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 Abstract 
Aircraft degrade air quality, which has raised concerns about the health of airport personnel 
and residents living near airports. The aircraft attributable impact on air quality is however 
currently not well understood, especially in terms of individual aircraft operations. This research 
aims to increase understanding in the chemical composition of aircraft exhaust plumes using 
a device (called a sensor node) with commercially available low-cost gas sensors. This is 
accomplished by carrying out four in-field experiments with these sensor nodes at and near an 
airport to characterise the captured exhaust plumes in terms of their chemical composition.  
 
In the first experiment a sensor node is deployed downwind of a runway to investigate the 
possibility of automatically identifying and characterising the pollution footprint of individual 
aircraft operations using low-cost sensor nodes. To achieve this, a novel tool was developed 
to identify aircraft attributable pollution (referred to as plume signals) which are coupled to 
individual aircraft operations and represented by Gaussian curves. The plume signals are 
screened to filter out plumes that are unlikely to be associated with aircraft. Finally, plumes are 
characterised in terms of parameters such as the cumulative pollutant concentrations resulting 
from an aircraft operation. Following this approach, the majority of NO and NO2 plumes of 
departing aircraft could be characterised as well as most CO plumes of landing aircraft. 
 
The results showed that significant background-subtracted NOx concentrations were present 
for departing aircraft with most NOx consisting out of NO, while typically no discernible aircraft 
attributable concentrations could be observed for CO and SO2. The cumulative NOx 
concentrations of large departing aircraft were ~3.5 times higher compared to medium-sized 
ones with the highest values being observed for the B78X. Landing aircraft typically led to 
substantial background-subtracted CO concentrations, while typically no discernible aircraft 
attributable concentrations could be observed for SO2, NO and NO2. The cumulative CO 
concentrations of landing aircraft were independent of aircraft size with the highest values 
resulting from the B77W. Both for NOx of departing aircraft and CO of landing aircraft no 
consistent trend is evident that aircraft with a higher certified emission rate yield higher 
observed cumulative pollutant concentrations.  
 
In the second experiment sensor nodes were simultaneously deployed upwind and downwind 
of a runway to investigate whether pollutant concentrations measured upwind can be 
subtracted from downwind concentrations to obtain the aircraft attributable concentrations. 
However, as the background-subtracted upwind concentrations were not negligible compared 
to those obtained downwind, this approach cannot be used.  
 
During the third experiment sensor nodes were collocated downwind of a runway to assess 
their level of agreement. This revealed that although inter-nodal differences of >100% are 
present for ambient pollutant concentrations, inter-nodal differences of aircraft attributable 
cumulative pollutant concentrations differ 26%, 8% and 37% for CO, NO and NO2 respectively.  
 
The fourth experiment involved measurements taken near a stationary aircraft to investigate 
whether SO2 can be used to estimate emission indices. The resulting SO2-based NOx emission 
index was 172% lower compared to the certified emission index. However, measurements 
were conducted in non-ideal conditions. Nevertheless, by using SO2 an uncertainty is 
introduced when the fuel sulphur quantity is unknown as the SO2 emission index may vary 
from ~0 – 3 g/kg, although values of 0.3 – 1.3 g/kg are more common.  
 
Based on these four experiments this research demonstrated the potential of low-cost sensor 
nodes for the analysis of the pollution footprint of individual aircraft operations. The findings of 
this report can be used by the scientific community, policymakers, and regulatory bodies to 
further study the air quality impact of individual aircraft and develop mitigation strategies. 
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1 Introduction  
This report starts off by introducing the reader to the research topic.  Section 1.1 describes the 
research topic and its relevance. Hereafter, Section 1.2 looks into the work of existing research. 
Next, Section 1.3 presents the research objective, challenges, and research questions. The 
chapter concludes in Section 1.4 with an outline of the report. 
 

1.1 Context and relevance 
By emitting gases and particles aircraft degrade air quality which can negatively impact human 
health, ecosystems and cultural heritage [1–6]. When aircraft are operating near airports, these 
emissions are released into the atmosphere in close proximity of the surface which may pose 
a serious health threat [1, 2, 7–10]. For instance, Yim et al. [2] estimated that in Europe ∼49% 
of the 3700 (2100 to 5500 with a 90% confidence interval) yearly pre-mature aviation 
attributable mortalities result from aircraft operations taking place at and near airports1. Despite 
ongoing technological and operational improvements it is expected that the aircraft attributable 
impact on air quality will continue to increase in the upcoming decades due to the rapid growth 
in air traffic [2, 11–13]. This has raised concerns about the current and future health of airport 
personnel and residents living in close proximity of airports [7, 14–17].  
 
The air quality impact of aircraft and its associated health effects are however currently poorly 
quantified and not well understood. This is especially the case for individual aircraft operations 
(i.e., activities of specific aircraft-engine combinations) [18–29]. The impact of aircraft on air 
quality is commonly estimated using certified emissions data. However, this data is only 
published for four gases (carbon monoxide, unburnt hydrocarbons, oxides of nitrogen and 
smoke) and particles rather than for all pollutants emitted by aircraft [30]. Apart from this, 
certified data is based on a limited number of measurements of newly manufactured engines 
in an engine test-cell under predefined conditions for only four thrust settings. The emissions 
of in-service aircraft-engine combinations under actual ambient- and operating conditions may 
therefore be different [5, 6, 18, 31–38].  
 
It is important that the impact specific aircraft types and engine models have on air quality gets 
quantified in order to reduce air pollution exposure and its related health impacts [19]. One 
way to perform this quantification, is by extracting pollutant concentrations resulting from 
individual aircraft operations from real-world air pollution data. Subsequently, the resulting data 
can be analysed to determine the pollution footprint of specific aircraft types and engine 
models. This can be used to update current emission inventories2 and air quality models. 
Regulatory bodies and policymakers can then use this information when deciding about ways 
to mitigate the air quality impact of aircraft [19–21, 36, 41].  
 
To acquire air pollution data, air quality research commonly uses Air Quality Monitoring (AQM) 
stations, which measure air pollution at high accuracy and reliability at fixed geographical 
locations. Such stations are generally sparse and their publicly available data typically consists 
of hourly mean values [18–25, 42–49]. To determine the air pollution impact of individual 
aircraft operations, higher temporal resolution data is required. Therefore, although AQM 
stations may be useful for air quality research of airports, its data is considered unsuitable for 
analysing the air pollution of individual aircraft operations.  
 
Besides using AQM stations, a limited number of studies deployed lab grade instruments near 
airports to measure the air pollution confined in aircraft exhaust plumes [6, 37, 50–52]. This 
may be challenging due to the uncontrolled conditions under which measurements are taken. 

 
1 Aircraft operations at and near airports are defined as all aircraft activities taking place below 3000 feet above ground level.  
2 Emission inventories are databases containing information about the emission rate per emission source [39, 40]. 
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Nevertheless, it enables the quantification of the pollution footprint of different in-service 
aircraft types and engine models in a short amount of time without the need to access an 
airport or engine test-cell. Lab grade instruments are however associated with a high cost of 
∼1000 to 10 000 USD per pollutant species [45, 46, 48, 53]. Furthermore, they may be  
impractical in terms of deployment as they are typically characterised by large dimensions and 
weight [45, 53].  
 
Recent improvements in sensor technology makes the use of Low-Cost Sensors (LCS) (∼10 
to 100 USD per sensor) a promising alternative to obtain air pollution data of high temporal 
resolution [49]. Multiple LCS are generally fitted in an outer casing together with other 
components (such as a battery) to form a self-powered device, referred to as a sensor node. 
These nodes are typically characterised by low weight (~5 kilograms) and small dimensions 
(about the size of a shoe box) such that they can easily be deployed near airports [42, 45, 47, 
54]. Besides, due to the price of LCS it is feasible3 to simultaneously measure a multitude of 
pollutant species [45, 55–57]. Sensor nodes thus present an economical approach to analyse 
the air pollution resulting from individual aircraft operations.  
 
On the downside, LCS have a relatively short life time (~2 – 3 years) and provide data of lower 
quality compared to AQM stations and lab grade instruments [58–61]. Research has however 
shown that their accuracy is sufficient to get a meaningful estimate of pollutant concentrations 
[56, 62]. Apart from this, both the lifetime and accuracy of LCS are expected to improve in the 
upcoming years due to the ongoing technological development [46, 47]. Despite their 
drawbacks it is therefore relevant to investigate the potential of using low-cost sensor nodes 
for analysing the pollution footprint of individual aircraft operations.  
 

1.2 Previous work  
It becomes clear from Table 1.1. that only a limited number of studies analysed gas-phase air 
pollutants for individual aircraft operations. The majority of these studies are 10 – 20 years old, 
hence the aircraft-engine combinations that were looked into may no longer be representative 
of the current global fleet. It can furthermore be observed that most research was limited to 
NOx (consisting out of NO and NO2) of departing aircraft. The actual contribution of in-service 
aircraft-engine combinations to pollutant concentrations for various activities (e.g., landings) is 
therefore currently not well understood [27].  
 
To increase understanding in this area, the work carried out by Maes [63] is extended which 
focused on the development and demonstration of a low-cost sensor node. This follow-up 
research performs a series of field measurements with these nodes to assess the impact of 
departing- and landing aircraft on carbon monoxide (CO), nitric oxide (NO), nitrogen dioxide 
(NO2) and sulphur dioxide (SO2). Low-cost sensor nodes have only been used at or near 
airports by Popoola et al. [57], the AVIATOR campaign [64, 65] and Penza et al. [66]. However, 
these studies quantified the cumulative impact of airports on air quality rather than that of 
individual aircraft operations. To the author’s knowledge, this research will therefore be the 
first that quantifies the real-world chemical composition of exhaust plumes for a wide variety 
of aircraft types and engine models representative of the current global fleet using low-cost 
sensor nodes. 
 
 
 
 
 
 

 
3 Although the term ‘low-cost’ is subjective, in this report the generally accepted definition is used that the cost is of a magnitude 
that it is considered feasible (in this case for the university) to deploy the equipment on a large scale (several dozens) [47]. 
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Table 1.1: Overview of existing research conducted in the past two decades that looked into 
gas-phase species of aircraft exhaust plumes based on measurements taken with lab grade 
instruments near airports  
 
Pollutant 
gases  

Measurement site  Number of aircraft 
and activity 

Year Source 

NOx ~180 m downwind of a 
runway at London 
Heathrow airport 

5618 departing 
transport aircraft 

2005 Carslaw et 
al. [37, 67] 

NO, NO2, 
CO, HCHO 

~100 – 600 m 
downwind of taxiways 
and runways at 
Hartsfield-Jackson 
International Airport 

376 taxiing and 
departing transport 
aircraft 

2004 Herndon et 
al. [6] 

NO, NO2,  ~350 m of a taxiway 
and ~550 m of a 
runway at John F. 
Kennedy Airport 

30 taxiing and 
departing transport 
aircraft  

2001 Herndon et 
al. [68] 

NOx ~120 m of a taxiway 
and ~250 m of a 
runway at Roanoke 
Regional Airport 

221 taxiing and 
departing commuter 
aircraft 

2011 Klapmeyer 
et al. [69] 

NOx, CO, 
SO2  

~60 – 80 m of a 
taxiway at Brisbane 
Airport 

60 departing 
transport aircraft  

2007 Johnson et 
al. [70] 

CO, NO, 
NO2  

~50 – 150 m 
downwind of gates and 
taxiways of Frankfurt 
Airport, London 
Heathrow Airport and 
Vienna Airport 

138 stationary and 
taxiing transport 
aircraft  

2003 Schäfer et 
al. [71] 

NOx, NO2 ~170 m from a runway 
of London Heathrow 
Airport 

2877 departing 
transport aircraft  

2017 Stacey et al. 
[52] 

NO, NO2 ~210 m from a runway 
of Athens International 
Airport 

30 departing 
transport aircraft 

2007 Bossioli et 
al. [72] 

NO, NOx ~30 – 110 m from a 
runway at International 
Boryspol Airport 

Unspecified number 
of taxiing, departing 
and landing 
transport aircraft 

2017 Zaporozhets 
and Synylo 

[73] 

 

1.3 Research framework 
The objective of this research is as follows:  
 
 
 
 
 
 
 
 
 

 To characterise exhaust plumes of individual departing- and arriving aircraft in terms of 
their chemical composition by performing field measurements with low-cost sensor 
nodes and comparing the resulting data to certified data using a (simple) dispersion 
model.  
 

Research objective 



  
  

Page 5 of 140 
 
 

To reach this objective, aircraft attributable pollutant concentrations need to be extracted from 
the obtained air pollution data and coupled to specific aircraft operations. To assess the air 
pollution footprint of individual aircraft operations existing research (for example [37, 52, 69, 
72, 73]) mainly focused on the maximum (i.e., peak) pollutant concentration. However, other 
parameters such as cumulative pollutant concentrations over time resulting from aircraft 
operations may provide important insights in the air quality impact of aircraft.  
 
To extract these parameters, data can be analysed manually as was for instance done by 
Moore et al. [50] and Klapmeyer and Marr [69], but this is subjective and impractical due to the 
large amount of data acquired by sensor nodes. Therefore, preferably data would be 
processed automatically. This can however be complex as besides aircraft, (instrument) noise 
and other emission sources (e.g., road traffic) contribute to the obtained pollutant 
concentrations [19, 21, 37, 51, 67, 74–77]. Besides, aircraft may depart or arrive shortly after 
each other such that the exhaust plumes of multiple aircraft inter-mix [17, 37, 51, 52, 67, 74]. 
The first research question has therefore been formulated as shown below: 
 
 
 
 
 
 
 
After characterising the pollution footprint of individual aircraft operations, the results can be 
analysed to examine the variation in pollutant concentrations between different aircraft types, 
engine models and aircraft activity (i.e., taking off and landing). Therefore, the second research 
question is expressed as:  
 
 
 
 
 
 
 
For specific engine models the emission footprint is generally reported in terms of emission 
indices. The emission index is defined as the mass in grams of a pollutant p divided by the 
mass of fuel in kilograms. To estimate the emission index the emission ratio of pollutant p and 
CO2  is multiplied with an assumed CO2 emission index independent of the thrust setting as 
shown in Equation 1.1 [51, 78]. Hereby 𝐴𝐴(𝑝𝑝) and 𝐴𝐴(𝐶𝐶𝐶𝐶2) represent the cumulative aircraft 
attributable pollutant concentrations (or peak pollutant concentrations) of pollutant p and CO2 
respectively [51, 78].  

 𝐸𝐸𝐼𝐼𝑋𝑋 =
𝐴𝐴(𝑝𝑝)
𝐴𝐴(𝐶𝐶𝐶𝐶2) × 𝐸𝐸𝐼𝐼CO2  

(1.1) 

As the sensor nodes used in this research are not equipped with a CO2 sensor, this approach 
cannot be used. However, similar to CO2 the emission index of SO2 is independent of the thrust 
setting [79–81]. It is therefore interesting to investigate whether SO2 can be used instead to 
estimate emission indices. As far as the author is aware, no study exists in which this has been 
attempted. Therefore, the formulation of the third research question is:   
 
 
 
 
 
 
 

 Can an assumed emission index of SO2 be used instead of CO2 to estimate emission 
indices? 
 

Research question 3 
 

 Is it possible to automatically characterise the pollution footprint of individual aircraft 
operations in terms of parameters such as the cumulative pollutant concentration? 

Research question 1 

 What is the pollution footprint of specific aircraft types and engine models and how 
does this footprint vary between take offs and landings? 
 

Research question 2 
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These research questions can be addressed using a single sensor node, but the simultaneous 
deployment of multiple sensor nodes offers the advantage of gathering additional information. 
By co-locating identical sensor nodes, the sensor-to-sensor variability can be quantified. This 
way, the level of agreement between low-cost gas sensors can be assessed. This is important, 
as a low level of agreement would suggest a high sensor-to-sensor variability, which gives 
lower confidence in the results [55, 57, 82]. Based on this, the fourth research question is given 
by:  
 
 
 
 
 
 
Besides investigating the level of agreement, sensor nodes may be simultaneously deployed 
upwind- and downwind of the runway to investigate whether the difference in obtained signals 
can be used to determine aircraft attributable pollutant concentrations. The sensor nodes 
measure ambient pollutant concentrations, whereby to assess the emission footprint of 
individual aircraft operations the background concentration needs to be subtracted. As exhaust 
plumes of aircraft travel downwind under the influence of the prevailing wind, it is expected that 
aircraft emissions do not arrive at a sensor node placed upwind [1, 51, 83–89]. In this case, 
the aircraft attributable pollutant concentrations may be obtained by subtracting the 
concentrations obtained upwind from those that are retrieved downwind. Therefore, the fifth 
research question is formulated as:  
 
 
 
 
 
 
 
 
The obtained results are compared to certified emission data using a (simple) dispersion model 
to assess the difference between actual pollutant concentrations and concentrations according 
to certified emission data. This leads to the sixth research question, which is described as: 
 
 
 
 
 
 
 
 
To answer the research questions and achieve the research objective the steps shown in 
Figure 1.1 will be performed. The main intended outcome is a novel tool capable of 
automatically processing the signals of low-cost nodes to assess the air quality impact of 
individual aircraft operations.  
 

 
What is the level of agreement between collocated sensor nodes? 
 

Research question 4 
 

 Can pollutant concentrations measured upwind of a runway be subtracted from 
pollutant concentrations measured downwind of a runway to obtain the aircraft 
attributable pollutant concentrations? 
 

Research question 5 
 

 What is the level of agreement between aircraft attributable peak pollutant 
concentrations resulting from field measurements and peak concentrations estimated 
using a (simple) plume dispersion model? 
 

Research question 6 
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Figure 1.1: Flow diagram summarising the steps performed during this research 

1.4 Outline of the report  
This report is divided into three parts, which are divided into chapters. Part I includes the 
introduction and background. Chapter 1 first introduced the reader to the relevance of this 
research and the research framework. Next, Chapter 2 provides background information on 
aircraft emissions. Part II describes the materials and methods that were used and starts off 
with listing the external sources from which data was acquired in Chapter 3. Hereafter, Chapter 
4 provides an overview of the designed experiments and equipment set-up. Chapter 5 explains 
how the acquired data is processed. Lastly, Chapter 6 describes the modelling approach to 
compare the obtained data to certified data. Part III includes the findings, conclusions and the 
recommendations. First, in Chapter 7 the results are presented and discussed after which 
Chapter 8 provides the conclusions as well as the recommendations for further research.  
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2 Background 
 
This chapter provides background information relevant for the reader to better understand the 
methodology and the results of this research. First, Section 2.1 informs the reader of the 
species emitted by jet-engines and explains how a common aircraft exhaust plume is formed. 
Subsequently, different influences on measured aircraft emissions are discussed in Section 
2.2. The chapter concludes with a summary in Section 2.3.  
 

2.1 Aircraft exhaust plumes   
The majority of the emitted gases and particles of commercial transport aircraft result from the 
combustion of hydrocarbon fuels by jet-engines [3, 13, 90]. Figure 2.1 provides an overview of 
the emitted species resulting from this combustion. The emissions considered in this study are 
carbon monoxide (CO), sulphur dioxide (SO2), nitric oxide (NO) and nitrogen dioxide (NO2) 
whereby the sum of NO and NO2  is commonly referred to as nitrogen oxides (NOx).  
 

 
Figure 2.1: Simplified representation of combustion emissions of a turbofan engine [3] 

These emissions leave the exhaust nozzle through a high momentum exhaust jet4 [91, 92]. 
The exhaust jets of individual jet-engines are initially separated, but further downstream they 
may start to interact such that a region of integrated flow forms that exhibits the characteristics 
of a common (wider) exhaust jet [93–96]. Research of Bennett et al. [97], Christie et al. [94] 
and Graham et al. [85, 98, 99] observed that this common exhaust jet develops into a plume, 
hereafter referred to as the aircraft exhaust plume, in which the emission contribution of 
individual jet-engines can no longer be distinguished. Similar to other research (e.g., [1, 37, 
67, 72, 100, 101]) it is therefore assumed for this research that aircraft generate a single 
exhaust plume encompassing the combined emissions of the main engines of the aircraft. 
 
In case the ambient wind has a component acting perpendicular to the runway, this plume 
quickly turns in the direction of the wind due to the entrainment of ambient momentum5 [1, 51, 
83–89]. Aircraft exhaust plumes can therefore be captured by placing a sensor node downwind 
of an operational runway. The captured plume has undergone a physical and chemical 
evolution while travelling from the aircraft towards the downwind sensor node. While the plume 
ages it expands and dilutes as it mixes with ambient air. Meanwhile, buoyancy elongates the 
plume in vertical direction and may cause the plume to part contact with the ground [91, 103]. 
Furthermore, while the plume disperses into the atmosphere chemical reactions take place 
between the species contained in the plume as well as with ambient species that get entrained 
in the plume [20, 104]. The plume arriving at the downwind sensor node is therefore different 
from the exhaust jet leaving the jet-engine.  

 
4 In this report the term ‘exhaust jet’ is used to refer to the high-momentum exhaust flow in close proximity of the exhaust nozzle, 
while the term ‘exhaust plume’ is used to refer to the developed exhaust jet that exhibits lower momentum.   
5 Based on modelled results of an aircraft departing at 85% of the rated thrust in crosswinds of V ≳ 2 m/s the plume centreline 
approximately matches the wind direction after ~100 m with a plume velocity approximately equal to the wind speed [1, 102]. 
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2.2 Influences on aircraft emissions  
A variety of factors influence downwind aircraft attributable pollutant concentrations. Among 
the most important influences are the thrust setting, the engine state, ambient conditions, 
influences of the aircraft on the emission rate and plume dispersion and plume rise. These will 
now each be discussed in more detail.  
 
2.2.1 Thrust setting  

The thrust setting depends upon several operating- and meteorological conditions and can 
therefore differ up to ~40% between aircraft operations [13, 17, 105–108]. The rate at which 
pollutants are emitted depends upon the thrust setting. The emission rate can be expressed 
as the product of the fuel flow rate (the fuel mass burnt per second) and the emission index 
(the emitted mass of a pollutant per kilogram of fuel burnt). The emission index of CO is largest 
at low thrust due to the lower combustion temperature and pressure [4, 73, 80, 109, 110]. 
Conversely, the NOx emission index is largest for high thrust settings when combustion 
temperatures are highest [4, 17, 71, 73, 110, 111]. Hereby the composition of NOx depends 
upon the thrust setting with the large majority being emitted in terms of NO2 during idle thrust 
while conversely at take-off thrust most NOx comprises of NO [17, 71, 73, 110]. The emission 
index of SO2 does not scale with thrust. SO2 results from the oxidation of sulphur-containing 
compounds in the fuel and is therefore directly proportional to the amount of sulphur in the fuel 
[79, 80, 112, 113]. 
 
The thrust setting is not only of importance for departing aircraft, but may also affect the 
emissions of landing aircraft. During the landing roll thrust reversers may be deployed as an 
additional means to decelerate the aircraft [114, 115]. When more than idle reverse thrust is 
used, the rate at which pollutant species are emitted is altered [116]. Besides, reverse thrust 
has an impact on plume dispersion as it redirects (part of) the exhaust [89]. The reverse thrust 
setting is up to the pilot and depends on several factors such as airline policy [114, 115, 117, 
118].  
 
2.2.2 Ambient conditions 

Ambient conditions affect the emissions of jet-engines and impact the evolution of aircraft 
exhaust plumes. Changes in ambient temperature, pressure and humidity alter the properties 
of the air entering the engine which can influence CO and NOx emissions [119]. CO emissions 
generally decrease with increasing ambient temperature and pressure and tend to increase 
with increasing humidity. NOx emissions generally increase with increasing ambient 
temperature and pressure and decrease with an increase in humidity [73, 120, 121].  
 
Besides affecting the emissions of jet-engines, ambient conditions affect how a plume evolves 
whereby mainly the wind, turbulence and temperature play an important role [122]. Firstly, 
turbulence enhances plume dispersion as it causes gases to be transported more quickly in 
the atmosphere and furthermore increases the chemical reactivity between pollutant species 
[123, 124]. Secondly, ambient wind increases the entrainment rate6 which decreases pollutant 
concentrations while on the other hand potentially decreasing plume rise and therefore 
increasing ground level pollutant concentrations [122, 124–126]. Furthermore, wind-shear may 
increase plume dispersion through a shear rate that distorts the plume [122, 125, 127, 128]. 
Lastly, ambient temperature influences plume dispersion, for example by enhancing the 
plume’s vertical momentum when a temperature difference exists between the plume and the 
surrounding air [80, 97, 129].  
 

 
6 The entrainment rate is the rate at which the plume mixes with surrounding ambient air. 
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2.2.3 Aircraft influences 

The aircraft (i.e., the airframe and its systems) can influence the dispersion of exhaust plumes 
and the rate at which species are emitted. Research of Aloysius and Wrobel [84, 130] revealed 
that an aircraft including its airframe has a higher horizontal and vertical dispersion compared 
to stand-alone jet-engines. The aircraft’s airframe acts as a physical boundary for the plume 
and increases dilution through aircraft induced turbulence [84, 130]. Furthermore, airframe 
vortices, which are flows moving downstream with a circular motion, impact the dispersion of 
the plume [131]. Especially the vortices arising from each wingtip can play an important role 
as the exhaust jets can become entrained in the vortex of the corresponding wing and remain 
trapped in this vortex as shown in Figure 2.2 (a) until it breaks-up. The interaction between 
vortices and the plume depends upon the aircraft’s speed, with the interaction being larger at 
higher speeds [1, 97, 99, 132].  
 
The speed of the aircraft may also affect the rate at which pollutants are emitted. When an 
aircraft accelerates down the runway during the take-off roll, the velocity of the flow entering 
the engine inlet will increase [97, 133]. The associated change in momentum causes a 
reduction in thrust for a given mass flow rate. The Engine Control System (ECS) detects this 
and may command an increase in mass flow rate to maintain the thrust, which changes the 
emission rate [89, 134, 135].  
 
 

 
Figure 2.2: Visualisation of the entrainment of an exhaust jet in a wingtip vortex [136] (a) and 

schematic representation of the main influences on plume formation and 
evolution [91] (modified by author) (b) 

2.2.4 Plume rise  

Downwind aircraft attributable pollutant concentrations may be affected by plume rise. After 
the exhaust jet is released from the engine, the Coandă effect and buoyancy start to influence 
the formation and evolution of an aircraft exhaust plume as shown in Figure 2.2 (b) [91, 137]. 
For wing-mounted aircraft (which encompasses the majority of modern transport aircraft) the 
exhaust jet is released in close proximity to the ground [91]. This causes a low-pressure area 
to develop that tends to rapidly deflect the jet towards the runway, which is referred to as the 
Coandă effect [91–93, 97, 138, 139]. Plume buoyancy, which results from the temperature 
difference of the exhaust jet and the surrounding ambient air, forces the plume upwards. 
Initially the Coandă effect dominates over buoyancy such that the exhaust jet remains close to 
the ground [93, 97]. However, while the plume ages buoyancy may become dominating such 
that the plume may separate from the ground [36, 91, 92, 97, 129]. As a result the large majority 
of the plume rises upwards with only a small residual part being left close to the ground, 
resulting in low ground level pollutant concentrations [86].   
 
The effect of plume rise on ground level pollutant concentrations is however currently not well 
understood (see e.g., [1, 140, 141]). Theoretically it is expected that whether the plume starts 
to rise above the ground depends upon the aircraft-engine combination, engine thrust, aircraft 
speed and meteorological conditions [36, 89, 92]. However, Wayson et al. [128, 142] found no 

 

(a) (b) 
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statistically significant dependence upon the aircraft type, ambient temperature, wind speed, 
wind direction or atmospheric stability. Similarly, Eberhard [36] did not observe statistically 
significant differences between the plume rise of different aircraft types. It is furthermore 
currently unclear if and at which point aircraft exhaust plumes part contact with the ground, 
although Graham et al. [92] and Bennett et al. [97] revealed that this may occur ~80 seconds 
after being emitted for modern transport aircraft with high bypass engines taking off in light 
winds.  
 
2.2.5 Engine state  

Another potential influence on downwind aircraft attributable pollutant concentrations is the 
engine state. Certified emission data is published by the International Civil Aviation 
Organization (ICAO) for newly manufactured engines. However, engines may deteriorate over 
time for a variety of reasons such as the build-up of dirt, which can alter the rate at which 
emissions are emitted [13, 143].  
 

2.3 Summary 
The majority of the emissions of commercial transport aircraft result from the combustion of 
hydrocarbon fuels. Research observed that the emissions released by the aircraft’s jet-engines 
form a common plume, which quickly turns in the direction of the ambient wind such that it can 
be captured by a sensor node downwind of a runway. The captured plume has undergone a 
physical and chemical evolution while travelling towards a sensor node and its composition is 
therefore different than the emissions released by jet-engines. The aircraft attributable 
pollutant concentrations that are measured at a downwind location depend upon a variety of 
factors, among which are the thrust setting, ambient conditions, aircraft influences, plume rise 
and the engine state.  
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3 External data sources 
 
This chapter provides a description of the utilised data sources excluding the hardware and 
software, which will be described in the next chapter. An overview of these data sources is 
provided in Section 3.1. Section 3.2 discusses the purpose of the meteorological data sources, 
after which Section 3.3 provides the same information with respect to aircraft- and engine data. 
Lastly, Section 3.4 provides a summary of the chapter.  
 

3.1 Overview of external data sources 
The utilised external data sources can be subdivided into two categories: meteorological data 
and aircraft- and engine data, of which an overview is presented in Figure 3.1. The remainder 
of this chapter discusses each category and the associated sources.  
 

 
Figure 3.1: Overview of external data sources used during this research  

3.2 Meteorological data 
Meteorological data is retrieved from two sources: Meteorological Terminal Aviation Routine 
Weather Reports (METARs) and Air Traffic Control (ATC) voice recordings.  
 
3.2.1 CheckWX  

METARs are reports containing weather information associated with a specific airport. Each 
report consists of a range of meteorological parameters, of which the ones relevant for this 
research are listed in Table 3.1. METARS are issued by the Royal Netherlands Meteorological 
Institute (KNMI) and are automatically obtained from the website CheckWX [144] using an 
algorithm developed during previous research [144]. It was discovered that when KNMI reports 
the wind direction as variable7 (VRB), CheckWX (incorrectly) reports this as 0°. However, this 
has no consequences on the results of this research.  
 
 

 
7 Wind is defined as variable in case the mean wind speed Ws < 3 KT and the wind direction Wd varies with >60° and <180° and 
when Ws >0 KT and the variation in Wd is ≥ 180° [145].   
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Table 3.1: Overview of data acquired from CheckWX  

Parameter  Parameter description  Purpose in this research 
Wind speed Average surface wind speed in knots 

during the last 10 minutes before a 
METAR is issued 

Used to couple measured 
pollutant concentrations to 
specific aircraft operations  

Wind 
direction 

Average surface wind direction in 
degrees from which wind is approaching 
with respect to true north (positive 
clockwise) during the last 10 minutes 
before a METAR is issued 

Used to couple measured 
pollutant concentrations to 
specific aircraft operations  

Temperature  Ambient air temperature in degrees 
Celsius  

Used to correct emission indices 
for ambient conditions 

Pressure Ambient air pressure in hectopascals   Used to correct emission indices 
for ambient conditions 

Relative 
humidity 

Ambient relative humidity expressed as 
a percentage   

Used to correct emission indices 
for ambient conditions 

 
3.2.2 LiveATC 

The use of METARs is suboptimal as the associated weather station is situated approximately 
six kilometres from the location where pollutant concentrations are measured8. Furthermore, 
METARs are normally only issued every 30 minutes and report the wind speed and wind 
direction for a height of 10 meters above the ground rather than at ground level [146]. As 
ambient conditions can continuously change in space and time the use of an alternative source 
is desired, especially in terms of wind as this is used to couple measured pollutant 
concentrations to specific aircraft operations.  
 
To obtain higher resolution runway-specific wind data, ATC voice recordings are used. Air 
traffic controllers report the prevailing wind speed and wind direction to each departing- and 
arriving aircraft based on instruments situated near the Touch Down Zone (TDZ) of each 
runway. This information is typically provided to pilots on the order of a few minutes before 
touch-down and several seconds before aircraft initiate the take-off roll. Historical ATC voice 
recordings were kindly provided by LiveATC [147]. As this website only stores data up to a 
year, ATC-based wind data could only be used for measurements conducted after 22-03-2022, 
hence for measurements conducted before this date METARs are used. 
 

3.3 Aircraft- and engine data 
Besides meteorological data, aircraft- and engine data needs to be obtained to assess the 
pollution footprint of individual aircraft-engine combinations.  
 
3.3.1 The OpenSky Network 

To obtain aircraft-and engine data, primarily data of the OpenSky Network [148]  is used, which 
is an open access flight tracking database based on a crowd-sourced network of receivers. 
The parameters relevant for this research that are obtained from this source are shown in 
Table 3.2 [149].  
 
 
 
 
 

 
8 The location of the Schiphol weather station is 52°19’08.8"N 4°47' 24.8"E. 
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Table 3.2: Overview of data acquired from the OpenSky Network    

Parameter Parameter description  Purpose in this research 
ICAO 
address  

Transponder identification code Used as an identifier of aircraft 
operations  

Registration Alphanumerical character that is 
displayed on the exterior of aircraft 

Used as the identifier of an aircraft 
operation  

Callsign Alphanumeric character used as an 
identifier of an aircraft operation for 
communications purposes    

Used as the identifier of an aircraft 
operation  

Aircraft type    Alphanumeric character used as a 
designator of the aircraft model  

Used to compare the pollution 
footprint of different aircraft types  

Position 
and time  

Latitude and longitude of an aircraft 
operation at a specific moment in 
time 

Used to couple measured pollutant 
concentrations to specific aircraft 
operations  

Ground 
speed   

Ground speed (in meters per 
second) of an aircraft operation         

Used to determine the activity (e.g., 
landing) conducted by an aircraft 
operation  

Barometric 
altitude 

Altitude of an aircraft operation as 
measured by the aircraft’s barometer  

Used to determine the activity (e.g., 
landing) conducted by an aircraft 
operation  

On ground 
Boolean 

Boolean to indicate whether an 
aircraft is broadcasting surface 
positions or not    

Used to determine the activity (e.g., 
landing) conducted by an aircraft 
operation  

Engine 
model  

Alphanumeric character as an 
identifier of the specific engine 
model an aircraft is equipped with  

Used to compare the emission 
footprint of specific engine models  

 
3.3.2 Supplemental data sources 

Data of the OpenSky Network is supplemented by five sources including the International Civil 
Aviation Organization (ICAO) Emissions Databank [150], FAA Aircraft Characteristics 
Database [151], ICAO Doc 8643 [152], Planespotters.net [153] and the Dutch Aircraft registry 
[154]. Table 3.3 provides an overview of the parameters obtained from these sources.  
 
With respect to aircraft registered out of the Netherlands, the OpenSky Network is used as the 
primary source to assign an engine model and aircraft type to an aircraft operation. For ~10% 
of the encountered aircraft operations no aircraft type was specified by this source. Similarly, 
for ~20% of the aircraft operations no engine model was specified by the OpenSky Network. 
To fill in the missing information, Planespotters.net [153] is used which contains crowd-sourced 
information of aircraft types and engine models. Regarding aircraft registered in the 
Netherlands the Dutch aircraft register is used to assign engine models to aircraft. This register 
is maintained by the Human Environment and Transport Inspectorate and is thus considered 
to be among the most up-to-date and reliable sources. Other aircraft registries were not 
implemented due to several complications such as the absence of a downloadable format of 
the register. Although both the OpenSky Network and Planespotters.net claim to utilise aircraft 
registers as their main source, it is acknowledged that the use of crowd-sourced information is 
less reliable [153, 155]. 
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Table 3.3: Overview of data acquired from sources to supplement OpenSky Network data 

Parameter Parameter description  Purpose in this 
research 

Source  

Emission 
index 

The mass in grams of an 
emitted pollutant per kilogram of 
fuel burnt 
 

Used to compare 
obtained results with 
certified emission data 

 
 
 

ICAO Emissions 
Databank [150] 
(version 28 C) 

Fuel flow 
rate     

The amount of fuel mass (in 
kilogram) consumed by an 
engine per second 

Used to compare 
obtained results with 
certified emission data 

Rated 
thrust 
  

The approved maximum static 
take-off thrust at standard 
atmospheric conditions at mean 
sea level   

Required to obtain the 
emission index and 
fuel flow rate   

Maximum 
take-off 
weight   

Maximum weight an aircraft 
type is certified for to take off 
with  

Used to group aircraft 
types from light to 
heavier  

FAA Aircraft 
Characteristics 
Database [151] 

(version 
corresponding to 

07-02-2023) 

Wake 
Turbulence 
Category            

Single alphabetical character 
indicating the amount of wake 
turbulence generated by an 
aircraft 

Used to group aircraft 
types from smaller to 
larger 

 
ICAO Doc 8643 
[152] (version 

corresponding to 
24-02-2023) Number of 

engines 
Number of engines an aircraft is 
equipped with              

Used to compare 
obtained results with 
certified emission data 

Aircraft 
type    

Alphanumeric character used 
as a designator of the aircraft 
model  

Used to compare the 
pollution footprint of 
different aircraft types  

 
Planespotters.net 

[153] and the 
Dutch aircraft 
register [154] 

Engine 
model 

Alphanumeric character as an 
identifier of the specific engine 
model an aircraft is equipped 
with  

Used to compare the 
pollution footprint of 
different engine 
models 

 
3.3.3 Flight test instrumentation system  

An experiment was performed on a research aircraft that was equipped with a Flight Test 
Instrumentation System (FTIS) to record parameters of the aircraft and its engines. The 
parameters used for this research are shown in Table 3.4, which were retrieved from FTIS 
using an algorithm of F. Postema.  
 
Table 3.4: Overview of data acquired from the Flight Test Instrumentation System 

Parameter  Parameter description Purpose in this research 
Fuel flow rate     Amount of fuel mass (in kilograms) 

consumed by an engine per 
second 

Used to compare obtained results 
with certified emission data 

Turbine inlet 
temperature 

Temperature inside the turbine 
stage of the engine  

Used to verify that the combustor 
temperature is approximately 
constant 

N1 power 
setting 

Rotational speed of the low 
pressure system 

Used to verify that engine thrust is 
approximately constant  
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3.4 Summary  
From external data sources meteorological data and aircraft- and engine data are retrieved. 
Regarding meteorological data, wind, temperature, pressure, and relative humidity are 
obtained from METARs. Additionally, ATC voice recordings are used to get higher resolution 
and runway-specific wind data. Aircraft-and engine data are obtained from the OpenSky 
Network and supplemented by the ICAO Emissions Databank, FAA Aircraft Characteristics 
Database, ICAO Doc 8643, Planespotters.net and the Dutch Aircraft registry. With respect to 
aircraft registered out of the Netherlands, the OpenSky Network is used as the primary source 
to assign an engine model and aircraft type to aircraft operations. Planespotters.net is used in 
case this information was not specified by the OpenSky Network. For aircraft registered in the 
Netherlands, the Dutch aircraft register is used as the primary source to assign engine models 
to aircraft. Besides the OpenSky Network and supplemental sources, FTIS (a system that 
records aircraft- and engine parameters) was used for a research aircraft with which an 
experiment was performed.  
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4 Experimental set-up  
 
Chapter 4 is devoted to a description of the experimental set-up. Section 4.1 focusses on the 
utilised hardware and software. Section 4.2 describes the measurement site where equipment 
was deployed. Subsequently, Section 4.3 discusses the designed experiments. The chapter 
concludes with a summary in Section 4.4.  
 

4.1 Software and hardware  
This chapter starts off by giving a description of the utilised software and hardware.  
 
4.1.1 Software description 

Coding was (predominantly) performed in Python (version 3.9) in Anaconda [156] (version 
2.2.0) as the author was most familiar with this programming language and because the 
algorithms developed during previous research were developed in Python. Several additional 
packages were used which are listed in Appendix A.1. Besides this programming language, 
Arduino [157] (version 1.8.16) was used to manually set the time of the internal clocks of the 
sensor nodes for each measurement as these are prone to drift over time [63]. Furthermore, 
Microsoft Excel [158] (version 16.66.1) was used to store data in spreadsheets.  
 
4.1.2 Hardware description  

The utilised hardware consists of the components displayed in Figure 4.1.  
 

 
Figure 4.1: Typical equipment set-up during a field measurement 

During previous research the low-cost sensor node depicted in Figure 4.2 was designed to 
measure air pollution and meteorological parameters. Throughout this follow-up research three 
additional nodes were built, which measure the pollutant species shown in Table 4.1. 
 
Table 4.1: Measured pollutant species and the name of the incorporated gas sensors 

Identifier Measured gases Gas sensors  
Node 1 CO, NO, NO2, SO2,  Alphasense Ltd CO B4, NO B4, NO2 B43F, SO2 B4  
Node 2 CO, NO, NO2, VOC Alphasense Ltd CO B4, NO B4, NO2 B43F, VOC B4 
Node 3 NO, NO2 Alphasense Ltd NO B4, NO2 B43F  
Node 4 NO, NO2 Alphasense Ltd NO B4, NO2 B43F 

Videocamera 

ADS-B receiver 
Laptops 
 

Tripod 
 

Sensor nodes 
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Except for the measured pollutant species, the four sensor nodes are identical. For a detailed 
description of the design of the sensor node, the reader is referred to the report of Maes [63]. 
Furthermore, an overview of the specifications of the employed gas sensors is provided in 
Appendix A.1. The gas sensors were powered one day prior to each measurement to ensure 
sufficient stabilisation time, as according to the sensor manufacturer [159] it generally takes 
several hours for the gas sensors to stabilise after powering a sensor node. The sensor nodes 
are placed on tripods to prevent vegetation from blocking the flow towards the sensors and to 
ensure that measurements are conducted near human breathing level, which is recommended 
for air quality research [49].  
 

 
Figure 4.2: Overview of the components of a sensor node employed in this research 

Besides the sensor nodes, a video camera (GoPro Hero 3) was deployed which took a picture 
of the runway every 5 seconds. Pictures in which no vehicle (such as an aircraft) could be seen 
were removed by J. Maes and M. van Lent. The remaining pictures were used to verify whether 
aircraft were making use of the Polderbaan runway and to log the presence of potential sources 
of interference. Furthermore, an ADS-B receiver (the GNS 5890) was used in an attempt to 
gain higher resolution aircraft activity data compared to the OpenSky Network. All data was 
processed on a MacBook Pro (2,7 GHz Dual-Core Intel Core i5). 
 

4.2 Measurement sites  
The equipment described in the previous section was deployed at two measurement sites. 
These sites will now be discussed together with (potential) nearby sources of interference.   
 
4.2.1 Selected measurement sites 

Field measurements were (mainly) performed near the Polderbaan runway (18R/36L) of 
Amsterdam Airport Schiphol (hereafter referred to as Schiphol Airport for brevity), which is 
located ~10 kilometres south-west of the city Amsterdam in the Netherlands. This airport was 
selected as it enables to measure a large amount of aircraft operations in a short amount of 
time as Schiphol Airport is the 2nd largest airport of Europe in terms of air transport movements9 
[160]. Besides, Schiphol Airport serves aircraft types and engine models representative of the 
current global fleet, which ensures that the air quality impact of different in-use aircraft types 
and engine models can be determined [161]. Next to this, the Polderbaan runway of Schiphol 
Airport is detached from the main airport (see Figure 4.3 (a)), which minimises the interference 

 
9 Based upon the year 2021 during which ~267 000 take-offs and landings took place at the airport. 

Battery (Ansmann 2A 5V) to power  
the node. 
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(e.g., errors) to the user. 
Barometric sensor (Grove BME280) to 
measure internal pressure, relative 
humidity and temperature. 
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of other airport emission sources (e.g., airport road vehicles) on measured pollutant 
concentrations. 
 
To determine where sensor nodes can be located for the selected airport-runway combination, 
four criteria were taken into account. Firstly, the site should be a safe non-intrusive location 
such that activities at and near the airport remain unimpaired. Secondly, it should allow the 
sensor nodes to be exposed to the prevailing ambient wind in the absence of obstructions such 
as walls that could disrupt the flow towards the gas sensors. Thirdly, the site should not be 
near pollutant sources other than aircraft. Lastly, the sensor nodes should be located at a 
distance close enough from aircraft such that exhaust plumes of individual aircraft operations 
can still be observed in the obtained data [51, 52, 162]. Based upon these criteria, the sensor 
nodes were placed to the west (52°20'53.08"N 4°42'48.2"E) and east (52°20'35"N 4°42'27"E) 
of the Polderbaan runway as depicted in Figure 4.3 (a). Both are publicly accessible locations 
at a distance of ~190 m from the runway. Note that all landings occurred on runway 18R while 
departures solely took place on runway 36L.   
 

 
Figure 4.3: Schematic overview of the measurement sites and weather station (a) and 

graphical explanation of upwind and downwind measurement sites (b)   

4.2.2 Sources of interference  

Sources that may contribute to ambient pollutant concentrations at the selected measurement 
sites mainly consist of vehicles on highways, roads, paths, and fields. Nearby highways include 
the A9, A5 and A4 as shown in Figure 4.3 (a) and the closest local roads are the N205, N201, 
N519, N232 and N520. Besides, a path by the name ‘Polderbaanpad’ alongside the 
Polderbaan runway is used by tractors, mopeds, and law-enforcement vehicles. Tractors may 
also be operating on nearby fields surrounding the runway. Furthermore, there are service 
roads parallel to the runway that are utilised by airport vehicles. The number of road vehicles 
on highways and local roads has not been kept track of, but activities on nearby paths and 
fields were logged in timestamped measurement notes.  
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4.3 Designed experiments  
Four experiments were designed and executed during 10 measurements, which were 
performed in between 22-01-2021 and 28-07-2022 by J. Maes and the author of this report10.  
An overview of the measurement dates and ambient conditions can be found in Appendix A.2. 
Each of the designed experiments will now be discussed. 
 
4.3.1 Downwind experiment 

The downwind experiment has the aim to gather data required to assess the pollution footprint 
of aircraft types and engine models and thereby answer the first and the second research 
question. For this, a single sensor node (Node 1) was placed downwind of the runway with the 
gas sensors (approximately) pointing in the direction of the wind such that exhaust plumes 
could be captured as shown in Figure 4.3 (b) and Figure 4.4 (a)11. To make sure that plumes 
arrived at the sensor node, it was (similar to other studies such as [102, 126, 163]) chosen to 
solely measure when the forecasted crosswind was >2 m/s. Furthermore, measurements were 
not performed when crosswinds >10 m/s were forecasted as in this case the Polderbaan 
runway is not selected as the primary runway [164]. In total eight measurements were 
conducted in between 22-01-2021 and 28-07-2022 of which three could not be used as the 
crosswind was (continuously) <2 m/s. The wind of the remaining measurements is depicted in 
Figure 4.4 (b).  

 

 
Figure 4.4: Equipment set-up of the downwind experiment (a) and a wind rose showing the 

percentage of occurrence of the wind approaching from a certain direction 
together with the wind speed (b) 

4.3.2 Upwind experiment 

The upwind experiment has the aim to assess whether pollutant concentrations measured 
upwind of a runway can be subtracted from downwind concentrations to retrieve the aircraft 
attributable concentrations and thereby answer the fifth research question. For this, a single 
sensor node (Node 2) was placed in opposite direction of the ambient wind (either east or west 
of the runway) as shown in Figure 4.3 (b) and Figure 4.5 (a). Three measurements were 
performed in between 22-03-2022 and 25-05-2022, of which the measurement conducted on 
22-03-2022 was discarded as the prevailing crosswind was continuously <2 m/s. The wind of 
the remaining measurements is depicted in Figure 4.5 (b). 
 
 

 
10 An exception was the first measurement (conducted on 22-01-2021), which was only attended by J. Maes.  
11 For the experiment performed on 22-01-2021 the gas sensors were facing upwards, but it is assumed that this has a negligible 
effect on the obtained gas-concentrations. 
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Figure 4.5: Equipment set-up of the upwind experiment (a) and a wind rose showing the 
percentage of occurrence of the wind approaching from a certain direction 
together with the wind speed (b) 

4.3.3 Co-location experiment 

The co-location experiment has the aim to determine the level of agreement between the 
output of identical sensor nodes such that the fourth research question can be answered. 
During this experiment multiple sensor nodes are collocated downwind of the runway to form 
a cluster as shown in Figure 4.6 (a). Excluding the measurement conducted on 22-03-2022 
during which the crosswind was continuously below 2 m/s, four measurements were performed 
in between 06-05-2022 and 28-07-2022. The prevailing wind of these measurements is 
depicted in Figure 4.6 (b). 
 

 
Figure 4.6: Equipment set-up of the co-location experiment (a) and a wind rose showing the 

percentage of occurrence of the wind approaching from a certain direction 
together with the wind speed (b) 

4.3.4 Near engine exit plane experiment 

The near engine exit plane experiment has the aim to assess whether SO2 can be used to 
estimate emission indices and thereby address the third research question. This experiment 
involved two measurements near a stationary Cessna 550 Citation II equipped with two 
turbofan Pratt and Whitney JT15D-4 engines burning Jet-A1 fuel. Each measurement 
consisted of engine start-up, ~5 minutes of idle thrust (the maximum allowable thrust due to 
airport restrictions) and engine shut down.  
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Ideally sensor nodes would be located within a distance equal to half the engine’s exhaust 
nozzle diameter as measurements of certified emissions are taken within this distance [79, 
165, 166]. However, due to safety constraints and to protect the equipment sensor nodes were 
placed at a minimum distance of 10 m from the exhaust nozzle. During the first measurement 
a single node was therefore deployed 10 m behind the number 1 engine at a height of ~1.2 m 
with the gas sensors oriented parallel to the exhaust stream as depicted in Figure 4.7.   
 

 
Figure 4.7: Top view (a) and side view (b) of equipment set-up of the first near engine exit 

plane measurement (not to scale, aircraft blueprint obtained from [167])   

 
For the second measurement the first sensor node remained at the same location, but an 
additional sensor node was deployed 20 m behind the number 1 engine as shown in Figure 
4.812. This location was selected to investigate whether it can be observed that NO chemically 
converts to NO2 with increased distance from the exhaust nozzle. Both sensor nodes were 
located at a height of ~0.5 m.  

 
Figure 4.8: Top view of the equipment set-up of the second near engine exit plane 

measurement (not to scale, aircraft blueprint obtained from [167]).  

These measurements took place at Rotterdam the Hague airport at 51°57'03"N 4°26’26"E (see 
Figure 4.9 (a)) on 04-04-2022. During the first measurement the ambient pressure (P) was 
1008 hPa, the temperature (T) 6°C and the relative humidity (RH) ~87%. For the second 
measurement P, T and RH were 1007 hPa, 7°C and ~83% respectively. The prevailing wind 
is depicted in Figure 4.9 (b). For the first measurement the wind speed was 20 kts (~10 m/s) 
gusting 35 kts (~18 m/s) from a mean wind direction of 220°. For the second measurement, a 
wind speed of 20 kts (~10 m/s) from a (mean) wind direction of 230° was reported with the 
wind direction varying between 210° and 270°. It should therefore be noted that the 

 
12 As during the first measurement the sensor node fell on the ground it was chosen to lower the height.   
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measurements were conducted in non-ideal conditions with strong and variable winds, low 
temperature, and high relative humidity.  
 

 
Figure 4.9: Measurement site and aircraft orientation (map obtained from [168]) (a) and a 

wind rose showing the percentage of occurrence of the wind approaching from 
a certain direction together with the wind speed (b)  

4.4 Summary  
The utilised hardware consists out of sensor nodes, tripods, a video camera, an ADS-B 
receiver and a laptop with coding (predominantly) performed in Python. This hardware was 
deployed ~190 m perpendicular to the Polderbaan runway of Schiphol Airport at which four 
experiments were performed. In the first experiment a sensor node is placed downwind to 
capture aircraft exhaust plumes. For the second experiment multiple nodes are collocated 
downwind of the runway to quantify their level of agreement. For the third experiment one 
sensor node is located upwind to observe whether its obtained pollutant concentrations can 
be subtracted from downwind concentrations to retrieve the aircraft attributable concentrations. 
Lastly, for the fourth experiment sensor nodes were located near an engine exhaust nozzle to 
compare measured- and certified emission indices. Nearby sources of interference at the 
selected location for these experiments mainly consist of vehicles on nearby highways, roads, 
paths, and fields.  
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5 Data processing  
 
This chapter elaborates on the data processing method. First, an overview of the method is 
provided in Section 5.1. Thereafter, Section 5.2 describes how the data is prepared prior to 
further processing and analysis. Section 5.3 explains how the time at which an aircraft gives 
rise to a peak pollutant concentration at the measurement site is estimated. Next, Section 5.4 
explains how this time is used to identify aircraft attributable signals in air pollution data. The 
subsequent section (Section 5.5) discusses how these signals are represented by a Gaussian 
curve. Section 5.6 explains the characterisation of Gaussian plumes in terms of parameters 
such as the plume area. The subsequent section, namely Section 5.7, elaborates on the quality 
control procedures. Thereafter, Section 5.8 explains how NO2 plumes not passing quality 
control are characterised. Lastly, Section 5.9 provides a summary of the chapter.  
 

5.1 Method overview  
Prior to data analysis the acquired data is processed, for which the steps shown in Figure 5.1 
are performed. These steps will be elaborated on in the upcoming sections.  
 

 
Figure 5.1: Overview of the applied method to process the acquired data 

5.2 Data preparation 
Data preparation is performed for air pollution data, meteorological data, and aircraft- and 
engine data.  
 
5.2.1 Air pollution data 

Raw data of sensor nodes consists of Analogue to Digital (A/D) converter counts. The 
converter counts are corrected for environmental conditions (e.g., ambient temperature) as 
these conditions can affect the output of gas sensors [46, 169–173]. The resulting values are 
converted to volume concentrations in part-per-billion (ppb). Hereafter, three-second mean 
values are computed as sensor nodes sample at a variable rate whereas a constant offset 
between data points is desired for subsequent processing. This is accomplished by an 
algorithm of J. Maes, which is elaborated on in Appendix B.1.   
 
For these three-second mean values in ppb the baseline signal is estimated. Sensor nodes 
measure the ambient concentration of an air pollutant p at a time instance t. This is referred to 
as the total pollutant concentration or the total signal and is denoted as CT(p, t). Equation 5.1 
and the time-series of Figure 5.2 show that CT(p, t) consist of a baseline component CB(p, t) 
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and a local component CL(p, t), which are referred to as the baseline signal and local signal 
respectively13. The baseline signal represents the background concentrations and therefore 
shows more gradual changes. The local signal is caused by local pollution events such as 
aircraft exhaust plumes and is characterised by a larger variability in pollutant concentrations 
[174, 175]. To determine aircraft attributable concentrations above the background 
concentration, first CB(p, t) must be determined.  
 

 𝐶𝐶𝑇𝑇(𝑝𝑝, 𝑡𝑡) = 𝐶𝐶𝐵𝐵(𝑝𝑝, 𝑡𝑡) + 𝐶𝐶𝐿𝐿(𝑝𝑝, 𝑡𝑡) (5.1) 
 

 
Figure 5.2: Example of the total signal, baseline signal and local signal  

To estimate CB(p, t) an algorithm of previous research by Maes [63] is used in which the 
baseline is estimated as the 2% quantile of CT(p, t) on a rolling window basis with a time window 
of 100 seconds. The 2% quantile was used instead of the minimum value to account for 
measurement outliers. Furthermore, the time window of 100 seconds was set to be (generally) 
larger than the duration of aircraft plumes such that the 2% quantile value between aircraft 
plumes could be captured. It should be noted that the time window to extract the baseline is 
kept constant at 100 seconds for all measurements, even though in reality the required window 
length may vary with the ambient wind and the location of sensor nodes. However, changing 
the baseline estimation method is outside the scope of this research. CL(p,t) is hereafter 
obtained by subtracting CB(p, t) from CT(p, t).  
 
CL(p,t) contains high frequency noise, which likely results from instrument noise and stochastic 
turbulent processes [176, 177]. This is undesired for further data processing. To attenuate this 
noise previous research [63] used a standard Moving Average (MA) filter. During this research 
a Savitzky-Golay (S-G) filter was used instead, which is one of the most frequently used filters 
in gas chromatography and mass spectrometry (see e.g., Katajamaa et al. [178]). The rationale 
behind this change is that, compared to the MA filter, the S-G filter is able to better retain the 
original shape (e.g., peak heights) of the local signal [179–181]. 
The working principle of the S-G filter is based on a least-squares polynomial approximation 
of data in a predefined window. A symmetric window of odd length n centred around point k is 

 
13 Pollutant time-series display how pollutant concentrations vary over time.  
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defined to which a polynomial of degree p is fitted in the least-squares sense. The value of the 
centre point k gets replaced by the value of the polynomial fit at this point to smoothen the 
data. After this the window is repeatedly shifted forward by one data point (i.e., 3 seconds) to 
generate a smoothed signal for the entire time-series [179, 181–185]. The window length n 
and polynomial degree p are user-specified whereby p should be less than n and n an odd 
number. No guidelines exist on how these values should be selected, except that n should not 
be too close to p+1 as otherwise the fitted polynomial will interpolate the data rather than 
applying smoothing [182]. Based on trial-and-error p = 2 and n = 9 (equal to 27 seconds) were 
deemed most appropriate for this research. Using these values the filter was implemented in 
Python using the SciPy function signal.savgol_filter() [186].  
 
5.2.2 Meteorological data 

Meteorological data consist of Meteorological Terminal Aviation Routine Weather Reports 
(METARs) and Air Traffic Control (ATC) voice recordings. METARS were processed through 
an algorithm developed during previous research which is documented in the report of Maes 
[63]. Preparation of ATC voice recordings consists of the extraction of the wind speed and the 
wind direction. Preferably this would be done automatically, but other research (see e.g., [187–
190]) indicated that this can be challenging and prone to errors. To ensure data quality and 
due to time constraints, wind data was therefore manually extracted. However, especially 
during periods of low aircraft activity, the audio recordings contain (prolonged) periods of 
silence. Therefore, an algorithm was developed to trim out these periods of silence. This 
reduced the listening time from ~69 hours to ~7.5 hours. For a description of the algorithm the 
reader is referred to Appendix B.2.  
 
5.2.3 Aircraft- and engine data 

To prepare aircraft- and engine data, an algorithm was developed that verifies which vehicles 
are transmitting position reports within a two-dimensional polygon overlaying the Polderbaan 
runway (see Figure 5.3). As only aircraft operations going to and from the Polderbaan runway 
are of interest for this research, data of vehicles not transmitting position reports within this 
polygon are eliminated. A detailed description of the algorithm is provided in Appendix B.3.  
 

 
Figure 5.3: Position reports of a B78X during its take-off roll on the Polderbaan runway 

The remaining transmitting vehicles are categorised as take offs, landings, overflights or road 
vehicles using an algorithm developed during previous research of Maes [63] which is 
described in Appendix B.3. This algorithm is based on conditional statements involving the 
geometric altitude Hgeo and the ground speed Vground14. During this follow-up research it was 

 
14 Conditional statements are ‘AND’, ‘IF’ and ‘OR’ statements whereby the algorithm checks whether for a given input the 
statement is true or false.  
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(similar to other research such as [191–196]) observed that Hgeo and Vground may contain 
erroneous values. Therefore, a Savitzky-Golay filter with polynomial order of 3 and a filter 
length of 15 was applied before applying the algorithm of Maes. This is one of the most 
frequently used filters for this purpose and was also used to filter the air pollution data [182, 
197–202]. By categorising transmitting vehicles, overflights and ground vehicles can be filtered 
out such that only aircraft operations going to and from the Polderbaan runway remain.  
 
For the remaining aircraft operations, the designator of the engine model specified by the 
OpenSky Network [148] is modified to match the ICAO engine designator using the conditional 
statements provided in Appendix B.3. This was required, as the OpenSky Network uses 
various designators for the same engine model, whereas a unique designator is required to 
investigate the pollution signature of engines.  
 

5.3 Estimation of the plume arrival time  
Following the completion of data preparation, the time in Coordinated Universal Time (UTC) 
needs to be estimated when an aircraft gives rise to a peak (i.e., a maximum) concentration in 
pollutant time-series. Subsequently, this time, referred to as the Estimated Plume Arrival (EPA) 
time, can be used to extract the contribution of specific aircraft operations to air pollution from 
pollutant time-series. During previous work of Maes [63] this was done by first determining the 
time tnode when an aircraft operation was closest to a sensor node based on aircraft activity 
data. Subsequently, the highest peak pollutant concentration occurring between tnode - 20 
seconds to tnode + 180 seconds was coupled to the aircraft operation for which tnode was 
determined. 
 
This method has however several shortcomings. First of all, the time at which an aircraft 
operation gives rise to a peak concentration in pollutant time-series depends on a variety of 
factors. Hereby ambient conditions, the combined thrust of the engines, the response time of 
the instrument, the resolution of the aircraft activity data and the offset between the clock time 
associated with aircraft activity data and the sensor nodes can play a role [1–5]. Therefore, the 
highest peak concentration occurring between tnode - 20 seconds to tnode + 180 seconds does 
not necessarily belong to the aircraft operation for which tnode was determined. Consequently, 
peak pollutant concentrations may be assigned to the wrong aircraft operation. Besides, this 
method assumes that all peak pollutant concentrations can be attributed to aircraft, while in 
reality (instrument) noise and other emissions sources (such as road traffic) contribute to the 
pollutant time-series [17, 19, 33, 62–67]. A different method was therefore implemented during 
this follow-up research.  
 
5.3.1 Estimation approach  

To estimate the EPA time the aircraft is regarded as a stationary (i.e., non-moving) single point 
source emitting a passive plume (implying that the initial plume velocity is zero) from the 
runway centreline. It is assumed that this plume is brought towards the downwind sensor node 
by the ambient wind without any interference, obstructions, or external forces acting on the 
plume. The wind is considered constant and equal to the wind obtained from the sources 
specified in Chapter 3. Additionally, it is assumed that the Polderbaan runway is aligned with 
both the Magnetic North (MN) and True North (TN). Note that this neglects the (small) angle 
(∼2°) between the MN and TN and ignores that runway numbers are rounded to the nearest 
ten degrees.  
 
Using these assumptions, the EPA time is estimated based on the ambient wind and the 
distance between the sensor node and the runway. First the runway section from which the 
plume going to the sensor node is emitted, referred to as the plume release point, is estimated. 
For this, the wind vector is decomposed into a component V perpendicular to the runway 
(defined positive to the east) and a component U parallel to the runway (defined positive to the 
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north). Denoting the wind speed as ws and representing the clockwise direction relative to north 
from which the wind is approaching by α, U and V can be computed using Equation 5.2 and 
Equation 5.3 respectively15.  
 

 𝑈𝑈 = −𝑤𝑤𝑠𝑠 . cos �
𝜋𝜋𝜋𝜋
180

�  (5.2) 

 
After decomposing the wind vector into components, a streamwise distance S is defined 
between the downwind sensor node and the plume release point along which the plume’s 
centreline travels as shown in Figure 5.4. The distance perpendicular to the runway centreline 
from the sensor node to the plume release point is denoted Sx (defined positive to the east). 
The distance parallel to the runway from the sensor node to the plume release point is denoted 
Sy (defined positive to the north). These can be expressed in terms of the ambient wind and 
the time τ it takes for the plume to travel the distance S as shown in Equation 5.4 and Equation 
5.5 [1, 204]. As the components of the ambient wind and the perpendicular distance of the 
sensor node to the runway centreline are known, τ can be computed using Equation 5.4 after 
which Sy follows from Equation 5.5.  
 
 𝑆𝑆𝑥𝑥 = −𝑉𝑉 × 𝜏𝜏 (5.4) 

 

                         
Figure 5.4: Graphical representation of how a passive plume of a stationary source moves to 

a downwind sensor node  

The distances Sx and Sy between the sensor node and the plume release point are used to 
estimate the latitude (latPRP) and longitude (longPRP) of the plume release point. Assuming the 

 
15 The wind direction provided by ATC is given with respect to MN while the wind-direction reported in METARs is referenced to 
TN [203], but for this research MN and TN are assumed to be aligned.  

 𝑉𝑉 = −𝑤𝑤𝑠𝑠 . sin �
𝜋𝜋𝜋𝜋
180

� 
(5.3) 

 𝑆𝑆𝑦𝑦 = −𝑈𝑈 × 𝜏𝜏 (5.5) 
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Earth to be a perfect sphere with a radius of Rearth = 6371 × 103 m, latPRP and longPRP can be 
approximated using Equation 5.6 and Equation 5.7 respectively [205–209]16.  
 

 
𝑙𝑙𝑙𝑙𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑙𝑙𝑙𝑙𝑡𝑡𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 +

𝑆𝑆𝑦𝑦
𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ

×
180
𝜋𝜋  

(5.6) 

 
 𝑙𝑙𝑙𝑙𝑙𝑙𝑔𝑔𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑙𝑙𝑙𝑙𝑙𝑙𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 +

𝑆𝑆𝑥𝑥
𝑅𝑅𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ

×
180
𝜋𝜋

×
1

cos �𝑙𝑙𝑙𝑙𝑡𝑡𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 × 𝜋𝜋
180�

 
(5.7) 

 
After obtaining latPRP and longPRP, it needs to be estimated when an aircraft is closest to this 
position. For this, the distance d between the plume release point and each position report (in 
terms of latitude and longitude) of the aircraft is computed in Python using the Geopy function 
distance.distance() [210, 211]. An aircraft is closest to the plume release point for the position 
report for which d is minimum, which is denoted as dclosest. The time in UTC tclosest corresponding 
to dclosest  then corresponds to the time when the aircraft was closest to the plume release point.  
 
Analysis revealed that using unlicensed OpenSky Network data dclosest could be large. For 
instance, for the experiment conducted on 09-09-2021 the mean dclosest was ~750 m with >35% 
of the aircraft operations having a dclosest in excess of a kilometre. It could therefore be that 
dclosest corresponds to a position report for which the aircraft was not on the runway as for 
example shown in Figure 5.5 (a). Consequently, tclosest may be off by several tens of seconds 
with respect to the time that an aircraft actually arrives at the estimated plume release point. 
As aircraft may depart and arrive on the order of 60 seconds after each other, this could lead 
to air pollutant concentrations being assigned to the wrong aircraft operation.  
 

 
Figure 5.5: Example of the position reports (represented by black circles) of an arriving B739 

for unlicensed OpenSky Network data (a) and licensed data (only displaying 
those while the aircraft is on the runway) (b) 

To estimate tclosest more accurately, higher resolution aircraft activity data is desired. 
Unexpectedly, data of the deployed ADS-B receiver did not yield substantial improvements in 
the number of aircraft position reports. The underlying cause of this was not investigated, as it 
was discovered that a significant improvement in the amount of aircraft position reports could 
be obtained by using licensed OpenSky Network data as shown in Figure 5.5 (b). For example, 
for the measurement conducted on 09-09-2021 the mean dclosest was ~50 m for licensed 
OpenSky Network data compared to ~750 m for unlicensed OpenSky Network data. Therefore, 
this research uses licensed OpenSky Network data. After obtaining the value for tclosest, the 
EPA time is computed by the summation of tclosest and the plume travel time 𝜏𝜏. Note that this 

 
16 The Earth is not a perfect sphere hence no single value exists for its radius, but research has shown that the mean radius of 
the Earth can be approximated as 6371 km.  
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assumes that the internal clock of a sensor node and the clock on which the OpenSky Network 
data is based are perfectly synchronised17.  
 
5.3.2 Caveats of the chosen approach  

The approach to estimate the EPA time assumes the aircraft to be a stationary source 
releasing a passive plume while in reality aircraft are moving sources releasing a plume with 
an initial velocity relative to the aircraft18. This impacts the location of the plume release point 
and the plume travelling time as illustrated in Figure 5.6 (a) when there is crosswind and 
headwind and in Figure 5.6 (b) during tailwind and crosswind.  
 

 
Figure 5.6: Schematic of the exhaust plume of a departing aircraft in case of headwind and 

crosswind (a) and tailwind and crosswind (b) [1, 102] (modified by author) 

The most common scenario is the one displayed in Figure 5.6 (a) as aircraft generally take off 
and land against the wind. It is therefore likely that the actual plume release point is further 
down the runway compared to the one that was estimated. Furthermore, it can be seen in 
Figure 5.6 (a) that the plume travels along a longer curvilinear path than the linear distance S 
utilised during this research. Consequently, the EPA time is underestimated compared to the 
time at which the aircraft arrives at the actual plume release point. However, the chosen 
approach assumes the plume to be passive while in reality plumes are released with an initial 
velocity. The plume therefore travels faster towards the sensor node, which overestimates the 
EPA time.  
 
Another inaccuracy with respect to the EPA time is introduced by neglecting the sensor node’s 
response time. For the employed gas sensors, Appendix A.1 shows the time T90 it takes for the 
signal to, after being exposed to a step change in concentration, go from zero to 90% of the 
(stabilised) final value. However, it should be kept in mind that the values in Appendix A.1 are 
associated with concentrations one or two orders of magnitude higher than encountered during 
this research. As the response time is larger for higher pollutant concentrations, the actual 
response time may be less [212, 213]. Nevertheless, the EPA time may be underestimated by 
neglecting the sensor node’s response time.  
 

5.4 Plume identification and source appointment 
Before the EPA time can be used to couple pollutant concentrations to aircraft operations, 
aircraft attributable pollutant concentrations need to be identified in pollutant time-series.   
 
 

 
17 The clock of a sensor node is manually set and may have an offset of ~1 – 2 seconds with respect to the OpenSky Network.  
18 Initial velocity is given to the plume by engine thrust and equals for instance ~295 m/s for a stationary CFM56-5C4 at its rated 
thrust during International Standard Atmosphere conditions at Mean Sea Level in the absence of wind [102]. 
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5.4.1 Plume identification and source appointment 

Aircraft exhaust plumes can be observed in time-series as short-term (~1 minute) intervals with 
a strong rise in local pollutant concentration up to a peak followed by a strong decay. The onset 
of this rise at time tstart and concentration Cstart is defined as the start point whereas the cessation 
of signal decay at time tend and concentration Cend is referred to as the end point. The pollutant 
concentrations in between the start- and end point are defined as the plume signal, as shown 
in Figure 5.7.  
 

 
Figure 5.7: Identification of the plume signal of a departing Boeing 787-9 whereby the 

horizontal axis represents a symmetric six-minutes window centred around the 
EPA time  

To identify these plume signals, first a symmetric six-minutes window centred around the EPA 
time is generated. In this window peak pollutant concentrations are identified through 
comparison of the local pollutant concentration of neighbouring points. This is accomplished 
in Python by using the Scipy function find_peaks() with as input the filtered local pollutant 
concentrations. However, as peaks may show up resulting from instrument noise, a changing 
baseline or other pollutant sources, an amplitude threshold is installed. This threshold, referred 
to as the Peak Separation Line (PSL), is set equal to the mean local pollutant concentration of 
the time-series of the measurement day. It was verified that the established PSL was higher 
than the manufacturer-specified Signal to Noise Ratio (SNR) of the gas sensors, which equals 
4 ppb, 15 ppb, 15 ppb and 5 ppb for CO, NO, NO2 and SO2 respectively [214]. After identifying 
peak pollutant concentrations, the start- and end point are found based on changes in the first 
derivative of the filtered local concentration of a pollutant p over time t (e.g., d(NO)/dt) [215–
218]. Subsequently each plume signal is represented by the set of pollutant concentrations 
between the start- and end point as shown in Figure 5.7.  
 
To couple an identified plume signal to a specific aircraft operation, first the offset (denoted as 
toffset) is computed between the EPA time and the time tpeak at which a peak is present. 
Subsequently, the peak closest to the EPA time gets coupled to the aircraft operation 
associated with this EPA time. Hereby peaks occurring before the aircraft has reached the 
plume release point are excluded, as the aircraft cannot cause a peak pollutant concentration 
before it has released its plume. For >85% of the departing and landing aircraft, the peak 
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coupled to an aircraft operation was to the left of the EPA time, which is likely to results from 
the inaccuracies in the EPA time that were discussed in Section 5.3.2. As the mean toffset 

showed small variations per measurement date (see Appendix B.4), a constant was added to 
the EPA time to estimate the actual plume arrival time more accurately. This constant was set 
to 12 seconds for take offs and 17 seconds for arrivals based upon the average toffset of all 
departing and arriving aircraft.  
 
Subsequently, the symmetric six-minutes window in which peaks are identified is centred 
around this refined EPA time rather than the initial EPA time. Similarly, the peak closest to the 
refined EPA time gets coupled to the aircraft operation associated with this refined EPA time. 
Following this approach, the mean offset between the refined EPA time and the time at which 
the peak coupled to an aircraft operation occurs was <1 second for departures and ~1 – 8 
seconds for landing aircraft, thereby closely approximating the actual plume arrival time.  
 
5.4.2 Caveats of the chosen approach   

The identification of plume signals relies upon appropriate settings of the Savitzky-Golay filter, 
as inappropriate filter settings may lead to under smoothing or over smoothing. Under 
smoothing leads to local slope changes in the signal, which can lead to the identification of the 
wrong start- or end point due to noise. On the contrary, over smoothing results in a start- and 
end point that are further away from the actual start- and end point. As a result, plumes 
belonging to multiple aircraft may be seen as a single plume. Besides, filtered plume 
characteristics such as the peak height may no longer be representative. The justification of 
the selected filter settings was provided in Section 5.2.  
 
Besides the filter settings, the amplitude threshold influences the identified plume signals. 
Increasing the PSL value reduces the likelihood of non-aircraft attributable plumes being 
assigned to aircraft (hereafter referred to as ‘false’ plumes) thus making the algorithm more 
robust. However, on the downside it increases the likelihood of ‘real’ plumes to be (incorrectly) 
discarded. This may lead to valuable data loss and introduces bias towards higher pollutant 
concentrations in the results. Therefore, a sensitivity analysis is performed which will be 
presented in Section 7.1. Furthermore, to filter out false plumes several quality control 
procedures are in place as will be described in Section 5.7.   
 

5.5 Gaussian representation of plumes  
Plume signals that are coupled to aircraft operations are represented as Gaussian plumes, for 
which plume signals are first fitted with a curve fitting function.  
 
5.5.1 Fitting procedure and goodness of fit assessment 

Plumes are fitted with the Gaussian curve fitting function shown in Equation 5.8 with A the 
amplitude of the plume signal’s peak, μ the location of the plume signal’s peak and 𝜎𝜎 its 
standard deviation. This fitting function was selected based on visual inspection of pollutant 
time-series and insights from existing literature. For instance, similar research of Carslaw et 
al. [67, 126] stated that aircraft plumes appear in pollutant time-series approximately as 
Gaussian shapes independent of the aircraft type or the number of engines.  
 

 𝑦𝑦�(𝑡𝑡) = 𝐴𝐴𝑒𝑒−(𝑡𝑡−𝜇𝜇)2/2𝜎𝜎2
 (5.8) 

 
The fitting is performed to the local unfiltered pollutant concentrations 𝐶𝐶𝐿𝐿(𝑡𝑡) in between the 
start- and end point of a plume signal using the curve_fit() function of SciPy. This function 
allows the user to provide an estimate of model parameters (A, μ and 𝜎𝜎) to increase the 
likelihood of successfully performing the fitting and to decrease the running time [219]. For this, 
the A, μ and 𝜎𝜎 of the filtered plume signal are used. Subsequently, the curve_fit() function 
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searches for the parameters that result in the best fit between the local unfiltered pollutant 
concentrations 𝐶𝐶𝐿𝐿(𝑡𝑡) and the fitted values 𝑦𝑦�(𝑡𝑡). Specifically, it searches for the vector 𝑝⃑𝑝𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 
containing the optimum model parameters such that the squared-residuals ∑ (𝐶𝐶𝐿𝐿(𝑡𝑡) − 𝑦𝑦�(𝑡𝑡))𝑛𝑛

𝑖𝑖=1
2 

are minimised [220].  
 
After fitting a Gaussian curve to the observed plume signals, the quality of the fit is assessed. 
To get a first insight in this the observed curve and the model curve are plotted together with 
the distribution of the residuals as shown in Appendix B.5. Note that a residual is defined as 
the difference between the observed value 𝑦𝑦𝑖𝑖 and the corresponding value of the fitted curve 
𝑦𝑦𝚤𝚤�  such that for data-point i the residual equals 𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�  [221].   
 
Additionally, five evaluation metrics were used including the coefficient of determination (𝑅𝑅2), 
the reduced Chi-squared (𝜒𝜒2∗), the Root Mean Square Error (RMSE), the Mean Absolute Error 
(MAE) and percentage differences in plume parameters between the observed plume signal 
and the fitted curve. The coefficient of determination (𝑅𝑅2) is computed using Equation 5.9 and 
can generally vary between (−∞, 1] with an 𝑅𝑅2 closer to 1 indicating a better fit [222]. No 
universally accepted range of 𝑅𝑅2 values exist for which a fitting is considered to be good [223]. 
Based on visual inspection, for this research the fitting curve is deemed a weak representation 
of the observed plume signal when 𝑅𝑅2 < 0.6.  
 

 
𝑅𝑅2(𝑦𝑦,𝑦𝑦�) = 1 −

∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2𝑛𝑛
𝑖𝑖=1

 
(5.9) 

 
The second metric is the reduced Chi-squared (𝜒𝜒2∗), for which first the Chi-squared value 
𝜒𝜒2(𝑝⃗𝑝) is computed using Equation 5.10. This value is divided by the number of data points n 
minus the number of fitting parameters P (three for the Gaussian function) to obtain the 
reduced Chi-squared value as shown in Equation 5.11. The reduced Chi-squared value can 
vary between (−∞,∞)  with a value around 1 being indicative of a good fit [224, 225]. No 
universally accepted range of 𝜒𝜒2∗ values exist for which a fitting is considered to be good [226]. 
Based on visual inspection, the fitting is deemed an insufficient representation of observed 
plume signals when |𝜒𝜒2∗| > 90.  
 

 
𝜒𝜒2(𝑝⃗𝑝) = �

[𝑦𝑦(𝑖𝑖) − 𝑦𝑦�(𝑖𝑖, 𝑝⃗𝑝)]2

𝑦𝑦(𝑖𝑖)

𝑛𝑛

𝑖𝑖=1

 

 

(5.10) 

The third and fourth metrics are the Root Mean Square Error (RMSE) and Mean Absolute Error 
(MAE), which are obtained using Equation 5.12 and Equation 5.13 respectively. Both metrics 
can vary between [0,∞), with smaller values being indicative of a better fit [222].  
 

 
RMSE = �

1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2
𝑛𝑛

𝑖𝑖=1

 

 
(5.12) 

 
The fifth metric is the percentage difference between two values A and B as shown in Equation 
5.14. The percentage difference is computed for the peak of the filtered plume signal and the 
peak of the fitted curve as well as for the area under the curve of the unfiltered plume signal 
and the fitted curve.  

Percentage difference = 100 ×  
|𝐴𝐴 − 𝐵𝐵|

(𝐴𝐴 + 𝐵𝐵)/2
 (5.14) 

 
𝜒𝜒2∗(𝑝⃗𝑝) =

𝜒𝜒2(𝑝⃗𝑝)
𝑛𝑛 − 𝑃𝑃

 

 

(5.11) 

 
MAE =

1
𝑛𝑛
�|𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤� |
𝑛𝑛

𝑖𝑖=1

 
 
(5.13) 
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5.5.2 Gaussian representation of well resolved plumes 

The Gaussian that is fitted to the observed plume signal does not always start and end at the 
baseline (i.e., the 0 ppb line) as shown in Figure 5.8. This is because noise surrounding the 
plume signals causes the points between which the Gaussian is fitted (i.e., the start- and end 
point of the plume signal) to be non-zero. It is however desired that the Gaussian fitting starts 
and ends near 0 ppb such that the characteristics of a plume signal (e.g., the area under the 
curve) can be approximated with respect to the baseline. The fitted Gaussian curves are 
therefore enforced to start and end at ~0 ppb. This is accomplished by superimposing a 
Gaussian with the model parameters of the fitted Gaussian on the fitted curve. Specifically, the 
model parameters of the fitted Gaussian that are stored in 𝑝⃑𝑝𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 are used as input to 
Equation 5.8 to generate a Gaussian that starts and ends at ~0 ppb. To prevent infinitely long 
tails, the superimposed Gaussian is truncated at three times its standard deviation.  
 

 
Figure 5.8: Gaussian fitting and the superimposed Gaussian for a departing Boeing 787-9 

whereby the horizontal axis represents part of the six-minute symmetric time 
window centred around the (refined) EPA time 

5.5.3 Gaussian representation of overlapping plumes  

Superimposing a Gaussian on top of the fitted Gaussian may work for well resolved plume 
signals, but can result in plume characteristics such as the area under the curve that are no 
longer representative when plumes of multiple aircraft substantially overlap. Therefore, for 
overlapping plumes a multi-Gaussian fitting is performed from which the contribution of the 
individual aircraft operations is extracted as for example shown in Figure 5.9. 
 
To accomplish this the algorithm starts by searching for the first point (tleft, Cleft) to the left of 
the plume signal’s peak for which the start point (tstart, Cstart) is below a predefined threshold 
value. Recall that Cstart is the (filtered) pollutant concentration value from which the plume signal 
starts to rise. The threshold value is set equal to the PSL defined in Section 5.4. Similarly, the 
algorithm searches for the first point to the right of the plume signal’s peak (tright, Cright) for which 
Cend (i.e., the filtered concentration value at the end of the plume signal’s decay) is below the 
PSL. The searching process halts when (tleft, Cleft) and (tright, Cright) have been found. This way 
the time interval ranging from tleft to tright is determined in between which a multi-modal Gaussian 
fitting is performed.  
 

Superimposed part 
of the Gaussian 
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Figure 5.9: Multi-modal Gaussian fit to the plume of a Boeing 737-800 (leading plume) and an 
Embraer 190 (trailing plume) that shortly (~50 sec) depart after each whereby 
the horizontal axis represents a symmetric six-minutes window centred around 
the (refined) EPA time 

The algorithm keeps track of the number of peaks N in the interval between tleft and tright which 
is used as a counter for the Gaussian modal N (i.e., the number of Gaussians the multi-modal 
Gaussian consists of). Subsequently, a multi-modal Gaussian fit is performed to the observed 
(i.e., unfiltered) pollutant concentrations in between tleft and tright with Equation 5.15 and modal 
N. The linear combination of these Gaussians forms the signal to which the multi-modal fitting 
was performed [227].  
 

 
𝑦𝑦�(𝑡𝑡) = � 𝐴𝐴𝑘𝑘  𝑒𝑒−(𝑡𝑡−𝜇𝜇𝑘𝑘)2/2𝜎𝜎𝑘𝑘2  

𝑁𝑁

𝑘𝑘 = 1

 
(5.15) 

 
Using the curve_fit() function of SciPy the squared residuals are minimised between the signal 
of the overlapping plumes and the signal of the linear combination of the N Gaussians. 
Subsequently, the optimal model parameters of each of the N Gaussians is extracted. It should 
be noted that this method assumes that the overlapping plume signal can be expressed as the 
linear combination of multiple Gaussians. For the example shown in Figure 5.9 this approach 
leads to N = 2 with Cstart = Cleft  and Cend ≠ Cright .  
 
It should be noted that ~15% of the NO plumes of departing aircraft and the CO plumes of 
landing aircraft show up in pollutant time-series with two closely spaced peaks. An example of 
this can be seen for the leading plume of Figure 5.9. These are believed to be associated with 
the engines installed on each side of the fuselage. However, this is contradictory to the 
statement in Chapter 2 that a common exhaust plume is formed in which the contribution of 
individual engines can no longer be distinguished.  
 
To investigate this discrepancy, literature was consulted. This revealed that when lift is 
significant in relation to the (combined) thrust of the engines, wingtip vortices can trap the 
exhaust of the engines installed on its associated wing. This can lead to the formation of two 
plumes [1, 97, 99, 132]. Although it is currently not well understood when this occurs, literature 

Start point of leading plume  

End point of leading 
plume, start point of 
trailing plume   

End point of trailing plume  
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is in agreement that two plumes may form (shortly) before the aircraft becomes airborne [92, 
97, 99]. Apart from wing tip vortices, two plumes may form when engines are spaced far apart 
as this decreases the interaction between exhaust jets [87, 228]. Therefore, for example for a 
Boeing 737 a common exhaust jet is rapidly formed while for a Boeing 747 two plumes may 
form which (at ground level) remain separated [87, 89, 229, 230]. Whether one or two plumes 
form furthermore depends upon the thrust setting and the amount of crosswind, as increased 
thrust and higher crosswinds enhance the formation of a single plume [87, 95].  
 
It is therefore assumed for this research that closely spaced peaks belong to the same aircraft. 
Due to the proximity of the peaks and (typically) their minor differences in pollutant 
concentrations, the plume signal of the filtered pollutant concentrations consists of a single 
peak as for example shown in Figure 5.9. Consequently, plumes with closely spaced peaks 
are not seen as overlapping plumes by the algorithm.  
 
5.5.4 Caveats of the chosen approach 

It is assumed that aircraft plume signals are Gaussian-shaped while in reality this may not 
always be the case for a variety of reasons such as sudden changes in wind [86, 231, 232]. 
To prevent the representation of plume signals that do not exhibit a Gaussian shape by 
Gaussian curves, quality control is performed to exclude these from further analysis. 
Nevertheless, the resulting plume characteristics will be dependent upon the chosen fitting 
function. It should furthermore be noted that the noise surrounding plume signals may impact 
plume characteristics, which in the chosen approach is neglected. Additionally, the amplitude 
threshold below which plumes are not considered to be overlapping may influence the results, 
especially for peaks that are close to this threshold value. Therefore, a sensitivity analysis will 
be conducted.  
 

5.6 Plume characterisation 
After representing each plume by a Gaussian, plumes are characterised in terms of several 
parameters. Before computing these parameters, pollutant concentrations are converted from 
ppb to µg/m3 (see Appendix B.1) as air quality research commonly reports concentrations in 
terms of mass.  
 
5.6.1 Geometrical plume parameters 

Plumes are characterised in terms of five geometrical parameters. The first parameter is the 
plume width, which is the difference between the plume’s start- and end time and represents 
the duration of a plume at the measurement site. The second parameter is the plume area, 
which represents the cumulative pollutant concentrations over time caused by an aircraft 
operation at the measurement site. This parameter is estimated by computing the Area Under 
the Curve (AUC) with the trapezoidal rule using the function metrics.auc() of Sklearn [233]. For 
NOx, the area is obtained by expressing NO in terms of NO2 using the ratio of their molecular 
weights (30.0061 and 46.0055 for NO and NO2 respectively) as shown in Equation 5.16. 
Hereby ANO and 𝐴𝐴𝑁𝑁𝑂𝑂2represent the area of NO and NO2 respectively.  
 

 𝐴𝐴𝑁𝑁𝑂𝑂𝑥𝑥 =
46.0055
30.0061

× ANO + 𝐴𝐴𝑁𝑁𝑂𝑂2  
(5.16) 

 
The third parameter is the Gaussian peak height, which represents the maximum ground level 
pollutant concentration caused by an aircraft at the measurement site. The fourth parameter is 
the peak time, which is the time associated with the Gaussian plume’s peak height. The peak 
concentration of NO and NO2 are used as inputs in Equation 5.16 to get the NOx peak height. 
The fifth parameter is the peak height of an equivalent top-hat representation (see Figure 5.10) 
of the Gaussian plume, which is obtained by dividing the area of the Gaussian plume by its 
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width. The top-hat peak represents the average ground level pollutant concentration caused 
by an aircraft operation at the measurement site.  
 

 
 Figure 5.10: Visualisation of parameters used to characterise plume signals whereby the 

horizontal axis represents (part of) a symmetric six-minutes window centred 
around the (refined) EPA time 

5.6.2 NO to NO2 ratio  

Currently uncertainties exist in the relative proportions of the compounds of NOx (NO and NO2) 
[38]. To increase understanding in this area, the ratio of NO to NO2 is computed based upon 
the ratio of the Gaussian peak concentrations of these pollutant species.  
 
5.6.3 SO2-based emission indices 

SO2-based emission indices are computed using Equation 5.17 with 𝐴𝐴(𝑝𝑝) and 𝐴𝐴(𝑆𝑆𝑆𝑆2) the 
plume area of pollutant p and SO2 respectively. Similar to other research (e.g. [234, 235]), it is 
hereby assumed that all sulphur is converted into SO2. As the ICAO Emissions Databank [150] 
does not specify values for the SO2 emission index, literature reviews of Lee et al. [90], Gierens 
et al. [236], Tait et al. [121] and Masiol and Harrison [3] were used instead. These studies were 
in agreement that the global mean SO2 emission index is ~0.8 g/kg, hence similar to other 
research (e.g., [234, 237–239]) this value has been used for 𝐸𝐸𝐼𝐼SO2. 
 

𝐸𝐸𝐼𝐼𝑋𝑋 =
𝐴𝐴(p)
𝐴𝐴(SO2) × 𝐸𝐸𝐼𝐼SO2  

(5.17) 

 

5.7 Quality control  
To ensure the quality of resulting plume characteristics data is automatically and manually 
screened.  
 
5.7.1 Automated data screening 

Plumes are automatically screened based on three criteria to filter out erroneous and 
questionable plumes. The first criterion is that aircraft must have passed the plume release 
point with a crosswind in the direction of the sensor nodes of >2 m/s. The second criterion is 
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that the actual peak of the filtered plume signal must be within ±30 s of the (refined) Estimated 
Plume Arrival (EPA) time. Analysis revealed that the shortest time in between two aircraft 
operations is ~50 – 60 s. Allowing for some margin in the inaccuracy of the refined EPA time, 
it is considered uncertain to which aircraft operation a plume belongs when the offset is >30 s. 
For overlapping plumes, each plume must be within ±30 s of its associated (refined) EPA time 
to prevent plumes from being separated while they may belong to the same aircraft operation. 
The third criterion is that the goodness of fit metrics discussed in Section 5.5.1 do not exceed 
predefined thresholds. These are set to R2 > 0.6, |𝜒𝜒2∗(𝑝⃗𝑝)| < 90, a percentage difference 
between the peak of the filtered plume signal and the peak of the fitted curve <20% and a 
percentage difference of the area under the curve of the unfiltered plume signal and the fitted 
curve of <20%. If any of these criteria are not met, the plume is classified as ‘rejected’ and 
excluded from further analysis. Examples of rejected plumes are shown in Figure 5.11.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.11: Rejected as no peak could be identified within 30 s of the (refined) EPA time 

(a), rejected as an overlapping peak could not be coupled to an aircraft 
operation (b), rejected based on goodness of fit metrics (c) and the figure 
legend (d) 

5.7.2 Manual verification    

The correct estimation of the (refined) EPA time is manually inspected using intervals of >20 
minutes in time-series during which only a single aircraft made use of the Polderbaan runway. 
Due to the absence of other aircraft, it could be verified for these aircraft that the (refined) EPA 
time was correctly estimated. Besides verifying the correct (refined) EPA time estimation, 
outliers, which are values that are inconsistent with the remainder of the data set, were 
manually inspected [180]. Outliers were detected by generating box-plots and dealt with 
following the proposed method of Motulsky et al. [240]. Hereby it is first verified whether the 
outlier still yields a realistic value. Next, the input and performance of the algorithm are 
investigated after which the algorithm is adjusted in case of a mistake. Lastly, measurement 
notes are conducted to verify that no anomalies could have caused the outlier.  
 

(b) (a) 

(c) (d) 
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5.8 Estimation of NO2 plume characteristics  
For departing aircraft mostly NO plumes passed quality control while only a relatively small 
proportion of NO2 plumes met the quality control criteria. One of the reasons for this, is that 
the observed NO2 plumes were frequently not Gaussian shaped and therefore did not meet 
the predefined thresholds of the goodness of fit metrics. However, as shown in Figure 5.12 
signals of NO and NO2 track well with each other, with peaks being closely aligned and the 
plume width of NO2 typically being smaller than the width of the NO plume. In case an NO 
plume passed quality control and the corresponding NO2 plume did not, the NO2 signal in 
between the start- and end point of the NO plume is therefore used to approximate the plume 
area- and peak of NO2. It should be noted that this approximation may be less accurate.  

 
Figure 5.12: Time-series showing the observed pollutant concentrations of NO and NO2  

5.9 Summary  
To identify aircraft exhaust plumes in the observed air pollution data, first the time is estimated 
when an aircraft gives rise to a peak concentration (referred to as the EPA time) based on the 
ambient wind and the perpendicular distance to the runway. To estimate this time more 
accurately, a constant time factor is added to the EPA time to get the refined EPA time. Peaks 
near this time above an amplitude threshold are identified after which the associated start- and 
end point are found based on changes in the first derivative. The peak closest to the refined 
EPA time is coupled to the aircraft operation. Hereafter the identified plume signals are fitted 
with a Gaussian curve. For well resolved plumes, the tails of the Gaussian fitting are forced to 
go to the baseline by superimposing a Gaussian curve on top of the fitted curve whereas for 
overlapping plumes a multi-Gaussian fitting is performed from which the individual Gaussians 
are extracted. Finally, plumes are characterised in terms of geometrical parameters, the ratio 
between NO and NO2 and SO2-based emission indices. For NO2 this approach could typically 
not be followed, but as this pollutant species tracks well with NO the NO2 signal in between 
the start- and end point of the NO plume was used to characterise NO2 plumes.  
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6  Aircraft emissions estimation method 
 
This chapter discusses the method utilised to compare the obtained peak pollutant 
concentrations of aircraft operations to certified pollutant concentrations. For this, a (simple) 
dispersion model is used. The model description and implementation method will be discussed 
in Section 6.1. The chapter concludes with a summary in Section 6.2.  
 

6.1 Model description and implementation  
Observed peak pollutant concentrations of aircraft exhaust plumes are compared to estimated 
concentrations using the model shown in Equation 6.1 [1, 102]. In this equation E represents 
the combined emission rate of all engines, u the ambient wind speed (assumed to be constant) 
and R the radius of the aircraft exhaust plume at the downwind location for which the pollutant 
concentration is estimated. This model was used due to its low level of complexity and as 
Barrett et al. [1, 102] stated that the model agrees within ~20 – 30% with concentrations 
measured at approximately the same distance from a runway as this research.  
 

𝜒𝜒 = �
𝐸𝐸

𝜋𝜋𝜋𝜋𝑅𝑅2
 within the plume 

0  outside the plume 
 

 
(6.1) 

 
The chosen model is a simple two-dimensional model that assumes the plume dispersion to 
follow a top-hat distribution. The impact of the aircraft on plume dispersion are neglected. 
Furthermore, it is assumed that the plume is emitted and measured at ground level in the 
absence of plume rise. This plume is brought to the sensor nodes unobstructed by a constant 
speed that is equal to the wind speed. Lastly, it is assumed that the peak pollutant 
concentration is not influenced by other pollutant sources and that no chemical reactions are 
taking place. The chosen dispersion model therefore only serves to gain a crude approximation 
of peak concentrations.  
 
It is worth mentioning that the same model was implemented during previous research of Maes 
[63]. A critical view on the implementation of Maes is provided in Appendix C.1. A different 
method was used during this follow-up research, which will be discussed in the remainder of 
this chapter.  
 
6.1.1 Plume radius  

It was reported by Barrett et al. [1, 102] that following mass conservation R2 can be computed 
using Equation 6.2. In this equation the 𝜎𝜎 parameters represent the two-dimensional dispersion 
of the plume (i.e., the plume spread) with 𝜎𝜎𝑦𝑦 and 𝜎𝜎𝑧𝑧 the horizontal (𝜎𝜎𝑦𝑦) and vertical (𝜎𝜎𝑧𝑧) 
dispersion coefficients [124, 241, 242].   
 

𝑅𝑅2 = 2𝜎𝜎𝑦𝑦𝜎𝜎𝑧𝑧 
 

(6.2) 

In order to estimate these dispersion coefficients various approaches exist, whereby for this 
research a look-up table (presented in Table C.4 in Appendix C.2) of Briggs [243] is used. This 
table lists empirical expressions for 𝜎𝜎𝑦𝑦 and 𝜎𝜎𝑧𝑧. These empirical expressions are dependent 
upon the streamwise distance S, which is the distance along which the plume travels from the 
source to the downwind sensor node. The simplified assumption is made that aircraft are 
stationary sources releasing a passive plume (i.e., neglecting the initial velocity given to the 
plume by engine thrust). In this case S can be computed using Equation 6.3 with d the 
perpendicular distance to the runway, and U and V the headwind and crosswind components 
of the ambient wind.  
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 𝑆𝑆 = 𝑑𝑑�1 + (𝑈𝑈/𝑉𝑉)2 (6.3) 

 
Besides the streamwise distance S, the empirical expressions to estimate 𝜎𝜎𝑦𝑦 and 𝜎𝜎𝑧𝑧 depend 
upon the atmospheric stability. In a stable atmosphere an air parcel, after being displaced 
upwards or downwards, tends to return to its original elevation after the displacement force 
ceases whereas in an unstable atmosphere the air parcel would continue to move in the 
direction of the displacement. In a neutral atmosphere the air parcel remains at the elevation 
to which it was displaced after the displacement force ceases [244, 245]. To estimate the 
atmospheric stability at a specific moment in space and time Pasquill stability classes are used. 
There are six classes, denoted by letters A to F. The classes relevant for this research are A, 
B, C and D which indicate extremely unstable, moderately unstable, slightly unstable and 
neutral atmospheric conditions respectively [242]. It should be noted that more advanced 
methods exist to determine the atmospheric stability, but Pasquill stability classes are able to 
provide a quick estimate of reasonable accuracy [242, 244, 246]. 
 
To determine the Pasquill stability class the ambient wind speed and an estimation of the 
insolation strength are used. To estimate the insolation strength, first the solar elevation angle 
(𝜓𝜓) is estimated, which is the angle between the direction of the Sun and the local vertical 
[247]. This angle is computed using the location.get_solarposition() function of Pvlib [248] 
based on the position of the sensor node, the measurement date and the (refined) estimated 
plume arrival time. Next an insolation strength category is found using the procedure of Luna 
et al. [248, 249]. Hereby first an insolation code is obtained based on 𝜓𝜓 using a look-up table 
(Table C.1 in Appendix C.2). Subsequently, this code is used to retrieve the insolation strength 
from a second look-up table (Table C.2 in Appendix C.2). Hereby it is assumed that clouds did 
not impact the insolation strength as METARs reported a low19 cloud coverage. Based on this 
insolation strength the Pasquill stability class is determined using a third look-up table (Table 
C.3 in Appendix C.2).  
 
Using the obtained Pasquill stability class, the dispersion parameters 𝜎𝜎𝑦𝑦 and 𝜎𝜎𝑧𝑧 are estimated 
using empirical expressions of Briggs [243] (see Table C.4 in Appendix C.2). As thermal 
convection and atmospheric turbulence are enhanced in urban areas compared to rural areas, 
these expressions are published for two types of terrain roughness: open-country (i.e., rural) 
conditions and urban conditions [241, 250]. In line with similar research of Barrett et al. [1, 102] 
urban conditions are assumed to be applicable, but a sensitivity analysis is performed to 
quantify the difference when open-country conditions are used instead.  
 
6.1.2 Emission rate  

The emission rate E is obtained by multiplying the fuel flow with the emission index and the 
number of engines that the aircraft is equipped with. The emission indices and fuel flow are 
obtained from the ICAO Emissions Databank [150], which are published for different thrust 
settings as a percentage of the rated thrust F00 (hereafter referred to as % F00). ICAO assumes 
that aircraft take off at 100% F00, but literature indicated that aircraft rarely use this thrust setting 
to extend the engine’s life cycle and reduce maintenance cost [1, 251–254]. As the actual 
thrust setting is not known for this research, a representative thrust setting was determined 
based on literature.  
  
A study of King et al. [255] revealed that for Boeing 777 aircraft the average [minimum, 
maximum] thrust is ~79.2% [74.6%, 99.5%] F00 at London Heathrow Airport and ~83.9% [67%, 
99.4%] F00 at London Gatwick Airport. Another study, conducted by Koudis et al. [256], showed 
that the average [minimum, maximum] thrust A319 aircraft is ~78.9% [67%, 97%] F00 at London 

 
19 Cloud cover was reported as ‘few’ (i.e., a cover of 1/8th to 2/8th octas) for the majority of the obtained data.  
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Heathrow Airport. Morris [257] found that (depending on the aircraft-engine combination) the 
minimum thrust utilised at London Heathrow Airport is 60 – 75% F00. Lastly, a study of Sherry 
[258] revealed that the average take-off thrust at Chicago O’Hare airport equals 86% F00 with 
a standard deviation of 11%.  
 
Based on this it can be concluded that the thrust setting can range from as low as ~60% F00 to 
as high as ~100% F00 with (assuming an equal weight of each study) a mean value of the 
average thrust of ~82% F00. The results for this research will therefore be presented for an 
assumed thrust setting of 82% F00 with error bars displaying the results for thrust settings 
ranging between 60% F00 and 100% F00. It is acknowledged that the 60% F00 may not be fully 
representative for each aircraft operation as the minimum allowable thrust setting may be 
higher for certain aircraft-engine combinations and meteorological- and operating conditions 
[251, 257].  
 
After looking into take-off thrust settings, a similar analysis is performed for landing aircraft. 
According to ICAO the landing roll corresponds to a thrust setting of 7% F00, but aircraft may 
use reverse thrust in excess of idle thrust [150]. Only two studies in the last two decades could 
be found that looked into this. The first study, conducted by Morris [259], reported that ~3% of 
Boeing 777-200’s, ~6% of Boeing 747-400’s and ~13% of Boeing 767-300’s used more than 
idle reverse thrust at London Heathrow Airport. This suggests that normally not more than idle 
reverse thrust is used, which has been confirmed by other reports (see e.g., [3, 108, 135]). The 
second study, conducted by Noel and Boeker [116], revealed that the average thrust during 
thrust reverser deployment is ~32% F00 for the A320, ~41% F00 for the B737-400, ~28% F00 for 
the B767-200ER and ~6% F00 for the B747-400. Based on this, the results will therefore be 
reported for an assumed thrust setting of 7% F00 with error bars indicating the results for thrust 
settings ranging between 7% F00 to 41% F00.  
 
After determining representative (reverse) thrust settings, the fuel flow and emission index 
need to be retrieved. However, these are only published in the ICAO Emissions Databank 
[150] for 7%, 30%, 85% and 100% of the rated thrust. Furthermore, the values are reported 
for standard atmospheric conditions and do not consider that bleed air is extracted from the 
engines (hereafter referred to as engine installation effects). To compute the emission indices 
and fuel flow for intermediate thrust settings and to correct for ambient conditions and engine 
installation effects, the Boeing Fuel Flow Method 2 (BFFM2) is used. This method is 
recommended by ICAO and has been extensively used in research (see e.g., [6, 260–262]).  
 
The BFFM2 was implemented as described by Dubois [252] except for the humidity correction 
term for which the formula of Schaefer and Bartosch [263] was used [263]. Some engine 
models are known to raise issues when using the BMFF2, as the certified data is not in line 
with the expectations on which the BFFM2 methodology is based [264]. The SAGE Technical 
Manual [265] provides an overview of these issue cases and suggests ways to resolve them, 
which have been implemented accordingly in this research. A description of the 
implementation of the BFFM2 and the way issue cases are handled can be found in Appendix 
C.3. After obtaining the emission rate, the peak pollutant concentration of the plume can be 
computed using Equation 6.1.  
 

6.2 Summary  
Peak concentrations are estimated using a simple dispersion model and certified emission 
data. To compute the emission rate, certified emission indices and fuel flow rates are used for 
an assumed thrust setting of ~82% of the rated thrust (F00) for take offs and 7% F00 for landings 
based on literature. However, the results will also be presented for thrust settings ranging 
between 60% F00 and 100% F00 for take offs and 7% F00 to 45% F00 for landings. To compute 
the emission indices and fuel flow rates for intermediate thrust settings and to correct for 
ambient conditions and engine installation effects, the Boeing Fuel Flow Method 2 is used.  
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Part III: Findings, conclusions and 
recommendations 
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7 Results and discussion 
 
In this chapter the results are presented, discussed and compared to existing research. Section 
7.1 till Section 7.4 present the results of the downwind-, upwind-, co-location- and near engine 
exit plane experiment respectively. Thereafter Section 7.5 compares the obtained results to 
certified emissions. Lastly, Section 7.6 provides a summary of the chapter.  
 

7.1 Downwind experiment  
This chapter starts off by discussing the results of the downwind experiment whereby one 
sensor node was placed downwind to measure the air pollution confined in aircraft exhaust 
plumes. With respect to these results, it should be kept in mind that around Schiphol airport 
yearly average ambient concentrations of NOx, NO2, SO2 and CO are ~15 – 30 µg/m3 [266].  
 
7.1.1 Analysis based on flight activity   

Local air pollutant concentrations (i.e., concentrations for which the background concentration 
has been removed) showed significant differences between departing- and landing aircraft and 
between pollutant species. Departing aircraft typically led to significant NOx concentrations 
above the background with an average local peak (i.e., maximum) concentration of ~465 
µg/m3. In terms of the individual components of NOx, significant local concentrations could be 
observed for NO with an average peak concentration of ~244 µg/m3. These NO peaks were 
generally accompanied by discernible increases in NO2 with an average local peak 
concentration of ~81 µg/m3. Conversely, the remaining analysed pollutant species showed a 
continuously oscillating signal with an amplitude of ~40 µg/m3 for CO and ~30 µg/m3 for SO2 
irrespective of aircraft activity. It was expected that higher concentrations of NOx (NO and NO2) 
were measured compared to other species, as the rate at which CO and SO2 are emitted at 
high thrust settings is significantly lower compared to NOx (see Appendix D.1.1) [73, 109, 150].  
 
Existing literature to compare these values to is scarce and is generally limited to NOx. The 
comparison is therefore only performed for this pollutant species using Table 7.1, whereby it 
should be kept in mind that the applied measurement technique, data processing methods as 
well as meteorological- and operating conditions can impact peak concentrations. From this 
table it can be concluded that other research observed aircraft attributable NOx peak pollutant 
concentrations of the same order of magnitude as this research. A potential explanation for the 
lower concentrations reported by Bossioli et al. [72, 267] is that plumes may have travelled 
over longer distances compared to this research due to the relatively small angle between 
departing aircraft and the wind direction.  
 
Table 7.1: Observed aircraft attributable NOx peak concentrations (i.e., the maximum 

background-subtracted concentrations resulting from departing aircraft) by this 
research and similar existing research  

Measurement location Observed local NOx peak 
concentrations [µg/m3] 

of departing aircraft 

Source 

~180 m perpendicular to runway 
27R of London Heathrow Airport 

120 – 760 Carslaw et al. [37, 67] 

~210 m perpendicular to runway 
03L of Athens International 

Airport 

25 – 460 Bossioli et al. [72, 267] 

~190 m perpendicular to runway 
36L of Schiphol Airport 

168 – 1561 This research 
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Contrary to departing aircraft, substantial NO and NO2 concentrations above the background 
were typically absent for landing aircraft. Instead, their time-series showed a continuously 
oscillating signal up to ~30 µg/m3 regardless of the presence of aircraft. Besides, similar to 
departing aircraft the SO2 time-series showed a continuously oscillating signal with an 
amplitude of ~20 µg/m3 irrespective of aircraft activity. However, opposed to aircraft taking off, 
landing aircraft typically showed substantial CO concentrations above the background with a 
mean peak height of ~48 µg/m3. Higher concentrations of CO were expected compared to the 
other pollutant species, as the rate at which CO is emitted during landings is substantially 
higher compared to NOx and SO2 (see Appendix D.1.1) [73, 109, 150].  
 
Consequently, it was (for the large majority of aircraft) deemed impossible to unambiguously 
assign SO2, NO and NO2 peaks to landing aircraft and CO and SO2 peaks to departing aircraft. 
Therefore, landings are only analysed in terms of CO while the analysis of take offs is limited 
to NO and NO2. However, it is worth mentioning that for <15% of the aircraft operations 
substantial local NO concentrations accompanied by discernible increases in NO2 could be 
observed near the (refined) Estimated Plume Arrival (EPA) time. An example of this is shown 
in Figure 7.1 around 11:48 UTC for a B77W and near 12:02 UTC for a B744.  

 
Figure 7.1: Filtered signal of local time-series together with the (refined) estimated plume 

arrival time of landing aircraft for the measurement conducted at 22-01-2021 

These are believed to be associated with aircraft utilising more than idle reverse thrust for three 
reasons. Firstly, the plumes exhibit an NO/NO2 ratio much larger than unity. Research of Wood 
et al. [17] stated based upon measurements of a CFM56-3B1 engine that in excess of 98% of 
NOx consists of NO2 at idle thrust while at 65 – 100% thrust over 90% of NOx consists of NO. 
For the B77W and B744 of Figure 7.1 the NO/NO2 ratios are ~6 and ~3 respectively, indicating 
that most NOx consists of NO which suggests the use of a high thrust setting. 
 
Secondly, the plumes exhibit a CO/NOx ratio much lower than unity which, similar to a high 
NO/NO2 ratio, corresponds to a high thrust setting. For example, a study of Yu et al. [268] 
stated that this ratio is significantly higher than unity for idle thrust. Another study conducted 
by Timko et al. [51] reported that that the NOx/CO ratio ranges from ~4 – 6 for idle thrust and 
decreases monotonically to ~0.05 at maximum thrust. However, it is expected that this ratio 
was incorrectly reported and the values correspond to the inverse ratio (CO/NOx) instead. The 
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CO/NOx ratios of the B77W and B744 of Figure 7.1 are ~0.07 and ~0.08 respectively, which 
suggests that a high thrust setting was used.  
 
Lastly, measurement notes frequently stated that around the time significant NO peaks were 
present in time-series a large increase in engine spool-up noise could be observed. However, 
as this is subjective more research is needed to confirm that these NO and NO2 peaks are 
associated with more than idle reverse thrust operations. 
 
7.1.2 Automated screening- and goodness of fit results  

The results of the automated screening that took place as part of quality control are presented 
here together with an assessment of how well the Gaussian fitting matches the observed plume 
signals. During the downwind experiment 405 aircraft operations were measured including 165 
take offs and 240 landings. In terms of departing aircraft, ~52% of the NO plumes (equivalent 
to 85 plumes) and ~25% of the NO2 plumes (leading to 42 plumes) passed quality control. 
Regarding landing aircraft ~57% of the CO plumes (corresponding to 137 plumes) met the 
quality control criteria. The percentage of plumes passing quality control tends to be higher 
during higher crosswind speeds and differed up to ~30% among measurement dates (see 
Appendix D.1.2).  
 
Regarding CO plumes of landing aircraft and NO plumes of departing aircraft, the main reason 
for plumes not to pass quality control is two-fold. Firstly, ~45% of the CO plumes and ~31% of 
the NO plumes showed overlap with another plume whereby the overlapping plume could not 
be coupled to another aircraft operation. Secondly, for ~35% of the CO plumes and ~44% of 
the NO plumes no peak could be identified within 30 seconds of the (refined) EPA time. This 
may be attributable to plume peaks being below the amplitude threshold or by the offset 
between the estimated- and actual plume arrival time being too large. With respect to NO2 of 
departing aircraft, plumes mainly failed to pass quality control by not passing the goodness of 
fit criteria (~47%) or because overlapping plumes could not be coupled to aircraft operations 
(~45%)20. A detailed overview of the automated screening results is provided in Appendix 
D.1.2.  
 
To investigate whether differences can be observed in the number of plumes passing quality 
control for different aircraft types, Figure 7.2 shows for various aircraft types the percentage of 
plumes passing quality control together with the number of times the aircraft type was 
encountered. With respect to departing aircraft, a slightly higher percentage (~58% versus 
~49%) of NO plumes passes quality control for large aircraft compared to medium-sized ones. 
This difference is more pronounced for landing aircraft, with ~76% of the CO plumes of large 
aircraft meeting the quality control criteria compared to ~54% for medium-sized aircraft. The 
higher proportion of plumes of large aircraft passing quality control may be attributable to the 
amplitude threshold. Occasionally for some medium-sized aircraft the peak closest to the 
refined EPA time did not exceed the selected amplitude threshold such that no plume was 
identified.  
 

 
20 Note that plumes may not pass multiple quality control criteria, but the algorithm terminates for an aircraft operation after failing 
to pass a criterium such that the sequence in which the algorithm evaluates criteria influences the specified percentages.   
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Figure 7.2: Number of times specific aircraft types were encountered versus the percentage 

of plumes passing quality control 

For the plumes passing all automated screening criteria21 the mean and standard deviation of 
the goodness of fit metrics described in Section 5.5 are presented in Table 7.2. Based upon 
these values it can be concluded that the Gaussian curve is a suitable representation for the 
actual plume signals. For all pollutant species the average percentage difference of the actual 
plume area and area of the Gaussian fitting is <10%. Similarly, the average percentage 
difference of the peak of the filtered plume signal and peak of the Gaussian fitting is <10% for 
all pollutant species. The reader is referred to Appendix D.1.3 for the results of the goodness 
of fit assessment per measurement date and per aircraft type.  
 
Table 7.2: Mean (and standard deviation) of the coefficient of determination (R2), absolute 

value of the reduced Chi-squared (|𝜒𝜒2∗|), Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE), percentage difference between the area of the 
unfiltered plume signal and the Gaussian fitting (Adifference) and percentage 
difference between the peak pollutant concentration of the filtered plume signal 
and the Gaussian fitting for plumes passing quality control (Pdifference) 

     
Species 

R2 

[-] 
�𝛘𝛘𝟐𝟐∗� 
[-] 

MAE 
[𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

 

RMSE 
[𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

 

Adifference 
[%] 

Pdifference 
[%] 

CO 0.882 (0.073)   4.1 (8.0) 3.5 (1.9) 4.3 (2.2) 4.7 (6.7) 4.2 (3.8) 
NO 0.825 (0.104) 19.5 (19.1)  18.5 (15.6) 23.1 (19.6) 5.4 (5.4) 5.0 (4.6) 
NO2 0.741 (0.088)  6.7 (6.2) 6.5 (1.9) 7.9 (2.2) 8.1 (6.5) 6.8 (2.2) 

 
 

 
21 In this table Adiff and Pdiference include well resolved plumes (see Section 5.5) while the remaining parameters include both well 
resolved plumes and overlapping plumes21.  
 

B738 

 Medium-sized aircraft 
Large aircraft  

E190 E75L 

B789 

B737 
A320 B77W 

E295 

A388 

A319 

B772 

B77L, B739, B744, A333 

A20N 

A21N, B38M 

E190 

B738 

E75L 
B772 

B789 

A320 A333, B788 

A21N, B38M 

B763 

A339 B77W, A359 
A20N 

B77L A319 B788 

CRJ9 

B78X, B739 
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7.1.3 Aircraft-specific plume characteristics  

For the plumes passing the automated screening criteria the results are analysed in terms of 
specific aircraft types. The upper graph of Figure 7.3 (a) shows the cumulative aircraft 
attributable NOx concentrations over time (i.e., the area under the curve of plume signals in 
pollutant time-series) for different aircraft types. The aircraft types are sorted from low to high 
Maximum Take Off Weight (MTOW) and classified as ‘medium-sized’ or ‘large’ according to 
their ICAO Wake Turbulence Category (WTC) [269]. The lower graph of Figure 7.3 (a) shows 
the certified NOx emission rate of the aircraft-engine combinations on which the top of Figure 
7.3 (a) is based. The emission rate has been computed by multiplying the product of the fuel 
flow and emission index of the ICAO Emissions Databank [150] by the number of engines that 
the aircraft is equipped with under the assumption that aircraft take off using their maximum 
rated thrust. However, as the actual thrust setting is unknown error bars show the emission 
rate for thrust settings of 60 – 100% of the rated thrust. The reader is referred to Appendix 
D.1.3 for the cumulative aircraft attributable concentrations in terms of NO and NO2.  
 

 
Figure 7.3: Observed background-subtracted cumulative pollutant concentrations over time 

for different aircraft-engine combinations (upper graph) and the ICAO emission 
rate for the same aircraft-engine combinations (lower graph) for NOx of 
departing aircraft (a) and CO of landing aircraft (b)  

Significant differences in cumulative NOx concentrations exist among aircraft types. In the 
upper graph of Figure 7.3 (a) a systematic dependency on aircraft size is evident whereby 
large aircraft exhibit on average ~3.5 times higher cumulative NOx concentrations (~21261 
µg/m3.s) compared to medium-sized ones (~6049 µg/m3.s). The same conclusion can be 
drawn when looking at the maximum NOx concentration (i.e., the peak height of plume signals 
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in local pollutant time-series) and the average plume concentration (i.e., the area over the width 
of plume signals in local pollutant time-series) as shown in Appendix D.1.3.  
 
Similar to the observed cumulative NOx concentrations, the certified NOx emission rate is larger 
for large aircraft compared to medium-sized ones as shown in the lower graph of Figure 7.3 
(a). Furthermore, the upper graph and lower graph of Figure 7.3 (a) show (roughly) a similar 
trend for the aircraft types between the B738 and the B789. However, the certified NOx 
emission rate is lowest for the E75L while this aircraft type did not yield the lowest cumulative 
NOx concentrations. Furthermore, the B78X yields the highest cumulative NOx concentrations 
despite the B77L, B772, B77W and B744 having a higher certified emission rate (assuming all 
aircraft depart at 100% of the rated thrust). Besides, the B772 and B77W were not among the 
aircraft with the highest cumulative NOx concentrations even though they exhibit the largest 
certified emission rate.  
 
Similar to this research, Carslaw et al. [37, 67], Stacey et al. [52] and Synlo et al. [267]  
observed that larger aircraft result in higher downwind NOx concentrations compared to 
medium sized ones. In line with the findings of this research, Carslaw et al. [37, 67] furthermore 
observed a trend of progressively higher peak concentrations for the A319, A320, B738 and 
A332 (see Table 7.3). Besides, the mean NOx peak concentrations reported by Carslaw et al. 
[37, 67] were within 20 – 40 % of the ones observed during this research, except for the A332 
for which the mean NOx peak concentration was ~82% higher during this research. However, 
it should be kept in mind that the applied measurement technique, data processing methods 
as well as meteorological- and operating conditions may impact peak concentrations.   
 
Table 7.3: Difference in mean NOx peak concentration observed during this research and 

similar research of Carslaw et al. for different aircraft types  

Aircraft 
type 

Mean NOx peak 
concentration 

observed during this 
research [𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

Mean NOx peak concentration 
observed by Carslaw et al. [37, 67] 

[𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

Percentage 
difference [%] 

A319 197 133 ~39 
A320 215 161 ~29 
B738 229 185 ~21 
A332 893 374 ~82 

 
After analysing the differences with respect to aircraft size, a similar analysis is performed to 
investigate potential discrepancies between older and more modern aircraft. The A320 exhibits  
on average ~8% higher cumulative NOx concentrations compared to the A20N, which is the 
latest type of the same aircraft series [270]. Similarly, on average cumulative NOx 
concentrations of the A319 are ~13% higher compared to the more modern E190 [270, 271]. 
Conversely, on average ~9% higher cumulative NOx concentrations can be observed for the 
A339 compared to the older A332 [272]. 
 
Regarding these findings, it is important to note that these differences may be attributable to a 
difference in thrust setting, which (among other factors) depends on the aircraft’s weight. The 
A319 has a higher Maximum Take Off Weight (MTOW) (~64 000 kg) compared to the E190 
(~46 000 kg) [270, 271]. Similarly, the A332 has a higher MTOW than the A339 (~230 000 kg 
for the A332 compared to ~251 000 kg for the A339) [270, 271]. Aircraft with a higher MTOW 
may have taken off at a higher weight, which requires more thrust and increases NOx 
emissions [67, 109, 150, 273]. More research is therefore required to assess whether a trend 
exists between the cumulative NOx concentrations of modern aircraft compared to older 
aircraft.  
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After evaluating the difference between aircraft types, it is interesting to note that cumulative 
NOx concentrations vary in excess of 50% for aircraft of the same type. A potential explanation 
for this is that aircraft of the same type may be equipped with different engine models. 
Additionally, an aircraft type may consist of various airframe models (e.g., four in case of the 
B739) that can potentially have a different impact on the dispersion of exhaust plumes. 
However, even for unique airframe-engine combinations (for example the Boeing 737-800 
with CFM56-7B26E engines) differences in excess of 50% are present. The same was 
observed by research of Carslaw et al. [37, 67], in which peak concentrations varied up to 41% 
for aircraft utilising the same airframe- and engine model. It is expected that this variability is 
associated with differences in meteorological- and operating conditions, such as the thrust 
setting [37, 67]. Besides, other factors such as the engine-to-engine variability (due to 
manufacturing tolerances and engine state) are likely to contribute to this [37, 67, 71].  
 
After analysing NOx of departing aircraft, the same analysis is performed in terms of CO for 
landing aircraft using Figure 7.3 (b). In this figure the upper graph shows the cumulative aircraft 
attributable CO concentration over time for different aircraft types whereby aircraft are sorted 
from low to high MTOW. The lower graph of Figure 7.3 (b) shows (for the same aircraft-engine 
combinations on which the top of Figure 7.3 (b) is based) the certified CO emission rate at an 
assumed idle thrust setting equal to 7% of the rated thrust. However, as aircraft may use 
reverse thrust, error bars show the emission rate for thrust settings of 7 – 41% of the rated 
thrust. 
 
Unlike the cumulative NOx concentrations of departing aircraft, no dependency on aircraft size 
can be observed regarding cumulative CO concentrations of landing aircraft. However, similar 
to NOx plumes of aircraft that are taking off, cumulative CO concentrations vary in excess of 
50% between aircraft operations of the same type. This is expected to be attributable to 
differences in engine- and airframe models, engine-to-engine variability and difference in 
meteorological- and operating conditions (e.g., the use of reverse thrust) [37, 67, 71].  
 
The bottom of Figure 7.3 (b) shows that, similar to the observed cumulative CO concentrations, 
no consistent trend is evident between the rate at which CO is emitted and aircraft size. The 
lowest certified CO emission rate is prominent for the E75L, which also yields the lowest 
observed cumulative CO concentrations. Conversely, the A20N exhibits a lower certified CO 
emission rate compared to the A320, A319, B737 and E190 but this is not reflected in the 
cumulative CO concentrations. Another interesting observation is that the B77L and B77W 
exhibit approximately the same certified CO emission rate, which is higher compared to the 
emission rate of the other aircraft types. However, the B77W is among the aircraft with the 
highest cumulative CO concentrations while the B77L is not. This may be indicative of the 
frequent use of (more than idle) reverse thrust for this aircraft type, as ~40% of the aircraft 
operations for which it was expected that more than idle reverse thrust was used were a B77L. 
Nevertheless, more research is needed into this matter.   
 
After looking into cumulative pollutant concentrations, it is investigated how the duration of 
aircraft plumes varies among aircraft types. Note that this duration corresponds to the width of 
the Gaussian representation of a plume signal in pollutant time-series. On average plumes last 
for ~64 s, ~76 s and ~93 s for NO, NO2 and CO respectively whereby Figure 7.4 reveals the 
width to be independent of aircraft size. This is in line with similar research of Carslaw et al. 
[102]. Furthermore, variations in excess of 40% can be observed in the width of plumes of the 
same aircraft type.  
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Figure 7.4: Plume width of the Gaussian representation of plumes in pollutant time-series 

(representing the duration of enhanced pollutant concentrations due to an 
aircraft) for different aircraft types for CO (a), NO (b) and NO2 (c)  

7.1.4 Engine-specific plume characteristics  

The same analysis as conducted for specific aircraft types is performed for specific engine 
models. The upper graph of Figure 7.5 (a) shows the cumulative engine attributable NOx 
concentrations over time for different engine models during take-off. Hereby it is assumed that 
each engine of the aircraft had an equal contribution, such that the cumulative NOx 
concentrations are divided by the aircraft’s number of engines to obtain the contribution per 
engine. The lower graph of Figure 7.5 (a) shows the corresponding certified NOx emission rate, 
which has been computed by multiplying the fuel flow with the emission index that are listed in 
the ICAO Emissions Databank [150]. Hereby it is assumed that aircraft take off at their 
maximum rated thrust (100% of the rated thrust). However, as the actual thrust setting is 
unknown error bars display the emission rate for settings between 60 – 100% of the rated 
thrust. The engine models are listed based upon increasingly high emission rate. The analysis 
regarding NO and NO2 is presented in Appendix D.1.4. 
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Figure 7.5: Observed background-subtracted cumulative pollutant concentrations over time 

for different engine models (upper graph) and the ICAO emission rate for the 
same engine models (lower graph) for NOx for departures (assuming 100% of 
the rated thrust with error bars down to 60% of the rated thrust) (a) and CO of 
landings (assuming 7% of the rated thrust with error bars till 41% of the rated 
thrust)  (b)  

Significant differences in cumulative NOx concentrations exist among engine models. No 
consistent trend is evident that engine models with a higher certified NOx emission rate yield 
higher cumulative NOx concentrations. The lowest cumulative NOx concentrations correspond 
to the CFM56-5B4/3, whereas the certified emission rate is lowest for the CF34-8E5. The 
certified emission rate is highest for the GE90-115B, while the highest cumulative NOx 
concentrations can be observed for the GEnx-1B76A/P2 and the GE90-110B1. Furthermore, 
differences in the mean cumulative NOx concentrations of up to ~50% exist among engine 
models of the same series. For example, the mean cumulative NOx concentration of engine 
models belonging to the CFM56-7B series differ up to 48%.  
 
After discussing the results in terms of NOx for departures, the same analysis is performed 
regarding CO for landings using Figure 7.5 (b). In this figure the upper graph shows the 
cumulative CO concentrations over time for different engine models. The lower graph of Figure 
7.5 (b) shows the certified CO emission rate for which an idle thrust setting (7% of the rated 
thrust) has been assumed. However, as aircraft may use reverse thrust error bars show the 
emission rate for settings between 7 – 41% of the rated thrust. 
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No trend is evident in Figure 7.5 (b) that engine models with a higher certified CO emission 
rate yield higher cumulative CO concentrations. The largest cumulative CO concentrations 
correspond to the CF6-80E1A3, which is also among the engines with the highest certified CO 
emission rate. The lowest certified CO emission rate is present for the CF34-8E5, which is also 
among the engine models for which the lowest cumulative CO concentrations can be observed. 
It is furthermore interesting to point out that variations up to ~50% can be observed between 
the mean cumulative CO concentration of engine models of the same series (for example for 
the CFM56-7B series).  
 
7.1.5 Correlation between area, peak and width  

After analysing engine-specific results, potential relationships between the area (i.e., the 
cumulative pollutant concentration), peak (i.e., the maximum pollutant concentration) and width 
(i.e., the plume duration) of plume signals are investigated. For this, the Pearson correlation 
coefficient r is used which can range from -1 to +1 and is indicative of the linear correlation 
between two variables A and B. A negative r indicates the tendency that when variable A 
increases variable B decreases and vice versa while a positive r indicates the tendency that 
when variable A increases variable B increases as well. When r = 0 no linear relationship exists 
between the two variables [274]. The Pearson correlation coefficient between two datasets is 
computed with Equation 7.1, with n the number of observations, 𝑀𝑀𝑖𝑖 the value at datapoint i of 
the first dataset (associated with variable A) and 𝑅𝑅𝑀𝑀𝑖𝑖 the value at datapoint i of the second 
dataset (associated with variable B). 𝑀𝑀� is the mean of the values of the first dataset and 𝑅𝑅𝑅𝑅����� is 
the mean of the values of the second dataset.  
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(7.1) 

Figure 7.6 displays the area, peak and width for the Gaussian representation of CO plumes 
(see Appendix D.1.5 for similar graphs in terms of NO and NO2). From this figure it is evident 
that an approximately linear relationship exists between the Gaussian area and peak height of 
plumes, which cannot be observed for the area and width. The Pearson correlation coefficient 
r of the area and peak equals 0.859, 0.905 and 0.725 for CO, NO and NO2 respectively, thereby 
indicating an approximately linear correlation. For the area and width r equals 0.585, 0.058 
and -0.175 for CO, NO and NO2 respectively which indicates that (mainly for NO and NO2) no 
linear correlation exists between the area and the width. Both Wei et al. [174] (who analysed 
road vehicle plumes) and research of Carslaw et al. [37, 67] (who analysed aircraft plumes) 
also concluded that no correlation exists between the plume area and the plume width. The 
peak height is therefore deemed an appropriate metric to quantify the contribution of aircraft 
operations to local air pollution, while the plume width is not.  
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Figure 7.6: Relationship between the peak height and area and width and area of Gaussian 

CO plumes  

7.1.6 Ratio between NO2 and NO 

After examining relationships among plume characteristics, the relative proportion of the two 
pollutant species forming NOx (NO and NO2) are investigated. From Figure 7.7 it becomes 
clear that (for departing aircraft) NOx mostly consists out of NO at the measurement site.  
 

 
Figure 7.7: Correlation graph between the Gaussian plume peak concentration of NO and NO2 

with an increasingly light colour depicting increased plume travel time 
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For modern high-bypass turbofan engines the large majority of NOx is emitted in terms of NO 
at higher thrust settings, but NO is converted to NO2 while the plume travels towards the sensor 
node [17, 71, 73, 110]. It is therefore expected that an increase in travelling time leads to a 
larger proportion of NO2, but this is not reflected in the data. However, Figure 7.7 shows the 
peak concentrations for various aircraft-engine combinations during different operating- and 
meteorological conditions, which can impact the relative proportions of NO and NO2 [17, 68, 
165, 275, 276]. Therefore, more research is needed to investigate this.   
 
During this research an average NO2/NO ratio of ~0.6 was observed, which is compared to the 
ratios of other research using Table 7.4. With respect to the ratios reported by existing 
literature, it should be kept in mind that meteorological- and operating conditions, the 
equipment set-up, fuel composition, engine characteristics and the chemical reactions with 
other pollutant species have an impact on the ratio between NO and NO2 [17, 68, 165, 275, 
276]. It should furthermore be noted that the NO2/NO ratio reported by Stacey et al. [52] was 
based on pollutant concentrations for which background concentrations were not subtracted, 
hence non-aircraft sources likely contributed to this ratio.  
 
Table 7.4: NO2/NO ratios of departing aircraft observed during this research and similar 

existing research   

Mean 
NO2/NO ratio   

Measurement location Number 
of plumes 

Source 

0.6 ~170 m perpendicular to runway 27R of London 
Heathrow Airport 

2877 Stacey et 
al. [52] 

0.7 ~200 m perpendicular to a runway of Athens 
International Airport 

30 Bossioli et 
al. [72] 

0.6 ~190 m perpendicular to a runway at 
Amsterdam Schiphol Airport  

85 This 
research  

 
7.1.7 Limitations  

It should be noted that the data analysed for this research includes a low (typically <10) number 
of observations per aircraft type and engine model. Furthermore, the amplitude threshold may 
introduce bias towards higher cumulative pollutant concentrations as plumes exhibiting lower 
peak concentrations may be discarded. Besides this, the method to extract the baseline may 
have impacted the results. To investigate the influence that changes to the baseline extraction 
window and amplitude threshold have on the results, a sensitivity analysis is conducted of 
which the results are presented in Appendix D.1.6.  
 
Furthermore, the results may have been influenced by environmental conditions, as the 
baseline of the gas sensor’s working electrode (which measures the ambient air pollution) 
varies with environmental conditions. To correct for this, the gas sensors are equipped with an 
auxiliary electrode which is isolated such that it remains unexposed to ambient pollutant 
concentrations. As (ideally) both electrodes respond similarly to changes in environmental 
conditions, the baseline variation of the working electrode can be removed by subtracting the 
signal of the auxiliary electrode. A detailed description of this is provided in Appendix B.1.  
 
Other research however indicated that this may be insufficient as the working electrode and 
auxiliary electrode may respond differently to changes in environmental conditions [46, 170, 
173, 277]. With respect to the sensors employed during this research, Mijling et al. [278] 
observed that the NO2 sensor’s output may no longer be representative at internal 
temperatures >30°C. Cross et al. [46] stated that environmental conditions have a large impact 
on the NO sensor’s output at internal temperatures >25°C. On the contrary, the impact was 
small on the output of the CO sensor over the analysed temperature range (up to 28°C).  
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Besides temperature, the magnitude and rate of change of relative humidity can have an 
impact on the output of the gas sensors [279]. Ahumada et al. [60] stated that the performance 
of the SO2 and NO2 sensors employed during this research are affected when the humidity is 
≲15% or ≳90% or when the humidity rapidly changes. In terms of NO, Masson et al. [280] 
observed unpredictable sensor responses when the relative humidity was ≳75%. Based on 
the temperature and relative humidity encountered during this research (see Appendix D.1.7) 
it is expected that the ambient temperature and humidity do not have a large impact on the 
results.  
 
Besides temperature and relative humidity, co-pollutants can influence the sensor response 
through chemical interference. For example, ozone is known to interfere with NO2 [43, 60]. The 
impact of this is sensor-specific and depends upon the ratio of co-pollutants to the measured 
pollutant [43]. Analysis of the influence of co-pollutants is outside the scope of this research, 
hence further research is needed to quantify this impact.  
 

7.2 Upwind experiment  
This section presents the results of the upwind experiment, whereby a sensor node was 
located upwind of an operational runway. Considerably higher concentrations are expected 
downwind of an active runway compared to upwind as aircraft exhaust plumes move downwind 
under the influence of wind [1, 51, 83–89]. This is however not reflected in the obtained data. 
For the measurement conducted on 06-05-2022 (during which the Polderbaan runway was in 
use for landings) CO concentrations upwind were typically higher than those obtained 
downwind as for example shown in Figure 7.8. The measurement performed on 25-05-2022 
showed that, although higher CO concentrations were present downwind, the concentrations 
upwind are not negligible (see Appendix D.2).  
 

 
Figure 7.8: Time-series of the local pollutant concentrations upwind and downwind of an active 

runway together with the prevailing wind and the (refined) estimated plume 
arrival time of landing aircraft for the measurement conducted on 06-05-2022 
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As aircraft exhaust plumes expand, it is investigated whether plume dimensions could have 
been large enough to enhance upwind pollutant concentrations using three studies. The first 
study was performed by Koutsourakis et al. [87], who simulated the plume of a Boeing 737 
with two CFM56-3C-1 engines and a Boeing 747 with four Pratt and Whitney 4056 engines at 
maximum take-off thrust. The second study was conducted by Underwood et al. [89] whereby 
plumes of two CFM56-X engines and two GE90-130B engines were simulated at the beginning 
of the take-off roll at 85% of the rated thrust. The third study, performed by Barrett et al. [1, 
102], modelled the plume of an A320 with V2527-A5 engines at maximum take-off thrust. 
Based upon the concentration contours reported by these studies (see Appendix D.2), it is 
unlikely that aircraft exhaust plumes reached the upwind measurement site.  
 
The expectation therefore arises that non-aircraft sources are responsible for enhanced 
upwind concentrations; especially as substantial CO peaks are present irrespective of aircraft 
activity (see Figure 7.8). Measurement notes revealed that during the upwind measurement 
an agricultural tractor was operating ~100 – 200 m from the upwind sensor node whereby the 
wind direction was such that its emissions were likely to be advected to the upwind sensor 
node. Arapatsakos et al. [281] performed stationary measurements of a tractor ploughing 
through a field with an engine similar to the one operating near the sensor node22. These 
measurements showed an average concentration of ~1189 part per million (ppm) and ~139 
ppm for CO and NOx respectively. Although the pollution signature of the tractor near the 
upwind sensor node may have been different due to a difference in utilised engine power, 
engine age, fuel and emission control technologies, this may explain why substantial CO peaks 
can be observed upwind compared to relatively small peaks in terms of NO and NO2 [277, 
278]. However, more research is needed to confirm that the enhanced upwind concentrations 
resulted from nearby tractors.   
 

7.3 Co-location experiment 

This section presents and discusses the results of the co-location experiment, whereby 
identical sensor nodes were collocated. To assess the level of agreement between sensor 
nodes, the Pearson correlation coefficient (r), Root Mean Square Error (RMSE), Mean 
Absolute Error (MAE) and the percentage difference between the time-series mean values 
(%Δ mean) are used. Mathematical expressions for these metrics were given in Section 5.5.1 
and Section 7.1.5. It should be kept in mind that for newly manufactured gas sensors a 
difference of up to ~10% is expected between sensor nodes due to the manufacturer-specified 
sensor-to-sensor variability [282]. For gas sensors that have aged, this sensor-to-sensor 
variability may be higher [282, 283]. Furthermore, a small difference in clock time (~1 – 2 
seconds) between sensor nodes may cause a small offset in timestamped pollutant 
concentrations and thereby contribute to the difference between sensor nodes.  
 
7.3.1 Time-series comparison 

Depending on the measurement date, sensor node combination and pollutant species 
significant differences exist between the total pollutant concentration readings (i.e., the 
ambient pollutant concentrations including the background) of collocated sensor nodes. For 
the sake of conciseness, the analysis presented here is limited to two collocated sensor nodes 
(Node 1 and Node 2). The reader is referred to Appendix D.3 for an analysis involving all 
sensor nodes.  
 
An example of the variability between two collocated sensor nodes is given in Figure 7.9 for 
the measurement conducted on 25-05-2022. This figure shows the 3-second readings of the 
total pollutant concentrations (top row) and local pollutant concentrations (bottom row) of Node 

 
22 According to Voertuig-zoeker.nl the tractor that was active near the upwind sensor nodes was equipped with a 4-cylinder diesel 
engine similar to research of Arapatsakos et al. [281]. 
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1 and Node 2. The reader is referred to Appendix D.3 for similar figures involving all 
measurement dates.  
 

 
Figure 7.9: Comparison of pollutant concentrations obtained by two sensor nodes for the total 

pollutant concentrations (top row) and the local pollutant concentrations (bottom 
row) with the Pearson correlation coefficient (r), Root Mean Square Error 
(RMSE), Mean Absolute Error (MAE) and percentage difference between the 
time-series mean of each sensor node (%Δ mean) 

Averaged over all measurement dates, the %Δ mean between Node 1 and Node 2 
equals approximately 52%, 41% and 75% for CO, NO and NO2 respectively. Similarly, existing 
studies (see e.g., [55, 284, 285]) observed that significant sensor-to-sensor variability may be 
present for uncalibrated (low-cost) gas sensors. To increase the accuracy of gas sensors and 
reduce the sensor-to-sensor variability, research therefore generally performs sensor 
calibration. Hereby gas sensors are calibrated against lab-grade instruments during in-field 
measurements or in a laboratory by exposing the gas sensor to a calibration gas [285]. 
Calibration can be challenging and time-consuming and may furthermore require access to 
lab-grade instruments [285, 286]. Therefore, during this research uncalibrated gas sensors 
were used.  
 
However, for this research background-subtracted (i.e., local) pollutant concentrations are of 
interest rather than the ambient (i.e., total) pollutant concentrations. Interestingly, the 
agreement between collocated sensor nodes improves after removing the background 
concentration. An example of this is shown in Figure 7.9. Averaged over all measurement 
dates, the %Δ mean (i.e., the percentage difference between the time-series mean values of 
different pollutant species) is approximately 30 – 40% lower for local pollutant concentrations 
compared to the %Δ mean of total pollutant concentrations.    
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7.3.2 Plume-by-plume comparison 

The local pollutant concentrations are used to characterise aircraft exhaust plumes in terms of 
their plume area (i.e., cumulative pollutant concentrations), width (i.e., plume duration) and 
peak (i.e., maximum pollutant concentration). Figure 7.10 shows the area, width and peak of 
aircraft operations for two collocated sensor nodes for the plumes passing quality control. 
Similar to before, the Pearson correlation coefficient (r), Root Mean Square Error (RMSE) and 
Mean Absolute Error (MAE) are used to quantify the difference between collocated sensor 
nodes. Furthermore, Figure 7.10 shows the percentage difference between Node 1 and Node 
2 averaged over all data points (denoted as average %Δ).  
 

 
Figure 7.10: Comparison of the Gaussian plume area, width and peak pollutant concentration 

of aircraft operations passing quality control with the Pearson correlation 
coefficient (r), Root Mean Square Error (RMSE), Mean Absolute Error (MAE) 
and the average percentage difference (Average %Δ) 
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The highest level of agreement between sensor nodes can be observed for NO with differences 
of <10% for the plume area, width and peak. In terms of the area and peak the largest 
differences (<40%) are present for NO2. For CO the plume area and peak differ by <30% with 
the width showing an offset of ~17% (compared to ~7% and ~12% for NO and NO2 
respectively). 
 

7.4 Results and discussion of the near engine exit plane experiment  

This section presents the results of the near engine exit plane experiment, whereby two sensor 
nodes were located in close proximity of a stationary aircraft. The results were analysed for 
when the fuel flow and N1 fan speed remained approximately constant as shown in Appendix 
D.4. It should be noted that the background concentration has not been subtracted from the 
measured pollutant concentrations as it is considered negligible for this experiment. The 
results of CO are excluded as for this species the maximum concentration for a stable 
response was exceeded for the sensor nodes during both measurements.  
 
7.4.1 NO2/NOx ratios  

The observed NO2/NOx ratios for this research and existing literature are presented in Table 
7.5.  
 
 Table 7.5: Ratio of NO2 over NOx at idle thrust for this research and existing literature 

Observed NO2/NOx ratio Measurement set-up and location Source 
~0.6 

 
~0.5 

~10 m behind a (stationary) engine 
mounted on an aircraft 
~20 m behind a (stationary) engine 
mounted on an aircraft 

 
This research  

Average of 0.40 (CFM56-7B26) 
Average of 0.49 (CFM56-3B1) 
Average of 0.47 (CFM56-3B2) 

Inside the exhaust nozzle in an engine 
test-cell 

Turgut et al. 
[165, 275] 

Up to 0.75 (RB211-535E4-B) 
Up to 0.98 (CFM56-3B1) 

0.80 (CJ6108A) 

1 – 15 m behind the exhaust nozzle of 
a (stationary) engine mounted on an 
aircraft 

Timko et al. 
[287] and 
Wood et al. 
[17] 

0.7 – 0.8 (CFM56-2B1) 1 m behind the exhaust nozzle of a 
(stationary) engine mounted on an 
aircraft 

Presto et al. 
[288] 

0.7 – 0.8 (CFM56-2C1) 
 

1 m behind the exhaust nozzle of a 
(stationary) engine mounted on an 
aircraft 

Wormhoudt 
et al. [78]  

0.67 (CFM56-2C1) 1 m behind the exhaust nozzle of a 
(stationary) engine mounted on an 
aircraft 

Wood et al. 
[17] 

1.0 (CFM56-5C2) 
 

50 m behind the exhaust nozzle of a 
(stationary) engine mounted on an 
aircraft 

Schaefer et 
al. [71] 

 
Compared to Turgut et al. [165, 275] a higher NO2/NOx ratio was observed during this research. 
The measurements of Turgut et al. were however performed inside the exhaust nozzle in an 
engine test cell before the bypass flow mixed with the exhaust jet, whereas during this research 
in-field measurements were conducted 10 – 20 m from the engine. Wood et al. [17] pointed 
out that the NO2/NOx ratio significantly increases within the first few meters from the exhaust 
nozzle. Besides, this ratio may increase due to dilution of bypass air of a jet-engine and the 
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ambient wind [17, 165, 275]. The difference in measurement set-up and location may therefore 
explain the higher observed NO2/NOx ratio during this research.  
 
With respect to the remaining research published in Table 7.5, a lower NO2/NOx ratio was 
observed, even though a higher ratio may be expected for three reasons. Firstly, (except for 
the research of Schaefer et al. [71]) the measurements were conducted at a larger distance 
from the engine compared to existing research, which increases the NO2/NOx ratio. Secondly, 
the ambient temperature was ~6°C during the conducted measurements, which is likely to 
have been lower compared to other research and thus leads to a relative increase in the 
NO2/NOx ratio [165, 275]. Lastly, strong winds were present during the measurement, which 
increases the dilution and subsequently the NO2/NOx ratio.  
 
However, it should be noted that direct comparison to other literature is difficult. The research 
listed in Table 7.5 investigated different engines which may have utilised different fuels. Both 
the engine model and the type of fuel are known to impact the NO2/NOx ratio [17, 165, 275]. 
For example, the engine used in this research exhibits a bypass flow which increases dilution 
and subsequently the NO2/NOx ratio, while the CJ6108A engine measured by Timko et al. 
[287] and Wood et al. [17] does not exhibit a bypass flow. Furthermore, the NO2/NOx ratio may 
be 10% to 20% lower for a warm engine (i.e., an engine that has been running for some time) 
compared to a cold engine (i.e., an engine shortly after start-up) [165, 275]. Additionally, the 
NO2/NOx ratio depends upon the part of the plume that is captured, which for this research is 
less certain due to the strong and fluctuating winds [276]. Lastly, the NO2/NOx ratio depends 
upon the chemical reactions that are taking place with other pollutant species [68].  
 
After comparing the observed ratios to literature, the difference between sensor nodes is 
investigated. Due to the chemical evolution of NO to NO2 while the plume ages, it is expected 
that the NO2/NOx ratio is higher for Node 2 (located at 20 m from the aircraft) compared to 
Node 1 (located 10 m from the aircraft) [17, 68]. This is however not reflected in the observed 
NO2/NOx ratios. The reason for this is unclear, but the short distance between Node 1 and 
Node 2, the sensor-to-sensor variability and meteorological conditions may have contributed 
to this discrepancy.  
 
7.4.2 NOx emission index  

Using Equation 5.17 the NOx (SO2-based) emission index is estimated whereby (as the sulphur 
content of the fuel was unknown) the SO2 emission index was assumed to be 0.8 gram SO2 
per kg of fuel burnt. This results in a NOx emission index of ~0.2 g/kg for both measurements, 
which is ~172% lower than the certified NOx emission index of 2.63 g/kg published in the ICAO 
Emissions Databank [150]23. It is worth mentioning that the emission index was also estimated 
based on the measured fuel flow rate and an estimation of the plume volume (see Appendix 
D.4) which resulted in a NOx emission index of ~0.02 g/kg. However, more research is needed 
to verify that the NOx emission index can be estimated this way.   
 
With respect to the observed SO2-based NOx emission index an uncertainty is introduced in 
the assumed SO2 emission index. The maximum allowable SO2  emission index (assuming all 
sulphur is emitted in terms of SO2) per regulations is 3 g/kg, but research typically observed 
lower values as shown in Table 7.6 [12, 289]. However, even when using an SO2 emission 
index of 3 g/kg instead of 0.8 g/kg to compute the NOx emission index, the NOx emission index 
is still ~3 times lower than the certified one.  
 
 
 
 

 
23 The certified NOx emission index is ~4 g/kg after correcting for installation effects and ambient conditions 
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Table 7.6: Global mean emission index and ranges between which the SO2 emission index 
typically varies according to existing literature reviews whereby N.R. indicates 
no value was reported   

Mean [min, max] SO2 emission index (g/kg) Source 
0.8 [0.6 – 1.0] Lee et al. [90] 

0.84 [N.R – N.R.] Tait et al. [121] 
N.R. [0.8 – 1.3] Masiol and Harrison [3] 
0.8 [0.6 – 1.0] Gierens et al. [236] 

N.R. [0.3 – 0.8] Khou et al. [289] 
 
During this research the reason behind this discrepancy was not further investigated. However, 
the difference in measurement set-up and non-ideal conditions (see Chapter 4.3) during which 
measurements were conducted may have been contributing factors. Furthermore, it could be 
that the employed sensors are not good enough to approximate the actual emission index.  
Another potential cause for the lower observed NOx emission index is a difference in thrust 
setting. Certified emission indices are reported for 7% of the rated thrust, but ground idle 
typically corresponds to ~3 – 5 % of the rated thrust for most engines designed in the past 30 
years [17, 38, 110, 259, 290–293]. Kim and Rachami [293] concluded that small differences in 
thrust can substantially impact NOx emission indices, whereby for example for a CFM56-3-B1 
engine the emission index at 5% of the rated thrust is ~29% lower compared to the emission 
index at 7% of the rated thrust. Future research may look into ways to obtain the percentage 
of the rated thrust based on the observed N1 fan speed and implement the method of Kim and 
Rachami [293] to obtain the certified emission index for the actual thrust setting.  
 

7.5 Comparison to model results  
In this section observed (i.e., measured) peak pollutant concentrations are compared to those 
that were estimated with the (simple) dispersion model described in Chapter 6 using Figure 
7.11.  

 
Figure 7.11: Comparison between peak pollutant concentrations of the Gaussian 

representation of the plume observed during in-field downwind measurements 
and peak pollutant concentrations resulting from a (simple) dispersion model 
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Both for CO and NOx significant differences between modelled and observed peak 
concentrations are evident, with observed peak concentrations being lower than the modelled 
ones. On average, modelled peak concentrations are 106% and 119% higher compared to the 
observed concentrations for CO and NOx respectively. It was shown in Table 7.3 that Carslaw 
et al. [37, 67] observed NOx peak concentrations that were (roughly) similar to the ones 
observed during this research. The expectation is therefore that the discrepancy in Figure 7.11 
can be attributed to modelled peak concentrations.  
 
It should be noted that the chosen dispersion model was a simple two-dimensional model for 
which the impact of the moving aircraft and the initial characteristics of the exhaust jet are 
neglected. Besides, it is assumed that the plume is emitted and measured at ground level in 
the absence of plume rise without chemical reactions taking place. One of the uncertainties in 
the inputs to the model is the aircraft thrust setting, as aircraft may have utilised thrust settings 
other than 7% of the rated thrust for landings and 82% of the rated thrust for take offs that were 
used to generate the modelled results. The reader is referred to Appendix D.5 for a comparison 
between modelled and observed peak pollutant concentrations for different thrust settings.  
 
Besides the thrust setting, uncertainties are introduced in the emission indices. The ICAO 
Emissions Databank [150] publishes these for newly manufactured engines, while in reality 
engines deteriorate over time, for example due to the build-up of dirt [13]. ICAO [13] states that 
the variability in engine state leads to a ~3% increase in fuel flow rate whereas according to 
research of QinetiQ [143] the fuel flow rate during the take-off roll increases by ~4.3% and the 
NOx emission rate by ~4.5%. Another uncertainty regarding emission indices is introduced by 
the BFFM2 that was used to correct emission indices for engine installation effects and ambient 
conditions. Research has shown that the BFFM2 agrees with actual emission indices within 
±10% for most engine models at 7%, 30%, 85% and 100% of the rated thrust but higher 
uncertainties (±10 – 15% for NOx and larger uncertainties for CO) may be present for 
interpolated thrust settings [165, 294, 295]. 
 
Uncertainties are furthermore introduced by neglecting the effect of the forward speed on the 
emission rate. It was explained in Chapter 2 that the forward speed of the aircraft impacts the 
fuel flow and emission indices, which in turn changes the emission rate [143]. Underwood et 
al. [134, 143] stated that the increase in emission rate between the start and the end of the 
take-off roll is larger for engines with a higher Overall Pressure Ratio (OPR), with an increase 
of ~6% for an engine with an OPR of ~25 (e.g., CFM56-3C-1) and ~15% for an engine with an 
OPR of ~40 (e.g., the Trent 892). The impact of the aircraft’s speed therefore depends, besides 
the speed of the aircraft, on the engine model that an aircraft is equipped with. Furthermore, 
depending upon the speed of the aircraft, airframe vortices affect the dispersion of the exhaust 
plume, for which more research is needed to quantify this impact. 
 
Another uncertainty is introduced in modelled results by assuming the plume buoyancy to be 
zero. The effect of plume buoyancy on plume dispersion is however currently not well 
understood, such that it is difficult to quantify this impact [140]. However, neglecting buoyancy 
may result in an overestimation of modelled ground level pollutant concentrations. 
 
The last uncertainty to be discussed are the dispersion coefficients (𝜎𝜎𝑦𝑦 and 𝜎𝜎𝑧𝑧). In reality 
aircraft are moving sources that release a plume with an initial velocity whereas the 
implemented model assumes a stationary source that emits a passive plume. Consequently, 
it is likely that in reality the streamwise distance between the sensor node and the aircraft was 
larger than the distance estimated for this research, which underestimates the values of the 
dispersion coefficients for this research and therefore overestimates peak pollutant 
concentrations. Another uncertainty with this regard is introduced in the formulas used to 
compute the dispersion coefficients. These were established ~50 years ago based on 
experiments during which particles were released from a stationary position and traced 
downwind over distances ranging from 100 m to 10 km [243, 296]. The dispersion of exhaust 
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plumes of moving aircraft over distances of several hundred meters is therefore likely to be 
different. It is furthermore currently unclear whether open country or urban conditions are most 
appropriate to estimate the dispersion coefficients. To assess how results differ when using 
open country conditions instead, a sensitivity analysis was conducted of which the results are 
presented in Appendix D.5.  
 

7.6 Summary  
Departing aircraft caused significant local NOx concentrations (including significant NO 
concentrations and discernible NO2 concentrations) while this could generally not be observed 
in terms of CO and SO2. On the contrary, landing aircraft resulted in substantial local CO 
concentrations with generally no discernible SO2, NO and NO2 concentrations above the 
background. Regarding the results of specific aircraft types, the cumulative CO concentrations 
of landing aircraft show no dependency on aircraft size and are largest for the B77W. For 
departing aircraft, it was evident that cumulative NOx concentrations are ~3.5 times larger for 
larger aircraft compared to medium-sized ones with the largest values being present for the 
B78X. With respect to the engine-specific results, significant differences in cumulative NOx 
concentrations are evident between engine models with variations up to 50% between engine 
models belonging to the same series. In terms of departing aircraft, the largest cumulative NOx 
concentrations were present for the GEnx-1B76A/P2 and the GE90-110B1 while for landings 
the largest cumulative CO concentrations are evident for the CF6-80E1A3. 
 
After investigating aircraft exhaust plumes, analysis of the co-location experiment revealed that 
the pollutant concentration readings of sensor nodes can differ >100%, but that the differences 
are 30 – 40% lower after subtracting the background concentration. Furthermore, the 
cumulative concentrations of individual aircraft operations differ 26%, 8% and 37% between 
two collocated sensor nodes. Regarding the upwind experiment, it was observed that local 
pollutant concentrations upwind of a runway are not negligible compared to downwind 
concentrations. Lastly, the near engine exit plane experiment showed that the SO2-based 
emission index is 172% lower compared to the certified one.  
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



  
  

Page 66 of 140 
 
 

8 Conclusions and recommendations 
 
The last chapter of this report presents the conclusions and recommendations. First, Section 
8.1 provides concluding remarks after which Section 8.2 provides several recommendations 
for future research.  
 

8.1 Conclusions  
The research objective was to characterise the exhaust plumes of individual departing- and 
arriving aircraft in terms of their chemical composition by performing field measurements with 
low-cost sensor nodes and comparing the resulting data to certified data using a simple 
dispersion model. To reach this objective, a novel tool was developed to automatically 
characterise wind-advected exhaust plumes of individual aircraft operations. The results of this 
tool reflected that it is possible to automatically characterise NO and NO2 plumes for the 
majority of departing aircraft and CO plumes for most arriving aircraft using low-cost sensor 
nodes. Departing aircraft generally caused significant local NOx concentrations (comprising of 
significant NO concentrations and discernible NO2 concentrations) while this could typically not 
be observed for CO and SO2. The results therefore reveal that departing aircraft significantly 
contribute to NOx concentrations downwind of a runway while not being the dominant source 
in terms of CO and SO2 concentrations. However, it could also be an indication that the 
employed gas sensors are incapable of measuring the aircraft attributable concentrations.  
 
With respect to landing aircraft, typically substantial local CO concentrations were present 
while this could typically not be observed for NO, NO2 and SO2. Therefore, a significant 
difference in pollutant concentrations is present between departing- and landing aircraft. 
Besides, based on this observation it can be concluded that landing aircraft have a substantial 
contribution to downwind CO concentrations while the same cannot be said in terms of NO, 
NO2 and SO2. However, it could also be an indication that the employed gas sensors are not 
capable of measuring concentrations of landing aircraft for these three pollutant species. It is 
however worth mentioning that occasionally landing aircraft showed significant local NO 
concentrations accompanied by a discernible increase in NO2 concentrations. As this could 
only be observed for <15% of the encountered landings, this may be an indication that aircraft 
utilising the Polderbaan runway typically use low reverse thrust settings. This is in line with 
existing research, which generally agrees that typically not more than idle reverse thrust is 
used [3, 108, 135, 259]. However, more research is needed to investigate this.  
 
Regarding specific aircraft types, the cumulative CO concentrations of landing aircraft turned 
out to be independent of aircraft size and largest for the B77W. In terms of departures, 
significant differences are evident in the NOx footprint of different aircraft types. Cumulative 
NOx concentrations of departing aircraft were ~3.5 times larger for large aircraft compared to 
those that are medium-sized. Subsequently, large aircraft have a relatively higher contribution 
to ambient NOx concentrations downwind of a runway compared to medium-sized ones with 
the B78X being the largest contributor.  
 
Based on this it can however not yet be concluded which aircraft have the largest impact on 
local air quality, as this impact also depends upon the time it takes to conduct the take-off. The 
impact of aircraft on local air quality is largest when pollutants are emitted below the Mixing 
Layer Height (MLH), which is defined to be 915 m by ICAO [13]. Although aircraft utilising a 
higher thrust setting may emit more NOx during the take-off roll, they may also climb faster 
such that the MLH is reached in less time. Therefore, more research is required to investigate 
which aircraft types have the largest impact on local air quality.  
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Both for NOx concentrations of departing aircraft and CO concentrations of landing aircraft the 
aircraft-specific results furthermore revealed that variations in excess of 50% are evident for 
aircraft of the same type. This may be indicative that meteorological- and operating conditions 
have a measurable impact on emissions leaving the jet-engines. However, these conditions 
are also known to influence the physical- and chemical evolution of the exhaust plume while it 
travels towards the sensor nodes, hence more research is needed to further investigate this.  
 
With respect to the engine-specific results, significant differences in cumulative NOx 
concentrations are evident between different engine models. Regarding engine models 
belonging to the same series variations up to 50% could be observed. It can therefore be 
concluded that the specific engine model may have a significant influence on the pollution 
footprint of an aircraft. In terms of NOx of departing aircraft, the largest cumulative 
concentrations were present for the GEnx-1B76A/P2 and the GE90-110B1 while for landings 
the largest cumulative CO concentrations are evident for the CF6-80E1A3. Both in terms of 
NOx of departing aircraft and CO of landing aircraft no consistent trend can be observed that 
engines with a higher certified emission rate yield higher observed cumulative pollutant 
concentrations, which is in line with existing research [37, 67]. This may be indicative that 
meteorological and operating conditions have a measurable impact on the emissions emitted 
by a jet-engine. Furthermore, it could be an indication that different aircraft types have a 
different influence on plume dispersion. However, more research is needed to confirm this. 
 
Besides analysing emissions downwind of a runway, simultaneous measurements were taken 
upwind to investigate whether the difference between upwind- and downwind concentrations 
can be used to obtain aircraft attributable concentrations. However, the results reflect that 
upwind pollutant concentrations are not significantly lower (and may even be higher) compared 
to downwind concentrations, hence this approach cannot be used.  
 
Next to analysing upwind concentrations, an experiment was performed with collocated sensor 
nodes to investigate their level of agreement. It was observed that the total pollutant 
concentration readings of sensor nodes can differ in excess of 100%, but the agreement 
between sensor nodes improves by ~30 – 40% after subtracting the background concentration. 
Cumulative concentrations resulting from individual aircraft operations differ 26%, 8% and 37% 
for CO, NO and NO2 respectively between collocated sensor nodes which (mainly in terms of 
NO) gives confidence in the results of this research. Although, in line with existing research, 
this shows that calibration is required for gas sensors when analysing ambient air pollution, 
uncalibrated low-cost gas sensors can provide a meaningful estimate of the pollution footprint 
of individual aircraft operations. However, this is solely based on the variability between sensor 
nodes, hence more research is needed to quantify the precision of the low-cost gas sensors.  
 
Finally, a near engine exit plane experiment was performed to determine whether SO2 can be 
used to estimate emission indices rather than the commonly used CO2. The observed NOx 
emission index was 172% lower compared to the one specified in the ICAO Emissions 
Databank [150]. Based on this it cannot yet be concluded that SO2 cannot be used to estimate 
emission indices, as the ‘real-world’ NOx emission index and the fuel sulphur quantity were 
unknown. Furthermore, this experiment was conducted in non-ideal conditions, hence more 
research is needed to look into this. Nevertheless, by using SO2 instead of CO2 an uncertainty 
is introduced when the fuel sulphur quantity is unknown as the SO2 emission index may vary 
from ~0 – 3 g/kg, although values of ~0.3 – 1.3 g/kg are more common. 
 
Based upon the conducted experiments and the performed analysis, this research 
demonstrated the capability of low-cost sensor nodes for assessing the pollution footprint of 
individual aircraft operations. While this research focused on the Polderbaan runway of 
Schiphol Airport, the developed tool can be easily adapted for other airports. The findings of 
this report can be used by the scientific community, policymakers, and regulatory bodies to 
further study the air quality impact of individual aircraft and to develop mitigation strategies. 
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8.2 Recommendations  
The conducted research may serve as a stepping stone for future research, for which several 
recommendations are provided.  
 
8.2.1 Sensor node recommendations  

A Global Positioning System (GPS) may be incorporated in the sensor nodes24. The position 
of sensor nodes is used for estimating the arrival time of aircraft exhaust plumes. This position 
is currently manually written down but this is impractical, especially when in the future more 
sensor nodes are deployed. Therefore, GPS can be incorporated to automatically log the 
latitude and longitude of each sensor node. Besides GPS, an anemometer may be added to 
continuously log the prevailing ambient wind speed and wind direction in real-time25. The 
ambient wind is used to couple air pollutant concentrations to aircraft operations. Currently the 
wind direction and wind speed are obtained by manually transcribing ATC voice recordings. 
As this is impractical, an anemometer can be used instead. Next to this, components may be 
added to sensor nodes to prevent or reduce the internal temperature rise as this can affect the 
output of gas sensors. 
 
Furthermore, the sensor nodes could be equipped with additional gas sensors. First of all, a 
CO2 sensor may be added such that CO2-based emission indices can be computed. 
Additionally, sensor nodes could be equipped with a multitude of identical gas sensors. This 
research revealed that differences up to approximately 40% exist between the resulting plume 
parameters of collocated sensor nodes. When each node is equipped with several identical 
gas sensors, the value averaged over all gas sensors of the same pollutant species can be 
used rather than the value of a single gas sensor to make the results more robust.  
 
8.2.2 Recommendations for future experiments and analysis  

Future research may improve the developed algorithm by altering the way aircraft exhaust 
plumes are coupled to aircraft operations. Occasionally the OpenSky Network failed to 
acknowledge the presence of an aircraft operation or did not provide the required information 
to categorise aircraft as a take-off or landing. For these aircraft timestamped GoPro pictures 
could be used to automatically identify when aircraft are present on the Polderbaan runway. 
Additionally, the estimated plume arrival time may be improved by modelling the aircraft as a 
moving source releasing a plume with a non-zero initial velocity rather than a stationary source 
releasing a passive plume as for this research. For this, it is recommended to utilise the 
methods described in the user guide of ADMS-Airport [133] and by Barrett et al. [1, 102]. 
Besides this, to estimate the plume arrival time future work may look into ways to automatically 
extract wind information from ATC voice recordings (see e.g., [297]) rather than manually 
writing this down26. The developed algorithm may furthermore be improved by assessing 
whether other fitting functions (e.g., the Lorentzian, Voigt or Weibull) provide a better fit 
compared to the Gaussian fitting employed for this research.  
 
Besides these improvements to the algorithm, it is recommended that future research analyses 
Volatile Organic Compounds (VOC) as this species was not looked into during this research. 
This pollutant may provide important insights in the chemistry of aircraft exhaust plumes as 
well as the amount of applied engine thrust through the VOC/NOx ratio. Furthermore, during 
this research particles were measured which have not been analysed during this research. As 
simultaneous observations of gases and particles can provide important insights in the air 
quality impact of aircraft, it is recommended that future work looks into this. Besides, future 
work may assess the impact changes in environmental conditions and orientation of the sensor 

 
24 Near the end of this research all sensor nodes were equipped with a GPS based on this recommendation. 
25 Towards the end of this research an anemometer was acquired based on this recommendation.  
26 Alternatively, an anemometer may be used rather than ATC voice recordings. 
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nodes have on the output of gas sensors. It is furthermore recommended to perform 
Computational Fluid Dynamics (CFD) analysis to get better insight in how aircraft exhaust 
plumes move towards the sensor nodes and what parameters such as the width of plume 
signals in pollutant time-series physically represent.  
 
Additionally, it is recommended that future work performs several experiments. A downwind 
experiment similar to this research may be performed as currently the number of plumes on 
which the results are based is limited. Hereby it is recommended to also analyse aircraft 
activities (e.g., taxiing) other than take offs and landings. Besides, an experiment can be 
performed to analyse the dispersion of aircraft exhaust plumes by placing sensor nodes at 
strategic locations. For example, sensor nodes can be placed downwind at increased distance 
from the runway to investigate the horizontal dispersion of plumes or at different heights above 
the ground to study their vertical dispersion. Furthermore, the near engine exit plane 
experiment may be repeated as this experiment was conducted during non-ideal conditions. 
Hereby it is recommended to perform the measurements at various distances from the exhaust 
nozzle and for different thrust settings to investigate changes in the NO2/NOx ratio. Lastly, it is 
recommended to validate the obtained air pollution data by collocating the low-cost sensor 
nodes with lab grade instruments to investigate their level of agreement.  
 
8.2.3 Recommended future work on dispersion modelling   

It is recommended that future work investigates the use of more advanced dispersion models. 
A good starting point would be to investigate the employed methods of some well-established 
and frequently used dispersion models that are listed in ICAO Doc 9889 [13]. An example of 
this is the Advanced Dispersion Modelling of Emissions (ADMS) Airport, which provides a 
detailed description on the modelling of individual aircraft exhaust plumes in their user guide 
[133]. Besides the dispersion models listed by ICAO, it is worth to look into other models such 
as the ones described by Synlo et al. [100, 267, 298–301], Kraabøl et al. [302, 303], Tian et al. 
[304] Cretu et al. [305], Smith et al. [306], Wan et al. [307] and Brzozowski and Kotlarz [308].  
 
Besides implementing a new dispersion model, the currently implemented dispersion model 
can be extended. First of all, future work may incorporate the chemical reactions that are taking 
place while the aircraft exhaust plume travels towards the downwind sensor node. For this, it 
is recommended to look into the work of Kraabøl et al. [302, 303], Underwood et al. [89] and 
Kenney [309]. Besides, future research may estimate the actual engine (reverse) thrust setting 
based upon aircraft activity data, weather data and aircraft performance data (see e.g., [256, 
258, 310] or noise measurements (see e.g., [311]). Additionally, future research may include 
the measurement height and the emission source height (i.e., the engine installation height). 
The source height can be obtained by adding the engine fan radius (which can be obtained 
from aircraft-database.com [312]) to the distance between the ground and the bottom of an 
engine. The latter can be found in airport planning documents of aircraft (see e.g., [229, 313, 
314])  
 
Furthermore, future research may incorporate plume buoyancy in the dispersion model 
following the procedures described by Underwood et al. [133], Graham et al. [92], Synlo et al. 
[100, 267, 298–301], Barrett et al. [1, 102] and the ADMS-Airport user guide [133]. Additionally, 
the aircraft may be modelled as a moving source according to the method described by Synlo 
et al. [100, 267, 298–301] or the ADMS-Airport user guide [133]. Besides this, the impact of 
the aircraft’s speed on the emission rate may be incorporated by obtaining the fuel flow from 
an aircraft performance database such as Base of Aircraft Data (BADA) of Eurocontrol [315]. 
Lastly, it is worth mentioning that the comparison to certified pollutant concentrations was only 
conducted for engine models specified in the ICAO Emissions Databank [150], which is limited 
to gas turbine engines. However, turboprops may be included in future work by incorporating 
the database of the Swedish Defence Research Agency [316].  
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Appendix A: Supplemental data of the 
experimental set-up  

A.1 Specifications of hardware and software  
An overview of the Python packages and corresponding version utilised during this research 
is provided in Table A.1.  
 
Table A.1: Python packages and corresponding version used in this research  
 

Package Version Purpose in this 
research 

Numpy [317] 1.24.1  
 
 
 
Used to read, process 
and analyse data 
 

Pandas [318] 1.4.3 
Math Inbuilt version 

Scikit-learn [233] 1.1.1 
Shapely [319] 1.8.4 
Sqlite3 [320] 3.39.2 
Geopy [210] 2.2.0 
Librosa [321] 0.9.2 
Pydub [322] 0.25.1 
Pvlib [248] 0.9.5 
Pytz [323] 2022.1 

Matplotlib [324] 3.5.1  
Used to visualise the data  
 

Folium [325] 0.14.0 
Seaborn [326] 0.11.2 
Windrose [327]  1.7.0 

 
Table A.2 provides the specifications of the gas sensors according to data sheets of the sensor 
manufacturer (Alphasense Ltd). This includes the noise level, operating range, response time 
and operating lifetime. The noise level is a pollutant concentration threshold below which signal 
variations are likely (±2 standard deviations) to be the result of instrument noise rather than an 
actual change in signal. The operating range is the range of pollutant concentrations for which 
sensor performance is warranted. The lower limit of this operating range is zero, but it should 
be noted that reliable concentration readings are only provided above the noise level. The 
response time is the time it takes for the sensor to generate an output from 0 to 90% of a 
predefined value. The operating lifetime is defined as number of months until the signal output 
has decreased to 50% of the original signal due to sensor aging. For a complete list of sensor 
specifications, the reader is referred to documentation of the sensor manufacturer [214]. 
 
Table A.2: Technical specifications of gas sensors according to datasheets [214] of 
Alphasense Ltd  
 

Sensor name Noise level  
(ppb equivalent) 

Operating 
range (ppm) 

Response time to 
reach 90% of a 

predefined value  

Operating 
lifetime 

(months) 
CO B4 4 0 – 1000 30 s to reach 10 ppm  36 
NO B4 15 0 – 20 45 s to reach 2 ppm 24 

NO2 B43F 15 0 – 20 80 s to reach 2 ppm 24 
SO2 B4 5 0 – 100 60 s to reach 2 ppm 36 
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A.2 Meteorological conditions during measurements  
Measurement 1 
Date: 22-01-2021 
Location: Polderbaan runway of Schiphol airport  
Time: 08:47 - 15:01 UTC  
 
Table A.3: Ambient conditions specified by METAR of measurement 1 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

08:25 5 75.33 250 11 
08:55 5 75.33 250 13 
09:25 6 75.50 250 13 
09:55 6 75.50 250 15 
10:25 7 70.48 260 13 
10:55 6 75.50 250 18 
11:25 7 70.48 260 16 
11:55 7 70.48 250 18 
12:25 7 70.48 250 18 
12:50 7 70.48 250 18 
13:25 7 70.48 250 17 
13:55 7 70.48 250 15 
14:25 7 70.48 240 12 
14:55 6 75.50 240 14 

 
Measurement 2 
Date: 09-09-2021 
Location: Polderbaan runway of Schiphol airport  
Time: 10:40 - 15:16 UTC  
 
Table A.4: Ambient conditions specified by METAR of measurement 2 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

10:25 3 86.69 300 4 
10:55 5 80.93 300 5 
11:25 5 86.89 360 3 
11:55 6 81.07 310 4 
12:25 6 81.07 300 4 
12:50 6 75.50 290 6 
13:25 6 75.50 290 7 
13:55 5 80.93 290 7 
14:25 5 80.93 30 5 
14:55 4 86.79 300 6 

 
Measurement 3 
Date: 11-11-2021 
Location: Polderbaan runway of Schiphol airport  
Time: 10:34 - 14:54 UTC  
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Table A.5: Ambient conditions specified by METAR of measurement 3 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

10:25 11 93.55 180 4 
10:55 11 93.55 190 5 
11:25 11 93.55 170 5 
11:55 12 93.60 170 5 
12:25 12 93.60 200 7 
12:50 12 93.60 200 5 
13:25 12 93.60 200 6 
13:55 12 93.60 210 5 
14:25 12 87.56 180 6 

 
Measurement 4 
Date: 24-11-2021 
Location: Polderbaan runway of Schiphol airport  
Time: 10:44 - 15:26 UTC  
 
Table A.6: Ambient conditions specified by METAR of measurement 4 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

10:25 8 87.19 180 8 
10:55 8 87.19 180 8 
11:25 8 87.19 170 9 
11:55 9 81.47 160 8 
12:25 8 81.34 160 11 
12:50 9 76.01 170 10 
13:25 8 81.34 180 9 
13:55 8 81.34 190 9 
14:25 8 75.84 190 10 
14:55 8 75.84 180 9 
15:25 7 81.20 190 8 

 
Measurement 5 
Date: 22-03-2022 
Location: Polderbaan runway of Schiphol airport  
Time: 08:16 - 15:43UTC 
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Table A.7: Ambient conditions specified by METAR of measurement 5 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

07:55 10 76.18 110 3 
08:25 11 71.26 140 4 
08:55 12 66.70 140 3 
09:25 12 66.70 150 6 
09:55 14 58.52 140 6 
10:25 15 58.77 150 4 
10:55 16 55.12 160 3 
11:25 17 48.28 160 3 
11:55 18 45.32 160 3 
12:25 18 42.28 160 4 
12:50 19 42.57 160 5 
13:25 19 39.72 150 5 
13:55 19 37.03 110 6 
14:25 19 34.51 170 5 
14:55 20 34.80 110 3 
15:00 19 39.72 140 5 
15:25 19 37.03 140 4 

 
Measurement 6 
Date: 04-04-2022 
Location: Platform J of Rotterdam The Hague Airport  
Time: 09:05 – 09:20 UTC (measurement 1) and 11:22 – 11:38 UTC (measurement 2)  
 
Table A.8: Ambient conditions specified by METAR of measurement 6 
 
Measurement Time 

(UTC) 
Temperature 

(°C) 
Relative 

humidity (%) 
Wind 

direction (°) 
Wind 
speed 
(kts) 

1 08:55 4 64.93 120 10 
2 11:25 8 57.00 100 8 

 
Measurement 7 
Date: 06-05-2022 
Location: Polderbaan runway of Schiphol airport  
Time: 08:11 – 14:25 UTC 
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Table A.9: Ambient conditions specified by METAR of measurement 7 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

07:55 12 81.87 200 5 
08:25 13 76.66 170 5 
08:55 15 72.01 180 5 
09:25 16 67.54 220 6 
09:55 17 63.38 210 5 
10:25 18 59.50 M 5 
10:55 18 59.50 240 7 
11:25 19 55.88 270 8 
11:55 19 52.25 250 6 
12:25 20 49.10 260 8 
12:50 20 49.10 280 10 
13:25 20 49.10 270 10 
13:55 20 49.10 270 11 
14:25 20 49.10 260 10 

 
Measurement 8 
Date: 25-05-2022 
Location: Polderbaan runway of Schiphol airport  
Time: 08:36 – 14:48 UTC 
 
Table A.10: Ambient conditions specified by METAR of measurement 8 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

08:25 16 72.20 210 15 
08:55 16 72.20 220 16 
09:25 16 59.01 230 19 
09:55 16 55.12 250 21 
10:25 16 55.12 240 20 
10:55 17 48.28 230 22 
11:25 17 55.37 240 22 
11:55 17 55.37 240 18 
12:25 17 51.72 230 24 
12:50 16 59.01 240 24 
13:25 16 59.01 240 20 
13:55 17 51.72 240 23 
14:25 17 55.37 230 25 

 
Measurement 9 
Date: 15-07-2022 
Location: Polderbaan runway of Schiphol airport  
Time: 08:53 – 14:05 UTC  
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Table A.11: Ambient conditions specified by METAR of measurement 9 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

08:25 18 55.63 Variable 4 
08:55 18 55.63 280 7 
09:25 19 52.25 290 7 
09:55 19 52.25 280 7 
10:25 20 52.51 290 8 
10:55 19 55.88 280 7 
11:25 19 55.88 280 11 
11:55 20 52.51 280 12 
12:25 21 49.37 260 12 
12:50 21 52.77 270 13 
13:25 20 56.13 270 13 
13:55 20 56.13 270 13 

 
Measurement 10 
Date: 28-07-2022 
Location: Polderbaan runway of Schiphol airport  
Time: 06:52- 14:25 UTC  
 
Table A.12: Ambient conditions specified by METAR of measurement 10 
 

Time 
(UTC) 

Temperature 
(°C) 

Relative humidity 
(%) 

Wind direction 
(°) 

Wind speed 
(kts) 

06:25 15 72.01 80 10 
06:55 16 67.54 80 7 
07:25 16 63.15 90 9 
07:55 17 55.37 80 11 
08:25 18 55.63 80 12 
08:55 17 55.37 90 11 
09:25 18 55.63 80 10 
09:55 18 55.63 80 11 
10:25 19 52.25 80 10 
10:55 18 55.63 70 10 
11:25 19 48.83 70 10 
11:55 19 52.25 50 11 
12:25 20 52.51 60 11 
12:50 20 49.10 50 13 
13:25 20 52.51 40 12 
13:55 21 49.37 50 12 
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Appendix B: Supplemental data of data 
processing  
B.1 Conversion of raw sensor node data   
The data obtained with the nodes needs to be processed in order to provide useful air pollution 
data, for which four steps are performed. In the first step, the Analogue to Digital (A/D) 
converter counts are converted to voltages. In the second step, these voltages are corrected 
for zero offset and environmental conditions. In the third step, the corrected voltages are 
converted to part-per-billion (ppb) concentration values. In the fourth step, the ppb values are 
resampled to 3 s. These steps will now be discussed in more detail.  

The raw data of a node consists out of A/D converter counts for the working electrode and 
auxiliary (AUX) electrode of each gas sensor. These integer values (I) are converted to 
voltages using the reference voltage (2.048 V) and resolution (17 bits) of the A/D converter as 
shown in Equation B.1 and Equation B.2 [172, 278, 328]. 

 

SAUX[𝑉𝑉] =
𝐼𝐼 × 2.048

217  
(B.1) 

SWE[𝑉𝑉] =
𝐼𝐼 × 2.048

217  
(B.2) 

 
In the second step, SAUX and SWE are corrected for zero offset using correction factors defined 
as 𝑆𝑆𝑊𝑊𝑊𝑊,0 and 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴,0 for the working electrode and AUX electrode respectively, provided by the 
sensor manufacturer. The corrected auxiliary electrode signal and corrected working electrode 
signal then follow from Equation B.3 and Equation B.4.  
 

𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐  =  𝐷𝐷𝐴𝐴𝐴𝐴𝐴𝐴 − 𝐷𝐷𝐴𝐴𝑈𝑈𝑋𝑋,0 
 

(B.3) 

 𝑆𝑆𝑊𝑊𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐  = 𝐷𝐷𝑊𝑊𝑊𝑊 − 𝐷𝐷𝑊𝑊𝑊𝑊,0 
 

(B.4) 

The corrected auxiliary electrode signal is subtracted from the corrected working electrode 
signal in step 3 to account for environmental conditions. The baseline of the working electrode, 
which measures the target pollutant (i.e., the measured species), can vary due to changes in 
environmental conditions. To correct for this, an AUX electrode is installed which is isolated 
from the target gas but (similar to the working electrode) responds to changes in environmental 
conditions. Therefore, a correction can be applied to account for environmental conditions by 
subtracting 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 ,𝑐𝑐𝑐𝑐𝑐𝑐 from 𝑆𝑆𝑊𝑊𝑊𝑊 ,𝑐𝑐𝑐𝑐𝑐𝑐 [46, 169–173].  
 
In the fourth step, the remaining voltages are converted to part-per-billion concentration values 
using a sensitivity correction factor s supplied by the sensor manufacturer as shown in 
Equation B.5.   
 

𝐶𝐶𝑡𝑡[𝑝𝑝𝑝𝑝𝑝𝑝] =
𝑆𝑆𝑊𝑊𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐

𝑠𝑠
 

 

(B.5) 

Lastly, in the fifth step the obtained ppb values are averaged into 3-minute readings. This step 
is performed as it is desired for post-processing and analysis to work with data with a fixed 
time step while the nodes sample at a non-constant sampling rate (providing a data-point every 
~2 seconds).  
To convert these volume concentrations in parts per billion (ppb) to mass concentrations in 
𝜇𝜇𝜇𝜇m-3 first the measured mass of a contaminant is converted to a volume using the ideal gas 
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law shown in Equation B.6. In this equation P is the pressure of the ambient air, V is the volume 
of the contaminant, n is the number of moles of a contaminant, R is the universal gas constant 
(set to 8.3144 L kPa (mol K)-1) and T is the temperature of the ambient air [329].  
 

𝑃𝑃 𝑉𝑉 = 𝑛𝑛 𝑅𝑅 𝑇𝑇 
 

(B.6) 

The number of moles of a contaminant equals the mass of a contaminant m divided by its 
molecular mass M [329]. The molecular mass is obtained from a periodic table of elements 
published by the National Library of Medicine (see Table B.1) [330].  
 
Table B.1: Molecular mass of the pollutant species relevant for this research 

Pollutant species Molecular mass [g/mole] 
NO 30 
NO2 46 
CO 28.01 
SO2 64.0638 

 
To obtain the volume of the contaminant, Equation L.1 is rewritten to Equation B.7 [329].  
 

𝑉𝑉[𝐿𝐿] =
𝑚𝑚 [𝑔𝑔]

𝑀𝑀 � 𝑔𝑔
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚�

𝑅𝑅 �
𝐿𝐿 𝑘𝑘𝑘𝑘𝑘𝑘 
𝑚𝑚𝑚𝑚𝑚𝑚 𝐾𝐾 

� 𝑇𝑇[𝐾𝐾]
1

𝑃𝑃[𝑘𝑘𝑘𝑘𝑘𝑘] 

 

(B.7) 

 
After obtaining the volume of the contaminant, the concentration C in ppb is multiplied by the 
molecular mass M in gram per mole and divided by this volume V to obtain the concentration 
C in 𝜇𝜇𝜇𝜇m-3 as shown in Equation B.8 [329].  
 

C �𝜇𝜇𝜇𝜇m-3� =  C [𝑝𝑝𝑝𝑝𝑝𝑝] ⋅
 M � 𝑔𝑔

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚�
V[𝐿𝐿]  

 

(B.8) 

All steps discussed in this section are performed using an algorithm of J. Maes. 
 

B.2 Processing of ATC data  
As LiveATC stores audio recordings every half an hour, in the first step these recordings are 
loaded in using pydub.AudioSegment.from_mp3() and merged into a single audio file using 
the .extend() function [322]. In the second step the mp3 extension of the merged audio file is 
converted to wav using the export() function as this is required for further processing. In the 
third step the wav file is imported as a floating point time-series using librosa.load() and split 
into parts containing a signal >40 decibels (dB) and parts whereby the signal is <40 dB using 
librosa.effects.split(). In the fourth step parts where the signal is <40 dB are eliminated and 
parts where the signal is >40 dB are merged together using extend().  
 

B.3 Processing of aircraft- and engine data 
Preparation of the aircraft- and engine data involves three steps: filtering out irrelevant data, 
categorising aircraft operations into flight phase (i.e., take-off or landing) and modifying the 
engine model designator to match the ICAO designator. Data of aircraft transmitting within 30 
squared kilometres around the ATC tower of Schiphol airport is obtained from the OpenSky 
Network using an algorithm developed during previous research [331]. This data is organised 
into ‘tracks’ containing information (e.g., the velocity) of a specific aircraft operation. As only 
tracks of aircraft using the Polderbaan runway are of interest, previous research discarded 
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data for which the (minimum) distance between aircraft and the sensor node is >1500 m. 
However, this may include taxiing aircraft, which are not analysed during this research. A 
different method was therefore implemented.  
 
This method consists of an algorithm that automatically verifies whether aircraft transmit 
position reports within a two-dimensional polygon overlaying the Polderbaan runway (see 
Figure 5.3 in main report). The polygon is defined using geometry.Polygon() of the Shapely 
package. The aircraft position reports (i.e. latitude and longitude) of departing and arriving 
aircraft are converted to Shapely geometry objects using the Shapely function 
geometry.Point(). An example of these geometry objects, hereafter referred to as track points, 
together with the defined Polygon can be observed in Figure 5.4 in Chapter 5. The function 
.contains() of Shapely is thereafter used to search for the track points that an aircraft is present 
within the defined polygon. Aircraft operations with zero track points on the runway are 
discarded. Subsequently, aircraft not transmitting within this polygon are discarded.  
 
After removing irrelevant data, aircraft operations are classified into flight phases (take-off, 
landing or over-flight) in the second data preparation step using an algorithm developed during 
previous research [331]. This algorithm is based on conditional statements27 involving the 
geometric altitude Hgeo, ground speed Vground and the ‘on-ground’ Boolean. Similar to other 
research (e.g., [191–196]) it was observed that Hgeo and Vground contain erroneous values and 
high frequency noise, which can lead to the wrong flight phase categorisation28. To filter out 
erroneous values NaN (Not-a-Number) instances are discarded, and data of unrealistic 
magnitude are filtered out using the conditional statements shown in Figure B.1.  

 
Figure B.1: Procedure to search for and discard potentially erroneous data 

Hereafter, implausible fluctuations in geometric altitude and ground speed are removed using 
the Savitzky-Golay filter, which is one of the most frequently used filters for this purpose (see 
e.g., [182, 197–202]). Note that the same filter was used for air pollution data and has been 
described in Section 5.2.1 (see main report). Similar to other research (e.g., [182, 202]), the 
filter was implemented using a polynomial order of 3 with a filter length of 15. Subsequently, 
the filtered values are used to categorise aircraft operations into flight phases whereby aircraft 
operations other than take offs and landing are discarded. This is accomplished by an 
algorithm developed during precursory research of which the steps are shown in Figure B.2.  
 

 
27 Conditional statements are ‘AND’, ‘IF” and ‘OR’ statements whereby the algorithm checks whether for a given input the 
statement is true or false.  
28 As during this research ~10 times higher resolution data was used compared to previous research, more extensive data removal 
procedures and filtering were necessary than applied during previous research.  
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Figure B.2: Logic of flight phase categorisation developed during previous research 

Besides filtering out aircraft that are not utilising the Polderbaan runway, another step of aircraft 
data processing involves the modification of the engine designator provided by the OpenSky 
Network. This engine designator is automatically rewritten to the ICAO designator based upon 
Boolean logic (i.e., if a condition is met, then action is taken) using the steps of Figure B.3 and 
Figure B.4. Note that the algorithm is presented in two parts for displaying purposes.  
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Figure B.3: First part of engine model designator modification algorithm 
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Figure B.4: Second part of engine model designator modification algorithm  
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B.4 Offset in initial estimated plume arrival time  
 
Table B.2: Offset between the estimated and actual time at which an aircraft operation gives 

rise to a peak pollutant concentration in time-series  

Date of measurement Aircraft activity Mean offset (s) Standard deviation (s) 
06-05-2022 

 
Landing 21.8 7.6 

25-05-2022 
 

Landing 19.8 9.2 

15-07-2022 
 

Landing 10.9 18.4 

28-07-2022 
 

Take-off 6.3 12.2 

 

B.5 Graphical goodness of fit assessment  

 
Figure B.5: Graphical assessment of goodness of fit whereby residuals are defined as the 

difference between the fitted- and observed value  
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Appendix C: Supplemental data of the 
dispersion model  

C.1 Implementation of dispersion model during previous research 
The selected dispersion model was already implemented during precursory research of Maes 
[63], of which the method of implementation will be described here. The dispersion model is 
shown in Equation C.1. where E represents the emission rate, u the plume velocity and R the 
plume radius at the location of interest.  
 

𝜒𝜒 = �
𝐸𝐸

𝜋𝜋𝜋𝜋𝑅𝑅2
 within the plume 

0  outside the plume 
 

 
(C.1) 

 
The plume velocity u can be expressed in terms of the streamwise distance S between the 
aircraft and the sensor node, the initial plume velocity u0, the initial plume radius R0 and the 
universal entrainment coefficient 𝛼𝛼 using Equation C.2. Similarly, the radius R can be 
expressed in terms of the streamwise distance S and the initial plume radius R0 [332].  
 

𝑢𝑢 = 𝑅𝑅0𝑢𝑢0(2𝛼𝛼𝛼𝛼 + 𝑅𝑅0)−1 (C.2) 

𝑅𝑅 = 2𝛼𝛼𝛼𝛼 + 𝑅𝑅0 
 

(C.3) 

Substituting these expressions into Equation C.1 leads to Equation C.4.  

𝜒𝜒 = �
𝐸𝐸

𝜋𝜋𝑅𝑅0𝑢𝑢0(2𝛼𝛼𝛼𝛼+ 𝑅𝑅0)  within the plume 

0  outside the plume 
 

 

 
(C.4) 

The universal entrainment coefficient 𝛼𝛼 was set equal to 0.057 assuming the fluid to be a pure 
momentum jet. For fluid to be a pure momentum jet, the initial momentum of the fluid must be 
much larger than the initial buoyancy of the fluid [124]. An exhaust jet leaving the engine 
exhaust has a high release momentum and (initially) dominates over buoyancy. Jet exhaust 
can thus be assumed to be a pure momentum jet, for which it was experimentally determined 
that 𝛼𝛼 = 0.057  [92].  
 
The emission rate E was obtained in previous research by multiplying the fuel flow rate of an 
aircraft’s engine model with the emission index. However, this provides the emission index of 
a single jet-engine, while all aircraft that were measured during previous research and this 
follow-up research were equipped with two or four engines. As stated in Chapter 2 of the main 
report, it is assumed that ambient wind brings the combined plume of all jet-engines towards 
the node(s). Therefore, the emission rate per jet engine needs to be multiplied by the number 
of engines N that an aircraft is equipped with.  
 
To estimate the streamwise distance S previous research used the minimum distance between 
the aircraft and the downwind sensor node. However, it was explained in Chapter 5 of the main 
report that this distance is a function of the thrust setting and the wind speed and wind direction. 
Making the simplified assumption that aircraft are stationary sources releasing a passive plume 
(i.e., neglecting the initial velocity given to the plume by engine thrust) S can be estimated with 
Equation C.5. In this equation d represents the perpendicular distance to the runway, and U 
and V the headwind and crosswind components of the ambient wind.  
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 𝑆𝑆 = 𝑑𝑑�1 + (𝑈𝑈/𝑉𝑉)2 (C.5) 

 
The initial plume radius R0 was assumed to be equal to the engine fan diameter D during 
previous research, which was obtained from a publicly accessible online database [333]. 
Preferably, this parameter would be set equal to the actual engine exhaust nozzle radius but 
this information is generally not publicly available.  In the ADMS-Airport user guide [133] it was 
stated that (based upon `private communication with an expert') a relationship exists between 
the jet-engine's fan diameter and exhaust diameter. For mixed flow turbofan engines (MTF), 
which are engines with a common exhaust for the mixed flow of the inner core flow and outer 
bypass flow, the exhaust nozzle is typically approximately equal to 0.75 times the exhaust 
diameter. For unmixed turbofan engines (TF), which are engines with a separate exhaust for 
the core flow and bypass flow, the combined exhaust diameter is typically approximately equal 
to the fan diameter [13, 133, 334].  
 
Figure C.1 shows the relationship between the fan diameter and exhaust diameter for different 
engine models. In this figure it can be observed that for both MTF and TF engines the exhaust 
diameter is approximately equal to 0.75 times the fan diameter. Whereas previous research 
assumed R0 = D, a better approximation would therefore be R0 = 0.75D to estimate the plume 
radius. This gives however the radius of a single engine, whereas the main report explained 
that a common aircraft exhaust plume is formed.  
 

 
Figure C.1: Relationship between the engine exhaust diameter and fan diameter  
 
The initial plume velocity u0 was assumed to be equal to the jet engine exhaust velocity of a 
Boeing 787-8 during previous research as reported by Boeing, irrespective of the actual aircraft 
type or engine model29. Hereby the jet engine exhaust velocity refers to the mixed flow (i.e., 
the combined flow of the core, fan and surrounding air). However, engine performance data of 
eight engines published by Barrett et al. [102] revealed that the exhaust velocity at 100% thrust 
can differ >70% between engine models. Therefore, using the engine exhaust velocity of a 
Boeing 787-8 may largely differ with the actual engine exhaust velocity. Engine exhaust 
velocity data is generally not made publicly available, but the exhaust velocity of different 
engine models may be approximated using the method described by Barrett et al. [102].  

 
29 15.56 m/s for idle engine power and 44.72 m/s for take-off power during standard atmospheric conditions at mean sea-level 
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Rather than modifying the model implementation of previous research, it was chosen to follow 
the method of Barrett et al. [102] as this improved the agreement between measured and 
modelled pollutant concentrations. Furthermore, it is unclear whether Equation C.4 can be 
used for aircraft exhaust plumes as the expressions are formulated for a single jet rather than 
the combined jet formed by all engines of an aircraft.   
 

C.2 Tables used for the aircraft emissions estimation method  
 Table C.1: Clear sky insolation codes corresponding to solar elevation angles  
 

Clear sky insolation code Solar elevation angle [degrees] 
3 ѱ>60 
2 <35 ѱ ≤60 
1 <15 ѱ ≤35 
0 <0 ѱ ≤15 
-2 ѱ  = 0 

 
Table C.2: Insolation strengths associated with insolation codes 

Insolation strength Insolation code 
Strong 3 

Moderate 2 
Slight 1 
None 0 
Night -2 

 
 Table C.3: Pasquill stability classes for daytime insolation  

Ws (m/s) 
 
 

Daytime insolation strength 

 
Strong 

 
Moderate 

 
Slight 

 
Ws < 2 A A – B B 

2 ≤ Ws < 3 A – B B C 
3 ≤ Ws < 5 B B – C C 
5 ≤ Ws < 6 C C – D D 

Ws > 6 C D D 
 
Table C.4: Empirical expressions by Briggs [243] to estimate dispersion parameters for 

distances between 100 and 10 000 m assuming urban conditions  

Pasquill stability class y [m] z [m] 
A - B 0.32𝑆𝑆(1 + 0.0004𝑆𝑆)−0.5 0.24𝑆𝑆(1 + 0.001𝑆𝑆)0.5 

C 0.22𝑆𝑆(1 + 0.0004𝑆𝑆)−0.5 0.20 𝑆𝑆 
D 0.16𝑆𝑆(1 + 0.0004𝑆𝑆)−0.5 0.14𝑆𝑆(1 + 0.0003𝑆𝑆)−0.5 

E - F 0.11𝑆𝑆(1 + 0.0004𝑆𝑆)−0.5 0.08𝑆𝑆(1 + 0.0015𝑆𝑆)−0.5 
 
It is worth noting that in above table combinations of Pasquill stability classes may be obtained 
(e.g. B - C) that are not shown in the previous table. For these cases, as suggested by Vallero 
[335], the dispersion parameters are computed for both Pasquill stability classes and 
subsequently the average of these values will be used.   
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C.3 Boeing Fuel Flow Method 2  
This appendix provides a step-by-step overview of how the Boeing Fuel Flow Method 2 
(BFFM2) was implemented. In the first step the fuel flow of the aircraft is estimated. For this, 
the fuel flow values for 7%, 30%, 85% and 100% of the rated thrust are obtained from the 
ICAO Emissions Databank and corrected for engine installation effects using the correction 
factor r shown in Table C.5.   
 
Table C.5: Engine installation effects correction factor r per flight activity  

                                         Take off  Climb Approach Idle 
Thrust setting as 
percentage of the 
rated thrust 

100% 85% 30% 7% 

Correction factor r 1.010 1.013 1.020 1.100 
 
As fuel flow scales approximately linear with thrust, linear interpolation is used in between the 
fuel flow values that were obtained after correcting for installation effects. From this, the fuel 
flow value 𝑊𝑊𝑓𝑓 corresponding to the thrust setting of the aircraft is obtained. This value is 
corrected for ambient conditions using Equation C.1. In this equation the Mach number M = 0, 
and 𝜃𝜃𝑎𝑎𝑎𝑎𝑎𝑎 and 𝛿𝛿𝑎𝑎𝑎𝑎𝑎𝑎  follow from Equation C.2 and Equation C.3 respectively in which 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 is 
the ambient temperature in Kelvin and 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 the ambient pressure according to the prevailing 
METAR report.  
 

𝑃𝑃𝑊𝑊𝑓𝑓𝑓𝑓 =
𝑊𝑊𝑓𝑓

𝛿𝛿𝑎𝑎𝑎𝑎𝑎𝑎
⋅ 𝜃𝜃𝑎𝑎𝑎𝑎𝑎𝑎3.8 ⋅ 𝑒𝑒0.2⋅𝑀𝑀2 

 
 

(C.1)  

 
 

 

𝜃𝜃𝑎𝑎𝑎𝑎𝑎𝑎 =
𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎

288.15𝐾𝐾
 

 
 

(C.2) 

𝛿𝛿𝑎𝑎𝑎𝑎𝑎𝑎 =
𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎

101325𝑃𝑃𝑃𝑃
 

 

(C.3) 

In the second step log-log graphs are generated with the horizontal axis showing the fuel flows 
(corrected for engine installation effects and ambient conditions) and the vertical axis 
displaying the corresponding of CO or NOx. For this, first the ICAO fuel flows are corrected for 
engine installation effects and ambient conditions similar as for the aircraft fuel flow and 
converted to log10. Next, the four emission indices reported in the ICAO Emissions Databank 
(hereafter referred to as reference emission indices) are obtained and, similar to the fuel flow 
converted to log10. Hereafter a graph is created showing the log10 fuel flows and corresponding 
log10 emission indices (hereafter referred to as data-points). To be able to retrieve the emission 
index for fuel flow values other than those corresponding to the four reference emission 
indices, for NOx a point-to-point fit is used between the four data-points. For CO a bilinear fit is 
used which is typically created by extending the linear fit through the data points corresponding 
to 7% and 30% of the rated thrust until it intersects with the horizontal line at a value equal to 
the midpoint between the data points corresponding to 85% and 100% of the rated thrust [263, 
293].   
 
In the third step the aircraft fuel flow 𝑊𝑊𝑓𝑓𝑓𝑓  obtained in step 1 is converted to log10 and used to 
find the corresponding emission index 𝐸𝐸𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟,𝑙𝑙𝑙𝑙𝑙𝑙 using the graphs generated in step 2. Hereafter 
10 to the power of 𝐸𝐸𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟,𝑙𝑙𝑙𝑙𝑔𝑔 is raised to retrieve the non-logarithmic value 𝐸𝐸𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟. This value is 
corrected for ambient conditions using Equations C.4 and C.5 for CO and NOx respectively.  
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𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟,𝐶𝐶𝐶𝐶 ⋅
𝜃𝜃𝑎𝑎𝑎𝑎𝑎𝑎3.3

𝛿𝛿𝑎𝑎𝑎𝑎𝑎𝑎1.02  
(C.4)  

 
 

 

𝐸𝐸𝐸𝐸𝐸𝐸𝑂𝑂𝑋𝑋 = 𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟,𝑁𝑁𝑂𝑂𝑥𝑥 ⋅ �
𝛿𝛿𝑎𝑎𝑎𝑎𝑎𝑎1.02

𝜃𝜃𝑎𝑎𝑎𝑎𝑎𝑎3.3 ⋅ 𝑒𝑒𝐻𝐻 

 

(C.5) 

 
In Equation C.5 𝐻𝐻 represents a humidity correction factor which can be obtained using 
Equation C.6:   
 

𝐻𝐻 = −19.0 ⋅ (𝜔𝜔 − 0.00634) 
 

(C.6) 

 
Hereby 𝜔𝜔 is the specific humidity, Φ the relative humidity factor (obtained as percentage from 
the METAR and divided by 100 to get the relative humidity factor), 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎 the ambient pressure 
(obtained from the METAR hPa and converted to psia) and 𝑃𝑃𝑉𝑉 the saturation vapour pressure 
in psia which can be computed using Equation C.7, Equation C.8 and Equation C.9 
respectively with 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 in Kelvin.  
 

𝜔𝜔 =
0.62197058 ⋅ Φ ⋅ 𝑃𝑃𝑉𝑉

𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎 − Φ ⋅ 𝑃𝑃𝑉𝑉
 

 

(C.7) 

 
𝑃𝑃𝑉𝑉 = 0.014504 ⋅ 10β 

 
(C.8) 

 
𝛽𝛽 = 7.90298 ⋅ (1 − 𝜏𝜏) + 3.00571 + 5.02808 ⋅ log(𝜏𝜏) + 

1.3816 ⋅ 10−7�1 − 1011.344⋅(1−1/𝜏𝜏)� + (8.1328 ⋅ 10−3)�103.49149⋅(1−𝜏𝜏) − 1� 
 

(C.9) 

 

𝜏𝜏 =
373.16
𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎

 

 

(C.10) 

 
Some engine models are known to raise issues when using the BMFF2 as displayed in Table 
C.6, for which the suggested solutions have been implemented accordingly.  
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Table C.6: Issue cases of the BFFM2 and implemented methods to resolve these issues (table 
extracted from Schaefer and Bartosch [263])  
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Appendix D: Supplemental data of results 
D.1 Downwind experiment  
D.1.1 Certified emission rate 

Figure D.1 shows the rate at which pollutants are emitted during standard atmospheric 
conditions with a thrust setting corresponding to 7% and 85% of the rated thrust for landing- 
and departing aircraft respectively.  The results are shown for some of the most frequently 
encountered aircraft-engine combinations, which includes the E190 (CF34-10E5 engines), 
A320 (LEAP-1A26/26E1 engines), B738 (CFM56-7B24 engines) and B787 (GEnx-1B74/75/P1 
engines). Certified emissions data of the ICAO emissions databank was used for the fuel flow, 
NOx emission index and CO emission index. An emission index of 0.8 (ranging from 0.01 to 3 
g/kg) was assumed for SO2.  
 
In this figure it can be seen that for departures the emission rate of CO and SO2 is much lower 
than the emission rate of NOx, which is likely to explain why only for NOx strong enhancements 
above the background concentration can be observed the measured data. Similarly, for landing 
aircraft the emission rate of CO is much higher than the emission rate of NOx and SO2 which 
is likely to explain why for landing aircraft only CO shows strong enhancements above the 
background concentration in observed time-series.  
 

 
 
Figure D.1: Emission rate of the combined jet-engines of an aircraft according to certified fuel 

flow rates and emission indices (except for SO2)  

𝐸𝐸𝐼𝐼𝑆𝑆𝑂𝑂2 = 3 𝑔𝑔/𝑘𝑘𝑘𝑘 
𝐸𝐸𝐼𝐼𝑆𝑆𝑂𝑂2 = 0.8 𝑔𝑔/𝑘𝑘𝑘𝑘 
𝐸𝐸𝐼𝐼𝑆𝑆𝑂𝑂2 = 0.01 𝑔𝑔/𝑘𝑘𝑘𝑘 
  

Legend 
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D.1.2 Automated screening results 

Table D.1: Overview of plumes not satisfying individual quality control criteria with respect to 
the total number of plumes not passing quality control for CO (landing aircraft) 
and NO and NO2 (departing aircraft) 

Criterium Species Number of 
plumes failing to 
pass criterium 

Plumes failing to pass 
criterium with respect to total 
number of plumes not passing 
quality control [%] 

Overlapping plumes 
cannot be coupled to 

aircraft operations 

CO 47 ~45 
NO 25 ~31 
NO2 56 ~45 

Goodness of fit criteria 
not satisfied 

CO 20 ~19 
NO 20 ~25 
NO2 58 ~47 

No peak identified 
within 30 seconds from 

(refined) EPA time 

CO 37 ~35 
NO 35 ~44 
NO2 10 ~8 

Crosswind below 
threshold value 

CO 1 ~1 
NO 0 0 
NO2 0 0 

 
22-01-2021 
Total number of aircraft operations: 51 (51 landings, 0 take-offs)  
Accepted / accepted after separation / flagged: 37 / 0 / 14 
 
Table D.2: Quality control analysis of the measurement conducted at 22-01-2021 
 

Reason for plume not passing 
quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

0 0% 

Statistics 3 ~21% 
No plume identified 1 ~7% 

Identified peak too far from EPA 2 ~14% 
Overlapping plume could not be 

coupled to flight 
8 ~57% 

 
09-09-2021 
Total number of aircraft operations: 39 (39 landings, 0 take-offs)  
Accepted / accepted after separation / flagged: 24/0/15 
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Table D.3: Quality control analysis of the measurement conducted at 09-09-2021 
 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Statistics 7 ~47% 

No plume identified 0 0% 
Identified peak too far from EPA 1 ~6% 

Overlapping not coupled to 
flight 

 7 ~47% 

Either start-point or end-point 
below concentration threshold 

0 0% 

 
06-05-2022 
Total number of aircraft operations: 27 (16 landings, 11 take-offs)  
 
Landing (CO) 
Accepted / accepted after separation / flagged: 9/1/7 
 
Table D.4: CO quality control analysis of the measurement conducted at 06-05-2022 
 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

 
1 

~14% 

Statistics 0 0% 
No plume identified 0 0% 

Identified peak too far from 
EPA 

3 ~43% 

Overlapping plume could not 
be coupled to flight 

3 
 

~43% 

 
Take-off (NO) 
Accepted / accepted after separation / flagged: 2/0/9  
 
Table D.5: NO quality control analysis of the measurement conducted at 06-05-2022 
 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

0 0% 

Overlapping 4 ~44% 
Statistics 3 ~33% 

No plume identified 0 0% 
Identified peak too far from 

EPA 
2 ~22% 

Crosswind below threshold 0 0% 
 
 
 
Take-off (NO2) 
Accepted / accepted after separation / flagged: 1/0/10 
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Table D.6: NO2 quality control analysis of the measurement conducted at 25-05-2022  
 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

2 20% 

Overlapping 5 50% 
Statistics 2 20% 

No plume identified 0 0% 
Identified peak too far from 

EPA 
1 10% 

Crosswind below threshold 0 0% 
 
25-05-2022 
Total number of aircraft operations: 19 
Accepted / accepted after separation / flagged: 14/0/5  
 
Table D.7: CO quality control analysis of the measurement conducted at 25-05-2022  
 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

0 0% 

Statistics 0 0% 
No plume identified 2 40% 

Identified peak too far from 
EPA 

1 20% 

Crosswind below threshold 0 0% 
Overlapping plume could not 

be coupled to flight 
2 40% 

 
15-07-2022 
Total number of aircraft operations: 115 
Accepted / accepted after separation / flagged: 51/1/64 
 
Table D.8: CO quality control analysis of the measurement conducted at 15-07-2022 
 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

2 ~3% 

Statistics 10 ~16% 
No plume identified 4 ~6% 

Identified peak too far from 
EPA 

  23 ~36% 

Crosswind below threshold 1 ~2% 
Overlapping 24 ~38% 
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28-07-2022 
Total number of aircraft operations: 154 
 
NO 
Accepted / accepted after separation / flagged: 83/0/71 
 
Table D.9: CO quality control analysis of the measurement conducted at 28-07-2022 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

1 ~1% 

Statistics 17 ~24% 
No plume identified 10 ~14% 

Identified peak too far from 
EPA 

23 ~32% 

Crosswind below threshold 0 0% 
Overlapping 20 ~28% 

 
NO2 
Accepted / accepted after separation / flagged: 40/1/114 
 
Table D.10: NO2 quality control analysis of the measurement conducted at 28-07-2022 

Reason for plume not 
passing quality control 

Number of plumes not 
passing quality control 

Percentage of plumes 
not passing quality 

control 
Either start-point or end-point 
below concentration threshold 

8 ~7% 

Statistics 56 ~49% 
No plume identified 0 0% 

Identified peak too far from 
EPA 

9 ~8% 

Crosswind below threshold 0 0% 
Overlapping 41 ~36% 
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D.1.3 Goodness of fit results  

Goodness of fit results for CO are presented in Table D.11.  
 
Table D.11: Mean (and standard deviation) of the coefficient of determination (R2), absolute 

value of the reduced chi squared (|𝜒𝜒2∗|), Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE), percentage difference between the area of the 
unfiltered plume signal and Gaussian fitting (Adifference) and percentage 
difference between the peak CO concentration of the filtered plume signal and 
Gaussian fitting for plumes passing quality control (Pdifference) 

     Date R2 

[-] 
𝛘𝛘𝟐𝟐∗ 
[-] 

MAE 
[𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

 

RMSE 
[𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

 

Adifference 
[%] 

Pdifference 
[%] 

22-01-
2021 

Node 1 0.856  
(0.08) 

6.7 
(13.224) 

4.6 
(2.2) 

5.4 
(2.6) 

3.6 
(2.7) 

4.3 
(3.3) 

Node 2 N.A. N.A. N.A. N.A. N.A. N.A. 
09-09-
2021 

Node 1 0.843  
(0.08) 

2.6 
(2.047) 

3.9 
(1.7) 

4.8 
(2.0) 

5.6 
(6.3) 

4.4 
(5.4) 

Node 2 N.A. N.A. N.A. N.A. N.A. N.A. 
06-05-
2022 

Node 1 N.A. N.A. N.A. N.A. N.A. N.A. 
Node 2 N.A. N.A. N.A. N.A. N.A. N.A. 

25-05-
2022 

Node 1 0.924  
(0.044) 

3.9 
(6.216) 

3.3 
(1.9) 

3.9 
(2.2) 

2.8 
(2.8) 

2.9 
(2.6) 

Node 2  0.905 
(0.065) 

5.4  
(9.296) 

 4.0 
(2.2) 

4.8 
(2.5) 

4.4  
(4.6) 

3.5 
(3.0) 

15-07-
2022 

Node 1 0.902  
(0.059) 

3.5  
(5.415) 

2.8 
(1.4) 

3.5 
(1.7) 

5.0 
(5.1) 

4.0 
(3.1) 

Node 2 0.894 
(0.067) 

3.9  
(7.555) 

 2.6 
(1.1) 

 3.1 
(1.3) 

7.0 
(7.2) 

3.9 
(3.1) 

 
Goodness of fit results for NO are presented in Table D.12.  
 
Table D.12: Mean (and standard deviation) of the coefficient of determination (R2), absolute 
value of the reduced chi squared (|𝜒𝜒2∗|), Mean Absolute Error (MAE), Root Mean Square Error 
(RMSE), percentage difference between the area of the unfiltered plume signal and Gaussian 
fitting (Adifference) and percentage difference between the peak NO concentration of the filtered 
plume signal and Gaussian fitting for plumes passing quality control (Pdifference) 

     Date R2 

[-] 
𝛘𝛘𝟐𝟐∗ 
[-] 

MAE 
[𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

 

RMSE 
[𝝁𝝁𝝁𝝁/𝒎𝒎𝟑𝟑] 

 

Adifference 
[%] 

Pdifference 
[%] 

06-05-
2022 

Node 1 0.61 
(N.A.) 

13.6 
(N.A.) 

 7.5 
(N.A.) 

 10.3 
(N.A.) 

11.3 
(N.A.) 

10.9 
(N.A.) 

Node 2  0.703 
(0.048) 

25.5 
(31.434) 

5.4 (0.9) 6.9 (1.3) 7.5 (0.8) 9.2 (2.0) 

28-07-
2022 

Node 1 0.75  
(0.088) 

6.1 
(6.015) 

6.3  
(1.8) 

7.7  
(2.2) 

7.8  
(5.0) 

6.9  
(6.3) 

Node 2 0.758 
(0.094) 

7.1 
(10.317) 

3.8  
(0.9) 

4.7  
(1.1) 

7.2  
(5.1) 

6.1  
(5.4) 
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Figure D.2: Coefficient of determination for various aircraft types  

 
Figure D.3: Absolute value of the reduced Chi-squared for various aircraft types 
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Figure D.4: RMSE for various aircraft types 

 

 
Figure D.5: Absolute value of the MAE for various aircraft types 
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D.1.3 Aircraft-specific results  

 
 

Figure D.6: Observed background-subtracted peak pollutant concentrations for different 
aircraft-engine combinations (upper graph) and the ICAO emission rate for the 
same aircraft-engine combinations (lower graph) for NOx of departing aircraft 
(a) and CO of landing aircraft (b)  

 

 

Median 
25th percentile 

75th percentile 
Interquartile range (IQR) 

Maximum value within 1.5 × IQR 

Minimum value within 1.5 × IQR 

Outlier 

Data point 

 Medium-sized aircraft 

Large aircraft  

Legend 

  
  

Sub-plot legend 
100% rated thrust 

  60% rated thrust 
  

  
  

Sub-plot legend 
7% rated thrust 

  41% rated thrust 
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Figure D.7: Observed background-subtracted average plume concentrations for different 

aircraft-engine combinations (upper graph) and the ICAO emission rate for the 
same aircraft-engine combinations (lower graph) for NOx of departing aircraft 
(a) and CO of landing aircraft (b)  
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Legend 

  
  

Sub-plot legend 
100% rated thrust 
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Sub-plot legend 
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Figure D.8: NO plume characteristics of departing aircraft whereby aircraft are sorted based 

on increasing MTOW and grouped as large and medium-sized according to their 
ICAO wake turbulence category 
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Figure D.9: NO2 plume characteristics of departing aircraft whereby aircraft are sorted based 

on increasing MTOW and grouped as large and medium-sized according to their 
ICAO wake turbulence category 
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D.1.4 Engine-specific results  

 
 
 
Figure D.10: Observed background-subtracted average plume concentrations for different 
engine models (upper graph) and the ICAO emission rate for the same engine models (lower 
graph) for NOx for departures (a) and CO of landings (b) 
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Interquartile range (IQR) 
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Legend 
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Figure D.11: Observed background-subtracted peak pollutant concentrations for different 
engine models (upper graph) and the ICAO emission rate for the same engine models (lower 
graph) for NOx for departures (a) and CO of landings (b) 
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D.1.5 Relationship between plume characteristics  

 
Figure D.12: Relationship between the peak height and area and width and area of Gaussian 

NO2 plumes  

 
Figure D.13: Relationship between the peak height and area and width and area of Gaussian 

NO plumes  

D.1.6 Sensitivity analysis  

The results are potentially influenced by the amplitude threshold (see Section 5.4) and window 
to estimate the background concentration (see Section 5.2). To study the effect of these inputs 
on the results, a sensitivity analysis is performed. To conduct this analysis the input parameter 
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is changed, after which the results are generated to evaluate how resulting plume 
characteristics are altered. The results of the sensitivity are presented in Appendix T, and 
reveal that the mean peak, area and top-hat peak can vary up to up to ~30%, ~69% and ~32% 
respectively depending upon the baseline window, whereby values typically increase for a 
larger window. Furthermore, increasing the amplitude threshold increases the mean peak, 
area and top-hat peak of the analysed aircraft and decreases the number of aircraft that could 
be included in this analysis.   
 
Table D.13: Variation in mean CO plume characteristics with changes in baseline time 
window 
Baseline extraction 
window (seconds) 

Gaussian peak 
[µg/m3] 

Gaussian area 
[µg/m3.s] 

Top-hat peak 
[µg/m3] 

60 44.0 1431.0 14.6 
100 48.4 1913.8 17.2 
200 59.7 2886.2 19.1 
300 59.0 2812.5 19.3 
400 58.4 2944.5 20.2 

 
Table D.14: Variation in mean NOx plume characteristics with changes in baseline time 
window 
Baseline extraction 
window (seconds) 

Gaussian peak 
[µg/m3] 

Gaussian area 
[µg/m3.s] 

Top-hat peak 
[µg/m3] 

60 626.6 15348.3 156.1 
100 489.0 12809.7 192.1 
200 803.1 21729.3 203.9 
300 831.9 22711.2 214.7 
400 815.6 22298.3 212.8 

 
 
Table D.15: Variation in mean CO plume characteristics with changes amplitude threshold 

Peak separation 
line 

Gaussian peak  
[µg/m3] 

Gaussian area 
[µg/m3.s] 

Top-hat peak 
[µg/m3] 

𝜇𝜇 −  0.5𝜎𝜎 47.9 1877.2 16.0 
𝜇𝜇 48.4 1913.8 17.2 

𝜇𝜇 + 𝜎𝜎 62.3 2523.0 21.2 
𝜇𝜇 + 2𝜎𝜎 71.4 2825.8 25.2 
𝜇𝜇 + 3𝜎𝜎  82.2 3084.5 29.3 

 
 
Table D.16: Variation in mean NOx plume characteristics with changes amplitude threshold 

Peak separation 
line 

Gaussian peak  
[µg/m3] 

Gaussian area  
[µg/m3.s] 

Top-hat peak 
[µg/m3] 

𝜇𝜇 − 0.5𝜎𝜎 676.1 17847.2 178.6 
𝜇𝜇 489.0 12809.7 192.1 

𝜇𝜇 + 𝜎𝜎 987.8  24686.3 236.9 
𝜇𝜇 + 2𝜎𝜎 1145.6 28914.8 283.7 
𝜇𝜇 + 3𝜎𝜎 1249.4 31596.3 312.2 
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D.1.7 Internal temperature and relative humidity 

 
Figure D.14: Internal node conditions for the measurement conducted on 22-01-2021 
 

 
Figure D.15: Internal node conditions for the measurement conducted on 09-09-2021 
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Figure D.16: Internal node conditions for the measurement conducted on 06-05-2022 
 

 
Figure D.17: Internal node conditions for the measurement conducted on 25-05-2022 
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Figure D.18: Internal node conditions for the measurement conducted on 15-07-2022 
 
 

 
Figure D.19: Internal node conditions for the measurement conducted on 28-07-2022 
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D.2 Upwind pollutant concentrations  

 
 
Figure D.20: Time-series of the local pollutant concentrations upwind and downwind of the 

runway together with the prevailing wind and the (refined) estimated plume 
arrival time at downwind the downwind sensor node for the measurement 
conducted on 25-05-2022 
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Figure D.21: NOx concentration contours (0.001 ppm, 1 ppm and 10 ppm) for Boeing 737 at 
ground level during take-off [87] 
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Figure D.22: NOx concentration contours (0.001 ppm, 1 ppm and 10 ppm) for Boeing 747 at 
ground level during take-off at 100% of the rated thrust [87] 

 
Figure D.23: NOx concentration contours of separate of different aircraft-engine combinations 
at ground level during take-off at 85% of the rated thrust [89] 
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Figure D.24: NOx concentration contours of an A320 at 100% of the rated thrust in wind still 
conditions (a), at 0.5 m/s crosswind (b) and for a roll speed of 10 m/s (c) [1] 
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D.3  Collocation results   

 
Figure D.25: Comparison of total pollutant concentrations obtained by two sensor nodes with 

the Pearson correlation coefficient (r), Root Mean Square Error (RMSE), Mean 
Absolute Error (MAE) and percentage difference between the time-series mean 
of each sensor node (%Δ mean) 

Legend 

CO NO NO2 

25-05-2022 
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Figure D.26: Comparison of local pollutant concentrations obtained by two sensor with the 
Pearson correlation coefficient (r), Root Mean Square Error (RMSE), Mean 
Absolute Error (MAE) and percentage difference between the time-series mean 
of each sensor node (%Δ mean) 

Legend 

CO NO NO2 

25-05-2022 
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Table D.17: Total pollutant time-series mean in ppb of sensor nodes for different measurement 
dates 
 

 
Table D.18: Local pollutant time-series mean in ppb of sensor nodes for different measurement 

dates 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Date Node 1 Node 2 Node 3 Node 4 
06-05-2022 

 
CO 243.9 111.2 N.A. N.A. 
NO  75.0  94.6 N.A. N.A. 
NO2 58.7 52.7  N.A. N.A. 

25-05-2022 
 

CO 52.9 99.4 N.A. N.A. 
NO 109.6  33.4  N.A. N.A. 
NO2  151.5 49.1  N.A. N.A. 

15-07-2022 
 

CO 152.2 130.4 N.A. N.A. 
NO 56.4  54.5 123.3   52.3 
NO2 138.1  88.4  24.4   25.7 

28-07-2022 
 

CO 166.8  118.7  N.A. N.A. 
NO 80.2  94.4   61.7 57.2 
NO2 117.0 31.1 38.4 45.7 

Date Node 1 Node 2 Node 3 Node 4 
06-05-2022 

 
CO 21.5 14.2 N.A. N.A. 
NO 39.3 37.0 N.A. N.A. 
NO2 29.1 21.0 N.A. N.A. 

25-05-2022 
 

CO  15.8  12.8 N.A. N.A. 
NO  18.0  18.1 N.A. N.A. 
NO2  21.3  14.5 N.A. N.A. 

15-07-2022 
 

CO 14.2 13.5 N.A. N.A. 
NO 18.1 17.4 12.9 15.0 
NO2 19.1 12.3 5.7 7.9 

28-07-2022 
 

CO 20.7 16.9 N.A. N.A. 
NO 39.0    36.6   33.1 29.0 
NO2 23.6 14.1  9.0 10.3 
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D.4  Near engine exit plane experiment results    
Figure D.27 shows the obtained data for the two conducted near engine exhaust nozzle 
measurements.  
 

 
Figure D.27: Air pollution signals supplemented by engine data for the near-engine exhaust 

measurement of the first measurement (left) and second measurement (right) 

Figure D.28 indicates by the shaded region the time interval during which engine data of the 
Flight Test Instrumentation System (FTIS) as discussed in Chapter 3 was available. 
Subsequent analysis of the results is solely based upon the signals within this time interval.  
 
 
 
 
 
 
 
 
 
 
 

Measurement experiment 2  Measurement experiment 1  
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Figure D.28: Resulting air pollution signals of the near-engine exhaust measurement of the 

first measurement (top) and second measurement (bottom) 

A rough estimation of the NOx emission index is obtained by first computing the area under the 
NO curve for which engine data was available (see the shaded region in Figure D.28) and 
dividing this by the duration of the NO curve. The same steps are performed for NO2. Herafter, 
the NOx in micrograms per m3 is retrieved through Equation D.1 with ANO and 𝐴𝐴𝑁𝑁𝑂𝑂2 the area 
over the width of NO and NO2 respectively. The result is multiplied by 10-6 to convert the NOx 
from micrograms per m3 to grams per m3.  
 

Measurement 1  

Measurement 2  
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𝐴𝐴𝑁𝑁𝑂𝑂𝑥𝑥 =
46.0055
30.0061

× ANO + 𝐴𝐴𝑁𝑁𝑂𝑂2  
(D.1) 

Delaney et al. [336] and Zaporozhets and Synlo [337] stated that turbulent-free jets can be 
divided into three stages:  

• The initial stage: in this stage the plume dispersion is solely determined by the 
characteristics of the emitted jet 

• The transition stage: in this stage the plume starts to spread under the influence of 
the ambient wind and plume buoyancy 

• The final phase: in this stage atmospheric effects become dominant for plume 
dispersion  

 
The streamwise distance between the jet-engine exhaust nozzle till the end of the initial stage 
is denoted as 𝑆𝑆𝐼𝐼 whereby 𝑆𝑆𝐼𝐼 can be expressed relative to the exhaust nozzle diameter 𝑅𝑅0 using 
Equation D.2.   

𝑆𝑆𝐼𝐼� =
𝑆𝑆𝐼𝐼
𝑅𝑅0

 
(D.2) 

 
Similarly, the radius of the plume at the end of the initial stage is denoted as 𝑅𝑅𝐼𝐼 and can be 
expressed relative to the exhaust nozzle diameter using Equation D.3.  

𝑅𝑅𝐼𝐼��� =
𝑅𝑅𝐼𝐼
𝑅𝑅0

 
(D.2) 

 
According to Zaporozhets and Synlo [337] the radius of the plume at the end of the initial stage 
relative to the exhaust nozzle radius can be computed using Equation D.3:  
 

𝑅𝑅𝐼𝐼��� = 0.27 𝑆𝑆𝐼𝐼�  (D.3) 

Delaney et al. [336] pointed out that 𝑆𝑆𝐼𝐼 is approximately equal to 7 times the exhaust nozzle 
diameter D0, whereby D0 equals ~1.55 m for the engine on which the near engine exhaust 
nozzle experiment was performed. This results in 𝑆𝑆𝐼𝐼 ~10 m, which is approximately equal to 
the distance between the aircraft and the sensor node. Using this value for 𝑆𝑆𝐼𝐼, the plume radius 
at the sensor node can be estimated using Equation D.2, D.3 and D.3, which gives R ~ 2.7.  
 
The volume of the exhaust plume can be approximated as a truncated cone with Equation D.4. 
This results in V ~ 105 m3.  

𝑉𝑉 =  
1
3
𝜋𝜋𝑆𝑆𝐼𝐼(𝑅𝑅𝐼𝐼2 + 𝑅𝑅𝐼𝐼𝑅𝑅0 + 𝑅𝑅02) 

(D.4) 

 
Multiplying the concentration of NOx in gram/m3 by V results in 0.06 gram NOx. The total 
amount of fuel burned (in kg) can be found by computing the area under the curve of the fuel 
flow rate (in kg/sec). As the emission index is the amount of pollutant (in gram) per kg of fuel 
burnt, the emission index can be estimated from which leads to a NOx emission index of  ~0.02 
g/kg fuel. However, it should be noted that this merely serves to get a rough approximation of 
the NOx emission index. More research is needed to investigate whether this method should 
be refined. Furthermore, the measurements were conducted during non-ideal conditions, 
which may have influenced the NOx emission index. 
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D.5  Dispersion model results 

 
Figure D.29: Comparison to estimated certified pollutant concentrations for different thrust 

settings assuming urban conditions  

It was stated in Chapter 6 that the formulas to compute the dispersion parameters are 
published for urban and open country conditions, whereby urban conditions were assumed for 
this research. Figure D.30 displays the results if open country conditions would have been 
assumed instead. It can be observed that this increases pollutant concentrations, whereby 
mean modelled concentrations are ~137% higher for open country conditions compared to 
urban conditions. More research is needed to investigate which conditions are most applicable.  
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Sub-plot legend 

  
7% of the rated thrust 
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Sub-plot legend 
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Figure D.30: Comparison between modelled- and observed peak pollutant concentrations with open 

country conditions assumed for the plume dispersion coefficients 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Legend 
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