emissions will shift 
from the Pingshan District to the Dapeng District. Previous studies have 
pointed out the existence of high-intensity industrial development in 
parts of the PingShan District and Dapeng District (Lai et al., 2020) and 
some potential hotspots for converting non-urban land to urban resi
dential land (Zhuang et al., 2022). Constructing industrial land in 
Dapeng district is difficult due to its mountainous terrain, sloping land, 
low accessibility, and poor infrastructure. Hence, with its development 
limited by its environment and the ecological pilot, how to maintain its 
economic growth and achieve sustainable development is an issue that 
requires special attention in future policy formulation (Liang & Li, 
2020). Our analysis also reminds the government that special attention 
needs to be paid to crucial national development areas to promote rapid 
economic and industrial transformation and achieve coordinated 
development in the context of sustainable development. While for the 
developed regions, the existing policies can be supplemented by 
demolishing and reconstructing some old facilities and optimising their 
layout to implement effective energy-saving and emission-reduction 
policies. 

The proposed CarbonVCA model is an informative and intuitive tool 
to assist policymaking toward peak carbon emissions. To the best of our 
knowledge, the proposed CarbonVCA is the first model to incorporate 
differences in carbon emissions across various detailed urban land-use 
types. Carbon emissions from different urban functions are considered 
rationally to achieve accurate carbon emissions management. Secondly, 
the spatial heterogeneity of carbon emissions is portrayed at the 
cadastral parcel scale. In previous studies, carbon emission accounting 
was usually conducted on national, project, organisational, and product 
scales (Huo et al., 2022; Stechemesser & Guenther, 2012). The spatial 
resolution of their estimated carbon emissions is usually at the square 
kilometre scale (Yang & Li, 2022). Thus, it’s difficult to precisely 
represent the spatial heterogeneity of carbon emissions within urban 
areas. This informative result can assist policymakers in drawing precise 
ecological red lines and avoiding the one-size-fits-all crude carbon 
emission management. Lastly, the future dynamic of carbon emissions 
can be predicted under diverse strategy scenarios. A significant advan
tage of the proposed CarbonVCA framework over existing models is that 
its intuitive results can directly estimate the potential impacts of various 
policies. It is essential to support the government in designing locally 

appropriate guidelines for carbon emission management. Hence, we 
believe this convenient modelling tool can help cities take a further step 
toward the goal of peak carbon emissions. 

Although the proposed model has generated accurate, informative 
and intuitive results of carbon emissions, our results need to be read with 
caution because of some deficiencies. Firstly, the step of land use type 
decomposition based on the machine learning algorithm is inevitably 
subject to some errors. Subsequent studies can couple multi-source data 
to investigate further the influence mechanism between landscape fea
tures and fine categories of land parcels. Secondly, the way of carbon 
emission estimation shows some limitations. The relationship between 
carbon emissions and electricity consumption within a specific land use 
type is complex and needs further exploration. Thus, our future research 
will address this issue via field surveys and more advanced methods. 
Finally, reducing carbon emissions in cities is related to using green 
energy and education to improve residents’ habits of low-carbon con
sumption. In the future, more scenarios can be designed to provide more 
references for urban emissions reduction policies. 

6. Conclusion 

This paper proposes CarbonVCA, a bottom-top framework, for fore
casting cadastral parcel-scale carbon emissions. This framework can 
effectively improve the spatial resolution of carbon emission fore
casting. The framework achieves good accuracy in carbon emission 
modelling and provides practical support for integrating urban land use 
modelling into carbon emission assessment. The simulation result sug
gests that the government pays more attention to combining land use 
planning with energy transition and increasing infrastructure in the 
suburbs to peak carbon emission and carbon neutrality on schedule. This 
study can provide a reference for the regional setting of carbon emission 
allowances and promote the construction of a green and low-carbon city. 
In the future, this research will consider the development patterns of 
more cities, build a large-scale refined carbon emission prediction 
platform, accurately assess the carbon emission characteristics of 
different industrial land uses and analyse their impact mechanisms. So 
the result can help optimise the spatial structure of cities and thus 
construct ecologically oriented cities. 
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