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Abstract: The objective of this work is to develop a new modelling tool to quantify non-CO2 emis-
sions from aircraft during the landing and take-off (LTO cycle) considering the following criteria:
(i) utilising freely available activity data; (ii) using widely recommended emission factors; (iii) pro-
viding emissions with the spatial and temporal resolution required for local air quality assessment.
Freely available flight tracking data obtained from Flightradar24 and emission factors from the
European Environment Agency (EEA/EMEP) are considered for the algorithm implementation and
tested for Lisbon airport. The analyses of aircraft emissions during various flight stages reveal that
HC and CO are mostly emitted during taxiing (93%), while NOX and PM are mostly produced
during climb-out (48% and 35%, respectively). Sensitivity analysis, by using simplified activity data
from publicly available databases against detailed engine models and emission factors, showed
variations in the daily emissions of less than 13% in the case of CO and NOX, but up to 34% for HC
and PM. The modelling approach based on freely available activity data developed in this work
may offer valuable insights for quantifying airport emissions, providing crucial inputs for air quality
assessment, and supporting the definition of mitigation strategies aimed at enhancing sustainability
in aviation practices.
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1. Introduction

Aviation plays a vital role in advancing worldwide connectivity and the global econ-
omy [1]. However, it is also one of the major sources of environmental concerns due to
fast-growing energy consumption and aircraft emissions with significant impacts on local
air quality, climate change, and population health [2–7]. To address these issues, a variety
of tools and methods have been applied in previous studies to create emission inventories,
which provide comprehensive details about specific emission sources at airports in order to
quantify the total mass of pollutants released into the environment [8–12]. Research efforts
are being made to integrate new technology and operational techniques that attempt to
mitigate the environmental consequences while maintaining the critical role that aviation
plays in global connectivity and economic progress in order to promote sustainable aviation
practices [13].

Atmospheric emissions from aircraft are generated through the burning of fuel during
flight operations, which can be categorised as either LTO (Landing and Take-Off) below
3000 feet (914 m) or CCD (Climb, Cruise, Descent) activities above 3000 feet, as defined by
the ICAO-International Civil Aviation Organization [14]. Accordingly, taxiing (taxi in and
out), take-off, climb-out, and approach are all included in the LTO cycle. Emissions at the
cruise level of a flight are more relevant at global and regional scales, while the emissions
under the LTO operations are very important at the local scale [15].

The evaluation of airport emissions during LTO stages is important to put the local air
quality issue into place and determine whether the aircraft activities will contribute to an
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adverse effect on population health and the environment [16,17]. Hence, the evaluation
of aviation emissions began to be taken into consideration in the early 2000s, which led
to the development of various methods and models. Emission inventories are developed
allowing the quantification of pollutants released into the atmosphere, providing essential
information for the assessment of air pollution and preparing mitigation strategies [18–22].

Developing an emission inventory for airports involves several key steps and consid-
erations. In general, the pollutants released by aircraft depend on the quantity of fuel burnt
and it is calculated as a function of the activity data (AD), emission factor (EF) specific for
each pollutant, and time-in-mode of operation (TIM). However, the purpose of the inven-
tory determines its design complexity and the level of data aggregation/disaggregation.
Thus, the methodologies currently used for emission quantification may be based on very
simplified approaches or very complex ones that require comprehensive data for imple-
mentation. For example, airport-specific emission factors could be used in an aggregated
way if no information on the type of aircraft is available [23]. On the other hand, detailed
approaches promote “best practice” emissions inventory techniques and require inputs
at a very detailed level, such as data on the aircraft engine model, aircraft speeds during
different LTO stages, aircraft profiles and so on [24].

There are numerous examples of inventories developed to examine the emissions
from aviation and assess the environmental impact of air travel [18,20,25–27]. Most of the
inventories consider historical activity data to estimate the emissions of CO2, CO, H2O, and
HC as well as to determine the quantity of fuel used and the distance travelled, rather than
using real-time air traffic data [20,28,29]. These emission inventories provide estimations of
the quantity and distribution of emissions in terms of space and time associated with the
aviation sector. Many of these inventories are structured to determine aircraft emissions on
a global scale, using detailed geographical and altitudinal parameters.

In the past few years, there has been an increase in scholarly research focused on study-
ing aircraft emissions, leading to the development and implementation of various measure-
ment and modelling methods to assess these pollutants [21,30–33]. Several methodologies
to estimate aircraft pollutant emissions are currently available and the results indicated
that the LTO stages were a priority for many research [34–36]. We thoroughly reviewed
the literature and selected 14 papers (Table 1) that were very relevant to our research since
they dealt with the particular stage of flight operation that we were looking into. These
publications were classified based on methodologies, scope, pollutants produced during
different LTO stages, and their main outcomes.

Considering the growing focus on air pollution near airports and aircraft emissions at
ground level, several critical research challenges persist. Thus, data availability is one of
the main issues; there is significant difficulty in securing data that are both available and
accurate. Obtaining such data can be expensive, time-consuming, and requires a high level
of detail and complexity. Certain flight activity data may be publicly accessible and useful
for precise emissions modelling at the local scale. In addition, it is advisable to depend
on recommended emission factors, as they offer both convenience and a clear sense of
purpose to the study. Finally, presenting emission results with the spatial and temporal
details required for local-scale air quality assessment is a complex undertaking. Achieving
this level of resolution demands a delicate balance between computational resources, data
availability, and model precision.

In addressing the challenges above, the main question of this research is: Can we
consider freely available activity data as an alternative source of information to provide
reliable emission estimates for airports? Thus, the main objective of this work is to develop
a new emission modelling tool to quantify non-CO2 aircraft emissions during landing and
take-off activities taking into account the following requirements: (i) using freely available
activity data to facilitate the model application; (ii) using widely recommended emission
factors; (iii) provide emission results with the spatial and temporal resolution required for
local scale air quality assessment. Subsequently, the model is applied in a case study to
assess the modelling approach and conduct sensitivity analysis.
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Table 1. Summary table of aviation emissions calculation with regard to different LTO stages.

Ref. Content Results

[21]
Methodology: BFFM2
Scope: Country level
Emissions: CO, HC, NOX, SO2, CO2

• The annual LTO emissions in China in 2010: 39,700 tons CO, 4600 tons HC, 154,100 tons NOX, 9700 tons SO2,
and 38.21 million tons CO2.

• Fuel consumption on domestic flights in China (excluding Taiwan Province) in 2010: 12.12 million tons.

[30]
Methodology: EEA/EMEP
Scope: Country level
Emissions: CO, VOC, NOX, SO2, PM2.5

• Emissions from Greek airports increased significantly from 1980 to 2005, following the growth of air traffic.
• Athen’s airport had the highest contribution to total air traffic and emissions, but its share decreased from 59.0% in 1980 to 42.2%

in 2005.
• NOX emissions increased at a faster rate. Lower rates of increase were seen in CO and VOC emissions.

[31]

Methodology: EDMS
Scope: Airport level
Emissions: CO, HC, NOX, SOX, PM10,
and CO2

• Take-off stage contributes significantly to NOX, SOX, and PM10 emissions, while the taxiing stage decreases in relative contribution
in the future layout.

• SOX concentrations remain below daily and yearly limits but are still significant, reaching up to 50% of the background levels in
nearby zones.

[32]
Methodology: ICAO
Scope: Airport level
Emissions: CO, HC, NOX, SO2, PM

• The annual LTO emissions in NGK airport (China) in 2016: 921.3 tons CO, 123.7 tons HC, 1207.7 tons NOX, 268.3 tons SO2,
36.2 tons PM.

• Taxiing stage dominant contributor to CO and HC emissions during LTO cycles. Take-off and climb-out stages with high thrust
setting major contributors to NOX emissions.

[37]
Methodology: ICAO
Scope: Country level
Emissions: HC, CO, NOX, and SO2

• The (total) annual LTO emissions in Turkey from aircraft operating in 2001 ranged from 7614.34 to 8338.79 tons.
• It is predicted that emissions will rise by 31% to 33% in response to a 25% increase in LTO cycles.
• A 6% reduction in LTO emissions could be achieved by cutting the taxiing time by two minutes.

[38]
Methodology: AEDT
Scope: Airport level,
Emissions: CO, NOX, SO2, PM, CO2

• The annual growth rate in fuel burn from 2004 to 2006 was 3.95%.
• In 2006, short-haul flights denoted 85.2% of all commercial flights accounted for 53.9% of total distance travelled.

[39]

Methodology: EDMS, FOA3
Scope: Country level
Emissions: CO, HC, NOX, SO2, PM2.5,
and CO2

• The annual LTO emissions in UK airports in 2005: 117 × 102 tons CO, 1800 tons HC, 10,200 tons NOX, 730 tons SO2, 310 tons PM2.5,
and 2.4 × 106 tons CO2.

• To determine the effect on public health and air quality, the emissions will be entered into CTM model.
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Table 1. Cont.

Ref. Content Results

[40]

Methodology: EDMS
Scope: Country level
Emissions: CO, VOCs, NOX, N2O, PM,
and CO2

• The (average) annual LTO emissions from aircraft operating at Korea were 4120 tons CO, 746 tons VOCs, 5200 tons NOX, 17.6 tons
N2O, 33.7 tons PM, 1.11 × 106 tons CO2.

• Emissions varied considerably for each aircraft operational mode, with the highest emissions observed during the taxi-out mode.

[41]
Methodology: EMIT
Scope: Airport level
Emissions: VOCs, NOX, NO2, NO

• The annual LTO emissions in Beirut airport in 2012: 24.4 tons VOCs, 454.8 tons NOX, 50.7 tons NO2, 404.1 tons NO.
• Aircraft activities (LTO cycle) account for the majority of emissions at the airport: 58% of VOC emissions, 91% of NOX emissions,

92% of NO2 emissions, 91% of NO emissions.

[42]

Methodology: ICAO
Scope: Airport level
Emissions: CO, VOCs, NOX, SO2,
PM10, PM2.5

• The annual LTO emissions at Shuangliu International Airport of China in 2015: 2024.08 tons CO, 266.75 tons VOCs, 4140.16 tons
NOX, 276.50 tons SO2, 30.18 tons PM10, 29.63 tons PM2.5.

• The study provided information on the uncertainty of the model, which ranged from approximately 7% to 10% for
different pollutants.

[43]
Methodology: ICAO, EEA/EMEP
Scope: Airport level
Emissions: CO, HC, NOX

• The annual LTO emissions at Atatürk International Airport in 2015: 2153 tons CO, 181 tons HC, 4249 tons NOX.
• CO and HC emissions are primarily generated during the taxiing stage. NOX emissions are mainly produced during the

climb-out stage.

[44]

Methodology: ACARS
Scope: Airport level
Emissions: CO, HC, HONO, HNO3, NOX,
NO2, NO, NOY, SO2, SO4, PM2.5, BC, OC

• The annual LTO emissions in Shanghai Pudong airport (China) in 2017: 4350 tons CO, 382 tons HC, 103 tons HONO, 3.83 tons
HNO3, 5360 tons NOX, 958 tons NO2, 4400 tons NO, 5470 tons NOY, 3.56 tons SO2, 13.1 tons SO4, 72.2 tons PM2.5, 54.3 tons BC,
4.73 tons OC.

• Using the maximum height of the mixing layer led to emissions increases, especially for NOX (up to 16.9%).

[45]
Methodology: EDMS
Scope: Country level
Emissions: PM2.5

• Assessing three major US airports, the study found that aviation emissions contribute up to 1.5% of annual average PM2.5 levels at
the Chicago airport.

• The study suggests that LTO aircraft emissions can affect air quality up to 250 km from the airports.
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2. Methodology

The modelling approach implemented in this work is focused on non-CO2 emissions,
including CO, HC, NOX and PM, and is based on the recommendations of EEA/EMEP [46].
In general, the emissions for each aircraft are calculated by considering the activity data
and the emission factors for each LTO stage during arrival and departure, namely taxiing
(taxi in and out), take-off, climb-out, and approach (Figure 1).
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Thus, the emissions for each pollutant are quantified based on Equation (1) adopted [46]:

EP =
N

∑
i=1

(
Fi × ∑

m
TIMm × EFimp × NEi

)
(1)

where:
EP = hourly emissions of pollutant p (kg);
Fi = the total number of flights for aircraft type i;
TIMm = time-in-mode m (take-off, climb-out, taxiing, and approach) (seconds);
EFimp = the emission factor for pollutant p, in mode m per engine used in aircraft type

i (kg s−1 engine−1);
NEi = the total number of engines used on the aircraft type i.
To apply Equation (1) for a specific airport, different inputs are required. The number

of flights and type of aircraft, engine thrust level, and time-in-mode are some of the
important inputs required by the model that can affect the accuracy of the final results. Both
thrust level and TIM are defined based on ICAO standards as outlined in Table 2 [14]. The
thrust level is a critical parameter in the emission quantification as it directly impacts the
rate of fuel combustion and subsequently release of the pollutants. TIM depends on airport
characteristics and conditions. However, the average values recommended by ICAO could
be used when data for a specific airport are unavailable.

Table 2. Default ICAO engine thrust level and time-in-mode for different LTO stages [14].

LTO Cycle Thrust Level (%) TIM (s)

Take-off 100 42
Climb-out 85 132
Approach 30 240

Taxiing 7 1560

Although the general approach to the emission quantification is well known, the main
limitation to its application consists in the availability of input data to characterize flight
activities in a specific airport for the required time period. Moreover, it is important to
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guarantee that the level of detail in the data (inputs and outputs) is compatible with the
final use of the emission inventory that defines the requirements for spatial and temporal
resolution of the local air quality assessment.

Consequently, the primary focus of this work is on the development of a novel ap-
proach to integrate aircraft activity data into the emission quantification algorithm using
publicly available information provided by flight-tracking services.

There are several online flight-tracking platforms that provide real-time or historical
information about the movement and status of aircraft during the flights. While Fligh-
tradar24 stands out for its comprehensive coverage and user-friendly interface, making it
the preferred choice for accurate and easily accessible real-time flight information about
thousands of aircraft around the world. Its advantages over the other flight tracking
platforms include a wide user base, robust community contributions, and suitability for
aviation enthusiasts and researchers.

In this research work, the flight schedules from Flightradar24 are used to characterize
the activity data. The collected data include flight number, origin/destination country,
airline name, aircraft type, estimated and exact time of arrival and departure, and the status
of the flight (landed, departed, diverted, cancelled, or unknown). Figure 2 presents the
sample of collected data as an illustrative example.
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airport/lis).

Additionally, one of the parameters required to select the most appropriate emission
factors for emission quantification is the aircraft engine models (e.g., A-320 is an aircraft
with 2 engines and may have different engine models installed: PW1127G-JM, CFM56-5-
A1, CFM56-5A3, CFM56-5B4/2, V2527-A5, V2527E-A5, etc.). The EEA/EMEP provides
specific EFs for various pollutants associated with certified engines for each aircraft-engine
combination. These EFs are measured in units of kilograms per second (kg s−1) and are
categorised based on the four power settings of the engine emissions certification scheme.
Accordingly, they are further classified into various stages of LTO. This comprehensive
categorisation ensures the reliability and consistency of emission quantification methodolo-
gies, enabling more precise assessments of the environmental impact caused by different
aircraft types. As an example, the EFs for different engine models of A-320 are given in
Table 3 for NOX.

https://www.flightradar24.com/data/airport/lis
https://www.flightradar24.com/data/airport/lis


Sustainability 2024, 16, 2558 7 of 17

Table 3. EFs in (kg s−1) of A-320 for NOX according to EEA/EMEP dataset [46].

Engine Model Take-Off Climb-Out Approach Taxiing

PW1127G-JM 0.01421539 0.00937671 0.00205492 0.00058782
CFM56-5-A1 0.02585460 0.01689520 0.00232800 0.00040440
CFM56-5A3 0.02985840 0.01951750 0.00254810 0.00042804

CFM56-5B4/2 0.01959980 0.01226550 0.00205355 0.00054329
CFM56-5B4/2P 0.02097600 0.01292000 0.00221000 0.00046800
CFM56-5B4/3 0.02463290 0.01617897 0.00279660 0.00043044
CFM56-5B4/P 0.03169600 0.02169200 0.00312000 0.00044720
CFM56-5B6/P 0.02267960 0.015660400 0.00253000 0.00038800

V2500-A1 0.04132570 0.028477680 0.00449230 0.00073284
V2527-A5 0.02790450 0.019624000 0.00283910 0.00060160

V2527E-A5 0.02790450 0.019624000 0.00283910 0.00060160

However, information on the engine model of a specific aircraft is not available from
the tracking service. For this purpose, two different datasets have been tested to select
the emission factors: (i) EF for the most frequently used engine model recommended by
EEA/EMEP, and (ii) median EFs for all engine models associated with specific aircraft. In
cases where information on certain aircraft was unavailable, alternative aircraft with com-
parable design (physical characteristics: structure and layout) and performance attributes
(e.g., range, speed, fuel efficiency, etc.) were selected. The sensitivity analysis was also
implemented to provide additional information on the robustness and accuracy of emission
estimations, facilitating reliable assessments in cases of limited information availability.

The model developed in this study is programmed in Python allowing the emission
quantification with hourly/daily resolution separately for each LTO stage along with
descriptive statistics for each pollutant. Figure 3 illustrates the procedure used in the calcu-
lation steps. In general, the model requires information on activity data and the emission
factors. The activity data are provided by the flight tracking service and include aircraft type
and timetable on arrivals and departures that are used to calculate the number of flights
per hour. Additionally, time in mode and engine thrust for each LTO stage are required
to be used in combination with the emission factors. The model is flexible, and a range of
emission factors could be considered allowing implementation of sensitivity analysis. The
final model output consists of hourly emissions disaggregated by the LTO stage.
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3. Case Study/Lisbon Airport

In order to test the developed emission model in a real-world case study, the Lisbon
Portela International (LIS) airport is chosen. LIS is considered the principal international
airport of Portugal, is surrounded by residential and commercial areas and is situated 7 km
northeast of Lisbon’s downtown. According to the Portuguese Civil Aviation Authority
(ANAC), Lisbon Airport has expanded remarkably over the past 15 years and the number
of passengers increased from 10 million in 2004 to 31 million in 2019 [47,48].

The comprehensive nature of high seasonality, which can vary based on destination
and specific case studies, is acknowledged. While August and January are conventionally
recognised as peak holiday seasons in Lisbon, Portugal, we deliberately chose July and
February to minimize the impact of heightened demand and offer a more typical represen-
tation of each season. In this study, data were collected from Flightradar24 for LIS airport
during July 2022 (summer) and February 2023 (winter). The selection of this particular time
period is based on a thorough analysis of recent data pertaining to the restoration of air
travel patterns to pre-COVID-19 levels.

The data reveal that the total number of landings and take-offs for the study periods
summer and winter (per month) were 19,124, and 15,885, respectively. This seasonal
variation is noticeable and can be attributed to various factors such as changes in travel
patterns, weather conditions, and overall demand for air travel. Figure 4 presents the
total number of flights per day and the percentage of aircraft types flown during both the
summer and winter seasons. The results indicate a higher average daily number of LTO in
the summer season compared to the winter season. Nevertheless, the observed differences
between the two seasons are relatively slight. The revealed differences in the flight schedule
between summer and winter times underscore the significance of considering seasonal
dynamics in aviation operations and associated emissions. Hence, understanding these
temporal trends and their environmental implications is crucial for developing targeted
strategies for sustainable airport management and minimising the environmental impact
of aviation activities.
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According to the analysis of aircraft types that operated during the summer and winter
seasons, Figure 4b illustrates the percentage of usage of aircraft types at LIS airport during
the study periods. It is evident from the data that a significant majority of flights were
conducted using Airbus and Boeing aircraft. In both seasons, the A320 emerged as the
most frequently employed aircraft type.

To provide further insight, Figure 5 is given to illustrate the temporal flight distribution
based on daily data for summer and winter. Upon conducting a descriptive analysis of LIS
airport data, it was observed that a majority of flights occurred between 6:00 and midnight,
with a relatively even distribution during this timeframe for both summer and winter
times. However, there was a notable difference in the number of flights during night-time
hours between these two months. It should be noted that LIS has implemented operating
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restrictions that strictly regulate aircraft operations between the hours of 00:00 and 06:00
local time, barring regular landings and take-offs during this period unless exceptional
circumstances arise. These restrictions aim to address environmental concerns, specifically
noise pollution. The average hourly number of flights in both seasons is comparable, with
similar values observed. However, during the summer season, particularly after 20:00, the
flight frequency exhibits higher values compared to the winter season.
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4. Emission Model Results and Discussion

To understand the suitability of each dataset, sensitivity analysis associated with the
emission quantification was performed enabling more informed decision-making and
enhancing the accuracy of estimates. For this purpose, the emission model was tested
considering different emission factors and taking into consideration data limitations on
aircraft engine models.

Based on the available information from LIS airport, three different datasets were
compiled to be used as inputs for the analysis as presented below. In addition to the data
from flight tracking, information on the exact engine model of each aircraft was collected
to define the “base case” and used as a reference for the sensitivity analysis. Representative
days considering the number of flights available on each day of both seasons were chosen
for each month. Hence, the input data were collected for selected weekdays considered
representative of the summer (11 July 2022) and winter (23 February 2023) periods. Thus,
three datasets with the following characteristics were compiled:

Dataset 1 (D1), the base case: extensive information on engine models for each aircraft
was collected from an external database, in addition to the number of flights and type of
aircraft. The D1 includes the most complete information in the comparison with other
datasets considered in the analysis.

Dataset 2 (D2): information on the number of flights and type of aircraft is the same
as in D1, but the engine models of the aircraft are not known. The emission factors are
selected using the most frequently used engine model for a specific aircraft based on the
information provided by the EEA/EMEP.

Dataset 3 (D3): the same as D1 for the number of flights; no data on engine models as
in D2, but considering the median emission factor calculated from engine models available
for a specific type of aircraft based on information provided by the EEA/EMEP.

Table 4 provides a comprehensive overview of the total emissions for the specific days
selected for the summer and winter seasons, based on the defined datasets.

There is no simple pattern in the daily emissions obtained with different datasets
(Table 4). Thus, D2 reports higher values for PM and NOX in both seasons, in comparison
with the base case (D1), while CO and HC in D2 are lower than D1. The results for D3
are the lowest considering NOX and PM, but CO emissions in summer are the highest
when compared with D1 and D2. Therefore, no simple conclusion could be derived if
the emission factors based on the most frequently used engine (D2), or median emission
factors (D3) is the best approach based on the analysis of absolute values. The percentage
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difference between the predefined datasets and the base case (D1) is presented in Table 5
showing that D3 provides lower discrepancy for all the pollutants (CO, HC, PM) except for
NOX. Moreover, the sensitivity of the pollutants is different, and the results reveal that the
selection of the emission factors is very important. Thus, HC and PM are the most affected
and a simplified approach may contribute to the differences of up to 34% of total daily
emissions, while CO and NOX are less sensitive and the difference in daily estimates is no
more than 13%.

Table 4. Daily emissions estimated for selected days considering different datasets.

Season Day Dataset
Emissions (ton)

CO HC NOx PM

Summer 11 July 2022
D1 5.1360 0.5114 7.8270 0.0457
D2 4.6653 0.3357 7.8346 0.0590
D 3 5.2743 0.3890 6.9867 0.0445

Winter 23 February 2023
D 1 5.1197 0.3779 6.8626 0.0409
D2 4.4774 0.3184 7.0991 0.0525
D 3 4.9990 0.3528 6.2899 0.0411

Table 5. Percentage difference between defined datasets (D2, D3) in the comparison with the base
case (D1).

Season Day Dataset
Difference with D1 (%)

CO HC NOX PM

Summer 11 July 2022 D2 9.2 34.4 0.1 29.2
D3 2.7 23.9 10.7 2.6

Winter 23 February 2023 D2 12.6 15.7 3.4 28.4
D3 2.4 6.6 8.3 0.5

Additionally, Root Mean Squared Error (RMSE) was analysed based on hourly emis-
sions (Table 6). Lower RMSE values indicate better model performance and a closer
alignment with the base case. The results presented in Table 6 confirm the conclusions
obtained from the analysis of total daily emissions and reveal that D3 is the better solution
for all the pollutants analysed, except for NOX. Therefore, in the comprehensive assessment
of percentage changes and RMSE values, it is advisable to prioritize median EFs for CO, HC,
and PM, considering all engine models within a specific aircraft category. Conversely, NOX
emissions are better estimated based on EFs from the most frequently used engine model.

Table 6. Root mean square error values of defined datasets.

CO HC NOX PM

D2 0.02817 0.00684 0.01067 0.00063
D3 0.01935 0.00544 0.03505 0.00012

Overall, the outcomes reveal a minor discrepancy for the emission estimates based on
a simplified approach, with no specific information on the engine model, and the detailed
approach based on accurate information about the engine model for each aircraft.

Hourly emissions obtained from the three datasets are presented in Figure 6 for
selected pollutants only (NOX and PM). More information can be found in Appendix A
(Figure A1).

The results obtained for NOX exhibit similar patterns for all datasets although some
discrepancies are noticed for D3, particularly in the summer. However, in the case of
PM, the differences between the datasets are more obvious showing that D3 is in good
agreement with the hourly emissions provided by the base case, while D2 is significantly
higher. Taking into consideration these results, the following analysis will be focused on
D3 only.
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Thus, the analysis of temporal patterns for emissions and activity data exhibits distinct
characteristics and yields interesting findings. Figure 7 presents the hourly NOX and PM
emissions and more information in Appendix A (Figure A2), revealing multiple peaks
throughout the daily hours of the study period. In both the summer and winter months,
the highest levels of NOX emissions are observed between 10:00 and 11:00 which do not
align with the highest number of LTOs. Hence, in addition to the number of flights, the
aircraft type plays a fundamental role in determining the emission levels as the EFs vary
across different aircraft types.

For a clearer perspective, Figure 8 is given to illustrate the relative contributions of CO,
HC, NOX, and PM across different LTO stages throughout the study period. It is important
to note that the patterns observed in both the summer and winter were consistent with
minor distinctions among LTO stages (between 0–7%). For clarity and shortness, summer
is chosen to display in Figure 8. Two fundamental factors demand careful scrutiny within
the context of this study: the time spent by aircraft in each stage of the LTO referred
to as TIM, and the engine thrust level (Table 2), which exerts a pronounced influence
on fuel consumption. Generally, it is expected that the more an aircraft spends in any
LTO stage, a significant amount of emissions would be produced. Nevertheless, it is
imperative to emphasize that the thrust level of aircraft engines must be parallel factored
into this analysis.

It is evident that CO emissions are mainly produced during the taxiing stage of LTO,
which includes the taxi-in and taxi-out. CO is generated when jet fuel is not completely
burned, and it is emitted mostly during the lower power settings in taxiing, which also
constitutes the majority of an aircraft’s operating time at an airport.

HC is another product of the combustion process. The literature is inconclusive and
does not specify which stage of the flight generates the highest emissions of this pollutant.
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In general, as the literature shows, HC emissions are significantly affected by engine power
and decrease as thrust increases [49–51]. Figure 8 shows that taxiing, with a 7% engine
thrust level and the highest TIM value has the major contribution of HC emissions.
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NOX is one of the most important primary non-CO2 pollutants in aviation. These
emissions contribute to local air pollution and to the formation of secondary short-lived
climate pollutants. It is generated during high-temperature and high-pressure combustion,
which typically occurs when an aircraft is flying at high engine thrust settings. As shown
in Figure 8, the quantity of the total amount of NOX produced is highest during the climb-
out and take-off stages, as the aircraft’s engine thrust level approaches 85% and 100%,
respectively. Additionally, the TIM that aircraft operates in these LTO stages is lower in
comparison to the other stages.
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Regarding PM, like other pollutants, there is a correlation between the quantity of PM
emitted and the engine thrust level. Some studies confirm a direct relationship between
engine thrust level and PM emissions in aviation [52]. Our data findings also reveal that
the climb-out stage, characterised by an engine thrust level of 85% and relatively low TIM,
has the highest contribution to LTO PM emissions. Moreover, it should be noted that it is
assumed that all PM generated by aircraft has an aerodynamic diameter of less than 0.1 µm
in accordance with the EEA/EMEP approach.

5. Conclusions

Emphasising sustainability in aviation practices aligns with global efforts to combat
climate change and fosters a more resilient and environmentally conscious industry for
future generations. An emission inventory is a starting point for the evaluation of the
impact of aviation on air quality, which is one of the hot topics recently. By accurately
quantifying and analysing aviation emissions, stakeholders can gain valuable insights to
inform policy decisions and develop strategies aimed at mitigating the negative effects on
air quality and preserving public health.

The primary goal of this research was to develop a comprehensive model that ac-
curately estimates emissions resulting from aircraft operations at an airport, specifically
focusing on the different LTO stages. The main effort of this work was to integrate publicly
available data, incorporating widely recommended emission factors, and deliver emission
results with the necessary spatial and temporal resolution for local-scale air quality as-
sessments. The availability of online traffic data has presented a valuable opportunity to
enhance the development of emission inventory models. These data, when combined with
other relevant information, enable researchers and policymakers to more accurately assess
the environmental impacts of aviation.

One of the challenges considered for the development of the emission model was
compatibility with the requirements of air quality modelling while ensuring easy access to
activity data for a specific airport. By developing this model, the study intends to provide a
practical tool that can be readily utilised in air quality assessment and management. The
approach emphasises the use of freely available air traffic data, making them accessible to
users from various locations.

To assess the model’s applicability, Lisbon Portela International Airport was chosen
as the study site to estimate emissions of CO, HC, NOX, and PM for both summer and
winter seasons. This estimation was carried out considering three sets of EFs: (i) the base
case, where the engine models of aircraft are known; (ii) EFs from the most frequently
used engine models as recommended by EEA/EMEP and (iii) median EFs encompassing
all engine models for each type of aircraft. In the context of the assessment of model
performance and its sensibility, the percentage change and the Root Mean Squared Error
analysis were applied for a representative day of each season.

The results show that different stages of LTO produce varying proportions of daily
emissions, with HC and CO being significant during taxiing (93%), NOX primarily pro-
duced during climb-out (48%), and PM produced during climb-out (35%). Hence, two key
parameters, TIM and engine thrust level of each LTO stage play a crucial role. The data on
the number of flights, aircraft types, and emission levels suggest that there is no straightfor-
ward relationship between the number of flights and total emitted emissions. Rather, it is
the specific characteristics of the aircraft type and engine model that significantly influence
the amount of emissions generated. This emphasizes the importance of detailed aircraft
data, which entails taking into account the unique characteristics of each aircraft type and
its corresponding engine model. Simplified activity data from publicly accessible databases
were used for the sensitivity analysis, which was conducted against comprehensive engine
and emission factor data. The results showed daily emissions changes of less than 13% for
CO and NOX and up to 34% for HC and PM.

The study’s conclusions provide policymakers with insightful information to help
them make evidence-based decisions about aviation industry mitigation tactics considering
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air pollution. The research prepares stakeholders to take targeted actions for reducing
aviation’s environmental impact on local air quality considering emission inventory based
on publicly available air traffic data.

Further steps of this research work will additionally focus on the analysis of key factors
and quantifying uncertainty in emission estimates, as well as pollutant concentration based
on dispersion modelling at the airport level. However, it is essential not to overlook the
limitations posed by the aircraft take-off weight, actual TIM, and engine efficiency in future
studies. The release of this emission model is expected to aid in the investigation of local
air quality issues caused by airport activities and promote the attainment of a sustainable
environment. Additionally, it has the potential to pave the way for future opportunities to
use publicly available air traffic data from any location for emissions analysis.
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