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Abstract: As important nodes in the air transport system, it is of great significance for airports to
achieve the carbon-peaking goal before 2030 under the target of peaking carbon emissions in China’s
civil aviation industry. However, it remains unknown whether airports will be able to realize this
ambitious goal due to a variety of uncertain factors, such as the social economy, epidemic impact,
and emission reduction measures. According to the possibilities of uncertain factors, 12 uncertain
scenarios were constructed. Using the case of Guangzhou Baiyun International Airport (CAN),
this study predicted medium- and long-term carbon emission trends under 12 uncertain scenarios
based on the Long-range Energy Alternatives Planning System (LEAP) model. Furthermore, the
effects of carbon abatement measures and emission reduction responsibilities were analyzed. The
results show that CAN cannot guarantee that it will realize the goal under the established abatement
policy. If socioeconomic development is rapid, carbon emissions will peak at about 90 kt tons in
2030, and if socioeconomic development is slow, it will plateau at about 1 million tons between
2030 and 2035. What is more, airlines bear the greatest responsibility for reducing emissions, and
technological progress measures have the highest abatement potential. This study provides decision
support for airport stakeholders in abatement work so as to ensure that airports can achieve the
carbon-peaking goal.

Keywords: civil aviation; carbon emissions; carbon peaking; scenario analysis; Low Emissions
Analysis Platform (LEAP)

1. Introduction

Climate change is a major global challenge facing humanity [1]. In order to avoid seri-
ous social, economic, and ecological impacts of climate change and to achieve sustainable
human development, China has officially proposed the medium- and long-term strategic
goal of achieving carbon peaking by 2030 [2]. With the rapid development of China’s civil
aviation industry, airport traffic activities continue to grow. According to statistics from the
China Civil Aviation Administration (CAAC), the number of aircraft landings and take-offs
(LTO) in 2019 increased by 564% compared with 2000 [3], and the total carbon emissions
from aircraft at China’s airports reached 17.53 million tons in 2019 [4]. Despite the signifi-
cant impact of the epidemic on the civil aviation market, it is expected to maintain a growth
trend. According to research by Airports Council International, the compound annual
growth rate of passenger traffic in China’s airports from 2020 to 2040 will be 5.5%, and that
of freight traffic will be 6.4%, which will generate a large amount of carbon emissions [5].
However, the civil aviation energy structure, dominated by fossil-based aviation kerosene,
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cannot be fundamentally changed in the short term, and advanced and applicable civil
aviation deep decarbonization technology cannot be applied on a large scale [5]. Therefore,
the realization of the airport’s carbon-peaking goal will be tight, difficult, and demand-
ing. In this context, policy documents, such as the Carbon Peak Action Plan by 2030 [2]
and the 14th Five-Year Plan for the Green Development of Civil Aviation [6], have put
forward a series of action guidelines and suggestions on airport pollution reduction and
carbon reduction.

However, airport carbon emissions are affected by a variety of uncertain factors,
mainly from the social economy [7], epidemic development [8], and emission reduction
efforts [9], making the trend of carbon emissions and the realization of the carbon peak
unknown. Therefore, it is still uncertain whether the airport can reach carbon peaking on
time if the emission reduction work is carried out according to the existing policy plan.
In order to ensure that airports can reach the peak smoothly and on time, it is necessary
to carry out medium- and long-term carbon emission forecasts of airports for various
possibilities and formulate appropriate and efficient emission reduction strategies.

At present, the research object of carbon emission forecasting in the civil aviation
industry is mainly the civil aviation industry as a whole. The research models can be
divided into three categories.

The first one is the carbon-emission-forecasting model based on the causality of
influencing factors. For example, Chèze et al. [10] established an econometric model
considering gross domestic product (GDP) and energy supply to predict the medium- and
long-term carbon emission changes in the global civil aviation industry. Yang et al. [11] used
the ARIMA model to make short-term predictions of fuel consumption and en-route carbon
emissions of Shanghai air transportation. He et al. [12] selected three influencing factors,
namely, traffic volume, GDP, and energy efficiency, to establish the STIRPAT model for the
civil aviation industry to carry out medium- and long-term forecasts of regional carbon
emissions. Considering factors such as the population, economy, and emission reduction
technology, T. Planès et al. [13] and Yu et al. [14] constructed the KAYA identity for civil
aviation carbon emissions to predict regional carbon emissions in the medium and long
term. Liu et al. [15] decomposed the carbon emissions of the civil aviation industry into four
influencing factors, namely, the market, operational capacity, technological progress, and
alternative fuels, and combined them with the Monte Carlo simulation method to predict
the medium- and long-term carbon emission trends of China’s civil aviation industry. Such
models can consider the influence of multidimensional factors on carbon emissions, but
the difficulty in accurately quantifying factor development makes the carbon emission
prediction results unconvincing. In addition, the impact of the epidemic on the long-term
stability of such models needs to be further considered.

The second one is the carbon emission prediction model that considers the macroeco-
nomic impact on the energy system. For example, B.S.TAN et al. [16] and Sharma et al. [17]
developed a system dynamics model for the civil aviation industry to explore the medium-
and long-term carbon emission trends under different policy implementation and economic
development scenarios. Zhang et al. [18] constructed an AIM/CGE model to predict the
medium- and long-term carbon emissions of the civil aviation industry in various regions
around the world. This type of model is based on economic theory and is mainly suitable
for socioeconomic analysis and energy policy planning research. It can provide macro-
level carbon emission reduction guidance, but it cannot provide detailed technical advice
because it does not take emission reduction as the starting point for research, weakening
guidance for emission reduction work.

The third one is the energy system model established by simulating all aspects of
the energy system. For example, Xu et al. [19] built an energy system model of China’s
civil aviation industry based on the LEAP model to explore the medium- and long-term
carbon emission development trends of China’s civil aviation industry under different
emission reduction measures. Güzel et al. [20] predicted the medium- and long-term carbon
emission trends in the Turkish civil aviation industry under different scenarios based on
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the TIMES model. Such models take engineering technology as the starting point, and they
can analyze the technical emission reduction level in detail and provide detailed emission
reduction suggestions.

There are also some targeted studies on airport carbon emission forecasting.
Acharya et al. [21] considered three emission sources, namely, aircraft engines, ground
support equipment, and helicopters, and established a quantitative model of airport car-
bon emissions and passenger numbers to predict short-term airport carbon emissions.
Pamplona et al. [22] proposed an econometric model of airport carbon emissions and pas-
senger numbers for airport aircraft engines to predict short-term airport carbon emissions.
Based on the aircraft engine carbon emission calculation model proposed by the Inter-
national Civil Aviation Organization (ICAO), Hu et al. [23] predicted the medium- and
long-term carbon emission development of aircraft engines in an airport under different
emission reduction measures. In these studies, the airport carbon emission sources take air-
craft engines as the primary emission source, without considering related emission sources,
such as ground transportation related to airport operation, and there is no influence of the
social economy, epidemic situation, or other uncertainties on airport carbon emissions.

Among the existing carbon emission prediction models for the civil aviation industry,
the third model, which simulates all aspects of the energy system, can integrate multiple
emission sources, fully explore the use of emission reduction technologies, and deal with
uncertainties combined with the scenario analysis method. Among such models, the LEAP
(Long-range Energy Alternatives Planning System) model is a typical integrated model
based on scenario analysis [24]. Given its low initial data requirements, flexible and simple
use, and ability to simulate policy impacts, it is widely used in medium- and long-term
carbon emission prediction research in the power industry [25], cement industry [26],
transport sector [27,28], etc.

In this study, in order to predict the trend of airport carbon emission under uncer-
tain conditions, a medium- and long-term airport carbon emission prediction (LEAP-
Airport) model based on the LEAP model is proposed. Three major contributions are
made: (1) the carbon emission sources related to airport traffic activities, which include
aero-engines (AEs), auxiliary power units (APUs), ground support equipment (GSE), and
ground approach vehicles (GAVs), are comprehensively considered, and the scope of air-
port carbon emission prediction is expanded compared with previous studies; (2) an energy
system model for the airport is established for the first time, and the energy system model
is improved so that it can not only reflect the impact of emission reduction technologies on
carbon emissions but also study the impact of socioeconomic and epidemic factors; (3) this
study offers a comprehensive examination of the effects of three uncertain variables: social
economy, epidemic impact, and emission reduction measures. This approach sets it apart
from previous studies, which solely treated emission reduction measures as variables with
uncertainty. This study provides decision support for the airport to achieve the carbon peak
target on time so as to promote the carbon-peaking process in the civil aviation industry.

2. Methods
2.1. Scope of Airport Carbon Emissions

There are many sources of emissions within the airport, such as aircraft, ground
support equipment, terminals, etc. The activity characteristics of each emission source differ
greatly: some are mobile sources (aircraft, etc.), and some are fixed sources (terminals, etc.).
In addition, the operating space of each emission source is also different: for example,
ground support vehicles only operate at the horizontal level, while the operating range of
aircraft includes the altitude level. The carbon emission sources within the scope should
fully reflect the characteristics of airport traffic operation. In this study, four main emission
sources closely related to traffic operation were selected: AE, APU, GSE, and GAV. The
description and activity characteristics of the four types of emission sources are shown in
Table 1.
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Table 1. Activity characteristics of each emission source in airports.

Emission Sources Description

AE Engine powered by aviation gasoline or aviation kerosene.

APU Helps start the main engines and provides power when the aircraft is
approaching, taxiing, or repositioning on the apron.

GSE
Provides corresponding services for the aircraft during arrival and

departure so as to ensure the normal operation of the aircraft, including
aircraft trailers, air starters, forklifts, etc.

GAV Drives in and out of the airport to pick up and drop off passengers, mainly
including private cars, taxis, and airport buses.

The AE’s airport emissions are predicted as “air emissions emitted during the aircraft
landing and take-off cycle, at a height of 3000 feet from the surface to the top of the
atmospheric boundary layer” [29]. Therefore, as shown in Figure 1, this study determined
the scope of the airport carbon emission boundary as the carbon emissions generated by
four emission sources, namely, AEs, APUs, GSE, and GAVs around the airport, in the area
from the ground surface to the top 3000-foot height of the atmospheric boundary layer.
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2.2. LEAP-Airport Model
2.2.1. Model Framework

In order to predict the carbon emission trend of airports under uncertain conditions,
the LEAP-Airport model based on the LEAP model was established. The framework of the
LEAP-Airport model is shown in Figure 2. The model consists of three parts:

i. Scenario-setting module: Considering the uncertainty of socioeconomic–epidemic
factors and emission reduction measures, this module constructs uncertain scenarios
of airport development. Socioeconomic parameters (SEPs) and epidemic param-
eters (EPs) are set through the socioeconomic–epidemic scenario-setting module,
and abatement intensity parameters (AIPs) are set through the emission reduction
scenario-setting module.

ii. Data-processing module: In this module, the airport-throughput-forecasting module
uses SEPs to forecast airport throughput. The emission reduction measure module
outputs specific abatement measure parameters (AMPs) according to AIPs, such as
application time, technology penetration, etc. The activity-level module integrates
the predicted values of airport throughput and AMPs to calculate the airport activity
level. The energy intensity module calculates energy intensity by combining base year
data and AMPs.

iii. LEAP model: Based on the activity level, energy intensity, and AMP data, the carbon
emissions of the airport in the target year are predicted.
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To determine whether the airport can achieve the goal of carbon peaking in 2030, 2023
should be taken as the base year and 2035 should be taken as the target year to predict the
trend of airport carbon emissions.

2.2.2. LEAP Model

The LEAP model is an integrated, scenario-based modeling tool that allows the devel-
opment of economic, energy, and environmental analyses. The Stockholm Environmental
Institute and the University of Boston developed it with the aim of contributing to the
mitigation of climate change [30].

The LEAP model bases its structure on a hierarchical tree of four levels, ordered as
sector, subsector, end-use, and device. In this study, the data of the airport were organized
in a tree structure in the LEAP model according to the scope of airport carbon emissions
and the operational characteristics of the emission source, as shown in Table 2.

According to the types of airport emission sources, the airport sector is divided into
AE, APU, GSE, and GAV subsectors, corresponding to the four emission sources within the
scope. AEs consist of passenger aircraft engines and cargo aircraft engines and are then
further divided into end-use according to the aircraft type. APUs are installed only on
wide-body and narrow-body passenger aircraft and are therefore divided into two types
of end-use. GSE consists of aircraft tractors, cargo loaders, fuel trucks, etc. GAVs include
three types of end-use: buses, private cars, and taxis. On this basis, the device is assigned
according to the type of fuel used by the end-use.

In the LEAP model, carbon emissions depend on the activity level, energy intensity,
and carbon emission factors, and users need to determine the activity-level units of different
sectors according to the characteristics of the research objects.
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Table 2. The tree data structure of airports in LEAP model.

Sector Subsector End-Use Device

Airport

AE

Passenger aircraft
engine

Wide-body passenger aircraft engine

Jet fuel, sustainable aviation fuels
(SAFs)

Narrow-body passenger aircraft engine
Regional aircraft engine

Cargo aircraft engine Wide-body cargo aircraft engine
Narrow-body cargo aircraft engine

APU
Wide-body aircraft APU

Narrow-body aircraft APU

GSE

Air start

Gasoline, diesel, electricity, hybrid

Aircraft tractor
Baggage tractor

Belt loader
Cabin service truck

Cargo loader
Catering truck

Fuel truck
GPU

Hydrant truck
Lavatory truck
Service truck

GAV
Bus Diesel, electricity, hybrid

Private car Gasoline, diesel, electricity, hybrid
Taxi Gasoline, electricity, hybrid

According to the activity characteristics of the above four types of emission sources
(shown in Table 1), the units of activity levels are determined as the number of aircraft
LTO cycles, APU operating time, GSE operating time, and passenger kilometers. Using
Equation (1), the airport carbon emissions can be calculated:

C = ∑
n

∑
t

Tn × EIn × ESt
n × EFt (1)

where C is the airport carbon emissions; Tn is the activity level of emission source n; EIn is
the energy intensity of emission source n; ESt

n is the share of energy t in the total energy
used by emission source n; and EFt is the carbon emission factor for energy t.

2.2.3. Data-Processing Module

i. Activity-level module

According to the activity characteristics of various emission sources in Table 1, it can
be seen that the activity levels of AE and GAV are influenced by the airport throughput
(passenger throughput and cargo throughput), and the activity levels of APU and GSE are
influenced by the activity level of AE. The calculation process of each emission source’s
activity level is shown in Figure 3.

The AE activity level can be calculated using Equation (2):

Ti,j,y
AE =


PTy×θ

y
i,j

Si,j×∂
y
i,j×2

i = p

CTy×αy×θ
y
i,j

Si,j×∂
y
i,j×2

i = c
(2)

where Ti,j,y
AE is the activity level of an AE that is installed on i-class j-type aircraft in year

y; p is passenger aircraft and c is cargo aircraft; j refers to the type of aircraft, which is
divided into wide-body, narrow-body, and regional aircraft; PTy is the airport passenger
throughput in year y; θ

y
i,j is the proportion of j-types in i-class in year y; Si,j is the capacity



Sustainability 2023, 15, 15409 7 of 24

of i-class j-type aircraft; and ∂
y
i,j is the full-load rate for i-class j-type aircraft in year y. In

this study, the average of inbound and outbound sorties is taken as the LTO cycle number
and is therefore divided by 2; CTy is the airport cargo throughput in year y; and αy is the
ratio of all-cargo aircraft traffic to cargo throughput in year y.
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The APU activity level can be calculated using Equation (3):

Tp,j,y
APU = Tp,j,y

AE × OT j
APU × θAPU (3)

where Tp,y,j
APU is the activity level of an APU that is installed on i-class j-type passenger

aircraft in year y; Tp,y,j
AE is the activity level of an AE that is installed on j-type aircraft;

OT j
APU is the APU’s running time corresponding to j-type passenger aircraft, and the data

come from ACRP Report 149 [31]; and θAPU is the APU replacement rate.
The GSE activity level can be calculated using Equation (4):

Tk,y
GSE = ∑

i
∑

j
Ti,j,y

AE × OTi,j,k
AE (4)

where Tk,y
GES is the activity level of k-class GSE in year y; OTi,j,k

AE refers to the unit operation
time of k-class GSE corresponding to i-class j-type aircraft, and the data come from ACRP
Report 149 [31].

The GAV activity level can be calculated using Equation (5):

Tl,y
GAV = PTy × (1 − δ)× (1 − φy)× θl,y × K (5)

where Tl,y
GAV is the activity level of an l-class GAV in year y; δ is the proportion of transit

passengers; φy is the proportion of subway arrivals in year y; θl,y is the proportion of l-class
GAVs in year y; and K is the travel distance of the GAV within the airport, generally 20 km.

ii. Energy intensity module

Referring to Xu’s calculation method [19], the energy intensity used by each emission
source can be calculated using Equation (6)

EIy = EIy−1 × (1 − δy) (6)

δy = ∑
w

δw × λ
y
w (7)
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where EIy is the energy intensity in year y; δy is the total energy efficiency improvement
rate in year y; δw is the energy efficiency improvement rate of w-class technology; and λ

y
w is

the penetration rate of w-class technology in year y.
The GAV energy intensity in the base year is derived from the 2006 IPCC Guidelines for

National Greenhouse Gas Inventories [32], and the GSE energy intensity calculation method
in the base year is consistent with the Aviation Emissions and Air Quality Handbook [29].
Affected by changes in the aircraft fleet structure, the AE and APU energy intensities of
different airports in the base year are different, and they need to be calculated according to
the fleet structure.

The AE energy intensity in the base year is derived from Equation (8).

EIi,j
AE = ∑

b
AEb × θi,j,b (8)

where EIi,j
AE is the AE energy intensity of i-class j-type aircraft in the base year (kg/LTO

cycle); AEi,j,b
p refers to the energy intensity of an AE that is installed on b-type aircraft (such

as A320), with data from the Aviation Emissions and Air Quality Handbook [29]; and θ
i,j,b
p is

the proportion of b-type aircraft in i-class j-type aircraft in the base year.
The APU energy intensity in the base year is derived from Equation (9).

EI j
APU = ∑

b
APUb × θ j,b (9)

where EI j
APU is the APU energy intensity of j-type passenger aircraft (kg/min); APUb is

the APU energy intensity for b-type aircraft, according to the Aviation Emissions and Air
Quality Handbook [29]; and θ j,b is the ratio of b-type aircraft to j-type aircraft in the base year.

iii. Airport-throughput-forecasting module

This study took Guangzhou Baiyun International Airport (IATA: CAN) as the selected
case. As one of three major aviation hubs in China, CAN continues to grow quickly, with
an annual growth rate of 6.9%. Its carbon emission development trend is representative,
and exploring the emission reduction strategy of CAN can provide a demonstration effect
for other airports and enterprises. As shown in Figure 4, airport throughput has grown
tortuously since CAN was put into use. However, there are two primary factors that
impose limitations on throughput expansion. The first pertains to major emergencies,
such as financial crises and epidemics. The second factor relates to constraints on airport
resources. For instance, in 2015, the growth in passenger throughput was impeded due to
bottlenecks in airspace and ground resources [33]. In addition, the expansion will not have
a significant impact without substantial improvement in airspace conditions for airports
with a saturated capacity, such as CAN [34]. It can be observed that CAN underwent
renovation and expansion (phase II expansion project) between 2012 and 2018; the main
expansion projects were the construction of Terminal 2 and Runway 3, and there was no
significant change in airport throughput. Therefore, when predicting CAN throughput,
three main assumptions are made:

i. It is assumed that no major emergencies (financial crisis, epidemic, etc.) occur within
the forecast period;

ii. It is assumed that CAN’s resources will always be able to meet the transportation
demand within the forecast period;

iii. It is assumed that within the predicted period, CAN continues to have a saturated
capacity, and there is no substantial improvement in airspace conditions.
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Socioeconomic factors play a decisive role in airport throughput, and previous studies
usually predicted airport throughput based on socioeconomic factors [35–37]. Since the epi-
demic will have a lasting impact on airport development, the airport throughput prediction
based on socioeconomic factors will no longer be accurate and needs to be further revised
according to the impact of the epidemic. Therefore, this study established the regression
relationship between socioeconomic factors and airport throughput and developed airport
throughput forecasts. On this basis, the forecast results were revised according to the
impact of the epidemic.

It is generally acknowledged that airport throughput is related to factors such as
GDP (x1), resident population (x2), urbanization rate (x3), gross value of primary industry
(x4), gross value of secondary industry (x5), gross value of tertiary industry (x6), tourism
income (x7), and retail sales of social consumer goods (x8) [35–37]. In order to identify
the key socioeconomic factors affecting airport throughput, this study used the feature
importance measurement method based on random forest to rank the influencing factors.
The random forest method is widely used for feature selection. Its main idea is to quantify
the contribution rate of each pair of features to each decision tree in the random forest.
By calculating the mean value, the mean value of each feature in the forest is compared
horizontally to obtain the importance ranking of each feature and identify key factors [38].

The ranking outcomes of CAN are depicted in Figure 5. For airport passenger through-
put, the importance of x3, x2, and x6 is greater than the threshold of 0.1, which means that
these three factors are more important [39]. For airport cargo throughput, the three factors
x3, x1, and x2 are more important, with an importance level > 0.1. In order to forecast
airport passenger and cargo throughputs simultaneously, the key factors affecting both are
taken from the union set in this study. Four factors, namely, x3, x2, x1, and x6, are taken as
the key socioeconomic factors affecting airport throughput.
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To account for the impact of socioeconomic factors and generate long-term forecasts
for airport throughput, a BP neural network for prediction was established [40]. As shown
in Figure 6, the neural network model used in this study has a structure of 4 × 3 × 2, with
4 input layers, 3 hidden layers, and 2 output layers. The input layer consists of the four key
factors of airport throughput, and the output layer is the airport passenger throughput and
cargo throughput; that is, the predicted value of airport throughput in the absence of an
epidemic is assumed to be ATf .
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With the effective control of the epidemic, the civil aviation market will experience
a stage of rapid recovery and stable development [41]. In the stage of rapid recovery,
the business volume of the civil aviation market will increase significantly and gradually
recover to the level of 2019. In the stage of stable development, the trend of development
before the epidemic will continue. Due to the great difference in the development laws of
the two stages, it is necessary to revise the prediction result for ATf in stages. The revised
airport throughput is expressed as Equation (10):

ATy =

{
AT2019·φy 2023 ≤ y ≤ h(Rapid recovery stage)
ATf ·Ω h < y ≤ 2035(Stable development stage)

(10)

where ATy is the airport throughput in year y; AT2019 is the airport throughput in 2019;
φy is the ratio of airport throughput in year y to that in 2019; h is the year when the
civil aviation market recovered to the level of 2019; ATf is the predicted value of airport
throughput assuming that no epidemic occurs; and Ω is the ratio of the predicted value of
airport throughput after the epidemic to the predicted value of airport throughput when
no epidemic occurs.
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iv. Emission reduction measure module

It is widely believed that the introduction of sustainable aviation fuels (SAFs) and
other emission reduction measures will effectively reduce the carbon emissions of the civil
aviation industry [42]. Therefore, it is necessary to explore the impact of the implementation
of emission reduction measures on airport carbon emissions. In order to fully consider the
measures that may be taken in the future, the mainstream emission reduction reports of the
civil aviation industry were reviewed [42–45], and the airport emission reduction measures
that can be put into use from 2023 to 2035 were summarized into four aspects: operation
improvement, structure optimization, technological progress, and alternative fuel. The
operation improvement measures are mainly aimed at aircraft, improving and optimizing
all stages of the aircraft LTO cycle within the airport; structural optimization starts from
the operating structure of the emission source, aiming to promote the replacement of
low-efficiency equipment with high-efficiency equipment; technological progress refers
to the use of technologies to improve engine fuel efficiency; and alternative fuel measures
refer to the replacement of traditional energy sources with clean energy. Since the industry
generally believes that new-power aircraft will be added to the fleet around 2045, no
structural optimization measures for aircraft have been set up. The changes in the aircraft
fleet structure are consistent with the predicted results of the Aviation Industry Corporation
of China [46], as shown in Tables 3 and 4.

Table 3. Passenger aircraft fleet structure settings.

Year 2023 2025 2030 2035

Average seating rate 79.81% 83.90% 85.50% 86.50%

Aircraft type
ratio

Wide-body aircraft
400 seat class 0.45% 0.45% 0.45% 0.44%
250 seat class 14.31% 14.78% 15.82% 16.63%
350 seat class 4.98% 5.04% 5.14% 5.14%

Narrow-bodied
aircraft

120 seat class 7.43% 6.37% 4.29% 2.83%
160 seat class 58.18% 57.92% 56.56% 54.25%
200 seat class 12.38% 12.69% 13.35% 13.78%

Branch line 90 seat class 2.27% 2.75% 4.41% 6.93%

Table 4. Cargo aircraft fleet structure settings.

Year 2023 2025 2030 2035

Average load rate 60%

Aircraft type
Large wide-body aircraft (100 tons) 34.49% 32.32% 28.87% 25.63%

Medium wide-body aircraft (60 tons) 12.97% 13.07% 13.18% 13.22%
Narrow-body aircraft (30 tons) 52.54% 54.61% 57.95% 61.15%

At the same time, airport carbon emissions are not completely controlled by the
airport but are jointly controlled by multiple airport stakeholders, including the airport,
airlines, and air traffic management bureau. With the goal of guiding the process of airport
carbon reduction, abatement responsibilities are assigned to airport stakeholders. The
airport emission reduction measures, emission sources, and relative airport stakeholders
are shown in Table 5.
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Table 5. Airport emission reduction measures and subjects responsible for emission reduction.

Emission Reduction
Angle Measure Name Serial

Number
Emission

Source
Subjects Responsible for

Emission Reduction

Operation Improvement

Optimization of arrival and
departure procedures m1 AE Air traffic management

bureaus

Ground movement optimization m2 AE Airports

Single-engine taxi m3 AE Airports

Structure optimization

APU replacement m4 APU

AirportsIncrease the proportion of
passengers arriving by public

transit *
m5 GAV

Technological progress Improve energy efficiency

m6 AE Airlines

m7 GSE Airports

m8 GAV Non-airport stakeholders

Alternative fuel

Use SAFs m9 AE; APU Airlines

Electrify or use alternative fuels m10 GSE Airports
Electrify or use alternative fuels m11 GAV Non-airport stakeholders

* Public transit arrivals include both airport bus arrivals and subway arrivals.

2.2.4. Scenario-Setting Module

Airport carbon emission trends are influenced by three uncertainties: socioeconomic
development, the epidemic impact, and the intensity of emission reduction measures.
Among them, socioeconomic development and the epidemic impact mainly determine
airport throughput trends, so the two are analyzed together to construct a socioeconomic–
epidemic scenario-setting module. The emission reduction scenario-setting module was
constructed to discuss the possibilities of the intensity of emission reduction measures at
the airport.

i. Socioeconomic–epidemic scenario-setting module

Affected by the process of globalization and changes in the world situation, the speed
of China’s socioeconomic development is unknown. At the same time, it is still difficult to
determine the impact of the epidemic on the future development of the civil aviation market
due to differences in the development speed of effective vaccines and the countermeasures
of various countries. As shown in Figure 7, by categorizing the speed of socioeconomic
development into slow (S) and rapid (R) and the level of impact of the epidemic into
low (L) and high (B), four socioeconomic–epidemic scenarios, S-L, S-B, R-L, and R-B,
were combined.

According to the above-mentioned results of feature selection for factors affecting
airport throughput, the urbanization rate (x3), resident population (x2), GDP (x1), and
gross value of tertiary industry (x6) are the key socioeconomic factors affecting airport
throughput. Based on Guangzhou’s planning documents and the related literature [47–49],
we set SEPs for different socioeconomic development intensities, as shown in Table 6.
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Table 6. Parameter settings for different socioeconomic development intensities.

Key Socioeconomic Factors
2023–2025 2026–2030 2031–2035

Slow Rapid Slow Rapid Slow Rapid

x3 Urbanization rate (%) 87.5 88.1 89.6 90.0 90.0 91.6

x2 Growth rate of permanent population (%) 1.4 2.4 1.2 1.8 0.4 0.8

x1 Growth rate of GDP (%) 5.6 6 5.2 5.6 4.2 4.6

x6 Growth rate of gross tertiary industry (%) 6.3 6.6 5.3 5.6 4.3 4.6

Regarding the air passenger market, authorities generally believe that China’s civil
aviation passenger transport market will recover to the level of 2019 around 2024 [50,51], so
h = 2024. From this, it can be determined that the rapid recovery stage is 2023–2024, and the
stable development stage is 2025–2035. The revised parameters in the rapid recovery stage
are set according to the forecast results of the Civil Aviation Administration of China [50].
IATA believes that the development of the civil aviation passenger transport market will
lag by 2–3 years, and the air passenger market will decrease by 7–10% compared with the
assumption that an epidemic will not occur [51]. Based on this, the revised parameters in
the stable development stage are set.

The freight market had recovered to the level of 2019 in 2021, so there is no need to
forecast for h = 2021. The rapid recovery stage is 2019–2021, and the stable development
stage is from 2022 to 2035. It is expected that the freight market will decrease by 5–7%
compared with the assumption that there is no epidemic. Based on this, the revised
parameters in the case of a low effect and a big effect are set (since the data for 2022 are
known, we only set the parameters for 2023–2035). The revised parameters for different
epidemic impact levels are shown in Table 7.
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Table 7. Revised parameter settings for different epidemic impact degrees.

Air Passenger Market

Influence degree Parameters in rapid recovery stage (φy) Parameters in stable development stage (Ω)
2023 2024 2025–2035

Low
75% 103%

93%
Big 90%

Air Cargo Market

Influence degree Stable development stage parameters (Ω)
2023–2035

Low 95%
Big 93%

ii. Emission reduction scenario-setting module

Since the intensity of emission reduction measures implemented by airports in the
future is uncertain, this study set three emission reduction scenarios for the intensity of
emission reduction measures:

(1) Baseline scenario (BAS). The BAS aims to calibrate the effect of emission reduction
measures. In this scenario, the airport parameter setting is consistent with the historical
data in 2022, and no new emission reduction measures are adopted.

(2) Established Policy Scenario (EPS). The EPS is a scenario in which the airport actively
responds to the carbon-peaking goal of the civil aviation industry and the construction of
a “green airport”. It aims to judge whether the airport can complete the carbon-peaking
goal according to the existing policy. Under this scenario, the airport has adopted a series
of operational improvement measures, the operational structure of emission sources has
been optimized to a certain extent, some technologies have been introduced to improve
fuel efficiency, and alternative fuels have been gradually put into use.

(3) Low-carbon development scenario (LCS). On the basis of the EPS, the LCS increases
the implementation of emission reduction measures. Under this scenario, the airport
has intensified its operational improvement efforts, further optimized the operational
structure of emission sources, actively reformed technologies to improve fuel efficiency,
and accelerated the use of alternative fuels.

The parameter settings are derived from documents such as the 14th Five-Year Plan for
Civil Aviation Green Development [6], the Action Plan for Carbon Peak before 2030 [2], the
14th Five-Year Plan for Transportation of Guangzhou City [52], etc. Such policy documents
are generally planned at intervals of 5 years, so this study set parameters according to a
time granularity of 5 years, as shown in Table 8.

iii. Scenario combination

According to the settings of the socioeconomic–epidemic scenario and emission reduc-
tion scenario, we established 12 uncertain scenarios of airport development, as shown in
Table 9.
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Table 8. Parameter settings of emission reduction measures under different scenarios.

Emission
Reduction
Measures

Parameter Emission
Source

BAS EPS LCS

2023–2035 2025 2030 2035 2025 2030 2035

Operation
improvement

Arrival and departure procedures optimize
permeability AE - 20% 100% 100% 40% 100% 100%

Ground movement optimization
permeability AE - 50% 10% 20% 60% 20% 30%

Single-engine taxi permeability AE - 58% 68% 73% 63% 73% 78%

Structure
optimization

APU replacement rate APU 86% 90% 95% 100% 95% 100% 100%

Increase the
proportion of

passengers arriving by
public transit

Proportion of
airport bus

arrivals
GAV 26% 28% 30% 32% 30% 32% 34%

Proportion of
subway arrivals - 30% 35% 45% 50% 40% 50% 55%

Technological
progress Energy efficiency improvement rate

AE - 1% 2%
GSE - 2% 4%
GAV - 2% 4%

Alternative fuel

Share of SAFs AE, APU - 1.8% 6.4% 12.8% 2% 8.4% 16.8%

Electrify or use
alternative fuels

Conventional fuel GSE 76% 65% 57% 50% 55% 47% 40%
Hybrid GSE 8% 10% 13% 15% 15% 18% 20%
Electric GSE 16% 25% 30% 35% 30% 35% 40%

Electrify or use
alternative fuels

Conventional fuel GAV 95% 72% 59% 52% 65% 52% 45%
Hybrid GAV 1% 10% 13% 15% 15% 18% 20%
Electric GAV 4% 18% 28% 33% 20% 30% 35%

Table 9. Scenario combinations.

Socioeconomic–Epidemic
Scenario

Emission Reduction
Scenario

Uncertain Scenario of
Airport Development

S-L
BAS S-L-BAS
EPS S-L-EPS
LCS S-L-LCS

S-B
BAS S-B-BAS
EPS S-B-EPS
LCS S-B-LCS

R-L
BAS R-L-BAS
EPS R-L-EPS
LCS R-L-LCS

R-B
BAS R-B-BAS
EPS R-B-EPS
LCS R-B-LCS

3. Results and Discussion
3.1. Results of Airport Throughput Prediction

Based on the SEPs and EPs set in the socioeconomic–epidemic module and the histori-
cal throughput data of CAN, the results of airport throughput prediction obtained by the
airport throughput prediction module are shown in Figure 8. From the left figure, it can
be observed that the airport passenger throughput exhibits a “V”-shaped recovery trend
during the rapid recovery stage. Furthermore, the throughput continues to grow steadily
during the stable development stage. The range of growth rates for passenger traffic and
freight traffic under different scenarios is 4.6–6.0% and 5.8–7.9%, which is broadly in line
with ACI projections of 5.5% and 6.4% [5], respectively.
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Under the four scenarios, projected passenger throughputs in 2035 are estimated
to reach 117.2 million, 113.5 million, 139.19 million, and 134.7 million. In Figure 8, the
cargo throughput continues to increase in the stable development stage, and the growth
rate is faster than that of passenger throughput. In 2035, the cargo throughput will reach
3.42 million tons, 3.31 million tons, 4.21 million tons, and 4.07 million tons under the
four scenarios.

3.2. Activity-Level Prediction Results

Based on the airport throughput prediction results and the AMP set in the emission
reduction scenario-setting module, the activity-level prediction results were obtained
through the activity-level module, as shown in Figure 9. According to Figure 9a, the AE
activity levels of passenger and cargo aircraft continue to rise in all four scenarios, reaching
around 460 thousand LTO cycles in 2035.

It can be seen in Figure 9b that the GSE activity level rises steadily in all scenarios and
is within the running time range of 70–80 thousand minutes in 2035.

According to Figure 9c, the APU activity level varies across the 12 scenarios due to
the implementation of different levels of structural optimization measures. Under the BAS,
the APU activity level shows a continuous upward trend. Conversely, under the EPS, the
airport will progressively replace APUs, leading to a gradual decline in the activity level.
Eventually, with a 100% APU replacement rate, the APU activity level is expected to reach
zero in all scenarios by 2035. Under the LCS, airports aim to achieve full APU replacement
by 2030, resulting in a complete reduction in APU activity levels to zero across all scenarios
by 2030.

From Figure 9d, it is evident that the GAV activity level demonstrates a consistent
upward trend under the BAS, reaching approximately 1.6 billion passenger kilometers by
2035. However, under the EPS, the growth trend is hindered by a decline in the ratio of
GAV arrivals, primarily attributed to an augmented proportion of subway arrivals. Under
the LCS, the proportion of subway arrivals further increases, leading to a further slowdown
in the growth trend. By 2035, the GAV activity level is projected to be around 1 billion
passenger kilometers. Concurrently, the activity level of airport buses will progressively
increase, while that of private cars and taxis will gradually diminish.
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3.3. Airport Carbon Emission Prediction Results

Based on the historical data of CAN, this study used the LEAP model to account
for the historical carbon emissions from 2005 to 2022. The results are basically consistent
with the results calculated by the emissions and dispersion modeling system, which is an
accurate simulation model of airport pollutants [53]. Next, based on the predicted results
for the activity level, energy intensity, and AMP from the data-processing module, the
forecast results of CAN in 2022–2035 under different scenarios are predicted by the LEAP
model, as shown in Figure 10.
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(b) S-B scenario; (c) R-L scenario; (d) R-B scenario.

As can be seen in Figure 10a,b, CAN cannot achieve the carbon-peaking goal under
the BAS. In contrast, the goal can be achieved at the intensity of the EPS and LCS: the peaks
are about 80 kt tons and 90 kt tons, and the emissions will reach about 70 kt tons in 2035. In
Figure 10c,d, which represent the rapid socioeconomic development intensity (the category
R scenario), it can be observed that the airport carbon emission continues to increase under
the BAS, and the emissions will reach about 160 kt tons in 2035. CAN still cannot achieve
carbon peaking at the abatement intensity of the EPS, and carbon emissions will enter a
plateau period from 2030 to 2035, with emissions of about 1 million tons. At the intensity
of the LCS, the airport can achieve peak carbon, with a peak of about 90 kt tons.

This study mainly considers the influence of three uncertainty factors on the carbon
emission prediction results: (1) The influence of socioeconomic factors. By comparing the
class S scenarios (S-B, S-L) and class R scenarios (R-B, R-L), it can be seen that the speed
of socioeconomic development affects whether airports can achieve the target of carbon
peaking. For example, at the same EPS intensity, CAN achieves carbon peaking in the
S-L scenario but enters the peak plateau period in R-L (see Figure 10a,c). (2) Impact of
epidemic factors. By comparing the L scenarios (S-L, R-L) and B scenarios (S-B, R-B), it
can be seen that when the influence of the epidemic changes, there are differences in the
total amount of emissions, but the process of carbon peaking is the same. (3) Influence of
emission reduction measures. By analyzing the trend of carbon emissions under different
abatement strengths in each subgraph, it can be seen that the abatement strength affects
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the process of carbon peaking. For example, in the S-L scenario, CAN cannot reach peak
carbon emissions under the BAS, but it can reach peak carbon emissions under the EPS and
the LCS, as shown in Figure 10a. In general, whether CAN can reach the carbon-peaking
goal on time is determined by the speed of socioeconomic development and the strength of
abatement, while the epidemic influencing factors will not affect the process.

Hu [23] used Xiamen Airport to predict aircraft carbon emissions, and the results
showed that the airport could achieve peak carbon under the established abatement policy,
which is consistent with the findings of this study under the class S scenario. However,
this study also explores the class R scenario, in which the airport is unable to achieve
peak carbon emissions with the current emission reduction efforts. This study considers
more possibilities than Hu’s study, which results in more possibilities for the airport’s peak
carbon process.

3.4. Analysis of Contribution Degree of Emission Reduction Measures

In order to select abatement measures for airports, this study analyzed the emission
reduction contribution of different measures, and the results are shown in Figure 11. In
all scenarios, the contribution order of the four types of emission reduction measures is
as follows: technological progress > alternative fuel > operation improvement > structure
optimization. Among them, technological progress measures contribute more than 40%,
which is the most effective emission reduction measure. Alternative fuel measures come in
second, contributing about 30%. Compared with the EPS, the contribution proportion of
operational improvement and technological progress measures under the LCS increases,
indicating that the two types of measures still have greater emission reduction potential.
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Therefore, priority should be given to implementing these two types of measures.
Since aircraft are the most important source of emissions, special attention should be paid
to aircraft replacement to promote the application of high-efficiency aircraft engines. In
addition, the use of SAFs in aircraft should be actively promoted.

Existing studies have analyzed the contribution of emission reduction measures based
on the civil aviation industry as a whole, and only one emission source, the aircraft, is
considered [42–45]. The ranking of emission reduction contribution is generally alternative
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fuel > technological progress > operational improvement (emission reduction measures for
the aircraft do not include structural optimization measures). Among them, the ranking of
alternative fuels and technological progress measures is different from the conclusion of
this study, mainly because the process of alternative fuels in China is much slower than
that in developed countries, and therefore, the penetration rate of alternative fuels set in
this study is lower, resulting in a relatively low contribution to emission reduction.

3.5. Distribution of Abatement Responsibilities among Airport Stakeholders

To clarify the responsibility of each stakeholder, this study first mapped the contribu-
tions of emission reduction measures to the relevant stakeholders of the airport, and the
results are shown in Figure 12. As can be seen, airlines assume the most substantial burden,
contributing approximately 70% across all scenarios. Airports follow closely in second
place, with an estimated share of around 20%. Conversely, air traffic management bureaus
bear the least responsibility for emission reduction, accounting for approximately 5%. In
addition, in the category R scenario, the reduction responsibility of airlines will account
for a larger proportion, because the airport throughput in the category R scenario is more
than in the category S scenario, and the effects of technological progress measures and al-
ternative fuel measures for aircraft are more prominent. Therefore, airlines should actively
take measures to improve aircraft fuel efficiency, such as aircraft weight reduction, and
promote the introduction of SAFs. However, airlines face huge cost problems in promoting
high-efficiency engine replacement, and SAFs are still in the research and development
stage, making it difficult to commercialize them in the short term. The implementation
of these measures, despite their high potential for emission reductions, presents notable
challenges in practice because of the small scale of the industry and high manufacturing
costs. In contrast, the emission reduction measures undertaken by airports and air traffic
management bureaus are more mature in technology and have been practiced by a large
number of airports, so the implementation will face fewer difficulties. For example, the
single-engine taxi, which is the responsibility of the airport, only needs to be improved at
the operational level, without technical innovation or significant cost investment.
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4. Conclusions and Policy Recommendations

In order to help the civil aviation industry to achieve the target of carbon peaking on
time and promote the sustainable development of civil aviation, a medium- and long-term
airport carbon emission prediction model was constructed based on the LEAP model.
Taking CAN as the research object, the development trend of CAN’s carbon emissions
was simulated, which considered three uncertain factors: socioeconomic development,
the impact of the epidemic, and the intensity of abatement measures. To provide decision
support for the abatement work of airports, we further analyzed the contribution of
emission reduction measures and assigned emission reduction responsibilities to airport
stakeholders. The key findings are as follows:

i. The intensity of airport carbon emission reduction measures should match the level of
socioeconomic development. With the emission abatement efforts of the existing poli-
cies (EPS), the airport can achieve the carbon-peaking goal at a slow socioeconomic
development intensity but will enter a plateau period at a rapid socioeconomic devel-
opment intensity and cannot reach carbon peaking on time. On the basis of existing
policies, increasing abatement efforts (LCS) can ensure that airports can realize the
goal on time under all scenarios. Therefore, airport stakeholders should pay attention
to various possible scenarios and plan the intensity of emission reduction measures in
advance. Airport stakeholders can use the Carbon Peak Action Plan by 2030 [2] and
the 14th Five-Year Plan for the Green Development of Civil Aviation [6] as guidance
and determine the appropriate emission reduction intensity according to social and
economic development.

ii. Among the airport carbon emission reduction strategies, technological progress mea-
sures and alternative fuel measures have the greatest emission reduction potential.
Special attention should be paid to the implementation of two types of emission reduc-
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tion measures for aircraft, that is, actively promoting the application of high-efficiency
aircraft engines while actively introducing SAFs. At present, Chinese airlines have
achieved the first commercial flight using SAF [54] and should continue to accelerate
the use of SAFs.

iii. Among airport stakeholders, airlines are the most responsible party for emission
reduction, accounting for more than 70% of the abatement responsibility. The airport’s
emission reduction responsibility is about 20%, and the abatement responsibility
of air traffic management bureaus is about 5%. However, the implementation of
emission reduction measures responsible for airlines will face greater challenges, and
the technology responsible for airports and air traffic management bureaus is more
mature and less difficult to implement. Therefore, the most efficient measures should
be selected according to the potential and difficulty of emission reduction measures.

There are three potential limitations in this study that need to be further studied:

i. The research object of this study is carbon emissions related to transportation activities
in airports, and emission sources such as terminals are not included in the carbon emis-
sion scope. However, the carbon emission scope determined in this study includes
several major emission sources in airports, which can represent the development of
airport carbon emissions. In a follow-up study, the carbon emission boundary of
airports can be expanded to explore its carbon emission trend.

ii. The case study in this study is a large airport, and this study did not carry out case
studies on medium-sized and small airports due to the limitation of research time. A
future study with a larger cohort size is needed to explore the development trends
of different types of airports since the carbon emissions of different types of airports
may show different development trends.

iii. The topic of this study is whether airports can achieve the carbon-peaking goal.
Due to time constraints, the possibility of carbon neutrality in airports has not been
discussed. At present, the research on carbon emission prediction related to airport
carbon neutrality is still lacking. In our future work, we intend to further study this.
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