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Abstract 
 

Contrails, lined-shaped clouds that form behind an aircraft, interact with earth’s radiative balance 

and are thought to have a net warming effect. Their climate forcing could be comparable to the 

cumulative impacts of aviation CO2 emissions, but with a low scientific understanding and large 

uncertainties. This thesis quantifies uncertainties of the contrail climate forcing and proposes 

mitigation solutions.  

Several research gaps were identified in an extensive literature review: (i) contrail models currently 

assume a constant aircraft black carbon (BC) number emissions index (EIn) although it is a critical 

parameter affecting various contrail properties; (ii) contrail uncertainties were not 

comprehensively modelled; and (iii) a fleet-wide flight diversion strategy, recommended by 

existing studies, can be highly disruptive to air traffic management and increase CO2 emissions.  

To address (i), a new methodology is developed from the theory of fractal aggregates to relate the 

BC number and mass emissions. The methodology is validated with various BC combustion 

sources and estimates the fleet-average BC EIn emitted by flights in Japanese airspace to be 1.37 

[1.35, 1.39] ×1015 kg-1. Aircraft BC EIn and meteorological uncertainties are then propagated to 

address (ii), where contrail uncertainties are quantified using the Contrail Cirrus Prediction Model 

(CoCiP).  

Only 2.2% of flights contribute to 80% of the contrail energy forcing (EF) in this region. A small-

scale strategy of selectively diverting 1.7% of the fleet can reduce the contrail EF by up to 59.3% 

[52.4%, 65.6%], with only a 0.014% [0.010%, 0.017%] increase in long-lived CO2 emissions. This 

addresses (iii) and highlights the possibility to instantaneously reduce aviation’s climate forcing. 

Over the longer term, a fleetwide adoption of cleaner-burning engines, which reduces BC EIn by 

76%, achieves a 68.8% [45.2%, 82.1%] reduction in the contrail EF. A combination of both 

interventions significantly reduces the contrail EF by 91.8% [88.6%, 95.8%]. 
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Nomenclature 

Symbols used in mathematical equations 

AEI  Apparent particle emissions index (kg-1) 

AFR  Air-to-fuel Ratio 

AGWP  Absolute global warming potential (yr W m-2 kg-1) 

AGTP  Absolute global temperature potential  

ATD  Air traffic density (km-1 h-1) 

b0  Initial wake vortex separation 

cp,a  Heat capacity at constant pressure of air (= 1005 J kg-1 K-1) 

cp,e  Heat capacity for combustion products (= 1250 J kg-1 K-1) 

C   Mass-mobility prefactor 

CBC,c  Black carbon mass concentration at the combustor exit 

CBC,e  Black carbon mass concentration at the engine exit plane 

CBC,i  Black carbon mass concentration at the instrument sampling point 

CD  Coefficient of drag 

Cov  Coefficient on the degree of primary particle overlapping in a BC aggregate 

d  Distance travelled by an aircraft between waypoints (m) 

D  Aerodynamic drag (N) 

dm  Mobility diameter (m, unless stated otherwise) 

dpp   Primary particle diameter (m, unless stated otherwise) 

Dα  Projected area exponent 

Df  Fractal dimension 

Dfm  Mass mobility exponent 

DTEM  Transmission electron microscopy exponent 

e  Contrail efficacy  

EF  Contrail energy forcing (J or J m-1 ) 

EICO2
  Emissions index for CO2 (= 3.15 kg kg-1) 

EIH2O  Emissions index for water vapour (= 1.23 kg kg-1 for conventional fuel) 

EIm  Black carbon mass emissions index (g kg-1) 
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EIn  Black carbon number emissions index (kg-1) 

F  Aircraft engine thrust (N) 

F00,max  Maximum rated thrust at sea level with zero speed (N) 

F/F00,max Aircraft engine thrust setting as a % of F00,max (also equivalent to �̇�f/�̇�f,max) 

FPmax  Maximum tolerable fuel penalty per flight (%) 

g0  Gravitational acceleration (9.81 m s-2) 

G  Mixing line slope of a temperature humidity diagram 

GMD  Geometric mean diameter (m, unless stated otherwise) 

GSD  Geometric standard deviation 

Hp  Aircraft altitude (feet) 

IWC  Specific ice water content (g m-3) 

k   Density-mobility prefactor 

ka  Scaling prefactor 

kfm   Mass-mobility prefactor 

kSL,mass   BC mass emissions index (EIm) sampling loss correction factor 

kSL,num   BC number emissions index (EIn) sampling loss correction factor 

kTEM   Transmission electron microscopy prefactor 

Kn  Knudsen number 

L  Contrail length 

LCV  Lower calorific value of kerosene (= 43.2 MJ kg-1) 

LW  Longwave radiative forcing (W m-2) 

m  Mass of one black carbon aggregate (kg) 

m0  Initial aircraft mass (kg) 

�̇�f  Aircraft fuel mass flow rate (kg s-1) 

�̇�f,dist  Aircraft fuel consumption per flight distance (kg km-1) 

�̇�f,max Aircraft maximum fuel mass flow rate on the ground (kg s-1) 

M Total mass (or concentration) of black carbon aggregates in a particle size 

distribution (kg or kg m-3) 

Ma  Mach number 

nice   Contrail ice particle number concentration (m-3) 

npp   Number of primary particles in a black carbon aggregate 



24 
 

N Total number (or concentration) of black carbon aggregates in a particle size 

distribution (1, or m-3) 

OLR  Outgoing longwave radiation (W m-2) 

Pamb  Ambient pressure (Pa) 

Pselection  Probability of a flight being selected for a diversion 

Pwarming  Probability of a flight forming warming contrails 

pice   Saturation pressure over ice water surfaces (Pa) 

P2  Compressor inlet pressure (Pa) 

P3  Combustor inlet pressure (Pa) 

q  Specific humidity (kg kg-1) 

Q  Volume of exhaust gas per kg of fuel burned (m3 kg-1) 

r  Contrail ice particle radius (µm) 

R2  Coefficient of determination 

R0  Real gas constant for air (= 287.05 m2 K-1 s-2) 

R1  Real gas constant for water vapour (= 461.51 m2 K-1 s-2) 

Rearth  Radius of the earth (= 6.371 × 106 m) 

RF  Radiative forcing (W m-2) 

RH  Relative humidity with respect to liquid water 

RHcrit  Critical relative humidity with respect to liquid water 

RHi  Relative humidity with respect to ice 

RHic  Enhancement of specific humidity by division of RHic (= 0.9) 

ROCD  Rate of climb and descent (ft min-1) 

RSR  Reflected solar radiation (W m-2) 

S  Reference wing surface area 

SEarth  Surface area of Earth (= 5.101 × 1014 m2) 

SDR  Solar direct radiation (W m-2) 

SFC  Specific fuel consumption (kg s-1 N-1) 

SN  Smoke number 

SW  Shortwave radiative forcing (W m-2) 

SZA  Solar zenith angle (degrees) 

t  Contrail lifetime (hours) 
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T2  Compressor inlet temperature (K) 

T3  Combustor inlet temperature (K) 

T4/T2  Ratio of turbine inlet to the compressor inlet temperature 

T4  Turbine inlet temperature (K) 

Tamb  Ambient temperature (K) 

Tfl  Flame temperature at the combustion chamber (K) 

TFC  Total fuel consumption (kg) 

TISR  Incident solar radiation at the top of atmosphere (J m-2) 

TSR   Top net solar radiation (J m-2) 

TTR  Top net thermal radiation (J m-2) 

U  Horizontal wind component, U-direction (m s-1) 

V  Horizontal wind component, V-direction (m s-1) 

VGS  Ground speed (m s-1) 

VTAS  True airspeed (m s-1) 

w  Contrail width 

Zice  Contrail ice particle number per unit volume of air (m-3) 

λcontrail  Contrail climate sensitivity 

δloss  Correction to account for particle losses at the instrument sampling point (nm) 

𝑛𝑝   Aircraft engine compressor efficiency (= 0.9) 

𝜌0   Material density of black carbon (= 1770 kg m-3) 

𝜌eff   Effective density of black carbon aggregates (= 1000 kg m-3) 

𝜌4   Density of air at the combustor exit 

𝜌𝑎   Ambient air density (= 1.2 kg m-3) 

τ  Contrail optical depth 

τc  Optical depth of natural cirrus 

ω  Vertical velocity (Pa s-1) 

𝛾   Ratio of specific heats (= 1.4) 

𝜋00   Maximum engine pressure ratio at sea level static conditions 

[A, B]  95% confidence interval, where A is the lower bound and B is the upper bound 
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Commonly used acronyms 

ACC  Area control center 

AEDT  Aviation Environmental Design Tool 

AEIC  Aviation Emissions Inventory Code 

ASTM  American Society for Testing and Materials 

ATAG  Air Transport Action Group 

ATCO  Air traffic control officer 

ATJ-SPK Alcohol-to-jet synthetic paraffinic kerosene 

ATM  Air traffic management 

BADA  Base of Aircraft Data  

BC  Black carbon 

CAEP  ICAO Committee on Aviation Environmental Protection 

CERM  Contrail Evolution and Radiation Model 

CH4  Methane 

CHJ  Catalytic hydrothermolysis jet fuels 

CI  Confidence interval 

CIDI  Compression-ignition natural gas direct-injection engine 

CoCiP  Contrail Cirrus Prediction Model 

CO  Carbon monoxide 

CO2  Carbon dioxide 

CORSIA ICAO’s Carbon Offsetting and Reduction Scheme for International Aviation 

CPC  Condensation particle counter 

CPMA  Centrifugal particle mass analyzer 

DAC  Double annular combustor 

DLCA  Diffusion limited cluster aggregation 

DMA  Differential mobility analyzer 

DTR  Daily temperature range 

ECHAM4 European Center/Hamburg General Circulation Model Version 4 

ECMWF European Centre for Medium-Range Weather Forecasts 

EMAC  ECHAM/Messy Atmospheric Chemistry General Circulation Model 

EU ETS European Union’s Emissions Trading Scheme 
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EDB  Aircraft Emissions Databank 

EEA  European Economic Area 

EGR  Exhaust gas recirculation 

ENRI  Electronic Navigation Research Institute 

ERA5 EDA ECMWF Reanalysis 5, ten-member ensemble 

ERA5 HRES ECMWF Reanalysis 5, high resolution realisation 

ETA  Overall propulsion efficiency 

FA   Fractal aggregates 

FAA  Federal Aviation Administration 

FIR  Flight information region 

FOA3  First Order Approximation-3 

FOX  Formation and Oxidation method 

FT-SPK Fischer-Tropsch synthetic paraffinic kerosene 

GCM  General circulation model 

GDI  Gasoline direct injection engine 

GDP  Gross domestic product 

GEFS  Global ensemble forecast system from the US NCEP 

GFS  Global forecast system from the US NCEP 

HEFA-SPK Hydroprocessed esters and fatty acids – Synthetic paraffinic kerosene 

HFS-SIP Hydroprocessed fermented sugars to synthetic isoparaffins 

HPDI  High pressure direct Injection 

HC  Hydrocarbon 

IAGOS In-Service Aircraft for a Global Observing System  

ICAO  International Civil Aviation Organization  

IFR  Instrument flight rules 

IFS  Integrated forecast system from the ECMWF 

ImFOX Improved Formation and Oxidation method 

IPCC  Intergovernmental Panel on Climate Change 

IPSD  Integrated particle size distribution method 

ISSR  Ice supersaturated region 

JCAB  Japanese Civil Aviation Bureau 
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KPA  Key performance areas 

LES  Large eddy simulations 

LII  Laser induced incandescence 

LTO  Landing and take-off cycle 

MAEVA Master Air Traffic Management European Validation Plan 

MLIT  Ministry of Land Infrastructure, Transport and Tourism 

MODIS Moderate Resolution Imaging Spectroradiometer 

MOZAIC Measurement of Ozone and Water Vapour by Airbus in-service aircraft 

NCEP  US National Centers for Environmental Protection 

NM  Nautical miles 

NMB  Normalised mean bias 

NOx  Nitrogen oxide 

nvPM  non-volatile particulate matter 

O3  Ozone 

OH  Hydroxyl radicals 

ppm  Parts per million 

PM  Particulate matter 

PMP  Particle Measurement Programme 

PN  Particle number 

PSAP  Particle soot absorption photometer 

PSD  Particle size distribution 

RLCA  Reaction limited cluster aggregation 

RMSE  Root mean square error 

RNP  Required Navigation Performance 

RPK  Revenue passenger kilometres  

RTK  Revenue tonne-kilometre 

SAC  Single annular combustor 

SCOPE11 Smoke Correlation for Particle Emissions CAEP11 

SES  Single European Sky 

SESAR Single European Sky Air Traffic Management Research 

SG  Savitzky-Golay filter 
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SGS  Sub-grid scale 

SMPS  Scanning mobility particle sizer 

TAPS  Twin annular premixing swirler 

TEM  Transmission electron microscopy 

TEMBADA BADA total energy model 

TH  Time horizon 

TOA  Top of the atmosphere 

UID  Aircraft engine unique identification number 

UNECE United Nations Economic Commission for Europe 
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1. INTRODUCTION 
 

1.1 Research Background & Motivation 

1.1.1 Aviation in context 

Advancements in aviation can be considered to be amongst the greatest achievements in human 

history. Air travel has significantly revolutionised the transport industry by creating an 

unparalleled global network, connecting cities around the world and facilitating the movement of 

people and goods at high speeds1.  

At present, air transport has become fundamentally entwined with the fabric of modern society, 

significantly boosting global economic activity by facilitating international trade and tourism that 

would otherwise not be possible. Recent estimates from the Air Transport Action Group (ATAG) 

suggest that the aviation industry is responsible for 62.7 million jobs globally1. It is also a major 

contributor to global economic prosperity with a total economic impact of US$2.7 trillion, 

approximately 3.5% of the world’s gross domestic product (GDP)1.  

According to data from the International Civil Aviation Organization (ICAO)2, global air transport 

passenger numbers have increased from 310 million in 1970 to 4.1 billion in 2017. This equates 

to an annual growth rate of 5.6% a year, notwithstanding the impacts of idiosyncratic events such 

as the oil crises in the 1970s, the 9/11 terrorist attacks and SARS pandemic in the early 2000s and 

the 2008 global financial crisis, which led to slower or negative growth rates after their occurrence. 

As of 2018, the global distribution of the air passenger traffic in terms of revenue passenger 

kilometres (RPK) is as follows: Asia-Pacific (34%), Europe (27%), North America (23%), Middle 

East (9%), Latin America (5%) and Africa (2%)3. 

Despite the remarkable growth rates achieved over the past 50 years, global aviation demand is 

still projected to grow at an average rate of 4% per annum over the next 20 years4. Depending on 

the geographic region, the annual forecasted aviation growth rate varies significantly from 2% in 

mature markets such as Europe5 (Figure 1-1) to figures in excess of 10% in emerging markets such 

as India6. The continuous increase in global air transport demand, especially in emerging markets, 

is attributable to both an increase in income per capita and the proliferation of low-cost carriers, 

which in turn lower ticket prices and thereby increase the affordability of air travel7.  
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Figure 1-1: Projected air traffic growth in Europe in terms of Instrument Flight Rules (IFR) movements (A 

flight is included in the IFR movement statistic if a flight plan is filed). This forecast was made in February 

2019. [Source: Eurocontrol5, open access] 

While the aviation sector has undoubtedly provided economic and social benefits, it has also 

generated negative externalities by its impact on the environment in the form of climate change, 

local air pollution and noise. Therefore, given the forecast for aviation demand, it is essential to 

decouple the relationship between on-going air traffic growth and increasing environmental impact. 

However, the aviation sector faces a major challenge in developing practical solutions to limit its 

environmental footprint and thereby achieve sustainable growth.  

 

1.1.2 Environmental and social impacts 

Fossil fuel is the source of energy for aircraft gas turbine engines to produce sufficient thrust to 

overcome the drag forces and gain speed. However, the combustion of fossil fuels leads to the 

production of pollutants including both carbon dioxide (CO2), as well as non-CO2 components 

such as carbon monoxide (CO), nitrogen oxide (NOX), water vapour, sulphates and particulate 

matter (PM)8. During the cruise phase of flight, the emission of PM, in the form of black carbon 

(BC), contributes to the formation of condensation trails or contrails9,10, line-shaped clouds that 

form behind an aircraft (Figure 1-2a), which are also classified as non-CO2 components. Contrails 

could have lifetimes ranging from a few minutes to hours11,12, and under favourable atmospheric 

conditions, they could spread and transition into contrail cirrus with a large coverage area13 (Figure 

1-2b).  
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Figure 1-2: (a) Formation of contrails behind an aircraft; and (b) aviation-induced cirrus. [Adopted from 

Pexels14, open access] 

The climate forcing of various pollutants is typically quantified using the radiative forcing (RF) 

metric. According to the Intergovernmental Panel on Climate Change (IPCC), RF is defined as 

“an externally imposed perturbation in the radiative energy budget of the Earth’s climate 

system15”, and for the case of aviation emissions, such external perturbations predominantly arise 

from the addition or change in greenhouse gas concentrations in the atmosphere. Figure 1-3 

presents a summary of the climate forcing from different aviation pollutants in terms of its RF, 

geographic spatial distribution and level of scientific understanding. In particular, it shows that: (i) 

CO2 and most of the non-CO2 pollutants from aviation emissions have a net positive RF16 

(warming effect); (ii) the annual mean RF of contrail cirrus (0.01 to 0.09 W m-2) could be 

comparable to the RF from all aviation CO2 that have been emitted in the past (0.015 to 0.04 W 

m-2), but with large uncertainties; (iii) the relative contribution of these non-CO2 emissions 

(excluding induced cirrus cloudiness) could be as high as 49% of the total RF from the aviation 

sector16,17; and (iv) the level of scientific understanding for most non-CO2 pollutants remain low16. 

It is noted that the RF of aviation CO2 emissions from one year of traffic18 (≈ 0.001 W m-2) is 

approximately 20 to 30 times smaller than the RF from aviation’s cumulative CO2 emissions 

(0.015 to 0.04 W m-2, as indicated in Figure 1-3). Globally, around 2.6% of the total anthropogenic 

RF, the total climate forcing that is attributable to human activity, is associated with CO2 emissions 

from the aviation sector16, but this figure increases to 4.9% if non-CO2 emissions are included19.  
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Figure 1-3: Summary of the climate forcing of CO2 and non-CO2 pollutants from global aviation in 2005, which 

includes the estimated range of RF, spatial scale and the level of scientific understanding. [Source: Lee et al.16, 

permission obtained] 

In addition to global warming, aviation emissions also contribute to the deterioration of air quality 

and adverse health impacts8. Various measurement campaigns have found an elevated 

concentration of pollutants such as NOx20 and PM21–23 in the vicinity of airports. The production 

of NOX increases with the temperature in the combustion chamber24 and is significant at high 

engine thrust settings. For example, Stettler et al.25 estimated that take-off rolls are responsible for 

approximately 60% of the NOX emissions at London Heathrow Airport, while Simonetti et al.26 

found that additional take-off activities account for 90% of the increase in NOX emissions at 

Amerigo Vespucci airport. Conversely, a mixture of PM, including BC and organic volatile 

particles, are produced from incomplete combustion (predominantly when the engine is idle or in 

taxiing mode), as well as brake and tyre wear. The PM surface area and size are known to affect 

its toxicity: compounds of semi-volatiles condensed on the surface of ultrafine particles can 

interact with biological tissue and fluids, leading to inflammation27,28; while smaller ultrafine 

particles can penetrate deeper into the respiratory system, subsequently translocating to the blood 

stream and various internal organs29. Recent epidemiological studies have suggested that a 
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prolonged exposure to elevated concentrations of NOX and PM can increase the risk of heart and 

lung diseases, leading to premature mortality30–32. Globally, it is estimated that aircraft emissions 

contribute to approximately 12600 [6000, 19900] premature mortalities per year at a 95% 

confidence interval33, which accounts for up to 1.25% of the total premature mortalities globally 

due to outdoor air pollution (≈ 3.3 [1.6, 4.8] million deaths per year)34.  

 

1.1.3 Emissions regulation and mitigation strategies 

The negative externalities that arise from aviation emissions justify the need for appropriate 

regulations and mitigation strategies to minimise their impact on the environment and society. 

While Figure 1-2 showed the significance of non-CO2 pollutants, existing environmental metrics 

and targets set by supranational organisations are predominantly CO2 based. For example, ICAO 

has set an ambitious target to achieve a carbon-neutral growth for international civil aviation from 

the year 2020 onwards35, while the Single European Sky Air Traffic Management Research 

(SESAR) aims to achieve a 10% reduction in aircraft CO2 emissions by the year 203536.  

A combination of various approaches has been suggested to reduce fuel consumption from the 

aviation industry and achieve the proposed CO2 emission targets. These include (i) technological; 

and (ii) operational efficiency improvements; as well as (iii) the use of alternative fuels; and (iv) 

market-based measures, and are briefly discussed: 

i. Technological improvements 

Historically, improvements to aircraft technology have led to improvements in fuel 

efficiency in the order of 1% per annum, corresponding to aircraft reducing their fuel 

consumption by around 70% between 1960 and 200037. To achieve the stated target of a 

carbon-neutral growth, the ICAO Committee on Aviation Environmental Protection 

(CAEP), a technical committee of the ICAO council, has recently adopted a new aircraft 

CO2 emissions standard38: for new aircraft delivered after January 2028, the global 

standard mandates a 4% reduction in cruise fuel consumption, on average, relative to 2015 

deliveries. However, since the “low-hanging fruits” to improving existing technology 

(such as the use of composite materials to reduce aircraft weight, wingtips to improve 

aerodynamics, engine efficiency enhancements in the form of lean-burn combustors, 

higher combustor inlet temperatures and bypass ratios) have already or are in the process 
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of being implemented, further improvements in jet engine fuel efficiencies are expected 

to face the law of diminishing returns37. While Graham et al.39 estimated that further 

reductions in fuel consumption of around 20 to 40% are still achievable by 2050, this 

requires the use of radical technologies such as blended wing body or box-wing aircraft 

designs, counter-rotating propeller engines and laminar flow controls. However, the nature 

of the safety regulatory process means that considerable time is required for any such new 

technologies to be implemented on an operational basis. Additionally, significant time lags 

should also be expected in the implementation of new aircraft technologies because 

aircraft typically have lifespans of over 20 years40,41. For example, a 9% reduction in 

global aircraft fuel consumption and CO2 emissions could be achieved if the current fleet 

is replaced with the latest technology that is available today37. 

ii. Operational efficiency improvements 

Using figures from ICAO, Poll42 found the combined operational inefficiencies from 

airline operations and the existing air traffic management (ATM) system contribute to a 

fuel wastage that is close to 100%. In other words, the aviation industry consumes twice 

as much fuel as necessary to perform their designated missions, but this is based on ideal 

assumptions where: (i) the aircraft type selected for specific mission profiles (i.e. the mass 

to be transported and distance flown) are matched with their optimal design specifications; 

(ii) airlines maximise the number of passengers carried with an all-economy class 

configuration and a 100% load factor; and (iii) flight trajectories follow a great circle path 

between its origin and destination. However, to gain market share and improve operational 

flexibility, airlines often operate with a smaller aircraft and higher service frequencies 

instead of utilising a larger aircraft type (with higher load factors and reduced service 

frequencies)43, and aircraft types selected for short-haul flights are commonly designed 

for longer ranges, leading to lower fuel efficiencies42. On the perspective of ATM, various 

operational strategies can also be adopted to minimise these inefficiencies. For example, 

single-engine taxiing, reduced taxi times, reduced-thrust take off, and a continuous descent 

approach can be implemented in the landing and take-off (LTO) cycle (consisting of 

aircraft activities below 3000 feet such as taxiing, take-off, climb and approach)44–47; while 

a more direct routing36, as well as optimal speeds and altitudes48,49,  can minimise fuel 

consumption in the cruise phase of flight.  
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iii. Alternative fuels 

The use of petroleum-based jet fuels can be replaced by alternative aviation fuels. As of 

March 2020, there are currently 7 different pathways that have been approved by the 

American Society for Testing and Materials (ASTM) for alternative aviation fuel blends, 

including the Fischer-Tropsch synthetic paraffinic kerosene (FT-SPK), hydroprocessed 

esters and fatty acids (HEFA-SPK), hydroprocessed fermented sugars to synthetic 

isoparaffins (HFS-SIP), FT-SPK with aromatics (FT-SPK/A), alcohol-to-jet synthetic 

paraffinic kerosene (ATJ-SPK), HEFA+, and catalytic hydrothermolysis jet fuels (CHJ)50–

52. Simulation results show that the CO2 emissions from the aviation industry could be 

reduced by between 5.5% and 9.5% in 2024 if the adoption rate increases by 1 to 2% per 

annum53. Although existing airport infrastructure is compatible with the use of alternative 

fuels, it currently accounts for just 0.01% of the global jet fuel usage in 201854, which is 

equivalent to powering the global aviation activity for only 10 minutes. This is because 

large-scale commercial production of these fuels do not currently exist37. 

iv. Market-based measures 

Market-based measures such as the ICAO’s Carbon Offsetting and Reduction Scheme for 

International Aviation (CORSIA) and the European Union’s (EU) emissions trading 

scheme (ETS) are formulated to internalise the negative externalities produced by the 

aviation industry. To stabilise the global aviation CO2 emissions at the amount emitted in 

the year 2020, CORSIA, the first global market-based measure scheme, mandates airlines 

to monitor their emissions on all international flights, as well as offset their emissions (if 

their CO2 emissions exceed 2020 levels) by acquiring eligible emission units from other 

sectors. These market-based measures can also serve as an incentive for airlines to 

accelerate the retirement of older aircraft in favour of more fuel-efficient aircraft, reduce 

operational inefficiencies, and increase the use of alternative fuels. CORSIA will begin its 

pilot phase from the year 2021 onwards55,56. To date, 76 countries have volunteered to 

participate in CORSIA, representing around 76% of the global aviation activity when 

measured in revenue tonne-kilometre (RTK). The EU ETS works with a similar 

mechanism but has since limited its geographic scope to flights within the European 

Economic Area (EEA) following the adoption of CORSIA57. 
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Despite the combined implementation of these four measures, simulation results suggest that these 

are still insufficient for the aviation industry to achieve a carbon-neutral growth53, and the 

projected aviation growth cannot be reconciled with the ambitious carbon reduction target set by 

various governments and supranational organisations58. To make matters worse, these simulation 

results do not include the climate forcing of non-CO2 pollutants which, as mentioned in Section 

1.1.2, could be as high as 49% of aviation’s total RF16,17. 

A variety of regulatory standards currently exist for most non-CO2 pollutants. However, instead 

of the objective to minimise the global warming effects from aviation, these regulations were 

established with the aim of addressing the deterioration of air quality in the vicinity of airports. 

For example, NOX, PM, CO and hydrocarbon (HC) emissions from aircraft engines are also 

regulated by the ICAO CAEP59. These emissions are limited in terms of the pollutant mass with 

reference to the ICAO certification test points (7%, 30%, 85% and 100% of the maximum rated 

thrust of an engine type) typically representing the standard LTO cycle. With the progression of 

time, emission standards for NOx have been regularly updated and gradually made more stringent. 

This regulatory approach has yielded a positive effect where NOX emissions from jet engines have, 

on average, decreased by around 60% in the past 30 years60.  

Aircraft exhaust plume visibility was also regulated in 1981 using smoke number (SN) 

measurements, and no aircraft gas turbine engines have exceeded the regulatory limit since 199061. 

Although SN measurements are also used as a simplified approach to estimate the BC mass 

emissions index62, namely the BC mass emissions per mass of fuel burnt (EIm in g kg-1), 

inaccuracies relative to experimental measurements have been reported50,63. Similarly, existing 

models used to estimate the BC number emissions index, the BC particle number (PN) emissions 

per mass of fuel burnt (EIn in kg-1), also rely on simplified assumptions leading to large uncertainty 

bounds of up to one order of magnitude64,65. In an attempt more accurately quantify the emissions 

of BC, the ICAO CAEP adopted a new non-volatile PM (nvPM) emissions standard in 2016 

(CAEP/10 standard)66: the new standard mandates the reporting of nvPM mass emissions for in-

production aircraft engine types with rated thrust above 26.7 kN after January 2020; and the agreed 

regulatory limit ensures that any aircraft engine that do not exceed the existing SN limits would 

also meet the new nvPM mass emissions standard. From January 2023, a new nvPM emissions 

standard (CAEP/11 standard) will include a regulatory limit for nvPM mass and number emission 
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indices for in-production and newly developed aircraft engine types with rated thrust above 26.7 

kN, and the existing SN standard will be discontinued67,68. This new database will be publicly 

available in the ICAO Emissions Databank (EDB)61 and will also aid in estimating the climate 

forcing of contrail cirrus because the nvPM (or BC) EIn is a precursor to the formation of 

contrails9,10 (as mentioned in Section 1.1.2). 

Although the climate forcing of aircraft contrails and aviation-induced cirrus may well be 

comparable to past aviation CO2 emissions16, they remain unregulated due to the low level of 

scientific understanding (Figure 1-2). Unlike most pollutants whose climate effects can be 

approximated with the amount of emissions released, the contrail climate forcing are highly 

complex with a strong dependency on other factors such as aircraft parameters, ambient 

atmospheric conditions, geographic location, time of day, seasonality, contrail ice crystal 

properties, as well as the overlapping with other contrails and ambient cirrus69–72, thereby 

contributing to large uncertainties in the contrail RF (Figure 1-3). 

While a number of mitigation options (such as the use of cleaner-burning engines, alternative 

fuels73,74 and flight diversion strategies75–81) have been explored to minimise the climate forcing 

of contrails and aviation-induced cirrus, several limitations have to be resolved prior to the 

implementation of these strategies, including: (i) the additional demands to ATM procedures when 

flights are diverted82,83; and (ii) the large uncertainties and low scientific understanding in the 

contrail climate forcing16, which not only could undermine the effectiveness of these mitigation 

strategies, but also create unintended consequences of increasing the overall climate forcing. These 

limitations will be further elaborated in Chapter 2. Therefore, a gap in knowledge can be clearly 

seen that requires further research prior to the development of effective regulatory measures on 

contrails84. That is the focus of this thesis, which the aims and objectives are outlined in the next 

subsection.  

 

1.2 Aims & Objectives 

The main aim of this thesis is to quantify the uncertainties of the climate forcing of aircraft contrails 

in order to propose potential mitigation solutions. To address this overarching aim, the following 

objectives are formulated:  
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i. Undertake a critical literature review on the topic of contrails and aviation-induced cirrus 

to highlight deficiencies in existing knowledge and identify avenues for further research. 

ii. Based upon the above objective, to improve upon the simplified assumptions that were 

adopted in existing contrail models by developing a new methodology to estimate the 

aircraft BC PN from mass emissions. This is justified because: (i) the BC PN is a critical 

parameter influencing various contrail properties; (ii) BC mass measurements and models 

are more commonly available than PN in older datasets before the ICAO CAEP’s new 

nvPM mass and number emissions standard was proposed; and (iii) there is no proposal to 

retroactively measure the BC PN from existing certified turbofan engines.  

iii. Apply this newly developed methodology to quantify the aircraft BC PN emitted during 

the cruise phase of flight, together with their respective uncertainties. 

iv. Simulate the characteristics and climate forcing of contrails in a high-density airspace and 

quantify their uncertainties more comprehensively by propagating the uncertainties arising 

from aircraft BC PN emissions and meteorology.  

v. Explore various mitigation options that could minimise the climate forcing of contrails, in 

particular, to formulate a flight diversion strategy that minimises the impact to ATM and 

the use of cleaner-burning engine technologies.  

 

1.3 Thesis Outline 

To achieve the stated objectives of this research, this thesis is organised into seven chapters. The 

remainder of this thesis is structured as follows: 

CHAPTER 2 presents a comprehensive literature review on the topic of contrails and aviation-

induced cirrus. It begins by describing the characteristics and climate forcing of contrails covering 

its overall lifecycle, followed by a critical review of the different types of contrail models and 

contrail mitigation strategies that have been developed in previous studies. The literature review 

identifies a list of issues that necessitate further study. In particular, although the aircraft BC PN 

emission is identified as a critical parameter influencing various contrail characteristics10, it was 

found that existing contrail models and methodologies available to estimate aircraft BC PN 
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emissions rely on simplified assumptions. This limitation provides the motivation for CHAPTERS 

3 and 4. 

In CHAPTER 3, an improved methodology to relate the BC PN and mass emissions is developed 

to address the limitation that was identified in CHAPTER 2. This new methodology, named as the 

Fractal Aggregates (FA) model is fundamentally derived based on the theory of fractal aggregates 

and is applicable to various BC emission sources, including internal combustion engines and soot 

generators. Validation results show that the new methodology significantly improves the aircraft 

BC PN estimates relative to previous methodologies, and an uncertainty bound is also provided.  

CHAPTER 4 builds on this work by applying the FA model to estimate the aircraft BC PN 

emissions over the Japanese airspace. This region is selected because of the availability of a high-

resolution 4D trajectory data for each flight, and it is a high-density airspace similar to that of 

North America and Europe, which air traffic congestion could hinder the implementation of flight 

diversion strategies in mitigating the contrail climate forcing. Given that the input parameters 

required by the FA model are only measured from a small subset of aircraft-engine combinations, 

existing models and datasets are critically reviewed in this chapter to select or develop 

relationships to predict these parameters. An updated estimate of the aircraft BC PN emissions at 

cruise conditions and its implication to contrail characteristics is provided at the end of the chapter. 

In CHAPTER 5, the FA model is incorporated into the Contrail Cirrus Prediction Model (CoCiP)70 

to simulate the characteristics and climate forcing of contrails formed above Japan. The CoCiP 

contrail model is selected because it is capable of modelling a very large ensemble of contrail 

segments with a short computational time. This is the first time where: (i) CoCiP is implemented 

to simulate contrails at a very high spatial resolution, which was made possible by the aircraft 

activity dataset; and (ii) uncertainties in various contrail properties are quantified by propagating 

the uncertainties arising from meteorology and aircraft BC PN emissions.  

CHAPTER 6 builds upon the work from CHAPTER 5 by exploring two mitigation solutions, in 

particular, a small-scale diversion strategy and the adoption of cleaner engine technologies, that 

offer the potential to significantly reduce the contrail climate forcing. The proposed small-scale 

diversion strategy is expected to provide an advantage relative to previous studies, which 

predominantly recommended a fleet-wide diversion of all flights, because it minimises any 

potential disruptions to ATM operations. This chapter includes the identification of limitations and 
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outstanding issues that have to be considered prior to the implementation of these strategies in the 

real-world.  

Finally, CHAPTER 7 summarises the main conclusions of this thesis, as well as outlining the 

potential limitations of this research and recommendations for future work.   
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2. CONTRAILS & AVIATION-INDUCED CIRRUS: LIFECYCLE, 

CLIMATE FORCING AND MITIGATION 

 

2.1 Introduction 

2.1.1 Context 

The relative contribution of anthropogenic greenhouse gas emissions from the aviation industry is 

expected to increase because of the high growth rates in air travel and its limited potential for 

decarbonisation relative to other industries85. As of 2005, Lee et al.16 estimated that around 2.6% 

of the total anthropogenic radiative forcing (RF) is associated with all CO2 emissions that have 

been produced by the aviation industry since its inception. However, aviation emissions consist of 

both CO2 and non-CO2 components (such as nitrogen oxide, water vapour, sulphates, particulate 

matter, linear contrails and induced cirrus cloudiness), and the total anthropogenic RF attributable 

to aviation could increase to 4.9% if these non-CO2 emissions are included16.  

Contrails, visible line-shaped clouds that form behind an aircraft, have a net warming effect that 

could be comparable to the RF from all aviation CO2 emitted in the past16 (highlighted in Chapter 

1.1.2). However, there remains a large uncertainty in the climate forcing of contrails16, and the 

lifetime of contrails are short-lived relative to CO2 emissions9,86: while most contrails have 

atmospheric lifetimes of a few minutes11, contrails can persist for time frames in the scale of hours 

under ice supersaturated conditions. Over time, individual contrails tend to spread and mix with 

other contrails and natural cirrus, transitioning into contrail cirrus with a large coverage area13. In 

essence, this process changes the net radiances at the top of the atmosphere (TOA) and contributes 

to a greenhouse effect87. The net RF from contrails have large uncertainties because it’s magnitude 

varies spatiotemporally88, and it is also strongly dependent on the aircraft parameters, contrail 

characteristics and meteorological conditions69.  

Several mitigation strategies have been proposed to reduce the climate forcing of contrails, ranging 

from the use of alternative fuels73,74 to the rerouting of flights to avoid contrail formation75–81. 

However, not only will large uncertainties in the contrail climate forcing undermine the 

effectiveness and acceptance of these strategies, it could also lead to unintended consequences of 

increasing the overall climate forcing. For example, the diversion of flights is expected to: (i) create 
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additional demands on air traffic management (ATM) procedures; and (ii) increase the flight time 

and fuel consumption, where the trade-offs between minimising the climate forcing of contrails 

and the unintended consequence of increasing CO2 emissions have to be evaluated. 

As contrails are short-lived relative to the lifetime of CO2 and other pollutants9,86, these mitigation 

strategies could offer the potential to significantly and instantaneously minimise the climate 

forcing of global aviation. However, uncertainties in the contrail climate forcing must be accounted 

for to ensure that the implementation of these strategies leads to a net climate benefit. This can be 

achieved by an improved understanding of the physical processes influencing the evolution of 

contrail characteristics (and its subsequent climate forcing), as well as the strengths and limitations 

of the different contrail models commonly used to determine the effectiveness of these mitigation 

strategies. 

 

2.1.2 Chapter Outline 

In this chapter, an extensive literature review on the subject of contrails and induced-cirrus 

cloudiness is conducted to identify possible gaps in knowledge and propose avenues for further 

research. 

Section 2.2 describes the overall lifecycle of contrails, where the physical processes and 

mechanisms affecting various contrail characteristics at different phases of its lifetime are 

evaluated. Section 2.3 introduces the metrics that are commonly used to quantify the contrail 

climate forcing and climate impact, and discusses the key variables influencing its magnitude. 

Section 2.4 assesses the different models that are currently available to estimate the characteristics 

and climate forcing of contrails, while Section 2.5 critically reviews the mitigation strategies that 

have been proposed to minimise the contrail climate forcing. Following the completion of the 

literature review, Section 2.6 then compiles a list of research statements that will be addressed in 

this thesis, as well as outlining the roadmap and scope for the remainder of this thesis. Finally, the 

contents of this chapter are summarised in Section 2.7. 
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2.2 Contrail Evolution & Lifecycle 

This subsection provides a review of the overall lifecycle of contrails. In particular, the formation 

mechanisms and properties of young contrails are described (Section 2.2.1), followed by its 

persistence, spreading and subsequent evolution into aviation-induced cirrus (Section 2.2.2).  

2.2.1 Formation  

Contrails are line-shaped clouds that form behind an aircraft when atmospheric conditions are 

favourable, with high humidity and low temperatures9,72. It’s formation can be predicted with a 

high level of confidence using the theory of thermodynamics9, provided that various factors such 

as the: (i) ambient pressure; (ii) temperature; (iii) relative humidity; (iv) water vapour emissions 

per mass of fuel burnt (emissions index of water vapour, EIH2O in units of kg kg-1); (v) combustion 

heat of jet fuel; and (vi) aircraft overall propulsion efficiency are known. The Schmidt-Appleman 

criterion89,90 estimates the threshold temperature of which contrails are formed91: humidity in the 

initial plume behind an aircraft can reach liquid supersaturation when ambient temperatures falls 

below the calculated threshold level, which enables condensation of water vapour on the surface 

of aerosol particles, subsequently freezing and forming ice particles9. 

Soot particles emitted from the exhaust of aircraft engines, including a mixture of particulate 

matter (PM) such as black carbon (BC), metallic compounds and organic carbon (particles formed 

from the condensation of organic compounds when the temperature is below 350°C)92, play a key 

role in the formation of contrails91,93: at cruising altitudes, liquid water droplets are formed via 

heterogeneous nucleation in the presence of condensation nuclei, a role predominantly played by 

the emitted aircraft BC particles; the liquid droplets then grow in size as ambient water vapour are 

deposited, and contrail ice particles are subsequently produced via homogeneous freezing of these 

droplets (Figure 2-1). Although ice particles can also form directly via homogeneous nucleation 

of organic particles and supercooled water droplets (without the presence of condensation nuclei)94, 

their contribution to contrail formation is currently thought to be negligible93. Therefore, BC 

particle number (PN) emission is identified as a critical parameter influencing the properties of 

young contrails10,70. It is commonly quantified as the aircraft BC PN emissions per mass of fuel 

burnt (number emissions index, EIn in kg-1), which typically range between 1014 and 1015 kg-1 for 

various types of commercial aircraft representative of the current aviation fleet64,74,95–99. 
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Figure 2-1: Formation of contrail ice particles where liquid droplets are first formed via heterogeneous 

nucleation on aircraft BC particles, followed by homogeneous freezing.  

Figure 2-2 shows the relationship between various young contrail properties (aged at 1 s) versus 

the BC EIn
10. In a “soot-rich” scenario (defined when the EIn exceeds a certain – not well known 

– threshold of order 1013 kg-1), BC EIn is strongly correlated to the initial number of contrail ice 

particles formed per mass of fuel burnt93, the apparent particle emissions index (AEI in kg-1). The 

word “apparent” is used to make clear that the contrail ice particles do not originate from the 

engine exhaust100. As the EIn and AEI increase, the fixed amount of water vapour in the atmosphere 

is distributed among more contrail ice particles, thereby leading to a reduction in the mean contrail 

ice particle radius (r)10. Hence, the relationship between EIn and r is inversely proportional, and r 

subsequently determines the optical depth (τ) of a contrail. Due to a phenomenon known as the 

Twomey effect101, the larger EIn and smaller r lead to a larger surface area on the ice particles, 

which subsequently increases the light scattering efficiency and τ up to a certain threshold. As the 

EIn increases beyond 3 ×1015 kg-1, an opposite effect occurs where the particle light scattering 

efficiency starts to decrease, which causes τ to peak and decrease. 

In a “soot-poor” scenario (defined when the EIn is below 1013 kg-1), however, modelling results 

show that further reductions in EIn below the 1013 kg-1 threshold do not lead to linear reductions in 

the AEI (Figure 2-2)10. This is because of the presence of organic volatile particles (from unburnt 

hydrocarbons in the engine exhaust) and other natural aerosols in the atmosphere that could 

nucleate and form contrail ice particles via homogeneous freezing, the spontaneous freezing of 

liquid droplets in the absence of condensation nuclei. Simulation studies have shown an 

enhancement in the activation of organic volatile particles by homogeneous freezing when: (i) the 

relative humidity with respect to ice (RHi) is above 145%102; and when (ii) the ambient 

temperature is at least 12K below the threshold level where contrails form93,100,103. However, it is 
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currently not possible to validate these results with in-situ measurements because the BC EIn 

produced by existing fleet remains well above the 1013 kg-1 threshold. 

 
Figure 2-2: Changes in the (a) apparent particle emissions index, (b) contrail ice particle radius, and (c) optical 

depth versus the BC particle number emissions index (EIn) in young contrails. The shaded regions (in grey) are 

the range of EIn values representative of commercial aircraft types from the current aviation fleet. These 

contrail properties are modelled at a plume age of 1 s, and the atmospheric temperature range of 210K to 225K 

is representative of the mean values found at cruising altitudes in the northern mid-latitudes. [Source: 

Kärcher10, permission obtained] 

Following the initial formation of contrails, most of the ice particles are entrained by the wake 

vortex formed behind an aircraft104. The formation of the wake vortex due to the generation of lift 

by the aircraft wings, where a downward momentum is induced on the air to balance the aircraft 

weight69. According to the Kutta-Joukowski theorem, lift requires the circulation of air around an 

aerofoil, which creates a pair of counter-rotating vortices downstream of the wing tip and its 

trailing edges105,106. It consists of a primary and a secondary wake: a high concentration of exhaust 

gas is entrained in the counter-rotating primary wake104,107, which comprises of most of the 

vorticity and has a larger downward displacement108 (shown in Figure 2-3a); while the weaker 

secondary wake is produced from air that is detrained from the primary wake, forming a curtain 

between the original flight altitude and the primary wake vortex (Figure 2-3b) and contains fewer 

contrail ice particles99,109,110. The strength, downward displacement and decay of a wake vortex is 

determined by atmospheric conditions such as the ambient turbulence and stratification, as well as 

different aircraft characteristics such as the mass, wingspan and true airspeed70. 

A number of studies have used fluid-dynamical models111,112 and in-situ measurements99,113,114 to 

quantify the effects of the aircraft wake dynamics on various contrail properties, such as the AEI, 

r, the initial contrail dimensions (width and depth) and lifetime. As the primary wake descends 
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down the atmosphere, adiabatic heating causes a reduction in the initial ice supersaturation and 

sublimation of a fraction of contrail ice particles107,110. Conversely, atmospheric conditions in the 

secondary wake tend to remain in the ice supersaturated conditions, which the deposition of 

ambient water vapour facilitates the contrail ice particles to grow in size110. The reduction in 

contrail ice particle numbers as the primary wake vortex descend has been validated by various 

experimental campaigns109,110,114. In a more recent study where simultaneous measurements of 

both the BC EIn and AEI are available: (i) a negative correlation is observed between these two 

parameters; and (ii) the summation of BC EIn and AEI remains relatively constant along the 

vertical profile of a wake vortex behind an aircraft113. These results confirm that the contrail AEI 

is strongly controlled by the BC EIn, and the AEI losses in the wake vortex are influenced by 

sublimation113. 

 
Figure 2-3: Visualisation of the (a) primary, and (b) secondary wake vortex that is formed behind an aircraft. 

The wake vortices were modelled using large-eddy simulation. Origins on the x- and the y-axis indicates the 

initial aircraft position, which length scales are normalised by the initial wake vortex separation (b0). [Source: 

Holzäpfel & Gerz115, permission obtained] 

Due to the sublimation losses from adiabatic heating, the wake vortex phase also enhances the 

number of smaller contrail ice particles and increases the geometric standard deviation of the 

particle size distribution100. The reduction in ice particle sizes would then decrease its 

sedimentation rate and fall speed, which could subsequently affect the initial contrail depth and its 

lifetime110,116,117. For example, smaller ice particle sizes would lead to shallower contrail depths 
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because of the lower sedimentation rate and fall speed, while its lifetime would also be prolonged 

due to the longer residence time within ice supersaturated layers69,110.  

 
Figure 2-4: Fraction of contrail ice particles (by number) that survives the wake vortex phase as a function of 

the AEI (and BC EIn). Different conditions for ambient ice supersaturation are presented as three individual 

grey lines, of which RHi = 110% (bottom line), 120% (middle) and 130% (top). [Source: Kärcher72, permission 

obtained, and the data used in this figure is originally from Table A2 Block 4 of Unterstrasser112]. 

The fraction of contrail ice particles (by number) that remains after the wake vortex phase was 

modelled by Unterstrasser112. Figure 2-4 shows that the survivability of contrail ice particles is a 

function of the ambient ice supersaturation and the AEI (which is dependent on the BC EIn, shown 

in Figure 2-2): (i) a larger ambient ice supersaturation promotes the growth of ice particles, thereby 

counteracting the evaporation and sublimation rate of ice particles72; while (ii) a higher BC EIn 

leads to a higher AEI and smaller r (Figure 2-2), which the Kelvin effect facilitates the sublimation 

of ice particles116. However, despite the increased survivability of contrail ice particles at a lower 

BC EIn, Kärcher & Voigt110 showed that a reduction in the BC EIn would always contribute to a 

lower AEI and number concentration as the contrail evolves over time. This is because of the larger 

r and sedimentation rate, which tends to reduce the contrail lifetime as the ice particles fall into 

dry air118–120. While existing studies generally assume that the sublimated contrail ice particles do 

not reactivate when re-entering ice supersaturated regions69, further research has to be performed 
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given that processed BC particles could be reactivated at a lower RHi and higher temperature 

relative to freshly emitted BC121. 

 

2.2.2 Persistence & evolution 

Most contrails have a short atmospheric lifetime and sublimate a few minutes after the decay of 

the aircraft wake vortices11. However, contrails persist for longer time frames in regions where the 

ambient air is supersaturated with respect to ice (RHi > 100%)12,76. The RHi in these regions 

usually exceeds the threshold required for contrail persistence, but not large enough to facilitate 

the formation of natural cirrus9. These regions, also known as ice supersaturated regions (ISSR), 

are commonly formed in regions with a rising air motion122 and are found in the upper troposphere 

at altitudes of between 8 to 13 km (ref.72). ISSR’s typically have an average horizontal and vertical 

extensions of 150 ± 250 km and 700 ± 100 m respectively123–125. These dimensions vary seasonally 

and are usually around 20% larger in the extratropic than the tropics126. 

Using data from the Measurement of Ozone and Water Vapour by Airbus in-service aircraft 

(MOZAIC) campaign, Gierens et al.127 estimated that an aircraft generally spends approximately 

10% to 15% of the flight time traversing through ISSR’s. The presence of contrails in the ISSR 

gradually reduces its ambient ice supersaturation as water vapour is deposited onto the ice particles, 

subsequently causing the ice particles to grow in size and sediment to lower altitudes9. This process 

dehydrates the atmosphere at the initial altitude where the contrail is formed, and the ambient 

humidity is redistributed to lower levels of the atmosphere as the ice particles sublimate in drier 

air128. As a result of the depletion of ambient water vapour, subsequent contrails formed at the 

initial flight level tend to have smaller ice particle sizes and τ, and a longer lifetime128. 

Over time, individual contrails also spread horizontally and mix with other contrails and natural 

cirrus, transitioning into contrail cirrus, which could have lifetimes of up to 19 h129. At this stage, 

the evolution of contrails is primarily determined by the atmospheric complexity and has larger 

uncertainties: (i) the spreading of contrails is controlled by the horizontal wind components, 

atmospheric shear and vertical velocity; while (ii) the survivability of contrails is predominantly 

influenced by the ambient temperature and RHi69,70,130. Figure 2-5, an extract from Haywood et 

al.13, provides an example of the transition process from line-shaped contrails to contrail cirrus. 

Distinct coil-shaped contrails, likely formed by a military aircraft, were initially identified off the 
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east coast of the UK. However, as time progressed, these contrails gradually advect towards the 

south-east of the UK and can even be found in regions where the conditions required for contrail 

formation are not met131. The tracking of individual contrails becomes more challenging as they 

lose their line-shaped feature and become indistinguishable from natural cirrus, and it was 

estimated that around 50,000 km2 of the sky area was eventually covered by the contrail cirrus 

after 18 h (not shown in Figure 2-5)13.  

 
Figure 2-5: Satellite images showing the transition and evolution of line-shaped contrails to contrail cirrus on 

the 20th of March 2009. These contrails were tracked over the United Kingdom with a time period of 10 h 

[Source: Haywood et al.13, permission obtained]. 

On average, the coverage area of contrail cirrus can be more than one order of magnitude greater 

than line-shaped contrails132,133. Several studies estimate that the global contrail cirrus coverage as 

a percentage of sky area is around 0.1% to 0.4% (ref.70,134,135). Over regions with high air traffic 

density such as Europe and North America, up to 10% of the sky area could be covered by contrails 

and the average coverage area can be as high as 100,000 km2 (ref.133,136,137). Although the contrail 
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occurrence and cirrus cover is known to be positively correlated to the air traffic activity138–140, 

additional cirrus cover might not scale linearly in regions with high air traffic. This is because of 

the overlapping effects and competition for the ambient water vapour between contrails and natural 

cirrus72,133. For example, Burkhardt & Kärcher133 found that the presence of contrail cirrus causes 

the natural cirrus coverage and τ over Europe and the US to reduce by up to 10%.  

Young contrails are initially formed with a large τ in the range of 1 to 3 (Figure 2-2)10. However, 

over time, the τ of contrail cirrus typically decreases towards zero as it grows69,128. While different 

methodologies were adopted to estimate the τ of contrail cirrus, the results can differ by a large 

margin: model estimates128,133 of the contrail cirrus τ range from 0.05 to 0.29, while estimates 

based on satellite (remote sensing) measurements129,141 tend to have larger values of between 0.19 

and 0.34. The higher τ from remote sensing studies is likely caused by the satellite detection 

efficiencies which rapidly deteriorate when τ is below 0.1 (ref.142), thereby causing an under-

representation of a large proportion of optically thin contrails (τ < 0.02)143.  

The factors limiting the lifetime of a contrail can generally be classified into two distinct 

categories69: (i) externally limited when the contrail lifetime is limited by changing meteorological 

conditions, such as the abatement of ISSR’s, which in turn causes the ice particles to sublimate; 

and (ii) internally limited when the contrail ice particles sediment into drier layers of the 

atmosphere and sublimate under fixed meteorological conditions. As contrails age, Bier et al.144 

found an increasing proportion of contrail ice particles being lost via sedimentation, thereby 

showing that the contrail lifetime is predominantly internally limited. The coverage area, τ and 

lifetime are key factors influencing the climate forcing of contrails9,69,72, as will be described in 

Section 2.3. 

 

2.3 Climate Forcing and Climate Impact 

This subsection describes the different metrics commonly used to quantify the contrail climate 

forcing, in particular, the radiative forcing (Section 2.3.1), energy forcing (Section 2.3.2), and the 

two metrics (contrail climate sensitivity and efficacy) that are used to estimate climate impact of 

contrail cirrus in terms of the global surface temperature response (Section 2.3.3). 
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2.3.1 Radiative Forcing 

The addition of contrail cirrus to a given atmosphere and its indirect effects on natural cirrus 

changes the net radiances at the TOA87. During the day, contrails can contribute to a cooling effect 

by reflecting incoming shortwave (SW) solar radiation back to space, leading to an albedo effect. 

At all times, however, contrails also act to trap and re-emit outgoing longwave (LW) infrared 

radiation back to Earth’s surface, thereby causing a greenhouse effect145. The net radiative forcing 

(RF) of contrails, defined as the instantaneous change in energy flux caused by the contrail at the 

TOA per unit area (globally or in a specified spatial domain), is determined by how much the 

cooling SW and warming LW radiation cancel each other out69. It is strongly dependent on a 

number of factors such as the (i) ambient meteorological conditions influencing various contrail 

characteristics; (ii) natural cirrus properties and coverage; (iii) surface albedo (α), defined as the 

ratio of reflected solar radiation over the solar direct radiation; as well as (iv) diurnal and seasonal 

cycles9,12,69,88,145: 

i. Meteorological conditions & contrail characteristics 

Ambient wind conditions and atmospheric turbulence at cruise altitudes changes the 

spreading pattern and coverage area of contrails, while the RHi can influence the contrail 

ice crystal size, τ and lifetime9,69,70,72. Contrail properties such as the τ then affect the 

magnitude of SW and net RF, while the LW RF depends on its emissivity9. Additionally, 

Schumann et al.71 showed that the contrail RF also exhibits a strong sensitivity to the 

mixture of ice particle habits (the shape of contrail ice particles) and orientation, which 

have different optical and radiative properties71,146,147. Existing studies generally assume 

that the ice particles in young contrails are dominated by droxtals148 and the mixture of ice 

particle habits gradually evolves to be similar to that of natural cirrus over time71. However, 

it must be highlighted that the mixture and evolution of ice particle habits over the lifetime 

of a contrail remains poorly understood, hence contributing to uncertainty in the contrail 

RF149,150. 

ii. Natural cirrus coverage and properties 

The contrail RF can vary significantly depending on the presence, altitude and properties 

of natural cirrus71. For example, under the absence of natural cirrus, contrails formed over 

warm deserts typically have the largest magnitude of LW RF because it traps the outgoing 
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LW radiation that would otherwise radiate back to space uninterrupted71. Contrails formed 

underneath high-level cirrus are always expected to have a smaller net RF relative to clear 

sky conditions because a proportion of the SW and LW radiation would have been reflected 

and re-emitted by the natural cirrus even without the presence of contrails71. The contrail 

SW and LW RF are also inversely proportional to the τ of natural cirrus: as the τ of natural 

cirrus above contrails decreases, a higher amount of radiation is expected to reach the 

contrails, thereby increasing the magnitude of contrailRF71. Conversely, contrails that are 

produced above low-level water clouds (which are typically thicker and have a higher 

albedo relative to high-level cirrus) tend to have a higher net RF relative to cloud-free 

cases71 because it serves as an additional layer to block the outgoing LW radiation, while 

a larger proportion of SW radiation would have been reflected by these cirrus anyway. 

iii. Surface albedo 

Contrails formed over dark surfaces such as cloud-free oceans (low albedo, α < 0.1)  

generally have a large magnitude of SW RF during the day because, without the presence 

of contrails, most incoming SW radiation would be absorbed by the oceans145. Conversely, 

contrails formed over the polar regions (high albedo, α > 0.4) typically have a negligible 

SW RF component and higher net RF, since most sunlight would have been reflected by 

its icy surfaces even without the presence of contrails145.  

iv. Diurnal and seasonal cycles 

The magnitude of contrail RF also varies diurnally69. The SW RF can be negative during 

the day and always zero during the night in the absence of sunlight. It is also dependent on 

the solar zenith angle (SZA), the angle between the zenith (vertical plane of the horizon) 

and the sun, and a maximum cooling is typically attained at a SZA of around 40° to 60° 

(ref.71). Conversely, the LW RF is positively correlated with the level of air traffic and is 

always positive at a given time of a day. As a result, the contrail net RF is always positive 

during the night and approximately zero during the day as the effects of SW and LW RF 

cancel out. It is estimated that around 82% of the annual mean contrail net RF is attributable 

to night flights flying between 18:00 to 06:00 GMT, which represents only 25% of the total 

air traffic88. Seasonally, a larger net RF is also observed during the winter than in the 
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summer because of the shorter daylight hours, where there are less incoming solar radiation 

to be reflected by contrails88. 

RF is typically reported as an annual global mean, representing the change in Earth’s radiative 

energy budget averaged across a year and across the entire surface of the Earth. Globally, the 

annual mean net RF of contrail cirrus16,72,79,133,151 (0.005 to 0.09 W m-2) could be comparable to 

the RF from aviation’s cumulative CO2 emissions16 (around 0.015 to 0.04 W m-2, as evaluated 

since the beginning of aviation up to the year 2005). Over regions with high air traffic density such 

as Eastern USA and Europe, the contrail net RF can exceed 1 W m-2 (ref.152,153). The local contrail 

net RF from individual contrail segments (RF’), defined as the change in energy flux per contrail 

area12,71, however, could range between ± 60 W m-2 (ref.129,154). The large uncertainty in the annual 

mean RF of contrail cirrus is due to uncertainties in the spatiotemporal distribution and properties 

of contrails, and the radiative transfer schemes155. Although contrails contribute to the depletion 

of the available water budget in the atmosphere (as described in Section 2.2) and could reduce the 

formation and τ of natural cirrus, these indirect effects are not accounted for in the reported RF 

values (mentioned above) because of the lack of scientific consensus72. Regardless, Burkhardt & 

Kärcher133 estimated that the indirect effects on natural cirrus could slightly offset the net warming 

effect from contrail cirrus by approximately 0.01 W m-2, but large uncertainties remain.  

The RF metric is most commonly used to quantify and compare the contrail climate forcing with 

other pollutants. However, given that RF is a measure of global disturbance, which describes the 

climate forcing of contrail cirrus produced by a fleet of aircraft at a given space and time, the RF 

is not able to: (i) identify and attribute the contrail climate forcing to individual flights; and (ii) 

capture the cumulative climate forcing over a contrail’s lifecycle79. In the next subsection, the 

concept of energy forcing, a measure of the cumulative climate forcing from an individual 

disturber produced by single flights, is introduced as a supplement to the RF metric. 

 

2.3.2 Energy Forcing 

The contrail energy forcing (EF, in units of J) and the EF per flight distance or per unit length of 

contrail (J m-1) are alternative metrics that have been used to quantify the contrail climate 

forcing12,69,79. It is defined as the total energy trapped by a contrail into the atmospheric system 
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and calculated as the contrail RF’ multiplied by its length (L) and width (w) and integrated over its 

lifetime (t),  

 Contrail EF [J] = ∫ RF′(𝑡) × 𝐿(𝑡) × 𝑤(𝑡)
𝑡

0
d𝑡 . (2-1) 

As shown in Eq. (2-1), the EF captures the evolving contrail dimensions (length and width) and 

RF’ over its lifetime, representing the total contrail climate forcing. The inclusion of these 

characteristics can lead to discrepancies when comparing the magnitude of contrail climate forcing 

by the RF and EF. Firstly, although young contrails tend to have a high τ and net RF, the contrail 

EF is generally negligible because of the small coverage area and lifetime. However, the coverage 

area could increase by an order of magnitude (on average) after a few hours as line-shaped contrails 

transition into contrail cirrus132,133, leading to significant increases in the cumulative contrail EF. 

Secondly, the contrail EF does not scale linearly with an increasing ice supersaturations in the 

atmosphere: a high ambient RHi facilitates the growth of larger ice crystals, which in turn increases 

the sedimentation rate and can decrease the contrail lifetime, which limits further increases in the 

total contrail EF69. Therefore, contrails with the largest EF are typically produced in regions with 

persistent but weak ice supersaturations, thereby providing the necessary conditions for the 

formation of long-lived contrails with a large coverage area69.  

The EF metric also allows the contrail climate forcing to be attributed to individual flights. As will 

be discussed in Section 2.5, this enables the flight trajectory of individual flights to be optimised 

to minimise the contrail EF79. Using a global aircraft activity dataset in 2006, Schumann et al.79 

estimated the EF per unit length of contrail to be between -4 (cooling contrails) and 24 ×108 J m-1 

(warming) with a mean of 0.25 ×108 J m-1. With data on the total distance travelled by global 

commercial aircraft156 (38.9 ×1012 m) and the fraction of flight distance forming contrails 

(39.4%)79, the total contrail EF for the global commercial aircraft fleet in 2006 amounts to 

approximately 1021 J.  

Although the annual mean net RF (at the TOA) and the total contrail EF are shown to be positive, 

the warming of Earth’s surface temperature by contrails has large uncertainties and could have a 

smaller or even an opposite sign than indicated by these metrics157. The next subsection introduces 

two metrics, the contrail climate sensitivity and efficacy, both of which are used to estimate the 

contrail climate impact, in terms of the global surface temperature response.  
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2.3.3 Contrail climate sensitivity & efficacy 

The RF concept generally assumes that the change in Earth’s surface temperature is proportional 

to the change in energy flux at the TOA158,159. However, this assumption is only valid for long-

lived greenhouse gases such as CO2 emissions, where the energy induced by the pollutant is well-

mixed globally and vertically (from the troposphere to the surface)157.  

For contrails and induced-cirrus cloudiness that are short-lived, the induced warming of Earth’s 

surface temperature is highly dependent on the timescales of energy transfer by atmospheric 

mixing and radiation157. For example, when the atmospheric mixing is strong, contrail-induced 

heating at the TOA can have a larger impact on the surface warming because a large fraction of 

thermal energy is advected from the troposphere to the surface. However, when the atmosphere is 

more stable, a higher proportion of the LW radiation trapped by contrails could be radiated to space 

before it is transferred to the surface.  

Two metrics are used to quantify the effects of contrails and induced-cirrus cloudiness on Earth’s 

surface temperature: (i) the contrail climate sensitivity (λcontrail), defined as the change in global-

mean surface temperature in response to each unit of RF induced by contrails160; and (ii) the 

contrail efficacy (e), defined as the ratio of global surface temperature response per unit of contrail 

forcing with respect to the temperature response to CO2 forcing (λcontrail/λCO2)
161. Due to the 

differences in atmospheric mixing rates assumed by various models157, estimates of λcontrail ranges 

widely from at least 0.3 to 0.43 K (W m-2)-1 (ref.162,163) relative to an expected λCO2 of between 

0.65 and 1.06 K (W m-2)-1 following the doubling of CO2 concentrations in the atmosphere164. The 

mean λcontrail is approximately 57% smaller than λCO2 and the estimated e ranges from 0.3 to 1 

(ref.161–163), implying that the contrail climate impact (in terms of surface temperature changes) 

could be less significant relative to an equivalent RF from CO2 emissions. This can also be 

attributed to negative feedbacks such as the potential reduction in natural cirrus cover, and 

adjustments in lapse rate and water vapour concentrations as contrails warm the upper 

troposphere165.  

Despite the large uncertainties in λcontrail and e, various regional and global studies have attempted 

to quantify the changes in the surface temperature that is attributable to contrails and induced-

cirrus cloudiness. On the grounds that the climate effect of contrails are often short-lived and 

experienced at a local level, Travis et al.166 and Kalkstein & Balling167 found a notable increase in 
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the daily temperature range (DTR) during the shutdown of the North American airspace in 

September 2001: during the grounding period, measurements of DTR across the United States 

showed an increase of 1.1°C, greater than 2 standard deviations above the mean DTR (from 1971 

to 2000); while DTR values prior to and after the grounding period were 0.2°C and 0.8°C below 

the mean DTR.  While these observations appear to be consistent with theories, such that the 

absence (or presence) of contrails allows (or impedes) the LW radiation to escape to space, such 

findings were also disputed on the basis of weak statistical significance162,163,168, where more 

quantitative evidence is required.  

Globally, the multiplication of the annual mean contrail net RF (≈ 0.005 to 0.09 W m-2) and the 

λcontrail (≈ 0.3 to 0.43 K (W m-2)-1) yields an average surface temperature change in the range 0.0015 

and 0.04 K. This temperature range could be comparable to the global warming contribution due 

to aviation’s cumulative CO2 emissions (≈ 0.01 – 0.042 K)72, but large uncertainties in the net RF 

and λcontrail both contribute to the low level of scientific understanding for contrails and induced 

cirrus cloudiness. The next subsection describes the different types of contrail models that are 

currently available to estimate the contrail characteristics and climate forcing.  

 

2.4 Contrail Models 

Various types of contrail models have been developed to estimate their respective characteristics, 

climate forcing and climate impact. This subsection briefly describes the different contrail models 

that are commonly used, ranging from large-eddy simulations (LES) in Section 2.4.1, add-on 

modules in an atmospheric general circulation model (GCM) in Section 2.4.2, and lagrangian 

models utilising parameterised physics, such as the Contrail Cirrus Prediction Model (CoCiP)70 

and Contrail Evolution and Radiation Model (CERM)73, in Section 2.4.3.  

Table 2-1 provides a summary of the advantages and limitations of the different types of contrail 

model.  
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Table 2-1: Summary of the advantages and limitations of a LES, GCM and contrail models based on 

parameterised physics. These different types of models were used in previous studies to simulate the 

characteristics and climate impact of contrails.  

Types of 

Contrail 

Model 

Advantages Limitations Ref. 

LES • Simulation of 3D fluid 

dynamics and turbulent 

motions. 

• SGS processes are 

modelled. 

• Size-resolved ice 

microphysics 

• Results depend on initialisation conditions 

and accuracy of SGS models. 

• Computationally demanding, making it 

impractical to model large ensemble of 

contrails. 

• Uncertainty bounds not provided in the 

modelled contrail outputs. 

Ref.107,112,116,171–

176 

Atmospheric 

GCM 
• Modelling of contrail 

cirrus on a global scale. 

• Meteorological 

conditions that are 

representative of real-

world conditions are 

simulated. 

• Atmospheric feedback, 

surface temperature 

changes and interaction 

between contrails and 

natural cirrus can be 

modelled. 

• Simplified assumptions on contrail coverage 

and characteristics. 

• Contrail outputs aggregated at a grid box 

level. 

• Not capable of tracking contrails produced 

by individual flights. 

• Uncertainty bounds not provided in the 

modelled contrail outputs. 

Ref.134,135,177 

Lagrangian 

models 
• Contrails are modelled 

from formation to end 

of life. 

• Contrail climate 

forcing can be 

attributable to 

individual flights.  

• Short computational 

time enables a large 

population of contrail 

segments to be 

modelled. 

• Inputs of BC EIn are currently assumed to be 

constant for all waypoints, due to limitations 

in existing methodologies that are available 

to estimate the aircraft BC EIn.  

• The contrail ice crystal number after the 

wake vortex phase could be an 

oversimplification as it is assumed to be 

proportional to the loss in ice crystal mass.   

• Gaussian plume models used for contrail 

simulations, and do not account for detailed 

spreading mechanisms (as included in LES). 

• Contrails do not interact with other contrails, 

natural cirrus and ambient meteorology 

unless coupled with a GCM. 

• Contrail uncertainties not quantified in 

CoCiP70; Uncertainty in contrail RF provided 

by CERM73, but it only accounts for 

uncertainty in the assumed ice crystal habits.   

Ref.70,71,73,128 

 

2.4.1 Large-eddy simulations  

LES is a numerical model that was first used to simulate turbulent flows in the atmosphere169, and 

is now commonly used in complex engineering applications such as modelling the flows in the 

combustion chamber of aircraft gas turbines170. It is principally governed by the incompressible 
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Navier-Stokes equations to resolve the turbulent flow: large-scale turbulent motions are directly 

calculated, while the modelling of sub-grid scale (SGS) flows are simplified via spatiotemporal 

averaging to reduce computational requirements170.  

Various processes influencing the evolution of contrails span across extensive length scales, 

ranging from nanometres (i.e. ice crystal microphysics and SGS turbulence) to kilometres (i.e. 

spreading and dispersion), thereby making it attractive for three-dimensional (3D) LES to be used 

for contrail modelling: a number of studies107,112,171–173 explored the effect of different variables 

(such as the atmospheric conditions, aircraft-dependent parameters and wake dynamics) on the 

microphysics of contrail ice particles in the vortex phase; Unterstrasser & Görsch174 examined the 

influence of different aircraft types on the contrail depth, initial ice crystal number and their 

evolution up to 6 hours; Lewellen et al.175 and Lewellen116 investigated the change in various 

contrail properties over its entire lifecycle; while Gruber et al.176 evaluated the impact of contrail 

cirrus on incoming SW radiation and photovoltaic power production. 

Given the inclusion of size-resolved ice microphysics, 3D fluid dynamics and SGS processes, LES 

provides a comprehensive assessment of the various processes influencing the dynamics and 

evolution of contrails175. However, several limitations in relation to the LES have also been raised. 

For example, the LES outputs are highly dependent on various assumptions170,175 such as the 

initialisation conditions, accuracy of SGS models, as well as the shape and size distribution of 

contrail ice particles (which remains uncertain71,149). Additionally, LES also require large 

computational times70, thereby limiting its application to young contrails in the wake vortex phase 

or a limited number of case studies covering the full contrail lifecycle116. Hence, it would not be 

practical in selecting a LES to simulate contrails on a global scale. In such cases, atmospheric 

GCMs might be the preferred option, as will be described in the next subsection.  

 

2.4.2 Atmospheric general circulation models  

Atmospheric GCM’s are used to simulate large-scale motions, physical processes and properties 

of the atmosphere, where the computational domain is represented using a 3D Eulerian grid. 

Unlike a LES, GCMs adopt modified equations to simulate key atmospheric features and 

aggregated over the grid box, while simplifying SGS and other insignificant processes178,179. These 
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differences enable various atmospheric processes to be simulated at a global scale, and the 

computational demands of running a GCM depends on the specified spatiotemporal resolution.   

GCM’s are commonly applied in both short and long-term forecasting of the weather and climate, 

and the simulation of contrails. Several studies134,135,177 used the European Center/Hamburg 

General Circulation Model Version 4 (ECHAM4) to model the annual mean contrail coverage, 

characteristics and RF at a global scale. Although the simulation of contrails via a GCM provides 

several key advantages where the interaction between contrails and natural cirrus (such as the 

competition of ambient water vapour), longer-term atmospheric feedback and global surface 

temperature response can be modelled134,165, three limitations have also been identified: simplified 

assumptions on the contrail (i) coverage and (ii) characteristic; and the (iii) aggregation of contrail 

outputs at a grid box level.    

i. Simplified assumptions on the contrail coverage 

For Ponater et al.135 and Marquart et al.177, the potential contrail coverage within a grid cell is 

parameterised according to the ambient temperature and the mixing line slope of a temperature-

humidity diagram (G). The actual contrail coverage is then estimated by multiplying the 

potential contrail coverage and total fuel consumption (in each cell) with a scaling factor, of 

which the scaling factor is calibrated to match the observed contrail cover over Western Europe 

and assumed to be spatiotemporally constant across the globe. However, such an assumption 

is unrealistic as the characteristics of ISSR’s are known to vary geographically and 

seasonally126 (as discussed in Section 2.2.2). 

ii. Contrail characteristics that do not depend on aircraft parameters 

Contrails modelled via a GCM do not include dependence on aircraft parameters such as the 

BC EIn, which strongly influences the characteristic of individual contrails10 (as discussed in 

Section 2.2.1). Instead, Burkhardt & Kärcher134 initialised contrails with a constant width (100 

m) and depth (175 m) and at a pressure altitude of 250 hPa (34000 feet), Ponater et al.135 and 

Marquart et al.177 assumed that the ice water content (IWC, in units of g m-3) is proportional to 

the available water vapour in each grid cell, while Burkhardt et al.180 and Bock & Burkhardt181 

initialised a constant contrail cross-sectional area and ice particle number concentration (nice) 

of 200m × 200m and 150 cm-3 respectively. However, these assumptions could lead to 
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additional uncertainties in the GCM model outputs: the contrail nice varies with the atmospheric 

state and survivability of contrail ice particles in the wake vortex phase10,112; τ is dependent on 

the IWC70; and the RF and EF are dependent on the exact contrail dimensions (length, width 

and depth) and altitude (i.e. whether or not the contrails are above or below other contrails and 

natural cirrus)71,79, as highlighted in Section 2.3.1. 

iii. Aggregation of contrail outputs at a grid box level 

Given that GCM’s only provide aggregated outputs of the contrail characteristics at a grid box 

level134,135,177, it is not able to track individual contrail segments over its lifecycle, nor it is 

capable of attributing the contrail climate forcing to specific flights. Therefore, GCM’s cannot 

be applied to assess the effectiveness of mitigation strategies such as the diversion of specific 

flights around contrail susceptible regions (as will be discussed in Section 2.5.3), of which 

flight trajectories were optimised to minimise the contrail EF that are produced by single 

flights70. 

In light of these limitations, the next subsection introduces two contrail models that are based 

on parameterised physics. These models provide a balance between a LES (which detailed 

modelling requires large computational times) and GCM (which is not capable of modelling 

contrails from individual flights). 

 

2.4.3 Lagrangian models based on parameterised physics  

Lagrangian models based on parameterised physics, such as the CoCiP70 and CERM (a derivative 

of CoCiP with minor differences in the treatment of contrail ice particles)73 contrail models, have 

been developed to overcome the limitations experienced by a LES and GCM: (i) the lifecycle of 

contrail segments produced by individual flights is simulated from their formation to dissipation; 

which (ii) enables the contrail climate forcing to be attributed to individual flights by using the EF 

metric (Section 2.3.2); and (iii) a short computational time (of approximately 0.01 s per contrail 

segment per time step)70 enables large ensemble of contrail segments to be modelled.  
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To simulate the contrail characteristic and climate forcing that are formed along flight routes, both 

CoCiP and CERM calls for inputs of air traffic data (provided by an aircraft activity dataset), 

estimates of BC EIn and meteorology (provided by numerical weather prediction models).  

For every waypoint, the Schmidt-Appleman criterion89,90 (briefly described in Section 2.2.1) is 

used to calculate the threshold temperature (TLM) and critical relative humidity with respect to 

liquid water (RHcrit) to determine if contrails are formed: (i) contrails are formed whenever the 

relative humidity with respect to liquid water (RH) is above RHcrit (RH > RHcrit); and (ii) persistent 

contrails are formed when the RHi is greater than 1 (RHi > 1). Further descriptions and the 

equations used to calculate TLM and RHcrit can be found in Appendix I. The flight segment between 

two consecutive waypoints forming contrails is a contrail segment. If a contrail is formed in such 

a segment, both models assume that the initial number of contrail ice particles is equal to the 

aircraft BC EIn (for reasons that were highlighted in Section 2.2.1). While measurements 

conducted at cruise conditions show that the EIn varies with different aircraft types and engine 

thrust settings74,182, both CoCiP and CERM currently adopts constant EIn inputs of 0.3 ×1015 kg-1 

and 2.6 ×1015 kg-1 respectively for every waypoint. This is because existing methodologies that 

are available to estimate the aircraft BC EIn at cruise conditions73,182–185 rely on simplified 

assumptions and could have large uncertainties of up to an order of magnitude, as will be discussed 

in Chapter 3. Given that the BC EIn is identified as a critical input parameter for these contrail 

models70, such an assumption can be improved to enhance the accuracy of the modelled contrail 

outputs.  

Following the formation of contrails, CoCiP utilises a probabilistic two-phase wake vortex decay 

model186 to simulate the wake vortex phase: the mean downward displacement and contrail 

dimensions (width and depth) at the end of the vortex phase are parametrically estimated as a 

function of aircraft-specific parameters, such as the mass, wingspan and true airspeed70. Further 

details and specific equations on the wake vortex model are in Appendix I. In contrast, CERM 

adopts a simplified approach to model the wake vortex phase, where a constant vortex sinking 

distance and initial contrail depth of 100 m is assumed for all cases73. The IWC and nice are 

calculated after accounting for ice particle losses in the wake vortex phase. For both models, it is 

assumed that the number of contrail ice crystals that survive the wake vortex phase is proportional 

to reductions in the IWC (due to adiabatic heating). However, recent studies suggest that this 
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assumption could be an oversimplification because: (i) the wake vortex phase can reduce the ice 

crystal size and enhance the number of smaller ice crystals100; but (ii) losses in contrail ice particle 

by mass could be lower than the number as the sublimation of smaller ice crystals is facilitated by 

the Kelvin effect116 and their contribution to the mass component is negligible; and (iii) the 

survivability of ice crystal numbers is also dependent on the AEI and ambient ice supersaturation 

(Figure 2-4)112. Both CoCiP and CERM do not account for these uncertainties because there is 

currently a lack of in-situ contrail ice crystal mass and number data that are measured in tandem. 

Therefore, validation and improvements in modelling the survivability of ice crystal numbers are 

also identified as an avenue for future work. 

For persistent contrails, the spatiotemporal evolution of various contrail characteristics is modelled 

using a Gaussian plume model and integrated using a second-order Runge-Kutta scheme over a 

sequence of time steps that are defined arbitrarily (Δ𝑡 = 0.5 h for CoCiP, and Δ𝑡 = 1 h for CERM). 

The selected time step Δ𝑡 should be small enough to resolve the temporal contrail dynamics, but 

this comes at the expense of an increase in computational time70. Contrail advection (primarily 

driven by shear and atmospheric mixing) is simulated using a turbulence model, while ice particle 

losses over time (caused by the plume-internal turbulence and sedimentation-induced aggregation) 

are modelled using dimensional analysis70,128. Unless coupled with a GCM, which was attempted 

by Schumann et al.128, contrails simulated by both models do not interact with other contrails, 

natural cirrus and the background meteorology. While CERM incorporates an additional feature 

where background ice nuclei are entrained into the growing contrails at a rate of 103 m-3 (ref.73), 

the effects on contrail properties are likely negligible given that the ambient BC PN concentrations 

in a high-density airspace can be three orders of magnitude larger with annual mean values of 

approximately 106 m-3 (ref.187). At the end of each time step, the contrail dimensions (length, width 

and depth), nice , IWC, r, and τ are updated.  

The end of a contrail lifetime in CoCiP is defined when the: (i) contrail segment age exceeds 24 h; 

(ii) nice is lower than the background ice nuclei (103 m-3); or (iii) τ is less than 10-6 (ref.70). For 

CERM, the contrail lifetime ends when the ambient humidity is below ice supersaturation, but 

such an assumption could lead to an underestimation in the contrail age: instead of sublimating 

immediately upon entering sub-saturated air, the sublimation rate of contrail ice crystals depends 

on the difference in ambient RHi relative to the ice supersaturation threshold (RHi = 100%)70. 
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Although a comparison73 showed that contrails simulated by CERM have longer lifetimes (of up 

to 1.25 h) relative to CoCiP, this is likely due to the assumption of a higher BC EIn (2.6 ×1015 kg-

1 for CERM vs. 0.3 ×1015 kg-1 for CoCiP), which in turn leads to smaller contrail ice crystals with 

a longer lifetime (Section 2.2.1). To estimate the RF’ for each contrail segment, the contrail 

characteristics (r and τ, simulated with CoCiP or CERM), meteorology and radiation data (τ of 

natural cirrus, surface albedo, solar direct radiation, reflected solar radiation and outgoing solar 

radiation, all of which are derived from numerical weather prediction models) are subsequently 

used as inputs to a parameterised analytical model from Schumann et al.71. The model parameters 

required for the RF’ estimates71 were calibrated using the libRadtran radiative transfer package188. 

It is also highlighted that this parametric model from Schumann et al.71 do not account for the 

overlapping effects with other contrails, which could reduce the estimated RF’. With the contrail 

dimensions (length and width), lifetime and RF’ now available, CoCiP then estimates the contrail 

EF using Eq. (2-1). The contrail characteristics and RF simulated by CoCiP has been validated 

with satellite observations129,151 and in-situ measurements70,99,114,189,190, while outputs of CERM 

was compared with satellite data191 and model results provided by a GCM133 and CoCiP70. For 

further descriptions on CoCiP and CERM, the reader is referred to the literature70,71,73. Detailed 

equations for CoCiP can also be found in Appendix I.  

The contrail models described in this subsection are vital in assessing the effectiveness of different 

strategies used to reduce the formation and/or climate forcing of contrails, including the use of 

new engine technology, alternative fuels and flight diversion strategies (as will be described in the 

next subsection). However, despite the large range of contrail characteristics and RF that have 

been reported in previous studies16,72,155, these uncertainties have not been comprehensively 

modelled in CoCiP and CERM: although a sensitivity analysis was performed to determine the 

critical model parameters in CoCiP, the model outputs do not currently provide an uncertainty 

bound70; and different assumptions of ice crystal habits (shapes) were separately simulated in 

CERM to quantify the uncertainty in contrail RF73. To ensure that the implementation of these 

contrail mitigation solutions leads to a net climate benefit, additional uncertainties that are known 

to influence the simulated contrail properties and climate forcing, such as uncertainties arising 

from aircraft BC EIn (Figure 2-2 and ref.70,99,182,192) and meteorology69,70,130, must be accounted for 

and reported in the model outputs. The next subsection describes in detail and evaluates the 

different options that are available to mitigate the contrail climate forcing.   
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2.5 Mitigation Solutions 

This subsection explores the feasibility, effectiveness and barriers of different mitigation strategies 

proposed to minimise the climate forcing of contrails and induced-cirrus cloudiness. The options 

range from: (i) new aircraft design and improvements in engine technology (Section 2.5.1); (ii) jet 

fuel additives and the use of alternative fuels (Section 2.5.2); and (iii) various flight diversion 

strategies that has been proposed to minimise the formation and/or RF of contrails (Section 2.5.3). 

 

2.5.1 New aircraft design & engine technology  

Over time, the increase in overall propulsion efficiency (from 0.2 in the 1950s to around 0.4 in the 

2010s)193 and bypass ratios (from 2 in the 1950s to around 10 in the 2010s)194 has led to significant 

improvements in the fuel efficiency of aircraft gas turbine engines9,37. However, these 

improvements also led to unintended consequences where contrail formation is promoted193,195. A 

higher overall propulsion efficiency facilitates the formation of contrail at higher ambient 

temperatures due to a cooler exhaust, while the lower exit velocity of jet exhausts from engine 

types with a higher bypass ratio could influence the aircraft wake vortex development and limit 

the plume dispersion rate193,195.  

Several modifications to the aircraft and engine design have been proposed by Noppel & Singh195 

to offset these unintended consequences. For example: (i) the airframe-engine design can be 

optimised to facilitate the entrainment of jet exhaust containing contrail ice particles into the wake 

vortex; and (ii) the EIH2O could be decreased by condensing water vapour from the exhaust in a 

cooling unit before it is released in the form of water droplets or large ice crystals. Fundamentally, 

both solutions aim to limit the lifetime of contrails by increasing the proportion of contrail ice 

particles being sublimated in the primary wake via adiabatic heating (Figure 2-3), or by facilitating 

the formation of larger ice crystal sizes (and fall speed)196. Solution (ii) could also suppress the 

formation of contrails by decreasing the humidity within plumes, which can decrease the threshold 

temperature for contrail formation72,73. However, the research, development and adoption of the 

new airframe and engine technologies require long lead times and it is likely that present-day 

aircraft technology will continue to be significant in the 2050 fleet composition. This is because 
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commercial aircraft typically have lifespans of between 25 and 35 years, and an existing aircraft 

type could also remain in production for up to 20 years41,197. 

Alternatively, a reduction in BC PN emissions at the engine exhaust could also reduce the contrail 

lifetime and climate forcing144,180, as discussed in Section 2.2.1 and in the paragraph above. In fact, 

cleaner-burning engine technologies, such as the double annular combustor (DAC) that emits less 

NOx and BC particles relative to conventional engines, has been available since the mid-1990s198 

but is not widely used in the fleet. Essentially, DAC engines operate in two stages: at low engine 

thrust settings, the pilot stage operates in fuel-rich environment with a low air-to-fuel ratio (AFR) 

and through-flow velocity where only the outer annulus of the combustor is fuelled; and at higher 

engine thrust settings, the main stage is activated with higher AFR (leaner combustion) and 

through-flow velocity199. Ground-level measurements have shown that the emission characteristics 

for a DAC engine are similar to a conventional single annular combustors (SAC) in the pilot stage 

where BC emissions are proportional to the engine thrust settings (EIm ranging from 1 to 200 mg 

kg-1, while the EIn is above 1014 kg-1), but a significant reduction of at least 90% is achieved for 

both the EIm (1 to 7 mg kg-1) and EIn (≈ 1013 to 1014 kg-1) in the lean combustion stage95,98. Despite 

that, the effectiveness of DAC engines in mitigating the contrail net RF remains mixed: Caiazzo 

et al.73 used the CERM contrail model to show that a 65% reduction in BC EIn (from 2.63 to 0.9 

×1015 kg-1) only changes the contrail net RF by -13% to +5% (depending on the assumed ice 

particle habits); but using an atmospheric GCM, Burkhardt et al.180 estimate that an 80% reduction 

in the BC EIn (and AEI) could reduce the net RF of contrail cirrus by up to 50% globally, while 

Bock & Burkhardt181 showed a 15% reduction in net RF for a 50% reduction in EIn. All three 

studies did not quantify the changes in contrail EF, which reductions could be larger than the RF 

because of a shorter contrail lifetime (Section 2.3.2).  

For these reasons, it can be concluded that the development of novel airframe-engine concepts in 

minimising the contrail climate forcing could only be feasible over the long term, while aircraft 

equipped with cleaner-burning engines with lower BC PN emissions could be gradually introduced 

to the current fleet to reduce the contrail climate forcing. However, additional work is required to 

further assess the change in contrail RF and EF, due to reductions in BC PN emissions, to improve 

the confidence level of this strategy.  
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2.5.2 Jet fuel additives & alternative fuels  

Gierens200 explored the potential of minimising the formation of contrails via jet fuel additives. 

Fuel additives in the form of sulphur were mixed together with jet fuels to hamper the uptake of 

water on soot particles, and to increase the critical water saturation ratio for contrail formation. 

However, the results do not appear to be promising: (i) a weak relationship was observed between 

the fuel sulphur content and the number of ice crystals in young contrails, where adding large 

amounts of sulphur from 170 to 5500 parts per million (ppm), significantly beyond the present-

day average fuel sulphur content (600 ppm)201, only led to a 0.4 K reduction in the threshold 

temperature for contrail formation192,200,202; and (ii) additional sulphur emissions could also create 

new environmental problems, such as the depletion of ozone in the stratosphere8.  

More recently, several studies have explored the mitigation potential of (alternative) biofuels in 

reducing the contrail RF73,74. Samples of the jet engine exhaust measured at cruise conditions 

showed that biofuels (a 50:50 HEFA Jet A fuel blend) contribute to a 50 to 70% reduction in the 

BC EIn (ref.74). Although reductions in BC PN emissions are known to decrease the contrail 

lifetime and RF180 (as discussed in Sections 2.2.1 and 2.5.1), the EIH2O of alternative fuels (1.37 

kg kg-1) is approximately 10% higher than that of conventional fuels (1.23 kg kg-1)73, thereby 

increasing the likelihood of contrail formation and altering its characteristics73. If biofuels are used 

for the entire fleet in the US, modelling results73 from the CERM contrail model suggest that, on 

average: (i) contrail formation over the US increased by 8%; (ii) contrail ice particle number 

concentrations decreased by 75%; (iii) ice particle sizes increased by 58%; subsequently leading 

to (iv) a 29% reduction in τ. It is expected that a lower contrail τ from biofuels would reduce the 

net RF10,71 because of the negative Twomey effect. However, the opposite effect occurs where the 

modelled contrail net RF changes by -4 to 18% (depending on the assumed ice particle habits) 

because of the increase in contrail formation and a lower SW RF73. Although it is plausible that 

alternative fuels could increase the contrail RF, there remains a lack of quantification on the change 

in contrail EF, which are likely smaller than the base case (where conventional fuels are used) 

because of the larger ice particle sizes and shorter lifetimes118–120, as previously discussed in 

Section 2.3.2. 

Based on the available evidence, the use of jet fuels with higher sulphur contents does not appear 

to be effective nor feasible in minimising the formation of contrails, while the potential for 
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alternative fuels to mitigate the contrail climate forcing remains inconclusive. Alternative fuels, 

which currently accounts for 0.01% of the global jet fuel use54, is also unlikely to be used 

extensively across the global fleet in the short-term due to the absence of large-scale commercial 

production facilities37. The next subsection explores the potential of mitigating the climate forcing 

of contrails via flight diversion strategies, which could theoretically be feasible in the short term. 

 

2.5.3 Flight diversion strategies  

A number of flight diversion strategies to re-route air traffic around ISSR’s have been explored to 

minimise the formation and climate forcing of contrails75–81. Table 2-2 provides a summary of the 

different flight diversion strategies, as well as their respective effectiveness, assumptions and 

limitations. These strategies typically necessitate a varying degree of trade-off between the 

reduction in contrail climate forcing and the increase in fuel consumption (and CO2 emissions). 

Williams & Noland75 proposed a fleet-wide restriction in the cruising altitude across entire airspace 

to minimise the formation of contrails. The restrictions in maximum cruising altitude are 

determined every six hours depending on atmospheric conditions and seasonality: higher cruising 

altitudes are typically authorised in the summer than winter75, likely due to seasonal variation of 

the tropopause height203. While a fleet-wide restriction in cruising altitude could theoretically 

reduce the formation of contrails per flight distance by 65 to 95%, it cannot be justified because 

modern airliners usually fly in ISSRs for only about 15% of the flight time127. Given the large 

uncertainties in quantifying the contrail RF, the increase in fuel burn and long-lived CO2 emissions 

(of around 1 to 8%) will likely outweigh the climate benefits of minimising the formation of short-

lived contrails.  

An alternative strategy was proposed by Irvine et al.76 and Lim et al.77 to minimise the formation 

of contrails: both studies proposed a horizontal (lateral) diversion framework by re-routing 

contrail-forming flights around ISSRs. This strategy could be less disruptive relative to a 

widespread altitude restriction policy because: (i) an aircraft is allowed to fly at its most fuel-

efficient altitude76; and (ii) the optimised flight trajectory only avoids ISSRs during the night 

(when the contrail net RF is positive) but can remain unchanged during the day (when the net RF 

could be close to zero or negative)77. However, given that existing flight trajectories are 
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predominantly optimised to take advantage of favourable wind conditions82 and the fact that ISSRs 

have large horizontal extensions (≈ 150 km)123, a lateral re-route could significantly increase the 

flight time, fuel consumption and CO2 emissions depending on the additional distance flown.  

Comparatively, Mannstein et al.78 and Schumann et al.79 proposed a small change in the cruising 

altitude to minimise the contrail climate forcing. A vertical diversion can be more favourable than 

lateral diversion strategies because ISSRs typically have a shallow vertical extension of around 

500m (≈ 1640 feet)124. Hence, a change of only ± 1000 feet in cruising altitude (without increasing 

the flight distance flown) could be sufficient to reduce the formation of contrails by 50% if the 

nearest ‘dry’ layer is known78. The effectiveness of such a strategy in reducing the contrail RF and 

EF was simulated79 with the CoCiP contrail model70: globally, the optimisation of cruising altitude 

(by ± 2000 feet) was shown to reduce the annual mean contrail net RF by 112% (from 0.037 to  -

0.004 W m-2) and EF per contrail length by 97% (from 2.45 to 0.08 ×107 J m-1), at an expense of 

a 0.1% increase in the total fuel consumption. However, this fuel penalty (+ 0.1%) could be an 

underestimate because the Base of Aircraft Data 3 (BADA 3, a widely used model to estimate the 

aircraft fuel consumption)204 is known to underpredict the fuel burn at higher altitudes205. Despite 

that, the additional fuel consumption (per flight) is unlikely to be greater than a few percent as 

modern aircraft are designed with vertical altitude flexibilities of up to ± 3000 feet82. Therefore, a 

diversion strategy via altitude changes, which does not significantly increase the flight time and 

fuel consumption, could be more practical than previously suggested solutions (widespread 

altitude restriction & horizontal diversions) and merits further study.  

Finally, more recent studies used the ECHAM/Messy Atmospheric Chemistry (EMAC) GCM and 

flight trajectory optimisation to minimise: (i) the formation of contrails80; and (ii) the total climate 

impact81, in terms of global near-surface temperature response due to contrails and emissions of 

CO2, NOx and H2O. The flight trajectories in both studies are optimised by a combination of 

horizontal and vertical diversion strategies, and an initial attempt has been made81 to account for 

safety aspects by specifying a minimum separation distance between flights. Yin et al.80 showed 

that a 42% reduction in contrail formation is possible at the expense of a 0.7% and 0.2% increase 

in flight time and fuel burn respectively, while the climate-optimised routing strategy by Grewe et 

al.81 could achieve a 10% reduction in aviation’s total climate impact (the global surface 
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temperature response over 20 years that is caused by CO2, NOx and contrails) with a 1% increase 

in operating cost (i.e. fuel and labour costs).  

On the whole, a number of flight diversion strategies that were proposed by previous studies 

showed significant potential in mitigating the contrail climate forcing and climate impact, and 

could be implemented in the short term without technological advancements. However, three 

outstanding issues have been identified to improve upon existing flight diversion strategies. These 

include the need to: (i) minimise any potential disruptions to ATM, which can be achieved by 

selecting specific flights with the largest contrail EF for diversion; (ii) adopt an additional metric 

to quantify the contrail climate forcing produced by individual flights; and (iii) quantify their 

respective uncertainties:  

i. Air traffic management disruptions 

Four out of the seven studies recommend a fleet-wide trajectory optimisation75,79–81 to 

minimise the formation and/or RF of contrails. However, these studies fail to account for 

the additional complications that would arise from ATM procedures such as the increase 

in airspace complexity, congestion and air traffic controller workload214. Any proposed 

diversion strategy has to operate within the constraints of ATM. At present, airspace 

capacity and cost-efficiency are identified as the main key performance areas for ATM 

operations in Europe, while environmental aspects are often relegated to a lower 

priority83,215. It is also likely that priority will first be given to safety-critical manoeuvres, 

such as re-routes due to severe weather and turbulence, ahead of contrail diversions. Given 

that not all contrails contribute to a large climate forcing69,88, a small-scale strategy of 

selectively diverting a subset of flights with the largest climate forcing could be adopted to 

minimise any potential disruptions to ATM82. However, the effectiveness and feasibility 

of such a strategy have not been explored. 

ii. Quantification of contrail climate forcing with an additional metric 

Six out of the seven studies (reviewed in this subsection) specified an objective function 

of reducing the formation75,78,80 and/or net RF76,77,81 to minimise the contrail climate 

forcing. However, it is superfluous to avoid the formation of all contrails because those 

formed during the day can have a negative net RF’ (discussed in Section 2.3.1), while some 

short-lived contrails can have a large net RF’ but negligible EF (highlighted in Section 
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2.3.2). An additional metric, such as the contrail EF, can be used as a supplement to the 

RF: the RF describes the contrail climate forcing from a fleet of aircraft at a given space 

and time; while the EF measures the total contrail climate forcing that is produced by single 

flights79. The EF metric, therefore, enables any future diversion strategy to prioritise on 

diverting a subset of flights with the largest contrail climate forcing to minimise any 

potential impacts to ATM. 

iii. Uncertainty quantification 

Simplified assumptions in contrail modelling were adopted by a number of studies: the 

dimensions, characteristics and RF of contrails were initialised with constant values in 

three out of the seven studies76,80,81; while two other studies75,78 focused on minimising 

contrail formation, without modelling the contrail characteristics and RF. All seven studies 

also do not provide an uncertainty bound in the reported net climate benefits, despite the 

large contrail uncertainties (as highlighted in Sections 2.2 and 2.3). Therefore, the 

mitigation potential that was reported in these studies remains highly uncertain. To ensure 

that the implementation of these mitigation solutions leads to a net climate benefit, the 

respective uncertainties in the contrail climate forcing must be quantified. 

These identified limitations must be addressed in future work before any flight diversion strategy 

can be recommended and implemented in the real world.
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Table 2-2: Summary of flight diversion strategies proposed by previous studies to minimise the formation and/or climate impact of contrails. 

No. Study Strategy Datasets Key Findings Assumptions & Limitations 

1 Williams et 

al.75 
• Fleet-wide restriction 

in cruising altitude to 

minimise contrail 

formation 

• Selected altitude 

restriction depends on 

meteorology and 

seasonality 

Aircraft Activity Dataset: 

• DLR-2 air traffic data 

(1992)206 

 

Meteorology: 

• NCEP-II reanalysis dataset207 

 

Contrail model:  

• Parameterization of contrail 

coverage 

• On average, contrail 

formation reduced by 

around 65 to 95% 

• Aircraft typically allowed 

to fly higher in the summer 

(up to FL290) than winter 

(FL240) 

• Fuel penalty of between 1 to 8% 

increases CO2 emissions and the 

total climate forcing. 

• Contrail RF and EF not simulated 

• Air traffic congestion due to 

reduced airspace volume. 

• Fleet-wide diversion is disruptive 

to ATM. 

2 Irvine et 

al.76 
• Framework for lateral 

diversions without 

altitude change to 

minimise total 

climate forcing and 

climate impact 

(contrail + CO2). 

Aircraft Activity Dataset: 

• Hypothetical (single flight) 

 

Meteorology: 

• N/A 

 

Contrail model:  

• N/A 

• Lateral re-route enables 

aircraft to fly at their 

optimal altitude with 

minimum fuel. 

• Maximum diversion 

distance depends on 

contrail length and aircraft 

size. 

• Assumed contrail width, lifetime 

and RF of 1 km, 5 h and 0.1 W 

m-2  

• Real meteorology not used. 

• Disruptive to airline operations 

• Large uncertainties in contrail 

climate forcing and climate 

impact.  

3 Lim et al.77 • Flight trajectory 

optimisation (lateral 

diversions only) to 

minimise the flight 

time, fuel burn, and 

the RF from CO2 and 

contrails.  

Aircraft Activity Dataset: 

• Hypothetical (single flight) 

 

Meteorology: 

• NOAA GFS208 

 

Contrail model:  

• CoCiP70 

• Flight trajectory minimises 

(maximises) flight distance 

in ISSR regions during the 

night (day). 

• Trade-offs between 

contrails and CO2 RF 

depends on optimisation 

weights. 

• Contrail lifetime and EF not 

simulated. 

• Uncertainties in contrail climate 

forcing not quantified. 

• Frequent changes in flight 

trajectory is disruptive to ATM.  

4 Mannstein 

et al.78 
• A small change in 

aircraft cruising 

altitude to avoid 

contrail formation. 

 

Aircraft Activity Dataset: 

• N/A 

 

Meteorology: 

• Radiosonde measurements 

 

Contrail model:  

• N/A 

• Fleet-wide altitude 

restriction not necessary. 

• If dry level (not) known, a 

± 1000 (2000) ft. change 

in altitude could reduce 

contrail formation by 50%. 

• No quantification on change in 

fuel burn and contrail occurrence.  

• Improvements in ATM is 

required.  

• ISSR location has to be 

forecasted. 
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No. Study Strategy Datasets Key Findings Assumptions & Limitations 

5 Schumann 

et al.79 
• Change in aircraft 

cruising altitude by ± 

2000 ft. to minimise 

the contrail RF and 

EF, or total climate 

impact (contrail + 

CO2)  

 

Aircraft Activity Dataset: 

• 2006 Aviation Environmental 

Design Tool (AEDT)156 

 

Meteorology: 

• IFS ECMWF209 

 

Contrail model:  

• CoCiP70 

• Optimising flights for 

minimum climate forcing 

are more efficient than 

avoiding contrails. 

• 97% reduction in the 

contrail EF per contrail 

length for the global fleet 

in 2006. 

• Total fuel burn for the fleet 

increased by 0.1%. 

• Optimisation of all flights with a 

positive contrail EF could be 

disruptive to ATM and airline 

operations.  

• Uncertainties in contrail climate 

forcing not quantified. 

• Fuel consumption uncertainties 

due to use of BADA3205.  

6 Yin et al.80 • Flight trajectory 

optimisation (lateral 

and vertical) to 

minimise the total 

contrail distance and 

flight time for 

transatlantic flights. 

Aircraft Activity Dataset: 

• AirTraf simulation tool210 

 

Meteorology: 

• GCM: ECHAM5 EMAC211 

 

Contrail model:  

• Parameterization of contrail 

and natural cirrus coverage 

• On average, a 42% 

reduction in contrail 

distance increases flight 

time and fuel consumption 

by 0.7% and 0.2%. 

• In winter, flights tend to 

shift to lower latitudes to 

avoid contrails. 

• Reduced contrail distance 

at higher altitudes. 

• Flight trajectories simulated 

based on great circle paths. 

• Contrail RF, EF and lifetime not 

modelled.  

• Fuel consumption uncertainties 

due to use of BADA3205. 

• Fleet-wide trajectory optimisation 

is disruptive to ATM and airline 

operations.  

7 Grewe et 

al.81 
• Flight trajectory 

optimisation (lateral 

and vertical) to 

minimise the total 

climate impact (CO2, 

NOx H2O and 

contrails) for 

transatlantic flights. 

Aircraft Activity Dataset: 

• Eurocontrol SAAM 

simulator212 

 

Meteorology: 

• GCM: ECHAM5 EMAC211 

 

Contrail model:  

• Parameterization of contrail 

and natural cirrus coverage. 

• Climate-optimised routing 

could reduce aviation’s 

total climate impact by 

10% at a cost (fuel and 

labour) of 1%. 

• Climate impact from 

individual flights is close 

to negligible.  

• Separation standards 

between aircraft not 

violated.  

• Contrail dimensions and 

characteristics not dependent on 

meteorology and aircraft type213.  

• Contrail EF not quantified. 

• Uncertainties in contrail climate 

forcing and climate impact not 

quantified.  

• Fleet-wide trajectory optimisation 

is disruptive to ATM. 
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2.6 Research Statements, Roadmap & Scope 

The literature review conducted in this chapter identifies a number of limitations that must be 

resolved to advance the scientific understanding of contrails and induced-cirrus cloudiness. These 

limitations are formulated as a series of research statements (presented below), which will be 

addressed in this thesis:  

i. The aircraft BC EIn influences various young contrail characteristics and is identified as a 

critical input parameter for contrail modelling (Section 2.2.1). Although experimental 

measurements at ground and cruise show that the BC EIn varies with specific aircraft-

engine types, operating condition and engine thrust settings74,95,98,182,192, contrail models 

such as CoCiP and CERM currently assume a constant BC EIn for every waypoint70,73. This 

is because existing methodologies that are available to estimate the aircraft EIn at cruise 

rely on simplified assumptions (Section 2.4.3). Therefore, a methodology to estimate the 

BC EIn for specific aircraft types and engine thrust settings has to be developed and 

implemented on a contrail model to improve the accuracy of the simulated contrail 

characteristics and climate forcing.  

ii. Various factors (such as the uncertainties in aircraft BC PN emissions, ice microphysics 

and particle habits, meteorology and radiative transfer schemes) are expected to propagate 

forward to uncertainties in the simulated contrail characteristics and climate forcing 

(Sections 2.2 and 2.3). However, contrail uncertainties that were included in CERM only 

account for the uncertainty in ice crystal habits73, while CoCiP was only tested with 

different mode parameters in a sensitivity analysis70 (Section 2.4). To assess the 

effectiveness of the proposed mitigation strategies (Section 2.5), uncertainties in the 

simulated contrail characteristics and climate forcing must be modelled more 

comprehensively and reported in model outputs. 

iii. Existing flight diversion strategies predominantly recommend a fleet-wide trajectory 

optimisation to minimise the formation and/or RF of contrails (Section 2.5.3). However, 

this might not be necessary because not all contrails contribute to a large climate forcing 

(Section 2.3.2), nor it is practical because it is highly disruptive to ATM operations (Section 

2.5.3). Although flexibilities in ATM procedures could facilitate a smaller-scale contrail 



75 
 

diversion strategy (where a subset of flights with the largest contrail climate forcing are 

diverted82), the effectiveness and feasibility of such a strategy have not been assessed.  

iv. Most studies used the RF metric to quantify the contrail climate forcing and assess the 

effectiveness of various mitigation solutions (Section 2.3 and 2.5). However, the contrail 

RF describes the instantaneous climate forcing that is produced by a fleet of aircraft over a 

spatial domain. It does not quantify the total climate forcing cumulated over a contrail’s 

lifetime, nor it is capable of identifying specific flights with the largest contrail climate 

forcing (Section 2.3.2). To evaluate the mitigation potential of a small-scale contrail 

diversion strategy, where the subset of flights with the largest climate forcing is diverted, 

it is recommended that the EF metric is used as a supplement to the RF. 

 
Figure 2-6: Flow chart outlining the overall roadmap and scope to achieve the main objective of this thesis. 

A flow chart defining the overall roadmap and scope is presented in Figure 2-6 to address the 

above research statements and achieve the main objectives of this thesis (outlined in Chapter 1.2). 

In particular, the CoCiP contrail model70 is selected (ahead of a LES and GCM) because it is 

capable of simulating a large ensemble of contrail segments produced by individual flights with a 

short computational time (Section 2.4.3), and has been made available for use by the German 

Aerospace Center.  

To simulate the contrail climate forcing and evaluate the effectiveness of various mitigation 

strategies, CoCiP requires an aircraft activity dataset (containing 4D trajectory data from 

individual flights), as well as estimates of the aircraft fuel consumption, BC EIn and meteorological 

data. BADA 3 (ref.204) is widely used79,216–221 to estimate the aircraft fuel consumption, while 

meteorological data is commonly obtained from numerical weather prediction (NWP) models such 

as the Global Forecast System (GFS) from the US National Centers for Environmental Prediction 
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(NCEP)208 or the Integrated Forecast System (IFS) from the European Center for Medium Range 

Weather Forecasts (ECMWF)209. However, CoCiP currently adopts a constant BC EIn input of 0.3 

×1015 kg-1 for all conditions because existing methodologies that are available to estimate the 

aircraft EIn rely on simplified assumptions. To overcome this limitation, the next chapter will 

therefore focus on developing a new methodology to improve the accuracy of aircraft EIn estimates 

at cruise conditions, with the aim of incorporating it to the CoCiP contrail model. 

 

2.7 Conclusions 

Contrails form in favourable atmospheric conditions such as high humidity and low temperatures, 

and different contrail properties such as the AEI, r and τ are strongly dependent on the BC EIn 

emitted by aircraft. Under ice supersaturated conditions, contrails can spread and evolve into 

contrail cirrus, which is estimated to cover around 0.1 to 0.4% of the global sky area, and possibly 

10% in regions with high air traffic density.  

Contrail cirrus have a positive annual mean net RF (0.01 to 0.09 W m-2) that may be of comparable 

magnitude to aviation’s cumulative CO2 emissions (0.015 to 0.04 W m-2), and the large uncertainty 

in contrail RF is caused by uncertainties in the contrail characteristics, spatiotemporal distribution 

and radiative transfer schemes. Although the RF is most commonly used to quantify the contrail 

climate forcing, the EF metric can be used as a supplement to account for the total climate forcing 

that is produced by individual flights. However, the warming of Earth’s surface temperature by 

contrails could be smaller than indicated by the net RF and EF because the energy transport is 

highly dependent on the atmospheric mixing and various feedbacks, thereby contributing to a large 

contrail efficacy range that varies from 0.3 to 1.  

Three different types of contrail models are available to simulate the contrail characteristics and 

climate forcing. In particular, Lagrangian models based on parameterised physics (such as CoCiP 

and CERM) are best suited for the purpose of this study because it strikes a balance between a 

LES (detailed modelling requiring large computational times) and a GCM (aggregation of contrail 

outputs at a grid box level), and enables the quantification of the total contrail climate forcing 

produced by individual flights. However, although the BC EIn is identified as a critical model 
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parameter, both CoCiP and CERM currently adopt a constant BC EIn input for every waypoint, 

and contrail uncertainties were not comprehensively modelled.  

A number of mitigation options were proposed to minimise the formation and/or RF of contrails: 

the use of cleaner-burning engines and alternative fuels (with lower BC EIn) can reduce the contrail 

lifetime by increasing the ice crystal size and sedimentation rate; while flight diversion strategies 

(i.e. re-route flights around ISSR’s) offer a significant mitigation potential and could be the most 

feasible solution in the short term. However, the: (i) proposed diversion strategy has to operate 

within the constraints of ATM; (ii) trade-offs between the climate forcing of contrails and 

additional CO2 emissions have to be assessed; and (iii) large uncertainties in the contrail climate 

forcing has to be accounted for.  

The literature review in this chapter identified several areas for further research. A list of research 

statements was formulated in Section 2.6, and each of them will be addressed in the remainder of 

this thesis. The next chapter will be devoted to addressing research statement (i), by developing an 

improved methodology to estimate the aircraft BC EIn from the mass emissions index (EIm in g 

kg-1), which are more commonly measured and modelled than the EIn.  
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3. A METHODOLOGY TO RELATE BLACK CARBON 

PARTICLE NUMBER AND MASS EMISSIONS 

The contents presented in this chapter is predominantly based on the work that has been peer 

reviewed and successfully published in the Journal of Aerosol Science (Teoh et al.65).  

In the previous chapter, aircraft black carbon (BC) particle number emissions were identified as a 

critical parameter influencing the characteristics of contrails. However, existing models used to 

estimate the aviation BC number emissions index (EIn in kg-1) are based on simplified assumptions 

and do not provide an uncertainty bound, while contrail models assume a constant BC EIn for all 

aircraft types and operating conditions.  

These limitations therefore justify the need to develop a new methodology to relate the BC particle 

number and mass emissions, which will be developed in this chapter. While this new method will 

also be applicable to various BC emission sources, the main objectives are to improve the estimates 

of aviation BC EIn and incorporate it into a contrail model, as will be presented in later chapters. 

 

3.1 Introduction 

3.1.1 Context 

Black carbon (BC) particles are carbonaceous aerosols that have a high thermal stability, strong 

light-absorbing properties and are generally resistant to chemical transformation222,223. As shown 

in Figure 3-1, these carbonaceous aerosols are aggregates that consist of smaller spherical primary 

particles and exhibit ‘fractal-like’ properties due to their self-similar structure over a finite length 

scale224. BC aggregates are mainly formed in flames due to the incomplete combustion of biomass 

and fossil fuels, and these emissions contribute to anthropogenic climate change, the deterioration 

of air quality and adverse human health8,225. 

The transport sector is a major source of BC emissions. Combustion engines emit a mixture of 

particulate matter (PM) often called ‘soot’ including solid particles (such as BC and metallic 

compounds) and organic (volatile) particles223,226,227. BC typically accounts for around 75% of the 

total solid particle mass228, while the fraction of organic content to total carbon emitted in engine 
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exhausts generally range from 5% to 85% and decreases as engine thrust settings 

increases64,97,229,230. 

 
Figure 3-1: Graphical illustration of one BC aggregate, which consist of many smaller primary particles. dm 

and dpp are the aggregate mobility diameter and BC primary particle diameter respectively, as will be further 

described in Section 3.2 (Diagram developed by author). 

At a macroscopic level, BC is commonly quantified in terms of its mass and number concentration. 

For emission sources, the mass and number emission rates are most commonly quantified in terms 

of the emitted BC per distance travelled (g km-1, or km-1), per unit energy (g kWh-1, or kWh-1), per 

unit time (g s-1, or s-1), or as an emissions index per mass of fuel burned (EIm in g kg-1, or EIn in 

kg-1). Measurements show that BC number and mass concentrations in the exhaust of internal 

combustion engines range from 1012 to 1014 m-3, and 0.1 to 30 mg m-3 respectively for different 

engines and operating conditions230,231. 

To address the emissions of solid particle number (PN) from motorised vehicles, the results of the 

particle measurement programme (PMP), a working group established by the United Nations 

Economic Commission for Europe (UNECE) was integrated into the Euro 5/V and 6/VI emissions 

standards, which limit the solid PN emissions from light and heavy-duty vehicles to 6 ×1011 km-1 

and 8 ×1011 kWh-1 respectively232,233. Prior to the PMP, measurements of solid particle mass 

concentrations were more commonly available than PN concentrations because pre-Euro 5/V 

emission standards only specified a limit on the mass emissions234. 

However, due to the increasing evidence that existing mass-based metrics are inadequate in 

characterising the negative health effects of air pollution, PN and surface area concentration are 

being proposed as additional metrics for air quality assessments235,236. Recent health studies have 

shown that condensed compounds of semi-volatile chemicals of high toxicity could adsorb on the 

surfaces of ultrafine particles27,237. Given that ultrafine particles have a higher probability of being 

deposited to the respiratory epithelium, translocated towards the circulatory system and 
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accumulate in various organs29, a prolonged exposure to these elevated concentrations of BC can 

subsequently increase the risk of cardiopulmonary disease and premature mortality30,31. 

For aircraft emissions at cruise altitudes, BC particles can have a longer atmospheric lifetime (≈ 4 

to 30 days)225,238 relative to ground level sources (≈ 4 to 7 days)239,240 because of the absence of an 

efficient wet scavenging removal process in the stratosphere33. These aerosols contribute to climate 

forcing directly by absorbing incoming solar radiation and heat up the atmosphere241,242; and 

indirectly through the formation of contrails, as well as altering the lifetime and albedo of cirrus 

clouds196. Studies using global cloud-aerosol climate models have shown that the indirect climate 

forcing of aircraft BC (≈ 0.01 to 0.09 W m-2) may outweigh its direct forcing (≈ 0.003 to 0.02 W 

m-2), though these estimates are highly sensitive to assumptions regarding the number and size of 

BC particles16,121,243,244. Under ice supersaturated conditions, however, BC PN emissions from an 

aircraft strongly influence different contrail properties and their subsequent climate forcing93,114,180. 

Although the BC EIn is an essential input parameter for contrail models70,73, most models that are 

currently available to estimate aviation’s BC EIn rely on simplified assumptions and do not include 

an uncertainty bound in the estimated EIn. For example, Petzold et al.182 and Caiazzo et al.73 

estimated the EIn by dividing the BC EIm with a constant BC particle mass of 3.2 and 3.35 ×10-20 

kg respectively; Döpelheuer183 developed an EIn/EIm ratio with a dependence on flight altitude; 

and Barrett et al.184 estimated EIn by assuming a lognormal distribution with a fixed geometric 

mean diameter (GMD) and standard deviation (GSD). Numerous studies have subsequently shown 

that the properties and size distribution of BC emitted from aircraft engines are highly dependent 

on engine type and thrust settings95,98,226,229,245–247, where the GMD of aircraft emitted BC typically 

range from 10 to 50 nm, while the GSD varies from 1.4 to 1.9 (ref.245,248). Finally, the Smoke 

Correlation for Particle Emissions CAEP11 (SCOPE11)185 was recently developed to estimate the 

aircraft BC: (i) EIm from smoke number measurements; and (ii) EIn from the EIm and particle size 

distribution (PSD). Although component (ii) of the SCOPE11 (used to estimate the BC EIn) 

accounts for changes in the BC EIm and GMD across engine thrust settings, a dependence on 

morphology remains unaccounted for.  

A new non-volatile particulate matter (nvPM) mass and number measurement procedure has been 

developed by the International Civil Aviation Organisation (ICAO). However, it will only be 

applied to in-production and new aircraft engine types with a rated thrust above 26.7 kN after 
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January 2023 (ref.67,68). Given that there is currently no proposal to retroactively measure the BC 

emission characteristics from existing certified turbofan engine types and the limitation of existing 

aircraft EIn models, a reliable and improved method by which to estimate aircraft BC EIn is needed. 

 

3.1.2 Chapter outline 

In light of the context presented in Section 3.1.1, the contents of this chapter will include the 

development of a new model to estimate BC PN emissions from mass measurements or estimates 

using the theory of fractal aggregates. The newly developed model is then validated using 

measurements of BC from three different emission sources, in particular, an internal combustion 

engine, a soot generator and two aircraft gas turbine engine types at ground and cruise conditions. 

Finally, an uncertainty and sensitivity analysis are also conducted to provide an uncertainty bound, 

and to determine the most important parameters contributing to the variance of the model outputs. 

Section 3.2 provides a comprehensive review of the existing fractal aggregate theories, as well as 

outlining the theory used in the development of the new methodology to relate the BC PN and 

mass emissions. Section 3.3 describes the materials and methods of the three different BC emission 

sources used to validate the new model. Section 3.4 presents the validation results and Section 3.5 

conducts an uncertainty and sensitivity analysis for this new model. Finally, Section 3.6 concludes 

and summarises the key findings from this chapter.  

 

3.2 Development of a Methodology to Relate Black Carbon Particle Number and Mass 

Emissions 

The different fractal aggregate theories that describe different aggregate properties including mass, 

diameter and morphology are reviewed in Sections 3.2.1 to 3.2.3. Based on these fractal aggregate 

theories, a new model to relate the total mass and number of a population of polydisperse 

aggregates, which accounts for the PSD and aggregate morphology is then developed in Sections 

3.2.4 and 3.2.5. 
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3.2.1 Existing theories to estimate black carbon aggregate mass   

Four equations are commonly used to estimate the mass of one BC aggregate (m) with varying 

assumptions. Firstly, m can be fundamentally represented as the summation of individual primary 

particle masses98,249,  

 𝑚 = 𝑛pp𝜌0(
𝜋

6
)𝑑pp

3 , (3-1) 

where npp is the number of primary particles in an aggregate, dpp is the BC primary particle 

diameter, and 𝜌0 is the BC material density. 𝜌0 was reported250 to be in a range of between 1820 

to 2050 kg m-3, while a more recent study251 on diesel soot agglomerates estimated 𝜌0 to be around 

1770 ± 70 kg m-3. In Eq. (3-1), pairs of primary particles in an aggregate are assumed to have a 

non-overlapping single point of contact. However, several studies have shown some degree of 

overlapping between pairs of primary particles252–255, and the partial overlapping between primary 

particles can be defined with an overlapping coefficient (Cov), 

 Cov =
(𝑟i+𝑟𝑗)−𝑑ij

(𝑟i+𝑟j)
, (3-2) 

where ri and rj are the radiuses of primary particles i and j, and dij is the length between the centres 

of both primary particles. Cov values are estimated from transmission electron microscopy (TEM) 

observations or numerical simulations, and typically range from 0.05 to 0.25 for aggregates with 

monodisperse and polydisperse primary particles252–255. For aggregates with monodisperse and 

overlapping primary particles, Moran et al.254 shows that m decreases as a cubic function of Cov, 

 𝑚 = 𝑛pp𝜌0 (
𝜋

6
) 𝑑pp

3 [𝑛𝑝𝑝 − (𝑛𝑝𝑝 − 1) (
1

2
) (3 − C𝑜𝑣)C𝑜𝑣

2]. (3-3) 

More commonly, measurements of m and aggregate mobility diameter (dm) are often linked by a 

power-law relationship226,246,256,  

 𝑚 = 𝐶𝑑m
𝐷fm , (3-4) 

where C is the mass-mobility prefactor with units of kg m−𝐷fm. Dfm is the mass-mobility exponent, 

estimated from m and dm and used to describe the morphology of BC aggregates257. It has a 

theoretical interval from 1.0 for long-chains to 3.0 for spherical aggregates245. BC aggregates 

emitted by various sources typically have a Dfm in the range of 1.8 to 2.8226,230,246,256. The fractal 
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dimension (Df), not used in this thesis, also describes the BC aggregate morphology (similar to 

Dfm), but it is estimated using the radius of gyration in place of dm. 

Finally, the dpp can also be included in a power-law relating m to dm and dpp
249,258, 

 𝑚 = 𝑘fm(
𝑑m

𝑑pp
)𝐷fm, (3-5) 

where kfm is also named as the mass-mobility prefactor with metric units of mass (kg). Note the 

prefactors C and kfm have different units and are therefore not equivalent. 

The power-law mass-mobility relationships of Eq. (3-4) and (3-5) can be used to quantify the 

effective density of a BC aggregate (𝜌eff)
259, 

 𝑚 = 𝜌eff(
𝜋

6
)𝑑m

3
. (3-6) 

𝜌eff is the density of the fractal aggregate when its volume is taken to be that of its mobility-

equivalent sphere. While the value of 𝜌0 is constant for all conditions, 𝜌eff typically decreases as 

dm increases226,246 due to BC aggregates having more open space as dm increases230. 

With experimental measurements of m, Eq. (3-6) can be equated with Eq. (3-4) or (3-5) to estimate 

𝜌eff for a given dm, 

 𝜌eff =
𝑚

(
𝜋

6
)𝑑m

3 = 𝑘𝑑m
(𝐷fm−3) . (3-7) 

The density-mobility prefactor k has the same units as C (kg m−𝐷fm) and is related to the mass-

mobility prefactors C (𝑘 =
6𝐶

𝜋
, Eq. 3-4) and kfm (𝑘 =

6𝑘fm

𝜋𝑑pp
𝐷fm

, Eq. 3-5). Experimentally, the 

average m and 𝜌eff as a function of dm are commonly determined using a differential mobility 

analyser (DMA), aerosol particle mass (APM) or centrifugal particle mass analyser (CPMA) and 

condensation particle counter (CPC) set up260. 𝜌eff is also commonly used to estimate the total 

mass of BC aggregates (M) from the total number of BC aggregates in a PSD (N), as will be 

described in Section 3.3.1. 
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3.2.2 Number of primary particles in an aggregate 

The Knudsen number (Kn) is a dimensionless number defined as the ratio of the molecular mean 

free path to the particle radius. Frenklach261 and Sorensen224 showed that BC aggregates are formed 

via the diffusion limited cluster aggregation (DLCA) process in the free molecular flow regime 

where the mean free path is greater than the particle radius (Kn ≥ 1). An example of a condition 

which sees Kn ≥ 1 includes low-density gas flows, where the continuum assumption becomes 

invalid due to the minimal interaction between molecules262. The step by step procedure to estimate 

the Kn is listed in Appendix A. 

In the free molecular and transition regimes, npp can be related to dm and dpp (ref.98,263), 

 𝑛pp = 𝑘a(
𝑑m

𝑑pp
)2𝐷α  , (3-8) 

where ka and Dα are the scaling prefactor and projected area exponent, respectively. The values of 

ka and Dα are calibrated from experimental measurements or numerical simulations264. By equating 

Eq. (3-1) with Eq. (3-4), or Eq. (3-1) with Eq. (3-5), it can be shown that 2Dα = Dfm (ref.249), while 

ka can also be derived from empirical values of C and kfm, 

𝑘a =
6𝐶

𝜌0𝜋
𝑑pp

(𝐷fm−3)
 (from Eq. 3-1 & 3-4)   or   𝑘a =

𝑘𝑓𝑚

𝜌0𝜋𝑑𝑝𝑝
3 (from Eq. 3-1 & 3-5) (3-9) 

where an average primary particle diameter dpp is taken from TEM observations. For aggregates 

formed via DLCA, Eggersdorfer & Pratsinis265 showed that ka is inversely proportional to the GSD 

of primary particle diameters. Therefore, ka can be used to infer the polydispersity of primary 

particle sizes in an aggregate. The validity of 2Dα = Dfm is also evaluated by comparing the datasets 

of Boies et al.98 and Johnson et al.246, with an average difference of 25% between 2Dα and Dfm 

(shown in Appendix B). This discrepancy could be due to the different calibration methods used 

to obtain values of Dfm (estimated using mass-mobility data) and Dα (estimated using TEM and 

mass-mobility data). 

With constant values of ka = 0.998 and Dα = 1.069, Eggersdorfer et al.249 showed that Eq. (3-8) is 

valid for aggregates formed of polydisperse primary particles, irrespective of the sintering 

mechanism or the state of sintering. Using experimental data from a compression-ignition natural-

gas direct-injection (CIDI) engine, Dastanpour et al.264 evaluated the validity of the constant ka and 

Dα values249 by comparing it with fitted ka and Dα values for specific operating conditions. With 
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the constant and fitted values of ka and Dα, dpp is estimated using Eq. (3-8) and compared with 

analysis of TEM images. The results of Dastanpour et al.264 suggest that errors of dpp can be 

reduced by 30% when fitted ka and Dα are used over constant ka and Dα values from Eggersdorfer 

et al.249. Further assessments on the assumptions of ka = 0.998 and Dα = 1.069 is in Section 3.4. 

3.2.3 Relationship between primary particle and aggregate mobility diameter 

For both diesel internal combustion engines and aircraft gas turbines, dpp ranges from 13 to 26 nm 

over different engine operating conditions230,266. Studies have indicated that dpp is correlated with 

the aggregate diameter: Boies et al.98 showed that dpp is related to dm, whilst Dastanpour & 

Rogak267 related dpp to the projected area equivalent diameter (da). As dm is approximately equal 

to da in the free molecular and transition regime249,264,268, this relationship can be generalised as,  

 𝑑pp = 𝑘TEM𝑑m
𝐷TEM , (3-10) 

where dpp is the arithmetic mean of the primary particle diameters within an aggregate, while kTEM 

and DTEM are fitted parameters. The observed correlation between dpp and dm or da is likely due to 

the external mixing hypothesis269, where primary particles and aggregates form and coalesce in 

heterogeneous regions in the combustion chamber with different local equivalence ratios and 

temperatures. The BC aggregates formed in the different regions of the combustion chamber are 

then externally mixed to form the ensemble of aggregates measured in the exhaust. Therefore, the 

relative variations of the primary particle diameters within individual aggregates (or the GSD of 

primary particles) are typically much smaller than the ensemble of aggregates264,267,269, which also 

mean that the difference between different averages used for the dpp (i.e. average mass, arithmetic 

mean or median) is likely to be small270. 

Table 3-1: kTEM and DTEM coefficient values for Eq. (3-10) for various BC emission sources. The coefficient 

values of kTEM and DTEM are valid for dm and dpp in metres. 

Emission Source (Ref.) 
Coefficients, 𝒅𝐩𝐩[𝐦] = 𝒌𝐓𝐄𝐌 × 𝒅𝐦

𝑫𝐓𝐄𝐌 Ref. 

kTEM DTEM 

Ref.267 

Gasoline Direct Injection engine (GDI)  2.616 x 10-6 0.30 

High Pressure Direct Injection (HPDI)  2.644 x 10-6 0.29 

Inverted burner 2.465 x 10-6 0.29 

Aviation gas turbine 1.621 x 10-5 0.39 

Aviation gas turbine 0.0125 0.8 Ref.98  
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Table 3-1 shows the typical kTEM and DTEM coefficient values for various BC emission sources98,267. 

It is highlighted that the different average types used for the dpp (i.e. average mass, arithmetic mean 

or median) may affect these kTEM and DTEM coefficients, but the differences are likely to be within 

the 95% confidence interval (CI) stated in Dastanpour & Rogak267 (ref.270). 

 

3.2.4 Relating mass and number of polydisperse fractal aggregates  

Table 3-2 provides a summary of the equations that are available to relate different fractal 

aggregate properties. For the equations that were fitted with a power-law relationship, five distinct 

prefactor-exponent coefficient pairs are identified and compiled. The equations listed in Table 3-

2 is assessed and selected to develop a new model to relate the BC PN emissions and mass. 

Eq. (3-1) and (3-3) fundamentally relate the mass of agglomerates (single point contact) and 

aggregates (sintered and overlapping) to the sum of the mass of BC primary particles respectively, 

without reliance on a prefactor-exponent coefficient pair. In this subsection, Eq. (3-1) is first used 

as the foundation for the new BC PN-mass model. Then in Section 3.2.5, the new model is derived 

using Eq. (3-3) to account for the overlapping of primary particles in the aggregate.  

By substituting the npp and dpp expressions from Eq. (3-8) and (3-10) respectively into Eq. (3-1), 

m can be estimated as a function of dm, 

 𝑚 = 𝑘a𝑑m
𝜑𝜌0(

𝜋

6
)(𝑘TEM)(3−2𝐷α), (3-11) 

 where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷𝛼.  

The total mass of aggregates (M) in a PSD can then be calculated using the integrated product of 

the aggregate mass and number weighted distribution, 𝑛(𝑑m) =
d𝑁

dlog𝑑m
, with 

∫ 𝑛(𝑑m) dlog𝑑m = 𝑁
∞

0
 is the total number of aggregates, 

 𝑀 = ∫ 𝑚(𝑑m)𝑛(𝑑m) 𝑑log𝑑m
∞

0
 , (3-12) 

The relationship linking each BC aggregate mass to its mobility diameter, m(dm) from Eq. (3-11) 

is substituted into Eq. (3-12), 
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Table 3-2: Summary of the equations used to relate different fractal aggregate properties. 

Eqn. Coefficient Pairs Formula Remarks Ref. 

BC 

Aggregate 

Mass (m) 

3-1 - 𝑚 = 𝑛pp𝜌0(
𝜋

6
)𝑑pp

3
 

• m is calculated by multiplying the BC 𝜌0 with the volume 

of each primary particles.  

• Single point of contact is assumed between pairs of 

primary particles.  

Ref.98,249 

 

3-3 - 
𝑚 = 𝑛pp𝜌0 (

𝜋

6
) 𝑑pp

3 [𝑛𝑝𝑝 −

(𝑛𝑝𝑝 − 1) (
1

2
) (3 − 𝐶𝑜𝑣)𝐶𝑜𝑣

2]  

• Similar to Eq. (3-1), but partial overlapping between 

primary particles is accounted by Cov. 

• Cov estimated from TEM observations or numerical 

simulation and typically ranges from 0.05 to 0.25.  

• m decreases as a cubic function of Cov 

Ref.252–255 

 

3-4 (C, Dfm) 𝑚 = 𝐶𝑑m
𝐷fm 

• C and Dfm are empirically calibrated from measurements of 

m & dm. 

• dpp data not required for calibration. 

• C ranges from 10-5 to 15. 

• Dfm ranges from 1.8 to 2.8. 

Ref.226,230,246,256 

3-5 (kfm, Dfm) 𝑚 = 𝑘fm(
𝑑m

𝑑pp

)𝐷fm 
• kfm and Dfm are empirically calibrated from measurements 

of m, dm & dpp. 
Ref.249,251,263 

3-6 

& 

3-7 

(k, Dfm) 

𝑚 = 𝜌eff(
𝜋

6
)𝑑m

3 

 

→𝜌eff = 𝑘𝑑𝑚
(𝐷𝑓𝑚−3)

 

• k is a derived quantity, estimated from C (Eq. 3-4) or kfm 

(Eq. 3-5). 

• k is inversely proportional to Dfm. 

• k ranges from 10-2 to 35. 

Ref.226,230,246,256,259 

No. of 

primary  

particles 

in an 

aggregate 

(npp) 

3-8  

&  

3-9 

(ka, Dα) 𝑛pp = 𝑘a(
𝑑m

𝑑pp

)2𝐷α 

• ka and Dα can be empirically calibrated from measurements 

of npp, dm & dpp. 

• ka can be derived using data from the prefactor C (Eq. 3-4) 

or kfm (Eq. 3-5), and the average dpp of BC aggregates. 

• Theoretically, Dfm = 2Dα. 

• ka and Dα decreases as GSD of dpp increases. 

• ka and Dα for DLCA ranges from 0.6 to 1.1, and 0.8 to 1.1 

respectively. 

Ref.98,249,263,265 

Primary 

particle 

diameter 

(dpp) 

3-10 (kTEM, DTEM) 𝑑pp = 𝑘TEM𝑑m
𝐷TEM 

• kTEM and DTEM can be empirically calibrated from 

measurements of dm and dpp. 

• kTEM ranges from 10-6 to 10-2. 

• DTEM ranges from 0.3 to 1.0. 

Ref.98,256,264,267 
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 𝑀 = 𝑁𝑘𝑎𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷𝛼 ∫ 𝑑m

𝜑 𝑑log𝑑m
∞

0
 . (3-13) 

If the PSD is assumed to be a mono-modal lognormal distribution defined by GMD and GSD, the 

remaining integral in Eq. (3-13) is equal to the φth moment of a lognormal distribution, 

 𝑀 = 𝑁𝑘𝑎𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷𝛼GMD𝜑exp (

𝜑2 ln(GSD)2

2
) . (3-14) 

Eq. (3-14) can then be rearranged to give N,  

Eq. (3-15) is named as the Fractal Aggregates (FA) model. It represents a relationship between 

number and mass of fractal aggregates, and also accounting for the BC PSD and morphology. The 

variables M and N can be used interchangeably with the concentration of BC mass (g m-3) and 

number (m-3), emissions indices BC EIm (g kg-1) and EIn (kg-1), or their respective emissions factors. 

The full derivation of the FA model can be found in Appendix C. 

 

3.2.5 Accounting for primary particle overlapping in the FA model  

When primary particle overlapping is included to estimate m using Eq. (3-3) in place of Eq. (3-1), 

the FA model becomes: 

This equation reverts back to Eq. (3-15) when Cov = 0. The extended derivation of the FA model 

(Eq. 3-16) is also shown in Appendix C. Although this form of FA model is more complete, there 

is currently a limited quantification of Cov for different BC emission sources. Previous studies have 

predominantly used numerical simulations to estimate Cov for different nanoparticles253,254. 

Bourrous et al.252 and Wentzel et al.255 used TEM images to quantify the Cov for different 

 𝑁 =
𝑀

𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷𝛼GMD𝜑exp (

𝜑2 ln(GSD)2

2
)
, (3-15) 

 where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷𝛼.  

𝑁 =
𝑀

𝜌0 (
𝜋
6

) [𝑘a(𝑘TEM)3−2𝐷𝛼GMD𝜑 exp (
𝜑2 ln(GSD)2

2
) (1 − 1.5𝐶𝑜𝑣

2 + 0.5𝐶𝑜𝑣
3 ) + 𝑘𝑇𝐸𝑀

3 (
1
2

)(1.5𝐶𝑜𝑣
2 − 0.5𝐶𝑜𝑣

3 )GMD𝛾 exp (
𝛾2 ln(GSD)2

2
)]

 

 where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷𝛼     &     𝛾 = 3𝐷TEM. (3-16) 
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nanoparticles as being in the range of 0.02 to 0.24. However, there remains limited information on 

the variation of Cov on combustion conditions.  

Using an upper bound of Cov = 0.24 for BC aggregates, the ratio between N estimated with the 

effects of overlapping (Eq. 3-16) is up to 7% higher than when overlapping is neglected (Cov = 0, 

Eq. 3-15). This comparison is shown in Appendix F. It is also likely that the effects of Cov and 

primary particle overlapping are implicitly captured by the simplified FA model (Eq. 3-15) via 

inputs of ka and Dα (or Dfm), given the observations of Oh & Sorensen271 where it is shown that 

these parameters tend to increase with Cov. 

For these reasons, the simplified version of the FA model (Eq. 3-15) is selected for ease of 

application. Nevertheless, the full derivation of the FA model (Eq. 3-16) is outlined for potential 

use in future applications when more data on the changes in Cov for different BC emissions source, 

engine thrust settings and combustion conditions become available. The sensitivity of the FA 

model to Cov in relation to uncertainties introduced by other parameters will be revisited in Section 

3.5. 

 
Figure 3-2: Flow chart outlining the parameters and procedure required to implement the FA model in 

estimating the BC PN emissions from inputs of mass, PSD and morphology. 
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In summary, the FA model is capable of estimating: (i) the BC PN emissions from various emission 

sources when inputs of mass (M or EIm), PSD (GMD and GSD), and morphology (ka, Dα, kTEM, 

and DTEM) are available; (ii) the BC M (or emissions factor) for various sources with inputs of N 

(or emissions factor), PSD and morphology; (iii) the GMD and GSD of the BC aggregates if 

morphology, number and mass measurements are present; or (iv) the morphology (ka and Dα) if 

the PSD, number and mass data are available. For this research, the focus will be on application (i) 

where the FA model is used to estimate BC PN emissions from mass and PSD. Figure 3-2 shows 

a flow chart outlining the input parameters and procedure required to apply the FA model for this 

particular application.  

 

3.3 Materials & Methods 

The datasets and estimated input variables used to validate the FA model are summarised in Table 

3-3. In particular, specific datasets including three distinct BC emissions source are described in 

Section 3.3.1 (CIDI engine), 3.3.2 (soot generator) and 3.3.3 (aircraft gas turbine engines at ground 

and cruise conditions). 

The metrics used in these validations are the coefficient of determination (R2), normalised mean 

bias (NMB) and root mean square error (RMSE). All measurements included in these validations 

are derived from experiments that included a volatile particle remover (thermodenuder or catalytic 

stripper). Therefore, it is assumed that the aggregates and primary particles consist purely of BC 

with a constant 𝜌0 value of 1770 kg m-3 (ref.251). The uncertainty in 𝜌0 is described in Section 3.5. 

For the aircraft gas turbine dataset on the ground, the SAMPLE III.2 dataset, Crayford et al.272 

found negligible mass concentrations of organic carbon downstream of the catalytic stripper. 

Furthermore, other studies have shown high volatile particle removal efficiencies in other 

applications; for example, Giechaskiel et al.273 showed that the mass-based removal efficiency of 

volatile and semi-volatile particles is > 99% for nucleation mode particles and an efficiency of 50 

to 90% for particles in the accumulation mode.  
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Table 3-3: Summary of the four datasets used to validate the FA model. The sources of certain input 

variables that are required by the FA model are also listed with references attached.  

§ Emissions 

Source  

Data Points Measured 

Quantity 

Empirically 

fitted & 

Estimated 

Parameters 

Volatile 

Particle 

Remover 

Particle Line Loss 

Corrections 

3.3.1 CIDI 

Engine: 

Six-

cylinder 

Cummins 

ISX  

 

(Ref.230) 

16 data points 

measured 

from 6 engine 

operating 

conditions. 

N (SMPS) 

GMD 

GSD 

ρeff 

Fitted264: 

ka,opt  

Dα,opt 

 

Estimated230,251,2

67: 

M  

ρ0  

kTEM & DTEM 

 

TN Corrected for 

diffusional deposition 

losses along 

thermodenuder. No 

corrections applied to 

DMA measurements 

and particle losses 

along the sampling 

line.   

3.3.2 Soot 

Generator 

13 data points 

measured 

from 

laboratory 

experiments  

 

N (CPC) 

GMD 

GSD 

M 

Estimated249,251,2

67: 

ρ0  

kTEM & DTEM 

ka = 0.998  

Dα = 1.069  
 

CS No corrections applied 

to account for particle 

losses in the sampling 

line.  

Diffusion and multiple 

charge correction 

applied to PSD 

measured by SMPS.  

3.3.3 Aircraft 

Gas 

Turbine @ 

ground 

level: 

CFM56-

5B4-2P  

 

(Ref.98) 

SAMPLE III.2 

- Ground 

Measurements 

 

37 data points 

measured 

from 24 

different 

F/F00,max 

 

EIn (DMS) 

GMD 

GSD 

EIm 

 

 

Assumptions249: 

ka = 1 

Dfm = 2Dα 

 

Estimated251,267: 

ρ0  

kTEM & DTEM 

Dfm (Table 3-4) 

 

CS No corrections applied 

due to large 

uncertainties in the line 

loss correction factors. 

Internal particle charge 

correction and 

aggregate model 

applied to DMS 

measurements.    

Aircraft 

Gas 

Turbine @ 

cruise 

altitudes: 

CFM-56-

2-C1  

 

(Ref.74) 

NASA 

ACCESS – 

Cruise 

Measurements 

 

12 data points 

measured 

from 3 

different 

F/F00,max 

EIn (CPC) 

GMD 

GSD 

EIm 

 

 

Assumptions249: 

ka = 1 

Dfm = 2Dα 

 

Estimated251,267: 

ρ0  

kTEM & DTEM 

Dfm (Table 3-4) 

 

TN Particle losses in the 

probe inlet and 

sampling lines have 

been estimated but not 

applied due to large 

uncertainties. 

It is also noted that correction factors on particle losses along the sampling lines were not applied 

in all four datasets due to large uncertainties. Therefore, all the data used to validate the FA model 

represents measurements at the instrument sampling point instead of the point of emission. 
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3.3.1 CIDI engine data 

 
Figure 3-3: Experimental set-up used to collect data on the BC concentration and properties from the CIDI 

internal combustion engine. [Source: Graves et al.230, permission obtained] 

BC emissions and aggregate morphology data from a CIDI engine, a six-cylinder Cummins ISX 

were obtained from Graves et al.230. The dataset consists of 16 data points measured from six 

different engine operating conditions, where the engine is set at a certain percentage of its 

maximum load based on the European Stationary Cycle274. Figure 3-3 shows the experimental set-

up used to collect the BC emissions data from the CIDI engine.  

The exhaust gas sample from the engine was first diluted at a ratio of 11:1 before passing through 

a differential mobility analyser (DMA; Model 3081, TSI Inc., Shoreview, MN, USA) and a 

thermodenuder (operating at 200°C) to remove volatile particles in the sample flow. The sample 

flow is then split into two.  

Half of the flow passes through a second DMA and a condensation particle counter (CPC; TSI 

Model 3775, 5 nm D50) to measure the particle number concentration for a given dm interval (ni). 

The process of measuring ni is repeated for successive particle size intervals until the entire size 

range is covered, and N is calculated by the summation of ni for each dm interval. The GMD and 

GSD for each engine operating mode are estimated with the formula provided by Hinds262,  

 GMD = exp (
∑ 𝑁𝑖 ln(𝑑𝑚)𝑖

𝑗
𝑖=1

𝑁
), (3-17) 

 GSD = exp(
∑ 𝑁𝑖(ln(𝑑𝑚)𝑖−ln(GMD))2𝑗

𝑖=1

𝑁−1
)

1

2.  (3-18) 
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where the subscript ‘j’ is the total number of size intervals covering the entire size range of the 

aggregates. 

The other half of the sample flow is sent to a CPMA to measure the average m for a given dm 

interval. With measurements of m and dm, prefactor-exponent coefficient pairs of C and Dfm is 

estimated by the power-law fit using Eq. (3-4), and 𝜌eff is estimated with Eq. (3-7). Given that 

tandem measurements of M were not directly measured in this experimental campaign, it is 

estimated using the integrated particle size distribution (IPSD) method275, 

 𝑀IPSD = ∑ 𝑛𝑖(𝜌eff)𝑖(
𝜋

6
𝑑m

3)𝑖
𝑗
𝑖=1  , (3-19) 

where the central dm value in each size interval is used to estimate the average BC aggregate 

volume (
𝜋

6
𝑑m

3
) and 𝜌eff  (using Eq. 3-7). Due to the lack of repeated measurements for M to obtain 

a standard deviation, a workaround is devised to approximate the uncertainties of M: since m and 

𝜌eff  are directly proportional (Eq. 3-6), it is assumed that the uncertainties in 𝜌eff  directly 

propagates to the estimated M. The uncertainty bounds of 𝜌eff for each are approximated from a 

generalised trendline (Eq. 3-7) to cover 95% of the measured data points (shown in Figure 3-4), 

where values of k and Dfm for each engine mode are extracted from Graves et al230. 

Using the formulation of Gormley & Kennedy276, particle line loss correction factors are applied 

to account for diffusional losses in the thermodenuder. However, DMA measurements were not 

corrected for diffusion and multiple charging effect because of the large degree of uncertainty in 

its correction factor230,277. Given that the DMA and thermodenuder are located upstream of the 

CPC and CPMA, it is noted that the effects for the corrections applied (or lack of) are consistent 

in the measured PSD, and therefore the calculated M and N. 

Using the same CIDI engine, Dastanpour et al.264 optimised the ka and Dα for each engine operating 

mode, which will be referred to as ka,opt and Dα,opt. Values of ka,opt and Dα,opt (presented in Table 3-

4) are estimated using a least squares regression between the TEM determined dpp and Eq. (3-20), 

which is derived by equating Eq. (3-1) and Eq. (3-8),  

 𝑑𝑝𝑝 = (
𝜋𝑘𝑎𝜌0

6𝑚
(𝑑𝑚)2𝐷𝛼)

1

2𝐷𝛼−3
. (3-20) 
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The performance of the FA model will be compared by using the: (i) ka,opt and Dα,opt values from 

Dastanpour et al.264; and (ii) constant ka = 0.998 and Dα = 1.069 values from Eggersdorfer et 

al.249 in Section 3.4.1. kTEM and DTEM coefficients of 2.644 × 10−6 and 0.39 (Table 3-1) are used 

for all engine modes in the FA model. The validation results will be presented in the form of 

parity plots in Section 3.4.1. 

 
Figure 3-4: Uncertainty bounds of 𝝆𝒆𝒇𝒇  for each engine mode of the CIDI engine. These uncertainties are 

propagated to estimate the uncertainties of M. Values of k and Dfm are obtained from Graves et al.230. 
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Table 3-4: Fitted values of ka,opt and Dα,opt for each engine mode [Source: Table 2 of Dastanpour et al.264] 

CIDI Engine Mode Dα,opt ka,opt 

B75 20% EGR 1.08 0.83 

B75 0% EGR 1.2 0.79 

B50 20% EGR 1.13 1.13 

B37 20% EGR 1.13 1.2 

B25 20% EGR 1.01 1.4 

A63 80% Premixed 1.1 1.19 

* EGR denotes exhaust gas recirculation 

 

3.3.2 Soot generator data 

A laboratory-based experiment was conducted by a postgraduate student at the combustion 

laboratory in the University of Cambridge to measure the emissions characteristic of BC produced 

by a soot generator. The custom-made soot generator was previously used in Stettler et al.63 to 

evaluate the dependence of smoke number and the mass concentration of BC. Figure 3-5 shows 

the schematic diagram of the experimental set-up.   

 
Figure 3-5: Experimental set-up to measure the BC concentration and properties produced from a soot 

generator. 

BC aggregates are produced from the soot generator by mixing propane (C3H8), nitrogen (N2), and 

air in a co-flow inverse diffusion flame, and sampled at 200 mm above the flame by a stainless-

steel probe. The sample flow then enters an ageing chamber to coagulate and form larger BC 

aggregates with steady sizes, and the BC mass and number concentration and PSD are varied by 

changing the residence time in the ageing chamber. A catalytic stripper with an internal 



96 
 

temperature setting of 350°C is then connected downstream to remove volatile particles. Stainless 

steel and conductive silicone tubing are both used to minimise the particle losses along the 

sampling flow, and no particle line loss corrections were applied.  

Downstream of the catalytic stripper, the aerodynamic aerosol classifier (AAC, Cambustion, 

United Kingdom) is set to select four particle sizes, which were 50 nm, 100 nm, 150 nm and 200 

nm respectively to obtain BC particles that are monodisperse. The particle size distribution is 

measured using a scanning mobility particle sizer (SMPS, TSI Inc., Shoreview, MN, USA:3080 

Electrostatic Classifier, 3081 DMA, 3776 condensation particle counter [CPC]), of which 

diffusion and multiple charge corrections have been applied. Simultaneously, repeated 

measurements of N and M are made by a CPC and Micro-Aethalometer (MicroAeth AE51, 

AethLabs, United States) respectively. 

In total, this experiment generated 13 data points and their corresponding PSD are shown in Figure 

3-6. The GMD and GSD are estimated using Eq. (3-17) and Eq. (3-18). kTEM and DTEM coefficients 

of 2.465 × 10−6 and 0.29 are assumed respectively267, while constant values of ka = 0.998 and Dα 

= 1.069 (ref.249) were used due to the lack of data on the ka,opt and Dα,opt values. Similar to the CIDI 

engine, the FA model will be validated, and results presented using a parity plot in Section 3.4.2.  

 
Figure 3-6: BC particle size distribution for the 13 data points produced by the soot generator.  
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3.3.3 Aircraft gas turbine engine data 

Aircraft BC emissions and aggregate morphology data are compiled from two experimental 

campaigns at ground and cruise conditions:  

Ground-level BC measurements for a CFM56-5B4-2P double annular combustor (DAC) engine, 

consisting of 37 data points measured from 24 different engine thrust settings (F/F00,max) are taken 

from the SAMPLE III.2 campaign98. All instruments were located downstream of a catalytic 

stripper to eliminate the presence of volatile materials. Measurements include the PSD and EIn by 

a DMS500 nanoparticle size spectrometer (Cambustion), and EIm by a laser induced incandescence 

(LII). An internal particle charge correction and an aggregate model has been accounted in the 

measurements made by the DMS. Although the EIn is also measured by a separate CPC (TSI Model 

3772, 10 nm D50), the measured EIn from the DMS is used as a reference because it has a lower 

cut-off point of 5 nm relative to 10 nm for the CPC. Line loss correction factors for similar 

experiments can exceed a factor of 5 for particles with dm < 10 nm (ref.245). However, given 

significant uncertainties in these correction factors, neither the PSD, EIn or EIm were corrected for 

sampling losses and so the validation presented in this study is representative of the instrument 

measurement point, rather than the engine exit plane.  

Cruise-level BC measurements from a DC-8 aircraft equipped with a CFM56-2-C1 single annular 

combustor (SAC) engine are from the NASA ACCESS campaign74. This dataset includes 

measurements of EIn by a CPC (used as a reference for the measured EIn), GMD and GSD by an 

SMPS located downstream of a thermodenuder, while EIm is measured with a particle soot 

absorption photometer (PSAP). Particle losses in the probe inlet and sampling lines have been 

estimated (accounting for diffusional, inertial and sedimentation losses), but these correction 

factors were not applied to the measured BC EIn, EIm and the PSD due to large uncertainties74. 

Two different kTEM and DTEM values for aircraft gas turbine engines from Dastanpour & Rogak267 

and Boies et al.98 are listed in Table 3-1. The sensitivity of the FA model to these values is 

evaluated for ground and cruise-level measurements.  

For both ground and cruise conditions, it is assumed that 𝑘𝑎 = 1 and 𝐷𝛼 =
1

2
𝐷fm (ref.249) due to a 

lack of data on the variation of ka and Dα values across the aircraft F/F00,max. These assumptions 

are supported by Boies et al.98 and Liati et al.266, and further information can be found in Appendix 
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B. By specifying the assumptions of 𝑘𝑎 = 1 and 𝐷𝛼 =
1

2
𝐷fm for aircraft BC emissions, Eq. (3-8) 

becomes,  

 𝑛pp = (
𝑑m

𝑑pp
)𝐷fm, (3-21) 

which was also widely specified in existing literature224,268. Dfm measurements are not provided by 

Boies et al.98 and Moore et al.74, however they can be estimated based on other literature. Table 3-

5 lists the Dfm values for both SAC and DAC aircraft gas turbine engines at different operating 

conditions. Dfm values for SAC engines are interpolated from Durdina et al.245 and Abegglen et 

al.226. The increasing Dfm values with F/F00,max indicate that the BC aggregates are increasingly 

spherical at higher F/F00,max. Since the range of Dfm for a DAC engine is relatively limited, ranging 

from 2.73 to 3 across different F/F00,max, a nominal Dfm value of 2.76 is used246. For cruise 

conditions, a fixed Dfm value of 2.76 is assumed for both SAC and DAC engines. This is justified 

as the turbine and compressor inlet temperature ratio (T4/T2), which approximates the non-

dimensional engine thrust settings, at cruise and take-off conditions are within 5% (ref.194).  

Table 3-5: Specification of Dfm input values for different aircraft engine type and operating conditions. 

Combustor 

Type 

Operating 

Condition 
Specification of Dfm Inputs – Aircraft Gas Turbine Engine Ref. 

SAC Ground 

Dfm = 2.37 , 0.03 ≤ 
𝐹

𝐹00,max
 < 0.15 

Ref.245 

Dfm = 2.50 , 0.15 ≤ 
𝐹

𝐹00,max
 < 0.30 

Dfm = 2.57 , 0.30 ≤ 
𝐹

𝐹00,max
 < 0.50 

Dfm = 2.64 , 0.50 ≤ 
𝐹

𝐹00,max
 < 0.70 

Dfm = 2.76 , 0.70 ≤ 
𝐹

𝐹00,max
 < 1.00 Ref.226 

DAC Ground Dfm = 2.76 , 0.03 ≤ 
𝐹

𝐹00,max
 < 1.00 Ref.246 

SAC & DAC Cruise Dfm = 2.76 , 0.03 ≤ 
𝐹

𝐹00,max
 < 1.00 Justification 

in text 

Using the same ground (SAMPLE III.2) and cruise (NASA ACCESS) level datasets, the 

performance of the FA model is also compared with previous methodologies available to estimate 

the aircraft BC EIn, including Döpelheuer183, Barrett et al.184, and Agarwal et al.185 (component (ii) 

of the SCOPE11 methodology). The four BC EIn methodologies are subjected to the same input 



99 
 

parameters: measurements of BC EIm (as well as the GMD and GSD if required by the specific 

methodology), provided by the SAMPLE III.2 and NASA ACCESS datasets, are used to estimate 

the aircraft BC EIn and then compared with measured values. Detailed equations on the previous 

methodologies to estimate the aircraft BC EIn are listed in Appendix E. 

It is also noted that ground-level aircraft BC measurements at from other studies97,248,278 were not 

included in this validation due to the lack of a volatile particle remover that could have led to the 

inclusion of some volatile particles. Additionally, an SMPS cut-off size of 15 nm, used in these 

studies, could also lead to an underestimation of EIn at lower F/F00,max (< 7%), where the aircraft 

BC dm can be smaller than 15 nm (ref.245). 

 

3.4 Validation of the FA Model 

This subsection presents the validation of the FA model with three different BC emission sources: 

an internal combustion engine (Section 3.4.1), a soot generator (Section 3.4.2) and two aircraft gas 

turbine engines operating at ground and cruise conditions (Section 3.4.3). 

3.4.1 CIDI engine  

The parity plot (Figure 3-7a) shows the validation results with emissions data from the CIDI 

internal combustion engine, where ka,opt and Dα,opt values for each engine modes are used. The 

estimated N (from the measured mass, PSD and morphology) is in good agreement with the 

measured N (R2 = 0.939) and the average NMB show that N is underestimated by 8.3%. All data 

points agree to within ± 30% of the measured N. 

Additionally, the CIDI engine is also validated by using the constant values of ka = 0.998 and Dα 

= 1.069 (ref.249) and the results are shown in Figure 3-7b. The R2 value of 0.978 and root mean 

square error (RMSE) of 2.15 ×1012 kg-1 are superior relative to the validation with ka,opt and Dα,opt 

values (R2 = 0.939, RMSE = 3.64 ×1012 kg-1), but the NMB exhibited a small increase in magnitude 

where N is overestimated by 15.5% on average. 14 of the 16 data points (88%) agree to within ± 

30% of the measured N. Therefore, it is concluded that the two sets of ka and Dα values do not lead 

to significant discrepancies in the FA model output when used to estimate the BC emissions from 
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a CIDI engine. The constant ka and Dα values can be used when the more accurate ka,opt and Dα,opt 

data are unavailable for a given engine type, operating condition or emission source.  

      
Figure 3-7: Validation of the FA model against emissions from a CIDI engine where: (a) ka,opt and Dα,opt, and 

(b) constant values of ka = 0.998 and Dα = 1.069 are used. Error bars denote precision errors from repeated 

measurements at a 95% CI. Detailed data tables used in this validation can be found in Appendix D. 

 

3.4.2 Soot generator  

Figure 3-8 shows the FA model validation against emissions from a soot generator where constant 

values of ka = 0.998 and Dα = 1.069 (ref.249) are used. The R2, NMB and RMSE are 0.435, -27.7% 

and 1.34 ×1010 kg-1 respectively, and 9 of the 13 data points (69%) agree to within ± 30% of the 

measured N. One potential source of this systematic negative bias in the estimated N is a bias in 

the Micro-Aethalometer measurements of M, where negative biases of up to 70% can result from 

cumulative loading of BC on the filter substrate279. Furthermore, 3 of the 4 outliers have the lowest 

measurements of M (0.380 to 0.768 µg m-3), and therefore are most affected by measurement 

uncertainties (± 0.1 µg m-3), which the uncertainties range from 13% to 26% (ref.280). These two 

uncertainties, as well as the use of constant ka and Dα values could be the contributors to the 

reduction in performance for the FA model relative to the CIDI engine.  
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Figure 3-8: Validation of the FA model against emissions from a soot generator where constant values of ka = 

0.998 and Dα = 1.069 are used. Error bars denote precision errors from repeated measurements at a 95% CI. 

Detailed data tables used in this validation can be found in Appendix D. 

 

3.4.3 Aircraft gas turbine engines  

Two distinct validation tests are conducted to select a suitable coefficient pair (kTEM and DTEM) for 

the FA model to estimate the aircraft BC EIn. Figure 3-9 shows the parity plots for the FA model 

validation using kTEM and DTEM coefficients of 1.621 × 10−5 and 0.39 respectively267. 

For ground conditions (Figure 3-9a), the estimated EIn are in good agreement with the measured 

EIn (R
2 = 0.950), the NMB shows that the average EIn is overestimated by 27%, and the RMSE is 

3.10 ×1014 kg-1. 77% of data points agree to within ± 30% of the measured EIn, and 83% agree 

when error bars are included. The overestimation of EIn is significant at thrust settings above 50% 

F/F00,max, where the NMB increases to around 163% (data points with lower EIn values). This 

could be attributable to further reductions in the measured BC EIm at higher engine thrust settings 

(< 0.007 g kg-1)95,98, which can lead to larger variations and uncertainties the LII approaches its 

limit of detection68. Additionally, it could also be due to the assumption of DLCA (Kn ≥ 1) in the 

derivation of the FA model: at high thrust conditions, observations from TEM images suggest that 

BC primary particles are often highly sintered266 and at high primary particle concentrations, BC 

aggregates are formed in the continuum and transition regime (Kn < 1). The decrease in Kn as 
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F/F00,max increase (shown in the colour bar of Figure 3-9a) creates an environment for BC 

aggregates to form in a reaction-limited cluster aggregation (RLCA)281,282. Therefore, the 

assumption of a free molecular flow regime (Kn ≥ 1) adopted in Eq. (3-8) and Eq. (3-21) could be 

violated at higher F/F00,max. Eggersdorfer et al.263 suggested that the measured and estimated dm 

differs by around 10% to 20% when Eq. (3-8) and Eq. (3-21) are applied in the transition regime 

(up to Kn = 0.28). Although this additional uncertainty could be the source of the increase in NMB 

values for the FA model at low Kn, it was not observed in the validation of the CIDI engine 

(Section 3.4.1), possibly due to the use of more accurate ka,opt and Dα,opt values for each engine 

modes, and these results indicate that the effects of Cov could be implicitly accounted for in the 

ka,opt and Dα,opt constants. 

     

Figure 3-9: Validation of the FA model for aircraft (a) ground conditions using data from Boies et al.98, and (b) 

cruise conditions using data from Moore et al.74. kTEM and DTEM prefactor-exponent coefficients specified by 

Dastanpour & Rogak267, kTEM = 1.621 x10-5 and DTEM = 0.39 are used. Error bars denote precision errors from 

repeated measurements at a 95% CI and do not include systematic uncertainties arising from instrumentations. 

Detailed data tables used in this validation can be found in Appendix D. 

Figure 3-9b presents results for the FA model validation against cruise measurements. Due to the 

lower ambient temperature and F/F00,max required in cruise conditions, the BC aggregates are all 

formed in the free-molecular regime (Kn ≥ 1). The overall R2 value (R2 = 0.684) is slightly lower 

than with the ground-level validation. However, the overall NMB and RMSE are smaller at + 2.4% 

and 1.01 ×1014 kg-1 respectively. 75% of data points agree to within ± 30% of the measured EIn, 

and 100% agree when error bars are included. Cruise measurements are more challenging to 
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perform relative to ground experiments; different factors such as the variability in plume sampling 

distance74, particle bouncing283, and instrument detection limits99,284 contribute to an increased 

uncertainty in the PSD and EIn measurements at cruise. Notably, the outlier with the largest error 

bar in the estimated EIn is caused by large uncertainties in the measured GMD and GSD (± 13% 

each), relative to an average uncertainty of ± 2% for all other data points.  

Measurements at cruise include tests using a 50:50 HEFA low-sulphur content Jet A fuel blend, 

which make up half of the EIn data points are also shown in Figure 3-9b. The validation results do 

not show a large discrepancy between conventional (R2 = 0.783, NMB = 10.4%, RMSE = 8.80 

×1013 kg-1) and alternative fuel scenarios (R2 = 0.564, NMB = -5.7%, RMSE = 1.13 ×1014 kg-1). 

Hence, it is concluded that the FA model can also be applied to fuels with different composition, 

if changes in the EIm, GMD and GSD are known.  

The FA model exhibited minor performance improvements when using the kTEM and DTEM 

coefficients by Dastanpour & Rogak267 compared to when the coefficients from Boies et al.98 are 

used: on average, the R2 values decreased from 0.817 to 0.795, the NMB increased from 15% to 

23%, while the RMSE increased slightly by 1.8% from 2.06 ×1014 kg-1 to 2.09 ×1014 kg-1 relative 

to using coefficients from Dastanpour & Rogak267. The validation results of the FA model (with 

the coefficients from Boies et al.98) are presented in Appendix D. Therefore, it is recommended 

that the kTEM and DTEM coefficient pair by Dastanpour & Rogak267 is used in future studies to 

estimate the EIn for aircraft emissions.  

When ka and Dα values of 0.998 and 1.069 (ref.249) are applied to the two aircraft datasets, however, 

a significantly lower R2 and higher NMB values are obtained when validated against ground (R2 

= -0.03, NMB = + 123%, RMSE = 1.16 ×1015 kg-1) and cruise-level (R2 = -3.03, NMB = + 76%, 

RMSE = 3.64 ×1014 kg-1) measurements (shown in Appendix D). This could be due to the 

differences in aircraft BC aggregate morphology relative to other emission sources. Ghazi et al.285 

identified that the assumption of Dα = 1.069 is only valid when dpp and dm have a low correlation. 

However, Table 3-1 shows that the DTEM values for aircraft gas turbine engines are the highest 

among all emission sources. The higher sensitivity of dpp to the changes in dm suggests that the 

value of Dα for aircraft BC aggregates could be higher than 1.069. 
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Figure 3-10: Validation of the aircraft BC EIn for (a) ground and (b) cruise conditions estimated using previous 

methodologies developed by Döpelheuer183 (data points in magenta), Barrett et al.184 (data points in blue) and 

Agarwal et al.185 (SCOPE11, data points in green). Horizontal error bars denote random errors from repeated 

measurements with a 95% CI and do not include systematic uncertainties from instruments.  

Finally, both ground and cruise validation for previous BC EIn methodologies183–185 are presented 

in Figure 3-10. These methodologies are briefly described in Appendix E. For ground and cruise 

conditions, R2 values from previous methodologies range between -0.43 and 0.84, the NMB vary 

from -78% to + 81%, and the RMSEs can be up to one order of magnitude larger than the FA 

model. For all data points, the estimated EIn outputs from Döpelheuer183 and Barrett et al.184 differ 

by a constant value. This is due to the assumption where the BC aggregate property and 

morphology are fixed which does not capture the variation in the GMD, GSD and Dfm versus 

F/F00,max, and the only input parameter for these methodologies is the BC EIm. Although variations 

in PSD are accounted for in the SCOPE11 (from Agarwal et al.185), the underperformance (relative 

to the FA model) could be due to: (i) the failure to account for morphological parameters (such as 

the Dfm, kTEM and DTEM) in its fundamental derivation; and (ii) an assumption of a constant 𝜌eff of 

1000 kg m-3 that can be overly simplistic as 𝜌eff  is known to vary with dm and engine thrust 

settings286. While these morphological parameters are assumed to be constant in the FA model, 

their specified values could be more accurate relative to the coefficients assumed by the SCOPE11, 

which can lead to a higher prediction accuracy. Given that the FA model and SCOPE11 are 

subjected to the same input variables (EIm, GMD and GSD) but with slightly different coefficients, 

the SCOPE11 predicts the same pattern as the FA model but increased by a roughly constant factor.  
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Table 3-6 summarises the validation results for the different aircraft BC EIn methodologies (and 

its variants). It shows that the FA model (with kTEM and DTEM coefficients from Dastanpour & 

Rogak267) significantly improves the EIn prediction accuracy for aircraft emissions relative to 

previous methods in terms of R2, NMB and RMSE values, likely resulting from more detailed 

representation of fractal aggregate morphology.  

Table 3-6: Summary of the validation results for the FA model (with different variants) and previous 

methodologies that are available to estimate the aircraft BC EIn. 

Dataset SAMPLE III.2 (Ground) NASA ACCESS (Cruise) 

Model R2 NMB 
RMSE 

(1014 kg-1) 
R2 NMB 

RMSE 

(1014 kg-1) 

FA model (kTEM = 1.621 ×10-5, DTEM =0.39)267 0.950 + 27% 3.10 0.684 + 2.4% 1.01 

FA model (kTEM = 0.0125, DTEM =0.8)98 0.943 + 39% 3.11 0.647 + 6.3% 1.07 

FA model (ka = 0.998 & Dα = 1.069)249 -0.003 + 123% 11.6 -3.030 + 76% 3.64 

Döpelheuer183 0.009 - 78% 13.8 -0.143 - 3.5% 1.93 

Barrett et al.184 0.567 - 46% 9.10 -0.199 - 23% 1.38 

SCOPE11, Agarwal et al.185 0.840 + 81% 5.57 -0.432 + 46% 2.16 

 

3.5 Uncertainty and Sensitivity Analysis 

Section 3.5.1 quantifies the uncertainties for different input parameters of the FA model and how 

they propagate forward to the uncertainty in the estimated N or EIn. Section 3.5.2 then evaluates 

the sensitivity of the FA model output to the input parameters, highlighting the most important 

parameters and priorities for future research.  

 

3.5.1 Uncertainty analysis  

Uncertainties are classified into two types: (i) Type A (or precision) uncertainty that is statistically 

estimated from repeated measurements, and (ii) Type B (or systematic/bias) uncertainty that is 

analytically estimated from other data sources287. Based on data available in the literature, the 

precision and/or systematic errors for the measured N (or EIn) and each input parameter of the FA 

model (M, GMD, GSD, 𝜌0, 𝑘a, 𝐷α, 𝐷fm, 𝑘TEM and 𝐷TEM) are compiled. The uncertainty of each 
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model input parameter is then propagated forward to estimate the uncertainties of the FA model 

output (estimated N or EIn).  

Table 3-7 presents the estimated uncertainties for each variable in the FA model. For the 

uncertainty values that are experimentally estimated: NCPC (± 2.8%), MLII (± 25%), Dfm (± 7.9%) 

and 𝜌0  (± 7.8%), it is assumed that both the systematic and precision uncertainty have been 

captured in the standard deviation of repeated measurements. The systematic error for MIPSD (± 

11.4%) is analytically estimated by propagating the measurement errors from instruments (DMA-

CPMA-CPC) with the Root-Sum-Square method. Although a similar propagation of error method 

estimates the uncertainties of GMD and GSD to be ± 4.97% and ± 6.13% respectively, their 

uncertainties have been increased to the maximum tolerable uncertainty of the measuring 

instruments (± 10%), which is in accordance to the calibration standards specified by the European 

Center for Aerosol Calibration (ECAC) and the World Calibration Center for Aerosol Physics 

(WCCAP). This is because of the challenges in quantifying the additional uncertainties resulting 

from the inversion method, bipolar diffusion charging and the DMA transfer function288. 

Systematic errors for kTEM (± 29.4%) and DTEM (± 17.8%) are estimated using the 95% CI that 

were published in Table S1 of Dastanpour & Rogak267, while numerical simulation results from 

Eggersdorfer & Pratsinis265 are used to estimate the precision uncertainties for ka (± 1.2%) and Dα 

(± 0.3%). Detailed calculations regarding the uncertainty quantification for each variable are 

presented in Appendix F. 

Given the non-linear nature of the FA model, the numerical Monte Carlo simulation is selected 

instead of the analytical Taylor Series method to quantify the total uncertainty of the FA model 

output, the estimated N or EIn (ref.287). Although there is a potential for covariance between the 

FA model inputs, they are treated as independent and uncorrelated because of the lack of 

measurement data in the literature. It is noted that at least 1000 Monte Carlo simulations are 

required for the standard deviation of the error distribution to converge to below 1%. Since the 

distribution of experimental errors is typically assumed to be normal293, a normal distribution is 

specified for the model input parameters listed in Table 3-7. Conversely, it is assumed that Cov is 

uniformly distributed within the range of 0.02 and 0.24 as reported in Bourrous et al.252 due to the 

lack of knowledge regarding its uncertainty distribution.  
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Table 3-7: Systematic and/or precision uncertainties for each input variable in the FA model. 

Variables in the 

FA Model 

Uncertainty Estimation Methodology 

(Measuring Instruments) 

Systematic 

Uncertainty 

(95% CI) 

Precision 

Uncertainty 

(95% CI) 

Ref. 

Measured N / EIn Experimental (CPC) Σ ≈ ± 2.8% Ref.289 

M / EIm 
Experimental (LII) Σ ≈ ± 25% Ref.95,98 

Analytical (IPSD: DMA–CPMA–CPC) ± 11.4% - Ref.289–291 

GMD ECAC & WCCAP calibration standards ± 10% - Ref.288 

GSD ECAC & WCCAP calibration standards ± 10% - Ref.288 

kTEM 
Experimental (TEM) – Aircraft ± 32.9% - Ref.267 

Experimental (TEM) – CIDI/HPDI ± 15.9% - Ref.267 

DTEM 
Experimental (TEM) – Aircraft  ± 18.0% - Ref.267 

Experimental (TEM) – CIDI/HPDI ± 10.3% - Ref.267 

ka Numerical simulation - ± 1.20% Ref.265 

Dα Numerical simulation - ± 0.30% Ref.265 

Dfm Experimental Σ ≈ ± 7.88% Ref.292 

ρ0 Experimental Σ ≈ ± 7.75% Ref.251 

Firstly, for aircraft emissions using data from the SAMPLE III.2 campaign98, the errors of the FA 

model outputs are asymmetrically distributed with an uncertainty bound of [-54%, +103%] at a 

95% CI (Figure 3-11a). Secondly, using measured data from the CIDI engine230, an uncertainty 

bound of [-44%, +79%] at a 95% CI is estimated. This is smaller than the uncertainty bound for 

the aircraft gas turbine engine because of the lower uncertainty values in the input parameters: 

MIPSD (± 11.4%), kTEM (± 15.9%) and DTEM (± 10.3%). Detailed calculations and results are 

presented in Appendix F. For both datasets, the uncertainty bounds are asymmetric because of the 

non-linearity of the FA model and the large uncertainties (>5%) for most input variables287. Overall, 

the quantified uncertainty bounds of the FA model outputs present an advance in understanding 

relative to previous methodologies used to estimate aircraft BC PN emissions183,184, where an 

uncertainty analysis was not conducted.  
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Figure 3-11: Uncertainty distribution of the FA model outputs (the estimated N or EIn) using the Monte Carlo 

simulation with absolute values from (a) the SAMPLE III.2 aircraft emissions dataset (ground level) from Boies 

et al.98, and (b) the CIDI engine dataset from Graves et al.230. 

 

3.5.2 Sensitivity analysis  

A variance-based global sensitivity analysis is conducted using the Sobol’ method294 to rank and 

identify input parameters that contribute to the highest variance in the FA model output. The result 

of the sensitivity analysis is presented in Figure 3-12. The total-effect index (STi) identifies the 

total contribution of each input parameters to the variance of the FA model output, where higher-

order interactions between variables are also accounted for294. Due to the non-linear and non-

additive properties of the FA model, the summation of STi for each input variable is greater than 

one. 

The results indicate that the GSD contributes to the largest sensitivity in the FA model output 

(estimated N or EIn), followed by DTEM, GMD and the measured MLII. A ± 10% change in GSD 

will result in variations in estimated N or EIn of -37% to +53%. Therefore, these results suggest 

that measurements of M, DTEM, GMD and GSD should be prioritised to reduce the uncertainty 

bounds of the FA model output. New and standardised measurement procedures recommended by 

the PMP and ICAO’s forthcoming aircraft nvPM standard66 could also facilitate reductions in the 

uncertainties of these individual parameters and subsequently the uncertainty bounds of the FA 

model output. Conversely, it is noted that input parameters of ka, Cov and BC ρ0 contribute to the 
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lowest sensitivity to the estimated N or EIn. This suggests that the assumptions of: (i) ka = 1 for 

aircraft emissions across all engine type and thrust settings; (ii) a single point of contact between 

pairs of primary particles (Cov = 0); and (iii) a constant ρ0 for BC aggregates would not significantly 

affect the outputs of the simplified FA model (Eq. 3-15).  

 
Figure 3-12: Total-effect sensitivity analysis for the FA model with input parameters measured from aerosol 

instruments. The data table used in this sensitivity analysis is listed in Appendix F. 

 

3.6 Conclusions 

BC PN emissions lead to adverse health and environmental effects and must be measured/modelled 

more accurately to reduce its associated uncertainties. This chapter critically reviewed the theory 

of fractal aggregates to develop a methodology capable of estimating the BC PN emissions from 

mass. The new methodology, named as the FA model (Eq. 3-15), overcomes the limitations 

inherent in previous methodologies used to estimate the aircraft BC PN emissions where 

simplifying assumptions were made (e.g. constant PSD and morphology).  

The FA model is validated with three different BC emission source: a CIDI engine (R2 = 0.94, 

NMB = −8.3%, RMSE = 2.15 ×1012 kg-1), a soot generator (R2 = 0.44, NMB = −27.7%, RMSE 

= 1.34 ×1010 kg-1), as well as aircraft gas turbine engines at ground (R2 = 0.95, NMB = +26.6%, 

RMSE = 3.10 ×1014 kg-1) and cruise conditions (R2 = 0.68, NMB = +2.4%, RMSE = 1.01 ×1014 
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kg-1). For aircraft PN emissions, these results show a significant improvement relative to previous 

aircraft EIn estimation methodologies (R2 = -0.43 to 0.84, NMB = -78% to +81%, RMSE = 1.38 

to 13.8 ×1014 kg-1) when validated with the same aircraft datasets at ground and cruise. 

Uncertainty analysis conducted using the numerical Monte Carlo simulation estimates N or EIn to 

have an asymmetrical uncertainty bound of [-44%, +79%] at a 95% CI for a CIDI engine, and [-

54%, +103%] for aircraft gas turbine engines. A variance-based global sensitivity analysis 

identified that uncertainties in the GSD contribute to the largest sensitivity in the FA model outputs, 

while having a low sensitivity to input parameters of ka, Cov and 𝜌0.  

The potential applications of the FA model have been demonstrated, in particular to estimate the 

BC PN emissions from various combustion sources using inputs of mass, PSD and morphology. 

Further applications of the FA model include estimating BC: (i) mass from number, PSD and 

morphology; (ii) PSD from mass, number and morphology inputs; and (iii) morphology from mass, 

number and PSD estimates. As the FA model was derived with the assumption that BC aggregates 

are formed in the free molecular and transition regime (Section 3.4.3), the model can also be 

extended for applications in the continuum regime (similar to the methodology of Schiener & 

Lindstedt295) in future research. 

Given that BC mass measurements and models are more commonly available than PN, the FA 

model is capable of estimating the BC PN for a range of studies, including health impact and 

aviation contrail analysis. For specific applications to this research, the FA model will be used to 

estimate the aircraft BC EIn over the entire fleet in a selected airspace (Chapter 4), and outputs of 

the estimated EIn will subsequently be used as inputs to a contrail model to more accurately 

quantify the characteristics and climate forcing of contrails (Chapter 5). 
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4. APPLICATION OF METHODOLOGY TO ESTIMATE 

AVIATION’S BLACK CARBON PARTICLE NUMBER 

EMISSIONS 

The materials presented in this chapter is based on the work that has been peer reviewed and 

published in the Environmental Science & Technology scientific journal (Teoh et al.296). 

In Chapter 3, a new methodology to estimate the black carbon (BC) particle number (PN) 

emissions from mass, named the Fractal Aggregates (FA) model, has been successfully developed. 

This chapter will build upon work from the previous chapter to apply the FA model to estimate 

aviation’s BC PN emissions during the cruise phase of flight, which will subsequently be used as 

inputs to a contrail model (as will be shown in Chapter 5).  

 

4.1 Introduction 

4.1.1 Context 

BC PN emitted by aircraft can be associated with various negative externalities such as the 

degradation of air quality, negative health effects and anthropogenic climate change8,225. Existing 

studies found that aircraft activities at the landing and take-off cycle (LTO) predominantly 

contributes to a fourfold increase in the ambient BC PN concentrations downwind of major 

airports297,298, and exposure to these high BC PN concentrations over an extended period of time 

can lead to an uptick in the cases of cardiopulmonary diseases and premature mortality30,31. 

During the cruise phase of flight, aircraft BC particles can facilitate the formation of contrails by 

acting as the primary source of condensation nuclei, where water vapour condenses and freezes, 

subsequently forming ice particles91. In a “soot-rich” scenario where the BC PN emissions per 

mass of fuel burnt (number emissions index, EIn in kg-1) exceeds 1013 kg-1, various contrail 

properties (such as the initial ice particle number, size and optical depth) are strongly correlated to 

EIn (ref.10,72,180). Currently, the BC EIn emitted by a typical commercial aircraft far exceeds the 

1013 kg-1 threshold: (i) in-situ measurements both at ground and cruise conditions show that the 

EIn for conventional aircraft gas turbines, such as the singular annular combustor (SAC), range 
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from 1014 to 1015 kg-1 (ref.74,96,97); while (ii) for cleaner engines technologies such as the double 

annular combustor (DAC), ground measurements show that the EIn is comparable to SAC engines 

at a low engine thrust settings (pilot stage)  but decreases by an order of magnitude (to ≈ 1013 and 

1014 kg-1) when the engine is operating at higher powers (lean combustion mode)95,98. Therefore, 

the aircraft BC EIn (> 1013 kg-1) is identified as a critical input parameter in modelling the 

characteristics and climate impact of contrails70. 

However, existing contrail models such as the Contrail Cirrus Prediction Model (CoCiP)70 and the 

Contrail Evolution and Radiation Model (CERM, a derivative of CoCiP)73 currently adopt inputs 

of BC EIn that is constant for all waypoints (0.3 ×1015 kg-1 for CoCiP, and 2.6 ×1015 kg-1 for 

CERM). This is due to the large uncertainties10,64 and limitations in the previous methodologies 

used to estimate aviation’s BC EIn (ref.73,182–185), which relied on simplifying assumptions: the 

particle size distribution (PSD) and/or morphology of BC are assumed to be constant irrespective 

of aircraft type and engine operating conditions. However, several studies98,226,245,246,248 have 

shown that the BC primary particle diameter (dpp), effective density (𝜌eff ), geometric mean 

diameter (GMD), geometric standard deviation (GSD) and mass-mobility exponent (Dfm) are 

highly dependent on the engine thrust settings. 

Additionally, the measured EIn from various experimental campaigns, of which data is 

subsequently used to approximate the range of EIn in models and aircraft emission inventories, 

could also be an underestimate. This is because the reported EIn (and other BC properties) are not 

commonly corrected for particle losses along sampling lines74,98,182,192,299, thereby representing 

values at the instrument sampling point rather than the point of emission. These losses primarily 

occur due to bends in the sampling lines, penetration and counting efficiency of aerosol 

instruments, as well as thermophoretic and diffusional losses, which are significant when the 

aggregate mobility diameter (dm) is below 10 nm (ref.96,185,245,300). Using the recently developed 

SAE procedure300 to account for particle losses, the correction (or multiplication) factor to estimate 

BC EIn at the engine exit plane (kSL,num) is estimated to range between 2 and 50, while correction 

for BC EIm (kSL,mass) is significantly smaller at around 1.1 to 2 because the mass contribution from 

small aggregates (dm < 10 nm) are negligible96,185. 

Recent studies have accounted for particle sampling losses in an attempt to model the aircraft BC 

EIn at the engine exit plane in different phases of flight. Agarwal et al.185 used smoke number (SN) 
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measurements to estimate the average EIn for global LTO activities in 2015, at 1.5 [1.0 to 2.4] 

×1015 kg-1 with a 95% confidence interval (CI). However, difficulties could exist in applying the 

same methodology to estimate the EIn at cruise because of the known limitations of SN (as will be 

highlighted in Section 4.3.1). Although Durdina et al.96 estimated the average BC EIn at cruise 

conditions, ranging from 0.35 to 0.9 ×1015 kg-1 depending on the assumed ambient temperature, 

several limitations have been identified: (i) estimates of the EIn is based on a 6th order polynomial 

fitted with ground BC measurements from one aircraft type, and then scaled cruise using the 

Döpelheuer & Lecht scaling method301; (ii) which could lead to an underestimate50; and (iii) an 

uncertainty bound in the estimated EIn is not provided.  

To overcome these limitations, the Fractal Aggregates (FA) model65, developed in Chapter 3 to 

estimate the BC EIn from the mass emissions index (EIm in g kg-1), PSD and morphology, can 

provide improved estimates of the aircraft BC EIn at cruise with an uncertainty bound. This is 

because the BC EIm is more commonly measured than the EIn (ref.62,63,185), and two EIm models 

that do not rely on SN measurements are currently available50,244. Although remaining input 

parameters on the PSD (such as the GMD and GSD) and morphology (Dfm, and prefactor-exponent 

coefficients of kTEM and DTEM) are only measured from a small number of aircraft-engine 

combinations, predictive relationships can be formulated from existing datasets to estimate these 

parameters at cruise conditions.  

 

4.1.2 Chapter outline 

In light of the gap in knowledge highlighted in Section 4.1.1, this chapter will be dedicated towards 

the application of the newly developed FA model (from Chapter 3) to an aircraft activity dataset 

with the aim of: (i) estimating aviation’s BC EIn more accurately; (ii) quantify their respective 

uncertainties; and (iii) compare the estimated EIn (FA model) with the values assumed in previous 

contrail studies. A flow chart highlighting the focus of this chapter relative to the overall research 

roadmap is presented in Figure 4-1. 

Section 4.2 describes the aircraft activity dataset and the approach used to estimate various aircraft 

parameters such as the aircraft mass, fuel consumption, thrust settings and overall propulsion 

efficiency. Section 4.3 conducts a complete review of the different model input parameters 
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required by the FA model and outline the necessary steps to estimate these parameters, the aircraft 

BC EIn and their associated uncertainties. In Section 4.4, the FA model is then applied to estimate 

the BC EIn for individual flights and aggregated across the fleet, which values are compared with 

the assumptions adopted in previous contrail studies, while Section 4.5 summarises and concludes 

the key findings from this chapter. 

 
Figure 4-1: Flow chart outlining the focus of this chapter with respect to the overall research roadmap. 

 

4.2 Aircraft Activity Dataset 

An aircraft activity dataset is selected where the FA model is applied to estimate the aircraft BC 

EIn at cruise. Section 4.2.1 introduces the selected aircraft activity dataset, the CARATS Open 

Data. Section 4.2.2 provides a detailed description of a series of error correction and data cleaning 

steps required to estimate the rate of climb and descent (ROCD) and true airspeed (VTAS). Section 

4.2.3 then describes the methodology applied to estimate the aircraft mass and fuel consumption, 

while the list to identify aircraft powered by cleaner-burning DAC engines is outlined in Section 

4.2.4  

4.2.1 Background information   

The CARATS Open Data is an aircraft activity dataset supplied by the Electronic Navigation 

Research Institute (ENRI) that contains high-resolution trajectory data from individual aircraft in 

the Japanese airspace. In particular, aircraft activity in Japan’s four main Area Control Centres 

(ACC) are covered: Tokyo, Fukuoka, Sapporo and Naha ACC (Figure 4-2). Figure 4-3 shows the 

aircraft trajectories and a two-dimensional (2D) visualisation of the spatial domain that is covered 

by the CARATS Open Data, while Figure 4-4 provides a three-dimensional (3D) visualisation of 

the same data.  
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Figure 4-2: Boundaries of the Japanese airspace and adjacent sectors. Aircraft activities in the Tokyo, Fukuoka, 

Sapporo and Naha ACC is provided by the CARATS Open Data. [Source: MLIT302, open access] 

 
Figure 4-3: 2D visualisation of the spatial domain and flight trajectories in the CARATS Open Data on the 7th 

of May 2012.  
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Figure 4-4: 3D visualisation of the spatial domain and flight trajectories in the CARATS Open Data on the 7th 

of May 2012. Flights that takes-off and/or land in Japan are marked with a black trajectory (87.7% of all 

flights), while international overflights are marked with a red trajectory (12.3% of flights). 

Six one-week periods of continuous air traffic data are recorded bi-monthly from May 2012 to 

March 2013, where there are approximately 61 million waypoints and 149,117 distinct flights from 

a total of 6 weeks of data. Detailed time periods provided by the CARATS Open Data is presented 

in Table 4-1. For each waypoint, the following variables are provided: (i) times in Japan Standard 

Time (JST, GMT+9); (ii) Flight ID (censored); (iii) latitude and longitude (in degrees), and altitude 

(in feet); and (iv) an ICAO aircraft type designator. The aircraft 3D positional data (latitude, 

longitude and altitude) is tracked and recorded approximately every 10 s by en-route radars, which 

are operated by the Ministry of Land Infrastructure, Transport and Tourism (MLIT)’s Civil 

Aviation Bureau. 

Table 4-1: Detailed time periods provided by the CARATS Open Data 

Year Week Start End Duration (Days) 

2012 

1 07-May 13-May 7 

2 09-Jul 15-Jul 7 

3 03-Sep 09-Sep 7 

4 05-Nov 11-Nov 7 

2013 
5 07-Jan 13-Jan 7 

6 04-Mar 10-Mar 7 
   TOTAL 42 
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On a given day: around 57.5% of the flights are domestic with an origin-destination pair within 

Japan (identified when a flight records a climb, cruise and descent phase); 15.0% of flights 

originate from Japan to an international destination; 15.2% of flights land in Japan from an 

international origin; while the remaining 12.3% are overflights with no recorded take-off and 

landings in Japan (red trajectories in Figure 4-4). It is highlighted that approximately 9% of the 

flights in the CARATS Open Data are turboprops (Figure 4-5). However, since 90% of contrails 

are formed at altitudes of between 7.5 km (24,500 feet) to 18.7 km (60,000 feet), turboprops 

generally do not contribute to the formation of contrails as their altitudes do not exceed 25,000 

feet (as shown in the histogram in Figure 4-6). 

 
Figure 4-5: 3D visualisation of trajectories from turboprop aircraft (red trajectories) which generally flies at a 

lower altitude relative to jet aircraft (black trajectories), no higher than 25,000 feet.  

Given that the contrail characteristics and climate forcing are spatially dependent on aircraft 

trajectory and emissions, the availability of a high-resolution 4D trajectory data provides a clear 

advantage relative to other aircraft activity datasets: (i) the AERO2K dataset303 provides monthly 

aggregated data on a 3D grid and does not include disaggregated trajectories from individual 

flights; (ii) radar track data from the Federal Aviation Administration’s (FAA) Aviation 

Environment Design Tool (AEDT)156 has an inconsistent temporal resolution between waypoints 
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ranging from 36 to 540 s; while (iii) the Aviation Emissions Inventory Code (AEIC)217 assumes 

that each flight flies a great circle path between aircraft pairs. 

However, several limitations of the CARATS Open Data have been raised304,305, which include 

waypoints with erroneous spatial data and incomplete trajectories for international flights (42.6% 

of flights in the dataset) when their positions are outside the boundaries of the four ACC’s. To 

resolve the waypoints with erroneous spatial data, a series of data smoothing and error correction 

steps have to be applied, as will be described in the next subsection.  

 
Figure 4-6: Altitude distribution for all waypoints from turboprop aircraft on the 7th of May 2012. 

 

4.2.2 Error correction, data smoothing & calculation of parameters 

Distinct patterns of erroneous data that are included in the CARATS Open Data were previously 

reported by the Japanese Civil Aviation Bureau (JCAB)304 and Shigetomi et al.305. The errors 

include: (i) duplicated waypoints (affecting 0.24% of the waypoints in the aircraft activity dataset); 

(ii) waypoints with zero altitudes (0.06% of the waypoints) where an example is shown in Figure 

4-7a; (iii) altitudes above the service ceiling of a given aircraft type (0.002% of the waypoints); 

and (iv) an unrealistic ROCD that exceed the aircraft specifications (0.04% of the waypoints) 

where an example is shown in Figure 4-7b. 
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Firstly, for sets of waypoints originating from the same flight, consecutive rows of data that have 

the same longitude, latitude, and altitude are flagged as duplicates and removed. Next, a correction 

attempt is made for waypoints with an unrealistic altitude (zero in mid-flight or above the service 

ceiling of an aircraft type) or ROCD: the altitudes of these waypoints will be corrected via linear 

interpolation if the calculated ROCD between waypoint (i-1) to (i+j) is computed to be within the 

aircraft performance specifications of the given aircraft type provided by Eurocontrol204. A 

constraint of jmax = 5, which limits the correction algorithm to look up to five waypoints ahead, is 

typically sufficient to rectify up to 80% of the erroneous waypoints. The remaining 20% of the 

erroneous waypoints (≈ 0.02% of the waypoints) that do not fit with the criterion (of having a 

realistic ROCD after interpolation) are subsequently removed from the dataset. Figure 4-7 also 

provide examples of the flight trajectories (in red) that have been corrected with the methodology 

described above. The presence of these erroneous waypoints is due to the use of radar to track 

aircraft positions305: for a Required Navigation Performance (RNP) Type 4 standard, the radar 

accuracy is ± 4.0 nautical miles (or ± 7400 m)83. Given that the aircraft positional data is recorded 

every 10 s throughout the flight, these errors are non-cumulative and are likely to average out48. 

 
Figure 4-7: Examples of erroneous waypoints (trajectories in blue) with (a) zero altitudes, and (b) an unrealistic 

ROCD that exceeds their respective aircraft performance. The erroneous waypoints are subsequently corrected 

using linear interpolation (trajectories in red).  

Prior to estimating several variables such as the distance between waypoints, ground speed (VGS) 

and VTAS, the latitude, longitude and altitude of each waypoint is smoothed using a Savitzky-Golay 
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(SG) filter, a digital filter that utilises a linear least squares methodology to fit successive segments 

of data points with a low-degree polynomial306. The SG filter is able to better preserve the shape 

and features of the original dataset, while the order of polynomial provides the flexibility to focus 

on narrower or broad features307,308. These characteristics provide an advantage relative to a simple 

moving average, where a bias could be introduced if the second derivative of the underlying dataset 

or function is non-zero308. For the smoothing of aircraft positional data (latitude, longitude and 

altitude), a time period of 12 (corresponding to approximately two minutes of data) is used in line 

with Lovegren & Hansman48, while a second-order polynomial is selected to capture narrower 

features (i.e. in cases where aircraft trajectory changes rapidly). Figure 4-8a presents the data 

smoothing results with an SG filter for an aircraft trajectory in a holding pattern: the result shows 

that the use of a second-order polynomial in the SG filter is superior relative to a simple moving 

average in terms of capturing narrower features in the smoothed trajectory.  

      
Figure 4-8: Examples of the smoothed trajectories using the SG filter on the (a) latitude and longitude (second-

order polynomial), and on the (b) VTAS (first-order polynomial) from two different flights in the CARATS Open 

Data. For both cases, the SG filter is applied with a time period of 12.  

The distance travelled by an aircraft between waypoints (d) is calculated using the Haversine 

Formula309,  

 𝑑 = (𝑑vertical
2  + 𝑑horizontal

2)
0.5

 (4-1) 

 where   𝑑vertical [m] = Altitude(i + 1) − Altitude(i), (4-2) 
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 𝑑horizontal[m] = 𝑅earth × [2 × atan2( √𝑎, √1 − 𝑎 )],  (4-3) 

 and 𝑎 = (sin (
𝛿lat

2
))

2

+ cos(lat1) cos(lat2) (sin (
𝛿lon

2
))

2

,  (4-4) 

where Rearth is the radius of Earth (6.371 ×106 m), and 𝛿lat and 𝛿lon are the difference in latitude 

and longitude between two waypoints (in radians). 

The VGS is then computed by dividing the distance travelled by the time difference between two 

waypoints, while the VTAS is converted from the VGS using the 4D ambient wind data provided by 

the European Centre for Medium-Range Weather Forecast (ECMWF) ERA5 high-resolution 

realisation (HRES) reanalysis310 (as will be described in detail in Chapter 5.2),  

 𝑉TAS [m s−1] = (
𝑉TAS,lon

𝑉TAS,lat
) = (

𝑉GS,lon

𝑉GS,lon
) − (

UERA5

VERA5
), (4-5) 

where UERA5 and VERA5 are the U- and V- component of wind from the ERA5 HRES dataset. 

Given that time data is reported as an integer second in the CARATS Open Data, errors due to the 

rounding of time will lead to additional uncertainties and noise in the estimated VGS and VTAS. This 

error source could be significant because each waypoint is only 10 s apart. To address this, the 

estimated VTAS is smoothed with the SG filter with a 120 s time period48 and a first-order 

polynomial (because it is unrealistic for the VTAS to change rapidly), and then re-smoothed for a 

second time similar to the methodology provided by the European Commission311.  Figure 4-8b 

shows that the large noise in the VTAS is significantly reduced following the use of an SG filter, 

and this is crucial in obtaining realistic values for the estimated fuel mass flow rate, as will be 

shown in the next subsection.  

Finally, the Mach number (Ma) is computed for each waypoint, 

 Ma =
VTAS

√𝜅R0𝑇amb

, (4-6) 

where 𝜅 is the ratio of heat capacities of air (1.4), R0 is the real gas constant for air (287.05 m2 K-

1 s-2), and Tamb is the ambient temperature (in units of K) obtained from the ERA5 HRES. Figure 

4-9 shows that the estimated Ma predominantly ranges from 0.70 to 0.85 during the cruise phase 

of flight (waypoints with altitude > 25,000 feet). 
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Figure 4-9: Distribution of the estimated Mach Number (Ma) for waypoints > 25,000 feet on 7th of May 2012. 

 

4.2.3 Aircraft fuel consumption, thrust settings and propulsion efficiency 

The Base of Aircraft Data Version 3.12 (BADA 3) total energy model (TEMBADA) by 

Eurocontrol204 is widely used in the literature79,216–221 and the aviation industry to estimate the fuel 

consumption for commercial aircraft, and is therefore applied to the CARATS Open Data. The 

fundamental equation for TEMBADA is shown below, 

 (𝐹 − 𝐷)𝑉TAS = 𝑚𝑔0
𝑑ℎ

𝑑𝑡
+ 𝑚VTAS

𝑑𝑉TAS

𝑑𝑡
, (4-7) 

where F is the thrust acting parallel to the aircraft velocity vector (in units of N), D is the 

aerodynamic drag (in units of N), m is the aircraft mass (in units of kg), h is the aircraft altitude 

(in units of m), and g0 is the gravitational acceleration (9.81 m s-2).  The initial aircraft mass (m0) 

is estimated iteratively and assuming an average aircraft load factor of 75.5%, in line with the 

methodology developed by Wasiuk et al.216. Eq. (4-7) is rearranged to calculate F at the climb and 

cruise phase of flight, 

 𝐹climb & cruise = 𝐷 +
1

𝑉TAS
[𝑚𝑔0

𝑑ℎ

𝑑𝑡
+ 𝑚𝑉TAS

𝑑𝑉TAS

𝑑𝑡
], (4-8) 

 where 𝐷 =
𝐶D𝜌𝑎𝑉TAS

2𝑆

2
, (4-9) 

CD is the coefficient of drag, S is the reference wing surface area, and 𝜌𝑎 is the ambient air density. 

Details on the CD for specific aircraft types are provided in Eurocontrol204. Eq. (4-8) is only 
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applicable when the aircraft is operating at climb and cruise conditions. Given that the Eq. (4-8) 

could produce negative thrust values, F in the descent phase is calculated as follows, 

 𝐹descent = 𝐶T,des × 𝐹max,climb, (4-10) 

where CT,des is the aircraft-specific altitude descent thrust coefficient and Fmax,climb is the maximum 

climb thrust that can be supplied by the engine type at a given atmospheric condition. For further 

methodological details on Fdescent, the reader is referred to Eurocontrol204. 

The thrust specific fuel consumption (SFC, in units of kg min-1 kN-1), i.e. the fuel consumption per 

unit of thrust, and the fuel mass flow rate (𝑚ḟ , in units of kg s-1) is calculated for each waypoint,  

 SFCjet = 𝐶𝑓1(1 +
𝑉TAS

𝐶𝑓2
)  (4-11) 

 SFCturboprop = 𝐶𝑓1 (1 −
𝑉TAS

𝐶𝑓2
) (

𝑉TAS

1000
)  (4-12) 

 �̇�f,climb = SFC × 𝐹 , (4-13) 

 �̇�f,cruise = SFC × 𝐹 × 𝐶fcr, (4-14) 

 �̇�f,descent = 𝐶f3(1 −
𝐻𝑝

𝐶f4
),  (4-15) 

where Hp is the altitude (in units of feet). The thrust specific fuel consumption coefficients (Cf1, 

Cf2, Cf3 and Cf4) and cruise fuel flow correction coefficient (Cfcr) are provided in Eurocontrol204. 

Figure 4-10 provides an example of the estimated 𝑚ḟ  for one flight in the CARATS Open Data. 

As explained in Section 4.2.2, the use of smoothed inputs of aircraft positional data (latitude, 

longitude and altitude) and VTAS is crucial as it provides more realistic values of acceleration (
𝑑𝑉TAS

𝑑𝑡
) 

and ROCD (
𝑑ℎ

𝑑𝑡
), thereby significantly reducing the noise in the estimated 𝑚ḟ . 

To validate the error correction methodology and the use of smoothed parameters such as the 

aircraft positional data and the VTAS (previously described in Section 4.2.2), the estimated 𝑚ḟ  (from 

this research) is compared with the 𝑚ḟ  of one flight in the CARATS Open Data that was separately 

estimated and available from Shigetomi et al.305. Although the 𝑚ḟ  from Shigetomi et al.305 is also 

estimated with the TEMBADA, several key differences are noted: (i) the aircraft positional data is 

collected using a more accurate GPS sensor (with an average error value of ± 8 m) instead of en-
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route radars (with an accuracy of ± 7400 m, as highlighted in Section 4.2.2), which do not contain 

the noise seen in the CARATS Open Data; (ii) data on the upper atmospheric winds were retrieved 

from the Japan Meteorological Agency’s Numerical Weather Archive; and (iii) a constant aircraft 

m of 208,700 kg was assumed for all waypoints. Therefore, to be consistent with the inputs used 

by Shigetomi et al.305, a constant aircraft m of 208,700 kg is also assumed for all waypoints in this 

validation. For all other applications in this research, the aircraft m is modelled to decrease over 

time according to the total fuel consumption between two waypoints. The validation results 

(presented in Figure 4-11) shows that the estimated 𝑚ḟ  (from this research) is in good agreement 

with Shigetomi et al.305: the estimated 𝑚ḟ  for individual waypoints at the cruise phase generally 

agree to within ± 10%, and the estimated total fuel consumption for this specific flight is within ± 

3%. 

 
Figure 4-10: Example of the estimated 𝒎𝒇̇  for one flight (calculated using the TEMBADA) in the CARATS Open 

Data, where unsmoothed and smoothed inputs of aircraft positional data and VTAS are used.  

While the validation results are in good agreement, it is highlighted that the uncertainties in 𝑚ḟ  

due to the identified limitations of BADA 3 are not accounted for: (i) Nuic et al.205 found a decrease 

in the accuracy of BADA 3 when modelling the aircraft 𝑚ḟ  at suboptimal flight conditions 

(suboptimal altitudes and high speeds); and (ii) a comparison with the actual 𝑚ḟ  documented by 

flight data recorders showed that the estimated 𝑚ḟ  (from BADA 3) have larger uncertainties in the 

climb and descent phases220. Limitation (ii) is likely insignificant for the purpose of this research 

because contrails predominantly form at altitudes when the aircraft is at cruise. However, 
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limitation (i) remains an open issue due to the restricted access of an improved BADA 4, which 

was developed to overcome the limitations of BADA 3.  

 
Figure 4-11: Validation of the 𝒎𝒇̇  (estimated in this research using the error correction and data smoothing 

methodology described in Section 4.2.2, and BADA 3) against 𝒎𝒇̇  estimates from Shigetomi et al.305, where the 

aircraft positional data for one flight (FLT2279 on the 14th of July 2012) is collected from a GPS sensor. 

The estimated mean fuel consumption per flight distance (�̇�f,dist in kg km-1) for all flights in the 

Japanese airspace is approximately 7.26 kg km-1. This is 53% higher than the global mean fuel 

consumption provided by Schumann et al.79 (4.75 kg km-1) and could be attributed to two reasons: 

(i) 58% of all flights in the CARATS Open Data being short-haul domestic flights, where a higher 

proportion of time is spent in the take-off and climb phase of flight; and (ii) potential congestion 

in a high-density airspace, where constraints in air traffic management could lead to aircraft flying 

at suboptimal altitudes. Over the six one-week periods, the total fuel consumption is estimated to 

be 0.682 Tg. This figure is extrapolated to an annual value (5.90 Tg) and compared with the global 

fuel consumption in 2006 (188.2 Tg, provided by Wilkerson et al.156): it suggests that the Japanese 

airspace is responsible for approximately 3.1% of the global fuel consumption.  

Following the estimation of 𝑚ḟ , the engine thrust settings  (
𝐹

𝐹00,max
, where F00,max is the maximum 

rated thrust at sea level and zero speed) is then calculated based on the assumption that it is 

interchangeable50,64,97,244 with the ratio of 𝑚ḟ  to the engine-specific maximum fuel mass flow rate 

on the ground (
𝑚ḟ

�̇�f,max 
), of which the aircraft-engine assignments are matched using compiled data 
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from Stettler et al.25 (also presented in Appendix G), and �̇�f,max  is obtained from the ICAO 

Aircraft Emissions Databank (EDB)61. This assumption (
𝐹

𝐹00,max
=  

𝑚ḟ

�̇�f,max
) was previously 

validated by Stettler et al.244, where data from the ICAO EDB showed that the above assumption 

holds for most of the certified engine types at four certification test points (7%, 30%, 85% and 

100% 
𝐹

𝐹00,max
). The 

𝐹

𝐹00,max
 (or 

𝑚ḟ

�̇�f,max
) is used to estimate BC EIn and so uncertainty in this 

assumption may propagate. Further discussion is in Section 4.3.4.  

Finally, the overall propulsion efficiency (ETA) is calculated for each waypoint194,  

 ETA =
𝐹 𝑉TAS

𝑚ḟ  LCV
, (4-16) 

where LCV is the lower calorific value of kerosene (43.2 MJ kg-1). For waypoints in the descent 

phase, the ETA computed using Eq. (4-16) provides an unrealistic value of greater than one 

because the F in the descent phase is only calculated as a function of Hp and are independent of 

the aircraft acceleration and ROCD. To resolve this, ETA values in the descent phase is assigned 

to zero because the engine is nearly at idle without providing any useful thrust. 

 

4.2.4 Identification of aircraft powered by a double annular combustor  

Aircraft powered by conventional SAC engines are representative of the current aviation fleet 

(around 84% of the aircraft recorded in the CARATS Open Data), while the remaining 16% of 

aircraft is powered by cleaner DAC engines. The main difference between SAC and DAC engines, 

for the purpose of this research, are their different BC emissions characteristics: ground 

measurements that are available show that the BC EIm from a SAC tends to follow a U-shaped 

curve, with higher EIm at very low and high 
𝐹

𝐹00,max
, and a minimum of around 

𝐹

𝐹00,max
 ≈ 30% 

(ref.50,96,244). Conversely, DAC engines operate in two stages: at low 
𝐹

𝐹00,max
, the pilot stage operates 

in a fuel-rich combustion with a low air-to-fuel ratio (AFR) and through-flow velocity where only 

the outer annulus of the combustor is fuelled; and at 
𝐹

𝐹00,max
> 25%, the main stage is activated 

with higher AFR (leaner combustion) and through-flow velocity199. As the engine is operating at 

the lean combustion mode, an oxygen-rich environment (higher AFR) decreases the formation rate 
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and increase the oxidation rate of BC312. Therefore, the BC emissions characteristics for a DAC 

engine is similar to a SAC engine at the pilot stage (where EIm increases with 
𝐹

𝐹00,max
), but the BC 

EIn, EIm and GMD significantly decrease during the main combustion stage95,98, as will be shown 

in Section 4.3. 

Data from the ICAO EDB61 is used to identify the engine types with a DAC. On the whole, 19 

aircraft gas turbines were identified as a DAC, whose engine types and their respective unique 

identification number (UID) are compiled in Table 4-2. The airframe-engine assignment list 

previously compiled by Stettler et al.25 (Appendix G) is then used to link the DAC engines 

(identified in Table 4-2) to specific aircraft types.  

In particular, it is found that the Boeing 777 series is primarily powered by DAC engines (General 

Electric GE90-90B). Although alternative SAC engines such as the Pratt & Whitney PW4000 and 

the Rolls-Royce Trent 800 were also used to power the first-generation Boeing 777’s (such as the 

B777-200 and B777-300), it is assumed that all Boeing 777’s in the CARATS Open Data are 

powered by the GE90-90B DAC engine. This is justified because the GE90-90B is the only engine 

option provided to power the second-generation Boeing 777’s (such as the B777-300ER and 

B777F)313. Based on this methodology, it is therefore estimated that 16% of the aircraft in the 

CARATS Open Data is powered by a DAC.  

Table 4-2: Identification of aircraft gas turbine engines with a DAC. 

No. Engine Type (UID No.) No. Engine Type (UID No.) 

1 CFM56-5B1/2 (2CM016) 11 GE90-110B1 (7GE097) 

2 CFM56-5B1/2P (3CM020) 12 GE90-113B (7GE098) 

3 CFM56-5B2/2 (2CM017) 13 GE90-115B (7GE099) 

4 CFM56-5B2/2P (4CM037) 14 GE90-76B (2GE052, 3GE062, 6GE087) 

5 CFM56-5B3/2P (4CM038) 15 GE90-77B (3GE059, 3GE063, 6GE088) 

6 CFM56-5B4/2 (2CM018) 16 GE90-85B (2GE053, 3GE064, 6GE089) 

7 CFM56-5B4/2P (3CM021) 17 GE90-90B (3GE060, 3GE065, 6GE090) 

8 CFM56-5B6/2 (2CM019) 18 GE90-92B (3GE061, 3GE066) 

9 CFM56-5B6/2P (3CM022) 19 GE90-94B (6GE091, 8GE100) 

10 CFM56-5B9/2P (7CM050)     

 

4.3 Review and Specification of Model Input Parameters for the FA Model 

The FA model (Eq. 3-15) estimates the aircraft BC EIn from the EIm, PSD and morphology. It is 

selected ahead of a similar model, the Smoke Correlation for Particle Emissions CAEP11 
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(SCOPE11) methodology185, because it accounts for differences in fractal aggregate morphology 

subsequently resulting in better performance in validation (Chapter 3, Table 3-6). 

However, the input parameters of EIm, GMD, GSD and Dfm are only measured from a small 

number of aircraft-engine combinations predominantly on the ground. Therefore, Section 4.3.1 

reviews the existing models available to estimate the aircraft BC EIm, while predictive 

relationships to estimate the BC PSD and morphological parameters at cruise conditions are 

developed in Section 4.3.2. Section 4.3.3 provides a user manual which summarises the 

implementation of the FA model to estimate the aircraft BC EIn at cruise conditions. Finally, 

Section 4.3.4 quantifies the uncertainties in the estimated EIn from the FA model when input 

parameters (i.e. the BC EIm, GMD, GSD and Dfm) are estimated from models and predictive 

relationships, as well as conducting a sensitivity analysis based on these updated uncertainties.  

 

4.3.1 Assessment of existing methods to estimate the BC mass emissions index 

A number of models are available to estimate the BC mass concentration (CBC in units of mg m-3) 

for aircraft powered by SAC engines. The BC EIm is then calculated by multiplying CBC with the 

volume of exhaust per mass of fuel burnt (Q in units of m3 kg-1). For example, methods such as 

the First Order Approximation-3 (FOA3)62, correlations from Stettler et al.63, and the SCOPE11 

methodology185 rely on aircraft SN measurements provided by the ICAO EDB61 to estimate CBC. 

SN is quantified optically by comparing the differences in reflectance of a filter paper before and 

after it is stained by the engine exhaust59. However, SN measurements provided by the ICAO EDB 

are limited to four certification test points at 7%, 30%, 85% and 100% 
𝐹

𝐹00,max
 measured on the 

ground, and measurements of SN have not been conducted at cruise conditions. Several 

studies25,50,63 have also found that the FOA3 could underestimate the EIm by up to one order of 

magnitude at low SNs. This is because the filtration efficiency significantly deteriorates when the 

dm of BC aggregates is < 100 nm (ref.63) and the GMD emitted by modern aircraft typically lies 

between 10 and 50 nm (ref.245,248). Therefore, the SN values for some engine types (provided by 

the ICAO EDB) could be zero at all four certification test points61. Although Agarwal et al.185 have 

shown that the SCOPE11 model addressed the issue of zero SN and improved the CBC estimates 

relative to earlier SN methodologies62,63, it is not calibrated to model the BC EIm at cruise.  
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Alternatively, the Formation and Oxidation (FOX)244 and Improved FOX50 methods estimate the 

CBC based on the thermodynamic and physical mechanisms by which BC is formed and oxidised. 

Although these methods do not rely on SN inputs, they were calibrated to model the EIm for aircraft 

gas turbine engines with a SAC, which is representative of the current aviation fleet (around 84% 

of aircraft recorded in the CARATS Open Data as highlighted in Section 4.2.4). Ground 

measurements that are available show that the EIm from a SAC tends to increase after 
𝐹

𝐹00,max
 > 30% 

(ref.50,96,244). For estimates of EIm at cruise, the FOX method prescribes the Döpelheuer & Lecht 

scaling method301, while the ImFOX method circumvents the use of this scaling equation by using 

different relationships for the AFR versus 
𝐹

𝐹00,max
 at cruising altitude compared to on the ground. 

The existing methodologies available to estimate the BC EIm are described in detail in Appendix 

E. 

Given the limitations of existing SN-based models and the need to estimate the EIm at cruise 

conditions, further assessments between the FOX and ImFOX methods have been conducted by 

validating them with the limited number of aircraft EIm measured at cruising altitudes. These 

measurements were mainly collected by the SULFUR182,192 and NASA ACCESS74 experimental 

campaigns, containing 9 data points from 4 different engine types.  

Figure 4-12 presents the validation results for the FOX and ImFOX methods. For the CFM56-2-

C1 engine, the cruise EIm is better predicted using the ImFOX (NMB = + 19.4%) relative to the 

FOX method (NMB = -38.4%), which is likely due to the fact that the ImFOX utilised the same 

dataset for model calibration. However, for the remaining data points from three different engine 

types which were operated at a reduced engine thrust settings, the estimated EIm have a closer 

resemblance to the FOX (NMB = + 37.2%) than the ImFOX method (NMB = + 134.2%). 

Therefore, it is not possible to verify if the accuracy of the ImFOX estimated EIm holds for other 

aircraft-engine combinations because of the limited number of cruise measurements available.  

For all four engine types, the ImFOX estimated EIm at cruise conditions are predominantly higher 

than the FOX method across the range of 
𝐹

𝐹00,max
. Although this appears to be inconsistent when 

compared with existing studies, which showed that the FOX generally estimates a higher EIm on 

the ground relative to the ImFOX50,96, the smaller cruise EIm estimates from the FOX is likely due 

to the use of the Döpelheuer & Lecht scaling equation301. While there are suggestions that this 
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scaling equation significantly underestimated the cruise EIm by 84% when compared with 

measured data from the CFM56-2-C1 engine50, this statement cannot be verified based on the 

results in Figure 4-12a, which showed that the average NMB from the FOX is -38.4%. The 

significant underestimation of EIm (-84%) as suggested in the literature50, could be due to a 

different specification of the ground reference condition for the Döpelheuer & Lecht scaling 

equation301. When cruise EIm measurements from all nine points in Figure 4-12 are included, 

however, the overall NMB from the FOX (-13.2%) suggest that the potential underestimation in 

cruise EIm as a result of the Döpelheuer & Lecht scaling equation301 might not be significant.  

 
Figure 4-12: Validation of the FOX and ImFOX methods against cruise EIm measurements from the: (a) NASA 

ACCESS; and (b), (c) and (d) SULFUR experimental campaigns. Error bars denote precision errors from 

repeated measurements with a 95% CI. Detailed data tables for this validation can be found in Appendix H. 
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Overall, the validation results show that further work is required to improve the accuracy of aircraft 

EIm estimates at cruise, but it is beyond the scope of this thesis. Given the uncertainties in the 

available EIm estimation methodologies and the lack of understanding on the uncertainty 

distribution, it is assumed that the EIm is uniformly distributed between -20% and +50% of the 

FOX and ImFOX estimates respectively. This uncertainty bound covers 8 out of the 9 data points 

when error bars are accounted for (Figure 4-12). Further details on the methodology of applying 

these uncertainties will be described in Section 4.3.4. 

It is also highlighted that the data used to calibrate the FOX and ImFOX methods were not 

corrected for particle line losses, which therefore represent measurements at the instrument 

sampling point and could underestimate the EIm (ref.185). However, the underestimation in EIm due 

to particle line losses are likely insignificant because it predominantly affects aggregates with a dm 

< 10 nm (ref.245), which the contributions of small particles to the total BC mass are negligible. 

Although a system loss correction factor (kSL,mass, estimated as a function of CBC) was proposed by 

Agarwal et al.185 to correct for the EIm to represent emissions at the engine exit plane, it is not 

applied in this research because of the already large uncertainties in the estimated CBC and EIm. 

Instead, it is assumed that the effects of kSL,mass are captured in the asymmetrical uncertainty bounds 

of the estimated EIm (shown in Figure 4-12). 

Since DAC engines have different emissions characteristics relative to SAC engines, the models 

that were previously specified (FOA362, correlations from Stettler et al.63, SCOPE11185, FOX244 

and ImFOX50) cannot be used to estimate the BC EIm for aircraft powered by a DAC. However, 

there are currently no models that are available to estimate the BC EIm for aircrafts with a DAC 

engine, which represents around 16% of the aircrafts in the CARATS Open Data.  

Using measurements of EIm from experimental campaigns95,98, the EIm in the pilot stage is 

interpolated as a function of T4/T2, the ratio of turbine inlet to the compressor inlet temperature, 

while assuming an average EIm of 3.25 mg kg-1 in the lean combustion stage. The use of T4/T2 as 

an input variable is due to the non-dimensionalisation of the engine thrust settings, which enables 

it to be applied to both ground and cruise conditions, as will be further discussed in Section 4.3.2. 

An exponential trendline is selected to estimate the BC EIm for DAC engines in the pilot stage, as 

shown in Figure 4-13 and Eq. (4-17), because it provided the highest R2 (0.866) relative to a 
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quadratic relationship (R2 = 0.846), while a best-fit linear trendline gives a negative EIm when the 

T4/T2 is below 2.08. 

 EIm,DAC [mg kg−1] = 0.0032exp(3.6956
𝑇4

𝑇2
) ,           

𝑇4

𝑇2
< 2.85 (4-17) 

As will be shown in Figure 4-15b, DAC engines operate in the pilot stage when T4/T2 is below 

2.85. To calculate the T4/T2 for each waypoint, T4 is first calculated (ref.185,194), 

 𝑇4[K] =
AFR 𝑐p,a 𝑇3 + LCV

𝑐p,e (1 + AFR)
, (4-18) 

where cp,a (1005 J kg-1 K-1) and cp,e (1250 J kg-1 K-1) are the heat capacity at a constant pressure of 

air and for combustion products, and AFR and T3 are calculated using Eq. (E-14) and Eq. (E-17) 

respectively, which was listed in Appendix E. 

 
Figure 4-13: Predictive relationship to estimate the BC EIm (applicable to ground and cruise conditions) as a 

function of T4/T2 for DAC engines in the pilot stage. Data used in this figure is extracted from the literature95,98, 

and listed in Appendix H. 

 

4.3.2 Particle size distribution & morphology 

For both ground and cruise conditions, the GMD of BC emitted by SAC engines (and DAC engines 

in the pilot stage) typically range from 15 to 45 nm and increases linearly with 
𝐹

𝐹00,max
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(ref.74,95,96,245), while DAC engines operating in the lean combustion stage have a constant GMD 

of around 18 to 23 nm (ref.98). 

For SAC engines, measurements of GMD collected at ground95,245 and cruise conditions74 are 

compiled. The data is used to develop a new predictive relationship to estimate the GMD at the 

engine exit plane as a function of T4/T2, 

 GMDSAC [nm] = 2.5883 (
𝑇4

𝑇2
)

2

− 5.3723 (
𝑇4

𝑇2
) + 16.721 + 𝛿loss, (4-19) 

where T4 is calculated using Eq. (4-18) and δloss is a correction factor used to account for particle 

losses at the instrument sampling point. Two data sources are used to quantify δloss: firstly, the 

GMD at the instrument sampling point measured from the SAMPLE III.298 and NASA ACCESS74 

campaigns are compared with the estimated GMD at the engine exit plane (calculated using the 

SCOPE11 method185, Eq. E-3 to Eq. E-5, where the measured EIm are available and used as inputs); 

secondly, data from Durdina et al.96 provided both the measured GMD (instrument sampling point) 

and the corrected GMD (engine exit plane), which was estimated using the SAE E-31 

methodology300. Given the absence of a systematic trend for δloss versus T4/T2 (shown in Figure 4-

14), δloss is assumed to be uniformly distributed between -3 to -8.5 nm, which covers 95% of the 

data points when error bars are included. 

 
Figure 4-14: Quantification of δloss (the estimated GMD at the engine exit plane minus the measured GMD at 

the instrument sampling point) vs. T4/T2 using data from various experimental campaigns74,96,98. Data used in 

this figure are listed in Appendix H. 
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Figure 4-15a shows that Eq. (4-19) is applicable to estimate the GMD for SAC engines operating 

at both ground and cruise conditions because the 
𝐹

𝐹00,max
 has been non-dimensionalised in the form 

of T4/T2. Contrary to prior work314, the 
𝐹

𝐹00,max
 is not selected as an explanatory variable to estimate 

the GMD based on the following reasons: firstly, the engine has to operate at a higher power than 

indicated by the 
𝐹

𝐹00,max
 to produce the same F at cruise relative to ground conditions. This is 

because of the reduced air density where the maximum thrust that can be produced at cruise is 

lower than the denominator315, F00,max (the maximum rated thrust at sea level and zero speed), and 

engine-specific data on the maximum thrust at cruise is not readily available; similarly, more 

power has to be produced by the engine to achieve the same T4 at cruise relative to ground 

condition because the ambient temperature (and T2) is lower than on the ground194. Therefore, 

given the small sample size for cruise BC measurements, the use of T4/T2 (which essentially 

measures how hard the engine is working in a non-dimensional sense194) overcomes the limitation 

posed by the use of 
𝐹

𝐹00,max
  as an input parameter in estimating the cruise GMD.  

     
Figure 4-15: Predictive relations to estimate the GMD (applicable for both ground and cruise conditions) as a 

function of T4/T2 for (a) SAC, and (b) DAC engines in the pilot and main combustion stage. Data used in this 

figure is extracted from the literature74,95,98,245, and listed in Appendix H. 

For DAC engines (Figure 4-15b), a linear regression is applied on the measurements taken during 

the SAMPLE III.2 campaign98 to approximate the GMD in the pilot stage as a function of T4/T2 



135 
 

(Eq. 4-20), while assuming an average GMD of 20 nm in the lean combustion stage (Eq. 4-21). 

This is based on the rationale that T4/T2 can be universally applied to estimate the GMD at ground 

and cruise conditions (as shown in Figure 4-15a). A step by step procedure to estimate the GMD 

for both SAC and DAC engines is presented as a flow chart in Figure 4-16. 

GMDDAC,pilot [nm] = 26.33 (
𝑇4

𝑇2
) − 35.98 + 𝛿loss  , 

𝑇4

𝑇2
< 2.85 (4-20) 

GMDDAC,lean [nm] = 20 + 𝛿loss  , 
𝑇4

𝑇2
≥ 2.85 (4-21) 

An alternative correlation that estimates the GMD as a function of CBC is also available from the 

SCOPE11 methodology185. However, it was not used because the input parameter CBC has to be 

estimated from the FOX and/or ImFOX methods, which have large uncertainties (as reflected in 

Figure 4-12). 

 
Figure 4-16: Flow chart on the step-by-step procedure to estimate the GMD for both SAC and DAC engines. 

Further details on the thermodynamic equations presented in this figure can be found in Appendix E. 

For both SAC and DAC engines, a fixed GSD value of 1.80 is assumed to represent values at the 

engine exit plane185. This is based on the results of several experimental observations74,95,96,98, 
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which found that the GSD is approximately constant across 
𝐹

𝐹00,max
 (and T4/T2) after correcting for 

particle line losses. 

For values of Dfm, ground measurements have shown that the Dfm from SAC engines increase and 

peak at around 2.80 as 
𝐹

𝐹00,max
 increases226,245, indicating that the BC aggregates becomes 

increasingly spherical at higher engine thrust settings. The Dfm from DAC engines have a limited 

range of between 2.73 and 3 across different 
𝐹

𝐹00,max
 (ref.246). Given that the T4/T2 at cruise and 

take-off conditions are within 5% (ref.194), a constant Dfm value of 2.76 is assumed for both SAC 

and DAC engines at cruise conditions65. This assumption was also previously justified in Table 3-

5 (Section 3.3.3). The BC material density (𝜌0) is assumed to be 1770 kg m-3 (ref.251), while the 

prefactor and exponent coefficients of kTEM and DTEM have constant values of 1.621 × 10−5 and 

0.39 for an aircraft gas turbine engine65,267. 

 
Figure 4-17: Validation of the FA model (using predictive inputs of GMD, and constant values of GSD, Dfm, BC 

𝝆𝟎, kTEM and DTEM) against aircraft cruise measurements from the SULFUR experimental campaign. As the 

measured EIn and EIm were not corrected for particle line losses, δloss is assumed to be zero in this validation. 

Horizontal error bars denote precision errors from repeated measurements with 1σ, while vertical error bars 

for the estimated EIn accounts for 1σ of the measured BC EIm. Detailed data tables are in Appendix H. 

Data from the SULFUR experimental campaign182,192, where cruise measurements of EIn and EIm 

from 5 different aircraft-engine types are available, are used to validate the predictive equation 

used to estimate the GMD (Eq. 4-19), and the assumed values for the GSD (1.80), Dfm (2.76), BC 
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𝜌0 (1770 kg m-3), kTEM (1.621 × 10−5) and DTEM (0.39). For this validation, it is assumed that δloss 

= 0, representing emissions at the instrument sampling point, because the reported EIn and EIm 

were not corrected for particle line losses. Figure 4-17 shows a good agreement between the 

measured and estimated EIn (R2 = 0.62) and the average NMB is + 7.6%. While the EIn is 

overestimated for older aircraft types (ATTAS & Boeing 707) with an average NMB of + 36%, it 

is not representative of the current fleet. 

 

4.3.3 User manual to implement the FA model 

The step-by-step process to implement the FA model in estimating the aircraft BC EIn at cruise 

conditions is summarised in Figure 4-18 and explained in detail: 

 
Figure 4-18: Flow chart outlining the step-by-step procedures to implement the FA model to estimate the 

aircraft BC EIn at cruise conditions. 

STEP 1: Estimate the aircraft engine thrust settings (
𝑚ḟ

�̇�f,max
 or 

𝐹

𝐹00,max
) by dividing the fuel mass 

flow rate (�̇�f) by �̇�f,max, of which the �̇�f for each waypoint is estimated using BADA 3 (as 

described in Section 4.2.3), while the �̇�f,max for each engine type is available in the ICAO EDB61. 
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Once 
𝐹

𝐹00,max
 is available, the T4/T2 for each waypoint can then be estimated according to the 

procedure outlined in Figure 4-16. Further details on the thermodynamic equations required to 

estimate T4/T2 can be found in Appendix E.  

STEP 2: For SAC engines, the range of BC EIm is estimated using both the FOX244 and ImFOX50 

methods. Different inputs parameters are required by the FOX and ImFOX model to estimate the 

BC EIm: (i) for the FOX model, the 
𝐹

𝐹00,max
, VTAS, and engine pressure ratio (𝜋00, available in the 

ICAO EDB61) are needed; and (ii) for the ImFOX, inputs of 
𝐹

𝐹00,max
 and the fuel hydrogen content 

(H=13.8% for conventional fuel) are necessary. For further details, the equations and detailed 

description of each methodology can be found in Appendix E. For DAC engines, the BC EIm in 

the pilot stage is estimated using Eq. (4-17), while assuming a constant EIm of 3.25 mg kg-1 in the 

lean combustion stage. The operating mode of DAC engine (pilot or lean combustion mode) is 

determined using T4/T2 with a cut-off point of 2.85.  

STEP 3: The BC GMD is also estimated using inputs of T4/T2: Eq. (4-19) for SAC engines, and 

Eq. (4-20) and (4-21) for DAC engines. The δloss is assumed to be uniformly distributed between 

-3 to -8.5 nm to account for particle losses in the sampling lines, which represent the characteristics 

of BC emitted at the engine exit plane instead of the instrument sampling point. 

STEP 4: For cruise conditions, a constant BC GSD (1.80), Dfm (2.76), 𝜌0 (1770 kg m-3), kTEM 

(1.621 × 10−5) and DTEM (0.39) are assumed for both SAC and DAC engines.  

STEP 5: All input parameters required for the FA model are now available. Note that the ka and 

Dα terms in the FA model are not required because the assumptions of 𝑘𝑎 = 1 and 𝐷𝛼 =
1

2
𝐷fm has 

been made for aircraft gas turbine engines (previously justified in Chapter 3.3.3).  

 

4.3.4 Uncertainty & sensitivity analysis 

The aircraft BC EIn estimated from the FA model was previously shown in Chapter 3.5.1 to have 

an asymmetrical uncertainty bound of [-54%, +103%] at a 95% confidence interval (CI). However, 

this uncertainty bound assumes that the model input parameters, such as the EIm, GMD and GSD 
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are experimentally measured from aerosol instruments, and therefore have smaller uncertainties 

relative to this application where these input parameters have to be estimated. Larger uncertainties 

in the estimated input parameters have to be accounted for.  

For the FOX244 and ImFOX50 methods (used to estimate the BC EIm from SAC engines), no 

guidance was provided to quantify their respective uncertainties. Therefore, the estimated EIm is 

assumed to have an uncertainty bound of -20% from the FOX and +50% from the ImFOX outputs. 

This uncertainty bound is specified because it covers 8 out of the 9 data points in the validation 

shown in Figure 4-12 (Section 4.3.1) and a uniform distribution is assumed because information 

on the uncertainty distribution is not available. For the estimated BC EIm from DAC engines, a ± 

50% uncertainty with a uniform distribution is assumed for both the pilot and lean combustion 

stage because it covers 95% of the data points (as shown in Figure 4-13).  

For both SAC and DAC engines, the estimated GMD is assumed to have an uncertainty of ± 20%. 

This uncertainty is formulated using a data comparison approach where 95% of the experimental 

measurements are covered by the specified uncertainty bound, and a normal distribution is used 

on the basis that the data points are strongly correlated to the specified trendline (Figure 4-15). An 

alternative estimate of the uncertainty in estimated GMD can be obtained by propagating 

uncertainty in 
𝐹

𝐹00,max
, which is required to estimate T4/T2. The GMD is estimated to have an 

uncertainty of ± 5.5% if a ± 10% uncertainty is assumed in 
𝐹

𝐹00,max
 (ref.25 and Figure 4-11), which 

is within the ± 20% CI defined empirically. In particular, the empirical approach is used ahead of 

error propagations because of data limitations where uncertainties introduced by the equations 

used to calculate the AFR and various thermodynamic quantities (P2, T2, T3, P3 and T4, which are 

required to estimate the GMD) remains unquantified.  

Uncertainty in the δloss term is accounted for by specifying a uniform distribution between -3 to -

8.5 nm, as discussed in Section 4.3.2, while uncertainties for the remaining parameters, such as 

the GSD (± 10%), BC 𝜌0 (± 7.8%), Dfm (± 7.9%), kTEM (± 32.9%) and DTEM (± 18.0%) were 

previously justified in Chapter 3.5.1 and remains unchanged. It is assumed that uncertainties in 

inputs of the FA model are independent and uncorrelated, similar to Chapter 3.5.1, due to the lack 

of measurement data in the literature to evaluate the potential for covariance between parameters.  
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By incorporating these changes, the uncertainties in the estimated EIn is re-calculated using a 

numerical Monte Carlo 10000-member ensemble (similar to Chapter 3.5.1) because of the non-

linear properties of the FA model with higher-order components. Data from the NASA ACCESS 

campaign74, which the input parameters were measured at cruise conditions, are used as absolute 

values for the Monte Carlo simulation. As previously mentioned in Chapter 3.5.1, the differences 

in uncertainty estimates between model runs typically converge to below 1% after 1000 iterations. 

The 95% probabilistic systematic coverage interval and associated uncertainty limits of the FA 

model outputs are determined using the procedure specified by Coleman & Steele287. Figure 4-19 

shows that the uncertainty bound for the estimated BC EIn (from the FA model) is lognormally 

distributed at [-70%, +200%] with a 95% CI. An additional analysis was conducted to assess the 

potential for covariance between kTEM and DTEM: uncertainty in the estimated aircraft BC EIn would 

have minor differences under the assumption where uncertainties in kTEM and DTEM are correlated, 

reducing slightly from the original [-70%, +200%] range to [-68%, +191%]. Hence, the treatment 

of kTEM and DTEM as independent and uncorrelated, in light of data limitations, provides a slightly 

larger but more conservative uncertainty bound for the estimated BC EIn. Table 4-3 summarises 

the uncertainty range and distribution that are specified for the estimated input parameters, and 

uncertainty outputs that are obtained for the FA model, the estimated BC EIn. 

Table 4-3: Summary of the uncertainties and distribution for each input parameters of the FA model and the 

estimated aircraft BC EIn. 

Input Variables Units 
Uncertainty 

Distribution 
Justification/Reference 

BC EIn kg-1 Lognormal [-70%, +200%] (Fig. 4-19) 

     - BC EIm (SAC) mg kg-1 Uniform [-20%, +50%] of FOX & ImFOX outputs (Fig. 4-12) 

     - BC EIm (DAC) mg kg-1 Uniform ± 50% for both pilot & main stage (Fig. 4-13) 

     - GMD nm Normal ± 20% (Fig. 4-15) 

     - GSD - Normal ± 10% (ref.65) 

     - kTEM - Normal ± 32.9% (ref.267) 

     - DTEM - Normal ± 18.0% (ref.267) 

     - Dfm - Normal ± 7.9% (ref.292) 

     - BC ρ0 kg m-3 Normal ± 7.8% (ref.251) 

     - δloss nm Uniform [-8.5nm, -3nm] (Fig. 4-14) 
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Figure 4-19: Uncertainty analysis and distribution of the FA model outputs (the estimated BC EIn for aircraft 

emissions) where predictive inputs of BC EIm, GMD, GSD, Dfm, kTEM and DTEM are used. Absolute values used 

in this uncertainty analysis are listed in Appendix F. 

When applied to quantify the uncertainties of BC EIn in the CARATS Open Data, an uncertainty 

factor is generated for each flight in each Monte Carlo simulation. The nominal BC EIn of all 

waypoints in a given flight is then multiplied with this uncertainty factor. This is because it is 

unrealistic for the estimated EIn to vary from waypoint-to-waypoint especially when the engine is 

operating at a stable state. A variation in uncertainty factor between aircraft (even when they are 

equipped with the same engine type) is also more practical as it indirectly accounts for potential 

differences in BC emissions due to engine degradation and maintenance cycle between flights. 

While it is acknowledged that uncertainties in the BC EIn could be correlated with specific engine 

types and operating conditions, it is currently not feasible to quantify the EIn uncertainties at such 

a resolution because BC emission characteristics have only been measured from a small subset of 

aircraft-engine combinations and predominantly on the ground. The upcoming non-volatile 

particulate matter (nvPM) measurement procedure67,68 endorsed by the International Civil 

Aviation Organisation (ICAO), where measurements of the BC EIn and EIm are mandated for in-

production and new aircraft engine types developed after January 2023, may provide data to 

address this limitation. 

Finally, the Sobol’ method294 is also used to conduct a variance-based global sensitivity analysis, 

similar to Chapter 3.5.2. The results (presented in Figure 4-20) show that the estimated GMD 

contributes to the largest sensitivity to the estimated EIn, followed by inputs of estimated EIm, GSD, 

δloss, DTEM, Dfm, 𝜌0 and kTEM. 
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Figure 4-20: Total-effect sensitivity analysis for the FA model with estimated input parameters. The data table 

used in this sensitivity analysis is listed in Appendix F. 

 

4.4 Application of FA Model to Estimate Aircraft Black Carbon Particle Number 

Emissions 

Section 4.4.1 implements the FA model to the CARATS Open Data to estimate the aircraft BC EIn 

at cruise conditions. Section 4.4.2 then compares the estimated EIn from the FA model with values 

predominantly assumed in existing contrail studies.  

4.4.1 Aircraft black carbon particle number emissions  

The FA model is applied to estimate the BC EIn for all flights in the Japanese airspace. Over the 

six one-week periods, the average BC EIn for: (i) the entire fleet is 1.37 [1.35, 1.39] ×1015 kg-1; (ii) 

aircraft equipped with SAC engines (84% of flights in the dataset) is 1.59 [1.57, 1.62] ×1015 kg-1; 

and (iii) aircraft powered by DAC engines (16% of flights) is 0.38 [0.37, 0.39] ×1015 kg-1 with a 

95% CI.  

Measurements of EIn at cruise range from 0.2 to 0.8 ×1015 kg-1, however these were not corrected 

for particle sampling losses74,192,299. The fleet-average EIn (1.37 [1.35, 1.39] ×1015 kg-1), estimated 

using the methodology formulated in Section 4.3, is higher than cruise measurements as sampling 

losses are accounted for using a δloss factor. If sampling loss corrections are excluded (δloss = 0), 

the nominal EIn for the fleet would decrease to 0.65 ×1015 kg-1, translating to a kSL,num of 2.11. The 
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estimated kSL,num is at the lower bound relative to the range provided by existing studies (from 2 to 

50)96,185 because the nominal GMD value for the fleet (19.3 nm) is above the threshold of dm < 10 

nm, where PN losses become significant245 (typically observed only at low engine thrust settings). 

Figure 4-21 shows the change in estimated BC EIn for SAC and DAC aircraft across different 

phases of flight. For the Boeing 737 aircraft powered by SAC engines (Figure 4-21a), the nominal 

EIn ranges from 1.05 to 1.91 ×1015 kg-1 in the climb and cruise phase. During the descent phase, 

on average, EIn increases from around 0.81 to 2.11 ×1015 kg-1. The higher EIn in the descent phase 

is generally due to the decrease in BC GMD as engine thrust settingsis reduced. Although the 

estimated BC EIm (proportional to the estimated EIn) is also decreasing, results of the sensitivity 

analysis (Figure 4-20) shows that the FA model is most sensitive to the estimated GMD (to which 

EIn is inversely proportional).  

 
Figure 4-21: Changes in the estimated BC EIn across different phases of flight (shown in the right axis). For the 

aircraft in case (a) the Boeing 737-800 (FLT0413, 7th May 2012) was equipped with SAC engines (CFM56-

7B26); while in case (b) the Boeing 777-200LR (FLT0257, 7th May 2012) was powered by DAC engines (GE90-

90B). The shaded regions (in blue) represent the 95% CI. of the estimated BC EIn. 
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For the Boeing-777 aircraft equipped with DAC engines (Figure 4-21b), the nominal EIn in the 

climb and cruise phase is 77% lower than the SAC aircraft, with a constant value of 0.30×1015 kg-

1 because the engines are operating in the lean combustion mode. However, during the descent 

phase, the DAC engines are operating in the pilot stage and as a result, the nominal EIn increases 

by 123% to around 0.65 and 0.71×1015 kg-1.  

On the whole, the results also show that the BC EIn uncertainties from individual flights, 

approximately [-70%, +200%] at a 95% CI, is significantly larger than the uncertainties for the 

fleet-average EIn for the entire dataset [-1.65%, +1.24%]. This is because of the law of large 

numbers where the uncertainties arising from different flights tend to cancel out over time when 

aggregated into a fleet averaged EIn.  

 

4.4.2 Comparison of estimated EIn with values assumed in contrail studies   

The average BC EIn estimated for the entire fleet, 1.37 [1.35, 1.39] ×1015 kg-1, justifies the 

assumptions made by previous contrail studies70,114,128,151,189 to increase their EIn from a constant 

of 0.25 to 1 ×1015 kg-1 when comparing between simulated and observed contrail properties. For 

example: (i) the simulated lifetime of contrail cirrus would only be consistent with satellite 

observations132 when the specified BC EIn is increased by a factor of three; and (ii) Schumann et 

al.99 found that the apparent particle emissions index (AEI in kg-1, the number of contrail ice 

particles formed per mass of fuel burnt) measured behind various airliners could be as high as 0.72 

×1015 kg-1, which is around a factor of two higher than previous assumptions of a low BC EIn (0.25 

×1015 kg-1). 

Given that the FA model is now available to estimate the aircraft BC EIn at cruise conditions, the 

assumption of a low BC EIn (0.25 ×1015 kg-1) in example (ii) can now be re-assessed. Table 4-3 

presents the results of the BC EIn (estimated using the FA model), which the required input 

parameters are predominantly extracted from Schumann et al.99. Both the estimated EIn (FA model) 

for the Airbus A319 (0.94 ×1015 kg-1) and A380 (1.16 ×1015 kg-1) are now 52% and 78% higher 

than the measured AEI (0.45 and 0.25 ×1015 kg-1). Although the estimated BC EIn from the Airbus 

A380 is approximately 23% higher than the A319, the measured AEI is 44% lower. This 

phenomenon could explained with to two possible factors: (i) a higher BC EIn leads to smaller ice 
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particles10 (as shown in Figure 2-2), thereby leading to a higher proportion of ice particles being 

sublimated at the wake vortex phase72,110; as well as (ii) potential differences in the ambient relative 

humidity with respect to ice (RHi) between the two case studies, where in-situ measurements of 

their respective RHi have an uncertainty of ± 10% (ref.114). Nevertheless, the result from the FA 

model is able to explain the previously unresolved observation where the contrail AEI is higher 

than the previously assumed BC EIn, thereby representing a significant improvement and can be 

applied to future contrail studies. 

Table 4-4: Application of the FA model to recalculate the BC EIn emitted by an Airbus A319 and A380 in the 

study of Schumann et al.99.  

Variables Units A319-111 A380-841 Data Source/Rationale 

Number of engines - 2 4 - 

Engine type - CFM56-5B6P Trent970-84 

Schumann et al.99 
Altitude  ft. 35000 35000 

Tamb K 217 217 

VTAS m s-1 224 252 

Mach number (Ma) - 0.759 0.853 Eq. (4-6) 

Fuel burn (all engines) kg km-1 2.4 15.9 Schumann et al.99 

�̇�𝐟 (one engine) kg s-1 0.2688 1.002 - 

�̇�𝐟,𝐦𝐚𝐱 (one engine) kg s-1 0.961 2.6 ICAO EDB61 

Thrust settings (�̇�𝐟/�̇�𝐟,𝐦𝐚𝐱) - 0.280 0.385 - 

Pressure ratio (∏00) - 24.64 38.97 ICAO EDB61 

Pamb Pa 23842 23842 ICAO Standard Atmosphere316 

P2 Pa 34907 38372 Eq. (E-19) 

P3 Pa 265720 599702 Eq. (E-18) 

T2 K 242.0 248.6 Eq. (E-20) 

T3 K 460.9 595.0 Eq. (E-17) 

AFR - 87.84 78.98 Eq. (E-14) 

T4 K 755.4 904.5 Eq. (4-17) 

T4/T2 - 3.122 3.638 - 

BC EIm (FOX) mg kg-1 16.17 31.40 Stettler et al.244 

BC EIm (ImFOX) mg kg-1 24.49 104.5 Abrahamson et al.50 

BC EIm (Nominal) mg kg-1 24.83 90.97 Section 4.3.1 

GMD (Nominal) nm 19.42 28.46 Eq. (4-19) 

GSD - 1.8 1.8 

Section 4.3.2 

δloss (Nominal) nm 5.75 5.75 

Dfm - 2.76 2.76 

kTEM ×10-5 1.621 1.621 

DTEM - 0.39 0.39 

BC EIn (Nominal, FA model) ×1015 kg-1 0.940 1.160 Fig. (4-18) 

AEI (Measured) ×1015 kg-1 0.450 0.250 Schumann et al.99 
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Finally, differences in the average BC EIn emitted by SAC (1.59 [1.57, 1.62] ×1015 kg-1) and DAC 

(0.38 [0.37, 0.39] ×1015 kg-1) engines will likely lead to significant discrepancies in the contrail 

characteristics10 (Figure 2-2) and climate forcing180, as will be assessed in detail using the CoCiP 

contrail model in the next chapter.  

 

4.5 Conclusions 

This chapter sets out in applying the FA model to estimate the aircraft BC EIn at cruise conditions. 

The CARATS Open Data, which provides six one-week periods of air traffic movements over 

Japan, is selected because of its high spatiotemporal resolution where the 3D position of individual 

flights is tracked every 10 s. However, a series of data cleaning and correction steps have to be 

applied to the CARATS Open Data to account for the presence of erroneous data. BADA 3 (ref.204) 

is then used to estimate the fuel consumption and engine thrust settings for each flight.  

The FA model requires inputs of the BC EIm, PSD and morphology to estimate the EIn, but these 

parameters are predominantly measured on the ground from a small number of aircraft-engine 

combinations, with an even limited amount of measurements at cruise conditions. Therefore, 

existing models and datasets are reviewed to select or develop relationships to predict these 

parameters at cruise. In summary: (i) the FOX244 and ImFOX50 methods are used to estimate the 

lower and upper bounds of EIm for conventional SACs, and following comparison between 

measurements and estimates of EIm at cruise, the uncertainty bound is enlarged by -20% of the 

FOX and +50% of the ImFOX estimates to reflect significant uncertainties; (ii) T4/T2 is used to 

estimate the EIm for DACs in the pilot stage (T4/T2 < 2.85) and constant values of 3.25 mg kg-1 are 

assumed in the lean combustion stage (T4/T2 ≥ 2.85); (iii) the GMD for both SAC and DACs are 

also estimated as a function of T4/T2 and comparisons are made to measurements to estimate a 95% 

CI of ± 20%; (iv) constant GSD (1.80), Dfm (2.76), kTEM (1.621 × 10−5) and DTEM (0.39) are 

assumed at cruise; and (v) particle sampling losses are corrected for and EIn at the engine exit 

plane is estimated by subtracting a correction factor δloss from the GMD, assumed to be uniformly 

distributed between 3 and 8.5 nm, which implicitly assumes that sampling losses predominantly 

affect the smallest particles causing an increase in the GMD at the instrument measurement point 

and that the reduction to EIm is negligible. 
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For the six one-week periods of air traffic data, the fleet-average EIn is 1.37 [1.35, 1.39] ×1015 kg-

1. This value is higher than measurements of EIn at cruise (ranging from 0.2 to 0.8 ×1015 kg-1) 

because sampling losses have been accounted for, and is also consistent with previous contrail 

studies that have inferred the EIn to be >1015 kg-1 in order to achieve best agreement between 

modelled and in-situ measured and satellite-observed contrail properties. On average, the BC EIn 

from cleaner DAC engines (0.38 [0.37, 0.39] ×1015 kg-1) is around 76% lower than that of 

conventional SAC engines (1.59 [1.57, 1.62] ×1015 kg-1), and this is expected to alter the 

characteristics of young contrails as will be explored in the next chapter. For individual flights, 

uncertainty in the estimated EIn is lognormally distributed with a 95% CI at [-70%, +200%], which 

is an order of magnitude larger than uncertainties in the fleet-averaged EIn, [-1.65%, +1.24%]. This 

is due to the law of large numbers where uncertainties from individual flights cancel out when 

aggregated across the fleet. 

Following a successful application to estimate the aircraft BC EIn at cruise, the next chapter will 

incorporate the FA model to the CoCiP contrail model70 with the goal of improving the accuracy 

of the simulated contrail characteristics and climate forcing. Given that the uncertainty on the 

aircraft BC PN emissions has also been successfully quantified for the first time, it will be 

propagated forward to quantify uncertainties in the modelled contrail outputs.  
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5. MODELLING THE CLIMATE FORCING OF AIRCRAFT 

CONTRAILS IN A HIGH-DENSITY AIRSPACE WITH 

UNCERTAINTY QUANTIFICATION 

The contents included in this chapter is based on the work that has been peer reviewed and 

published in the Environmental Science & Technology scientific journal (Teoh et al.296). 

The Fractal Aggregates (FA) model, an improved methodology to estimate the aircraft black 

carbon (BC) particle number (PN) emissions, has been developed (Chapter 3) and successfully 

applied to an aircraft activity dataset (Chapter 4). This chapter will incorporate the FA model to 

the Contrail Cirrus Prediction Model (CoCiP) to improve the accuracy of the simulated contrail 

outputs. The uncertainties arising from the aircraft BC PN emissions and meteorology will also be 

propagated forward to quantify the uncertainty of various contrail outputs.  

 

5.1 Introduction 

5.1.1 Context 

Contrails typically form behind an aircraft at altitudes above 7.5 km (> 24,500 feet) when the 

ambient humidity is supersaturated with respect to ice (RHi > 100%)9,72,189. At cruising altitudes, 

BC particles emitted from the exhaust of aircraft engines act as the primary source of condensation 

nuclei for the formation of contrail ice particles91. The aircraft BC PN emissions per mass of fuel 

burnt (number emissions index, EIn in kg-1) is an essential input parameter for contrail models70,73 

because various contrail properties such as the contrail ice particle number, radius (r) and optical 

depth (τ) are strongly correlated to the BC EIn (ref.10,70).  

The lifetime of most contrails is limited to a few minutes as it gets entrained and sinks together 

with the aircraft wake vortex, where adiabatic heating and ice sub-saturated conditions (i.e. drier 

and warmer air) at a lower altitude can facilitate the ice particles to sublimate11,112. However, 

contrails can persist and spread under ice supersaturated conditions. The evolution of contrail 

characteristics are influenced by meteorology and complex atmospheric processes with large 

uncertainties: ambient temperature (Tamb) and specific humidity (q) determines the contrail lifetime; 
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while horizontal wind components (U and V), shear and vertical velocity (ω) impact the spreading 

and coverage area of contrails9,69,70,72. Over time, persistent contrails spread and mix with other 

contrails and natural cirrus, transitioning into contrail cirrus which can have lifetimes of up to 19 

h (ref.13), as well as an estimated global coverage area of between 0.1 to 0.4% (ref.70,134,135) and up 

to 10% in regions with high air traffic density133,136. 

Contrails formed during the day can reflect incoming shortwave (SW) solar radiation back to space 

and cool the surface, while it traps and reflects outgoing longwave (LW) infrared radiation at all 

times and contribute to a greenhouse effect145. The contrail net RF, which describes the 

instantaneous change in energy flux caused by contrails at the top of the atmosphere per unit area 

(globally or in a specified domain) and time69, is dictated by the counterbalance between the SW 

and LW RF. Both the SW and LW RF are highly dependent on the contrail characteristics, surface 

albedo, diurnal and seasonal cycles, as well as meteorological and radiation parameters such as the 

natural cirrus coverage, specific ice water content (IWC) and optical depth (τc), the solar direct 

radiation (SDR), reflected solar radiation (RSR) and outgoing longwave radiation (OLR)9,69,71,88,145. 

Globally, the annual mean net RF of contrail cirrus is estimated to range from 0.01 to 0.09 W m-2, 

comparable to the integrated historical CO2 emissions from aviation activity (0.015 to 0.04 W m-

2), and could exceed  1 W m-2 over areas with a high volume of air traffic72,79,133,151–153. For the 

local contrail RF from individual contrail segments (RF’), defined as the change in energy flux per 

contrail area, the estimated values can have a larger range of between ± 60 W m-2 with a mean of 

10 W m-2 (ref.128,129).  

An alternative metric that has been used to quantify the contrail climate forcing is the energy 

forcing (EF, in units of J) or the EF per flight distance (J m-1)69,77,79. It is calculated as the contrail 

RF’ multiplied by its dimensions (length and width) and integrated over its lifetime (Eq. 2-1), and 

is capable of measuring the contrail climate forcing arising from individual flights. According to 

Schumann et al.79, the mean EF per length of contrail is approximated to be positive at 0.25 ×108 

J m-1, but with a large variance ranging from -4 to 24 ×108 J m-1. 

A number of models have been developed to estimate the contrail characteristics and climate 

forcing, ranging from large-eddy simulations (LES)107,112,116,171–175 to atmospheric general 

circulation models (GCM)134,135,177. However, LES require large computational times, while 

GCMs only provide aggregated contrail outputs at a grid box level. The CoCiP contrail model70 
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and Contrail Evolution and Radiation Model (CERM, a derivative of CoCiP)73 provides a balance 

between a LES and GCM by utilising parameterised physics to simulate the entire lifecycle of 

contrail segmnents produced by individual flights with a short computational time. However, both 

CoCiP and CERM: (i) currently adopt inputs of the aircraft BC EIn that is constant for all 

conditions, at 1015 kg-1, because of limitations in existing methodologies that are available to 

estimate the aircraft BC EIn; and (ii) do not comprehensively account for the various uncertainties 

affecting the simulated contrail characteristics and climate forcing. The uncertainty bounds in the 

contrail climate forcing, which are known to be significant16,72, can be attributed to uncertainties 

in the contrail characteristics (partly due to limitations in existing BC EIn estimates), ice 

microphysics and particle habit mixtures, ambient meteorology and radiative transfer 

schemes10,69,155,317. Uncertainties in meteorology and radiation were not accounted for in previous 

contrail studies70,73,77,79,128 because existing numerical weather prediction (NWP) models, such as 

the Integrated Forecast System (IFS) from the European Centre for Medium-Range Weather 

Forecast (ECMWF)209, the Global Forecast System (GFS) and Rapid Refresh (RAP) dataset from 

the US National Centers for Environmental Protection (NCEP)208, only provide nominal values 

without an uncertainty bound. 

To overcome these limitations, the newly developed Fractal Aggregates (FA) model65, capable of 

estimating the BC EIn for specific aircraft-engine types and engine thrust settings (as described in 

detail in Chapters 3 and 4), can be incorporated into CoCiP or CERM to: (i) improve upon the 

simplifying assumption of a constant BC EIn; and (ii) propagate the uncertainty in BC EIn to the 

modelled contrail properties. Additionally, a recently released dataset, the ECMWF Reanalysis 5 

(ERA5) ten-member ensemble (EDA) which include uncertainties on various meteorological and 

radiation parameters318, can also be used to propagate their respective uncertainties to the 

simulated contrail characteristics and climate forcing. 

 

5.1.2 Chapter outline 

To address the gaps in knowledge identified in Section 5.1.1, this chapter sets out to: (i) incorporate 

the FA model to the CoCiP contrail model to more accurately simulate the characteristics and 

climate forcing of contrails in the Japanese airspace (using the CARATS Open Data previously 

described in Chapter 4.2, where six one-week periods of air traffic data is provided); and (ii) 
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evaluate the uncertainty of the climate forcing of contrails due to uncertainties in aircraft BC EIn 

and meteorology. Figure 5-1 presents a flow chart highlighting the contribution of this chapter 

with respect to the overall research roadmap.  

The meteorological datasets that are used for contrail modelling are discussed in Section 5.2, while 

modifications applied to the CoCiP contrail model and the methodology to account for 

uncertainties in the simulated contrail outputs are outlined in Section 5.3. Next, results for the 

modelled contrail characteristics and climate forcing in the Japanese airspace is presented in 

Section 5.4. Finally, the main findings of this chapter are summarised in Section 5.5. 

 
Figure 5-1: Flow chart outlining the focus of this chapter with respect to the overall research roadmap. 

 

5.2 Meteorological Datasets 

Section 5.2.1 describes the meteorological datasets, in particular, the ECMWF ERA5 EDA and 

high-resolution realisation (HRES) reanalysis, that will be used as inputs to the CoCiP contrail 

model. The quality of these datasets is then assessed in Section 5.2.2 by validating it with a number 

of parameters where in-situ measurements are available.  

5.2.1 ECMWF ERA5 datasets 

The ECMWF is cited to be the world-leading weather forecast centre which provides high-quality 

NWP and reanalysis datasets319,320, and the ERA5 is a reanalysis dataset that combines historical 

observational data with models to provide a 4D numerical description of the recent climate. It is 

the ECMWF’s fifth-generation reanalysis data and a successor to the ERA5-Interim reanalysis318 

and contains many improvements such as the incorporation of more extensive observational inputs 

to the data assimilation system, a higher spatiotemporal resolution and the revaluation of finer 
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meteorological structures in the atmosphere321. There are two distinct product types in the ERA5 

(ref.310): the ERA5 HRES reanalysis contains nominal climate data at a very high spatial (0.25° × 

0.25°) and temporal resolution (hourly), while the ERA5 EDA provides 10-member ensemble 

means and standard deviations to account for observational, model and boundary condition 

uncertainties in the reanalysis but at a lower spatial (0.5° × 0.5°) and temporal resolution (3-hourly). 

The respective characteristics and a comparison between the ERA5 EDA and HRES 

meteorological dataset are presented in Table 5-1.  

Table 5-1: Comparison between the ERA5 EDA and HRES meteorological dataset produced by the ECMWF. 

  ERA5 EDA ERA5 HRES 

Horizontal Grid Resolution 0.5° × 0.5° 0.25° × 0.25° 

Vertical Resolution 37 levels up to 1 hPa 37 levels up to 1 hPa 

Temporal Resolution 3-hourly Hourly 

Nominal Values 10-member ensemble mean Single-run realisation 

Standard Deviation ✓ 🗴 

File Size per day ≈ 1.5 GB ≈ 10 GB 

Variables Downloaded 

- Specific cloud ice water content - Vertical velocity 

- Specific humidity - Geopotential 

- Ambient temperature - TOA incident solar radiation 

- U-component of wind - Top net solar radiation 

- V-component of wind - Top net thermal radiation 

Both the ECMWF ERA5 EDA and HRES reanalysis are selected for the purpose of this study 

because: (i) the EDA contains the ensemble standard deviation to account for meteorological 

uncertainties (an example is shown in Figure 5-2); (ii) the spatiotemporal resolution of the HRES 

is superior relative to the GFS and IFS (0.5° × 0.5°, 3-hourly resolution); (iii) both datasets contain 

all the necessary meteorological and radiation data for contrail analysis; and (iv) are also publicly 

available322. The methodology used to propagate the meteorological uncertainties from the ERA5 

EDA dataset to approximate the 95% confidence interval (CI) of the characteristics and climate 

forcing of contrails will be described in detail in Section 5.3. 
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Figure 5-2: Example of the meteorological data (ambient temperature) provided by the ERA5 EDA’s 10-

member ensemble (a) mean, and (b) standard deviation at 36,000 feet, 00:00 UTC, 7th of September 2012.  

Eq. (5-1) is used to calculate the relative humidity with respect to ice (RHi),  

where pw is the pressure altitude for each waypoint (in units of Pa), R1 (461.51 J kg-1 K-1) and R0 

(287.05 J kg-1 K-1) are the real gas constant for water vapour and air respectively, and pice is the 

saturation pressure over ice water surfaces323, 

For the purpose of contrail modelling, the q (and RHi) in both the ERA5 EDA and HRES datasets 

are increased by dividing it with an enhancement factor (RHic = 0.9), in line with previous 

 RHi =
𝑞×𝑝𝑤×𝑅1

𝑝ice(𝑇amb)×𝑅0
,  (5-1) 

𝑝ice[Pa] = 100exp [
−6024.5282

𝑇amb
+ 24.721994 + 0.010613868𝑇amb − 1.3198825 ×

10−5𝑇amb
2 − 0.49382577ln (𝑇amb)].  

(5-2) 
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studies70,128,324. This is due to the sub-grid scale variability that cannot be resolved from the 

resolution of existing meteorological datasets that are available, where a grid cell could be locally 

supersaturated even though it is sub-saturated on aggregate. For further details on the enhancement 

of q and RHi, the reader is referred to the next subsection (Section 5.2.2). The τc above a given 

altitude is calculated as a function of the specific cloud IWC and geopotential, in line with the 

procedure used by Schumann70. 

For radiation parameters, both the ERA5 datasets provide the incident solar radiation at the top of 

atmosphere (TISR, in units of J m-2), top net solar radiation (TSR, in units of J m-2), and the top 

net thermal radiation (TTR, in units of J m-2). However, minor difference between these radiation 

parameters are highlighted due to differences in the data assimilation procedures between the 

ERA5 EDA and HRES: the radiation parameters provided by the ERA5 EDA are accumulated 

values between corresponding time steps, while the ERA5 HRES provides cumulative values from 

the first time step325. To calculate the mean flux in a given time interval (in units of W m-2), the 

accumulated values are divided by the time period over which the data has been accumulated325. 

To account for these differences, Eq. (5-3) to Eq. (5-5) are used to calculate the SDR, RSR and 

OLR for the ERA5 EDA,  

 SDREDA [W m−2] =
TISR(𝑡)

(3×3600)
,  (5-3) 

 RSREDA [W m−2] =
TISR(𝑡)−TSR(𝑡)

(3×3600)
,  (5-4) 

 OLREDA [W m−2] =
TTR(𝑡)

(3×3600)
, (5-5) 

while Eq. (5-6) to Eq. (5-8) are used for the ERA5 HRES, 

 SDRHRES [W m−2] =
TISR(𝑡)−TISR(𝑡−1)

3600
,  (5-6) 

 RSRHRES [W m−2] =
[TISR(𝑡)−TSR(𝑡)]−[TISR(𝑡−1)−TSR(𝑡−1)]

3600
, (5-7) 

 OLRHRES [W m−2] =
TTR(𝑡)−TTR(𝑡−1)

3600
. (5-8) 
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5.2.2 Validation of the ERA5 Datasets 

The ERA5 datasets have also been validated with meteorological data provided by the In-Service 

Aircraft for a Global Observing System (IAGOS) Measurement of Ozone and Water Vapour by 

Airbus in-service aircraft (MOZAIC) campaign326, a European Research Infrastructure for global 

observations of atmospheric composition measured from commercial aircraft. The meteorological 

parameters available from the MOZAIC dataset (Tamb, U, V and q) were measured in-situ by 28 

distinct flights and 42,713 waypoints, and the RHi is estimated from Tamb and q using Eq. (5-1). 

These selected flights provided by the MOZAIC dataset are flown over the Japanese airspace 

(trajectories shown in Figure 5-3) and within the time period covered by the CARATS Open Data. 

The validation results (presented in Figure 5-4) show that Tamb, U and V are in good agreement 

between the ERA5 EDA and MOZAIC datasets: the R2 values range from 0.947 to 0.995, and their 

respective magnitude and distribution (as shown in the histograms in Figure 5-4) are generally 

consistent. However, a comparison of the RHi values showed a lower correlation (R2 = 0.434), and 

the histogram (Figure 5-4d) also shows that the RHi from the ERA5 EDA peaks at just slightly 

above ice supersaturation (RHi ≈ 100%) while a right tail (with higher RHi values of between 120% 

to 150%) is observed for the MOZAIC dataset. Similar results are obtained for the four 

meteorological parameters when the ERA5 HRES is compared with the MOZAIC dataset. 

 
Figure 5-3: Trajectories of the 28 flights provided by the IAGOS MOZAIC dataset, where in-situ 

measurements of Tamb, U, V and q were performed.  
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Figure 5-4: Validation of the ERA5 EDA meteorological dataset against in-situ measurements of the Tamb, U, V 

and RHi provided by the IAGOS MOZAIC dataset.  
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According to the literature324,327, the higher RHi values (120 to 150%) from in-situ measurements 

(MOZAIC) are due to in-cloud supersaturation. They are realistic and occur in the atmosphere 

both in clear and cloudy air with low concentrations of ambient ice particles. However, the 

ECMWF models (such as the ERA5 EDA and HRES) rarely predict high supersaturations because 

it uses an approximated method to compute ice supersaturation: ice in a cloud-free grid cell is 

formed only when the relative humidity reaches the limit for homogeneous ice nucleation. The 

ECMWF models then adopt a simplified assumption on the relaxation time, defined as the time 

taken for the ambient supersaturation to dissipate and reach equilibrium at RHi ≈ 100% (ref.328), 

where all supersaturated humidity is converted into ice and the RHi returns to ice saturation (RHi 

= 100%) within one time step327,329. In other words, the ECMWF models set the RHi in the grid 

box to 100% once a cloud is detected in it330. In reality, however, the relaxation time depends on 

the number of ambient ice crystals and the deposition of ambient water vapour on the ice crystals: 

a higher number of ambient ice crystals increase the consumption rate of excess water vapour, 

thereby reducing the relaxation time328. Given the adoption of simplified assumptions, the ERA5 

EDA (and HRES) shows an RHi distribution with rare occurrences of high ice supersaturations, 

and in many cases, the ice supersaturation is just above or close to 100%.  

Therefore, to overcome the limitations of the ECMWF meteorological datasets, previous studies 

that used the CoCiP contrail model70,128 corrected for this approximate form of ice supersaturation 

by enhancing q (and the RHi) from the ERA5 EDA and HRES by dividing it with RHic (= 0.9). 

This approach also indirectly accounts for the sub-grid scale variability that cannot currently be 

resolved from the resolution of existing NWP models. Further descriptions of the RHic parameter 

is provided in Section 5.3.  

 

5.3 CoCiP contrail model & propagation of uncertainties 

CoCiP, a Lagrangian model based on parameterised physics, is used to simulate the lifecycle of 

contrails that are formed along flight routes. As the CoCiP contrail model was previously described 

in Chapter 2.4.3, this subsection highlights the: (i) rationale for its selection; (ii) modifications that 

have been made to CoCiP; and (iii) the methodology to propagate uncertainties in the aircraft BC 

EIn and meteorology to quantify the uncertainty of various contrail properties. Further details on 

the equations and structure of CoCiP can be found in the literature70,71 or in Appendix I. 
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Two main reasons justify the selection of CoCiP for this research. Firstly, CoCiP was made 

available by the German Aerospace Center, while the CERM contrail model is not publicly 

available. However, given that CERM is a derivative of CoCiP with minor differences in the 

treatment of background ice nuclei entrainment (as outlined in Chapter 2.4.3), differences in the 

modelled contrail outputs are unlikely to be significant. Secondly, CoCiP is also selected ahead of 

a LES and GCM primarily due to the computational efficiency requirements needed to simulate a 

very large number of contrail segments. The aircraft activity dataset (CARATS Open Data) tracks 

the 3D position of individual flights every 10 s, which translates to an average contrail segment 

length of approximately 2 km. This is the first time where CoCiP is applied to simulate contrails 

at such a high spatial resolution, which is a significant improvement because the formation and 

characteristics of contrails are highly dependent on the aircraft trajectories. Previous studies70,79,128 

that simulated contrails with CoCiP relied on the Federal Aviation Administration’s (FAA) 

Aviation Environment Design Tool (AEDT)156. Although global air traffic data for the year 2006 

are provided, flight segments have to be interpolated with an average length of 42 km (ref.79) 

because flights within North America and Europe are tracked with an inconsistent temporal 

resolution (between 36 to 540 s), while great-circle distances are assumed for all other flights. 

Three separate model setups with different inputs of aircraft BC EIn and meteorology are 

performed to simulate the contrail characteristics and climate forcing that is formed in the Japanese 

airspace. The differences between model setups are summarised in Table 5-2 and elaborated 

(below): 

Table 5-2: Summary of the three model setups that are prescribed for contrail simulations, where different 

inputs of aircraft BC EIn and meteorology are used in the CoCiP contrail model.  

Contrail Simulation 
Inputs to CoCiP Uncertainty Quantification 

in Model Outputs Aircraft BC EIn Meteorology 

Model Run 1 (MR1) FA model ERA5 EDA ✓ 

Model Run 2 (MR2) FA model ERA5 HRES 🗴 

Model Run 3 (MR3) Constant EIn (1015 kg-1) ERA5 HRES 🗴 

Model Run 1 (MR1) utilises a Monte Carlo simulation to propagate uncertainties arising from the 

estimated BC EIn and meteorology to the simulated contrail outputs. The BC EIn is estimated using 

the FA model (Chapter 4.3.3) to overcome the assumption of a constant BC EIn that was adopted 
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in previous contrail studies70,73,128. As previously justified in Chapter 4.3.4: (i) uncertainty in the 

estimated EIn was shown to be lognormally distributed with a 95% CI at [-70%, +200%]; and (ii) 

a random uncertainty factor is generated for each flight and then applied to the nominal EIn of their 

respective set of waypoints in a given Monte Carlo simulation to account for the uncertainty in EIn. 

Uncertainties in meteorology and radiation are provided by the ERA5 EDA: for each parameter, 

the ensemble standard deviation provided by the ERA5 EDA at 1σ (67% CI) is first multiplied by 

1.96 to obtain the 95% CI, and these uncertainties are assumed to follow a Gaussian distribution331. 

Similar to the BC EIn, a random uncertainty factor is generated for each meteorological and 

radiation parameter between time slices and Monte Carlo simulations, thereby assuming that the 

uncertainties are spatially correlated. Figure 5-5 and Table 5-3 summarises the uncertainties that 

are propagated to simulate the 95% CI of various contrail properties, including the contrail 

dimensions (length, width and depth), ice particle mean radius, optical depth (τ), RF and EF. 

Although it is acknowledged that further uncertainties exist between different contrail models and 

radiative transfer schemes, a multi-model comparison is out of the scope of this thesis. 

The number of Monte Carlo simulations performed by CoCiP in MR1 is restricted to 100. This is 

because of the high temporal resolution of the CARATS Open Data, where the position of each 

flight is recorded every 10 s. It takes approximately 5 h of computational time for CoCiP to 

complete one Monte Carlo simulation through the six one-week periods of air traffic data, or 500 

h (20.8 days) if the number of Monte Carlo simulation is specified to 100. Two solutions are 

implemented to reduce this computational time: firstly, the structure and logic of CoCiP are 

slightly modified to break the overall task into smaller pieces for parallel computing, where the 

computational time is reduced to approximately 48 h (2 days). The randomised uncertainty factors 

that are applied to each input variable and Monte Carlo simulation are also saved as a matrix to 

ensure that the model outputs are reproducible; secondly, stochastic factors applied to model the 

uncertainties in aircraft PN emissions and meteorology are generated using a quasi-random low-

discrepancy Sobol sequence294 and then scrambled using the Matousek-Affine-Owen algorithm332 

to ensure a rapid rate of convergence. When compared with purely random numbers, the quasi-

random numbers are able to cover the domain of interest more rapidly and evenly, thereby 

increasing the rate of convergence294. Using this approach, Figure 5-6 shows that the fleet-

aggregated contrail outputs converge to within 0.1% after 100 simulations, while Figure 5-7 shows 
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that the outputs from individual flights (which contrail uncertainties are larger than the fleet-

aggregated values, as will be shown in Section 5.4.2) converge to within 1%. 

 
Figure 5-5: Flow chart of the input parameters, which uncertainties are propagated forward to the modelled 

contrail outputs in MR1. 

 

Table 5-3: Summary of the uncertainties and distribution of the input parameters that are used in MR1 for 

forward propagation to the modelled contrail outputs, where a 95% CI is specified. 

 
Input Variables Units 

Uncertainty 

Distribution 
Notes 

Aircraft 

Emissions 
BC EIn kg-1 Lognormal 

[-70%, +200%], justified in 

Chapter 4.3.4 

Meteorological 

Inputs 

Ambient temperature (Tamb) K Normal 

10-member ensemble mean 

and standard deviation 

provided by the ERA5 EDA 

Specific humidity (q) kg kg-1 Normal 

U-component of wind (U) m s-1 Normal 

V-component of wind (V) m s-1 Normal 

Vertical velocity (ω) Pa s-1 Normal 

Specific cloud IWC kg kg-1 Normal 

Radiation 

Inputs 

Reflected solar radiation (RSR) W m-2 Normal 
10-member ensemble mean 

and standard deviation 

provided by the ERA5 EDA Outgoing longwave radiation (OLR) W m-2 Normal 
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Figure 5-6: Convergence of the fleet-averaged contrail outputs in MR1, including the: (i) total number of flights 

forming contrails; (ii) mean contrail segment age; (iii) ice particle volume mean radius; (iv) optical depth; (v) 

net RF; and (vi) contrail EF, relative to the number of Monte Carlo simulation. After 100 simulations, the 

percentage difference in mean values with respect to previous estimates are typically below 0.1%. 
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Figure 5-7: Convergence of the contrail outputs produced by an individual flight (an Airbus A330-300 on the 

6th of September 2012) relative to the number of Monte Carlo simulations in MR1. After 100 simulations, the 

percentage difference in mean values with respect to previous estimates for the: (i) total number of contrail 

waypoints; (ii) mean contrail segment age; (iii) ice particle mean radius; (iv) optical depth; (v) net RF’; and (vi) 

contrail EF converges to below 1%.  

For Model Run 2 (MR2), nominal values of the aircraft BC EIn and meteorology are used as inputs 

to CoCiP: the BC EIn for each waypoint is estimated using the FA model65, together with 

meteorology from the ERA5 HRES, which has the highest spatiotemporal resolution relative to 
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existing meteorological datasets (Chapter 5.2.1). The nominal contrail outputs are then compared 

with the results of MR1 to identify possible discrepancies that could arise from the higher 

spatiotemporal resolution of the ERA5 HRES relative to the ERA5 EDA. 

Finally, Model Run 3 (MR3) uses constant BC EIn values of 1015 kg-1 for all waypoints, in line 

with recent contrail studies73,128, and nominal meteorology from the ERA5 HRES. The simulated 

contrail properties are then compared with the results of MR2 to evaluate potential differences in 

the modelled contrail outputs and assess the error magnitude that could be introduced by assuming 

a constant aircraft BC EIn. 

For all three model setups (MR1, MR2 and MR3), the q (and RHi) from the ERA5 EDA and HRES 

datasets are enhanced by dividing it with RHic (= 0.9), for reasons that were previously mentioned 

in Section 5.2.2. While the presence of uncertainties in RHic is acknowledged, this parameter is 

kept constant at 0.9 because of the limitation where its uncertainty range and distribution cannot 

be quantified. A workaround to circumvent the use of RHic has been attempted by using in-situ 

RHi measurements provided by the IAGOS MOZAIC dataset326 (described in Section 5.2.2) to 

correct for the RHi provided by the ERA5 datasets. However, it is concluded that a complete 

assessment is not possible because: (i) in-situ measurements of the RHi were only collected from 

28 distinct flights with a limited coverage within the domain of the CARATS Open Data; which 

leads to (ii) an incomplete dataset to fully capture the spatial distribution and day-to-day variation 

of the RHi over Japan; and (iii) uncertainties in the ambient water vapour measurements, which is 

used to compute the RHi in the MOZAIC dataset. A second attempt was also made by specifying 

an arbitrary uncertainty range for the RHic in the Monte-Carlo simulation of MR1, and uncertainty 

in the RHic is treated to vary between Monte Carlo simulations rather than each time step because 

the RHic is not expected to vary temporally. However, this approach leads to unrealistic scenarios 

where one Monte Carlo simulation generates a large number of contrails (i.e., when RHic = 0.85) 

and another where negligible contrails are produced (RHic = 0.95) throughout the six one-week 

periods of data available. Additionally, the uncertainties introduced by the RHic would overshadow 

all other uncertainties arising from the BC PN emissions and meteorology. Based on these 

limitations, uncertainty in the RHic is therefore not included, and the q provided by the ERA5 

datasets is enhanced by dividing it with RHic (= 0.9), in line with the methodology of previous 

studies70,128,324.  
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To reduce the complexity and computational demands, CoCiP was run in an offline mode with no 

interaction between atmospheric humidity, natural cirrus and other contrails, and without the 

effects of ambient ice nuclei entrainment. The absence of these features is unlikely to cause large 

discrepancies in the modelled contrail characteristics and climate forcing: when CoCiP was 

coupled to a global aerosol-climate model, the characteristics and climate forcing of contrails was 

estimated to vary by [-30%, +5%] relative to the offline scenario128; and the annual mean BC PN 

concentration emitted by aircraft in a high-density airspace (≈ 106 m-3) (ref.187) is three orders of 

magnitude greater than the background ice nuclei (≈ 103 m-3, which was assumed by the CERM 

contrail model73). Nevertheless, previous studies, which run CoCiP in an offline mode, have also 

validated the modelled contrail properties with in-situ measurements and satellite observations, 

and the results showed good agreements70,99,114,129,151,189,190. 

 

5.4 Characteristics and Climate Forcing of Contrails 

Contrails formed in the Japanese airspace are modelled for individual flights and then aggregated 

to obtain mean values for the entire fleet. Figure 5-8 provides a 3D visualisation of the flight 

trajectories and location of individual waypoints forming contrails.  

 
Figure 5-8: 3D visualisation of the flight trajectories provided by the CARATS Open Data. The location of 

individual waypoints forming contrails is also plotted on top of the flight trajectories, together with their initial 

RHi for which contrails are formed (colour bar). 
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Section 5.4.1 presents the results for the entire fleet, while Section 5.4.2 shows a case study where 

the evolution of contrails produced by a single flight is described in detail. Finally, Section 5.4.3 

evaluates the discrepancies in contrail characteristics produced by aircraft equipped with 

conventional single annular combustors (SAC) against those that are powered by cleaner-burning 

double annular combustors (DAC), where the BC EIn is estimated to be 76% lower than that of 

SAC engines (Chapter 4.4.1). 

 

5.4.1 Entire fleet 

The characteristics and climate forcing of contrails over Japan are separately modelled with CoCiP 

using inputs of BC EIn and meteorology from: (i) the FA model and ERA5 EDA, where uncertainty 

bounds in the modelled contrail outputs are quantified (MR1); (ii) the FA model and ERA5 HRES 

reanalysis (MR2); and (iii) constant values of BC EIn (1015 kg-1) and the ERA5 HRES reanalysis 

(MR3). Differences between the three separate model runs were previously outlined in Section 5.3. 

For all three model setups, hourly outputs of ten selected contrail parameters are presented in 

Figure 5-9, while the fleet-aggregated values are summarised in Table 5-4.  

Table 5-4: Fleet-average contrail characteristics and climate forcing over the six one-week periods of data 

available. Contrails are simulated with three separate model setups: (i) MR1, FA model and ERA5 EDA with 

a Monte Carlo simulation; (ii) MR2, FA model and ERA5 HRES with nominal contrail outputs; and (iii) MR3, 

constant BC EIn of 1015 kg-1 and ERA5 HRES with nominal contrail outputs. 

CoCiP outputs 

(Overall dataset, fleet average) 

MR1 (Monte Carlo simulation, n=100) MR2* MR3* 

Mean P2.5% P97.5% 95% CI w.r.t. Mean Nominal Nominal 

Total number of flights forming contrails 26534 25662 27385 [-3.29%, +3.21%] 29875 29875 

% of flights forming contrails 17.8 17.2 18.4 [-3.26%, +3.20%] 20.0 20.0 

% of flight distance forming contrails 7.15 6.65 7.42 [-6.88%, +3.89%] 7.37 7.37 

Mean contrail segment age (h) 3.24 3.09 3.36 [-4.57%, +3.80%] 3.012 3.008 

Max. contrail segment age (h) 23.9 23.6 24.0 [-1.54%, +0.13%] 23.87 23.88 

Ice particle vol. mean radius (µm) 13.3 12.7 13.8 [-4.51%, +3.68%] 12.97 13.05 

Contrail optical depth (τ) 0.143 0.139 0.151 [-2.87%, +5.45%] 0.1540 0.1478 

SW RF (W m-2) -4.42 -4.65 -3.99 [-5.27%, +9.82%] -4.48 -4.50 

LW RF (W m-2) 6.16 5.87 6.54 [-4.73%, +6.22%] 6.39 6.23 

Net RF (W m-2) 1.74 1.21 2.56 [-30.2%, +46.8%] 1.91 1.73 

Contrail EF (× 1018 J) 5.38 3.85 6.66 [-28.5%, +23.7%] 5.31 4.42 

EF per flight distance (× 108 J m-1) 0.535 0.382 0.662 [-28.6%, +23.7%] 0.527 0.439 

EF per contrail length (× 108 J m-1) 7.50 5.33 9.53 [-29.0%, +27.1%] 7.17 5.96 

% flights responsible for 80% contrail EF 2.19 1.97 2.45 [-9.95%, 12.0%] 2.44 2.81 

* Certain variables are shown to 4 significant figures to allow identification of value differences in MR2 and MR3. 
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Figure 5-9: The characteristics and climate forcing of contrails in the Japanese airspace over time (hourly time 

step, covering all six one-week periods of air traffic data). Contrails are simulated with three separate model 

setups: (i) MR1, FA model and ERA5 EDA with a Monte Carlo simulation (black lines and the shaded region 

represents the 95% CI for the particular time step); (ii) MR2, FA model and ERA5 HRES (red lines); and (iii) 

MR3, constant BC EIn of 1015 kg-1 and ERA5 HRES (blue lines). 

On average, when contrails are simulated using the FA model and ERA5 EDA (MR1): (i) 17.8% 

[17.2%, 18.4%] of flights form contrails; (ii) but the percentage of flight distance with contrails is 

lower at 7.15% [6.65%, 7.42%]; (iii) the mean contrail segment age is 3.24 [3.09, 3.36] h; (iv) τ is 

0.143 [0.139, 0.151]; (v) the net RF, total contrail EF, contrail EF per flight distance and contrail 

EF per unit length of contrail that is attributable to the Japanese airspace are 1.74 [1.21, 2.56] W 

m-2, 5.38 [3.85, 6.66] ×1018 J, 0.535 [0.382, 0.662] ×108 J m-1 and 7.50 [5.33, 9.53] ×108 J m-1 
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respectively; and (vi) only 2.19% [1.97%, 2.45%] of flights in the Japanese airspace are 

responsible for 80% of the total contrail EF, suggesting that it might not be necessary to implement 

a fleet-wide diversion strategy75,79–81 to minimise the total contrail EF. A cumulative plot showing 

the percentage of the total contrail EF versus the proportion of flights responsible for it is also 

presented in Figure 5-10. The CoCiP simulated contrail properties over Japan are generally 

comparable with the range of observed and modelled values reported in the 

literature79,128,129,152,153,189. In particular, the net contrail RF (1.74 [1.21, 2.56] W m-2) is comparable 

to regions with high volumes of air traffic such as Europe and Eastern USA152,153. Additionally, 

the mean contrail EF over the six one-week period (5.38 ×1018 J) is also extrapolated to obtain an 

approximated annual value (≈ 4.66 ×1019 J) and compared with the global contrail EF from 

Schumann et al.79 (≈ 1021 J for the year 2006), which indicate that the Japanese airspace could be 

responsible for around 4.7% of the global contrail EF. The histograms (presented in Figure 5-11) 

show the range and distribution of the fleet-aggregated contrail characteristics and climate forcing: 

apart from the maximum contrail segment age and ice particle volume mean radius, which follows 

a beta/exponential and a relatively uniform distribution respectively, the uncertainties for the 

simulated contrail properties generally follow a normal and lognormal distribution.  

 
Figure 5-10: Cumulative plot showing the percentage of the total contrail EF (over the six one-week periods of 

air traffic data) versus the proportion of flights that is responsible for the contrail EF. The individual lines 

represent the results from each Monte Carlo simulation (n=100) in MR1, and the shaded regions (in red) 

represent the percentage of flights being responsible for 80% of the contrail EF.  
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Figure 5-11: Histograms showing the uncertainty distribution of the fleet statistics, contrail characteristics and 

climate forcing aggregated across the six one-week periods of air traffic data. These results are simulated with 

a Monte Carlo simulation (n = 100) in MR1.  
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When contrails are simulated using the nominal BC EIn estimated from the FA model and 

meteorology from the ERA5 HRES (MR2), Table 5-4 shows that 10 out of the 14 outputs are 

within the uncertainty bounds of the contrail properties that were quantified in MR1. However, the 

total number and percentage of flights forming contrails are 13% higher, the mean contrail segment 

age is 7% smaller, and τ is 8% larger relative to the results in MR1. This is likely due to the higher 

spatiotemporal resolution of the ERA5 HRES capturing localised pockets of ISSR which causes a 

higher number of flights forming shorter-lived contrail segments with a larger τ (Table 5-4). Figure 

5-9 shows that the hourly outputs for different contrail properties provided by MR2 are also within 

the uncertainty bounds of MR1 (Figure 5-9). 

Contrails are also simulated using a constant BC EIn of 1015 kg-1 for all waypoints (MR3). In 

general, the hourly outputs (Figure 5-9) and fleet-aggregated values (Table 5-4) showed minor 

discrepancies when compared with the results of MR2: the total number of flights and percentage 

of flight distance forming contrails remains unchanged because the formation of contrails is 

determined by ambient meteorological conditions and the Schmidt-Appleman criterion89,90; the 

contrail properties differ by up to 4%; and the contrail net RF and EF could be underestimated by 

9% and 17% respectively relative to the results of MR2. When the modelled contrail properties 

are compared at an individual flight level (MR2 vs. MR3), however, Figure 5-12 shows that the 

treatment of BC EIn can lead to large discrepancies in the mean contrail segment age (± 5 h), ice 

particle volume mean radius (± 15 µm), τ (± 0.4), net RF’ (± 15 W m-2) and contrail EF (± 1015 J). 

Notably, a higher percentage of flights (2.8%) is responsible for 80% of the total contrail EF in 

MR3 (Table 5-4). This value is outside the uncertainty bounds that were quantified in Monte Carlo 

simulation (MR1), at 2.19% [1.97%, 2.45%], because the assumption of a constant BC EIn reduces 

the variance in contrail EF between flights.  

On this basis, implementation of the FA model in CoCiP can provide improved estimates of 

contrail properties at an individual flight level. This, in turn, can allow for more accurate 

identification of flights with the largest contrail EF, which could be diverted to mitigate the contrail 

climate forcing. It is also noted that the FA model also enables the BC EIn to be estimated at a 95% 

CI, thereby allowing the uncertainty in BC EIn to be propagated forward to account for 

uncertainties in the modelled contrail characteristics and climate forcing.  
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Figure 5-12: Difference in the contrail characteristics and climate forcing that are produced by the same flights 

in MR2 (FA model and ERA5 HRES) and MR3 (Constant BC EIn of 1015 kg-1 and ERA5 HRES). 

Figures 5-13, 5-14 and 5-15 provide a visual comparison of the CoCiP simulated contrail locations 

(MR2) against satellite imagery provided by the Moderate Resolution Imaging Spectroradiometer 

(MODIS) onboard the NASA Aqua and Terra satellites. The modelled contrail location and 

MODIS observations generally appear to be consistent, where older contrails generally have a 

larger coverage area due to spreading (Figure 5-13). Given that several line-shaped contrails can 

be easily identified in Figure 5-14, an avenue for further research is to assign these contrail 

observations to a particular flight to further validate the potential differences in contrail 

characteristics as a result of discrepancies in the BC EIn that can arise from different aircraft types 

(as highlighted in Figure 5-13). Further validations in assessing the CoCiP simulated contrail 

properties with data measured by the NASA MODIS is feasible but beyond the scope of this thesis.  
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Figure 5-13: Visual validation of the contrail locations simulated by CoCiP (left) against satellite imagery by 

the NASA MODIS (right) on the 12th of May 2012 (13:31 Japan Local Time). The location of a large contrail 

coverage observed by NASA MODIS is consistent with the contrail age provided by CoCiP.  

 
Figure 5-14: Visual validation of the contrail locations simulated by CoCiP (top) against satellite imagery by 

the NASA MODIS (bottom) on the 9th of May 2012 (13:10 Japan Local Time). The location of some line-shaped 

contrails towards the east of Japan as observed by NASA MODIS is consistent with the CoCiP outputs.  
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Figure 5-15: Visual validation of the contrail locations simulated by CoCiP (left) against satellite imagery by 

the NASA MODIS (right) on the 13th of May 2012 (12:40 Japan Local Time).  

 

5.4.2 Single flight 

The contrail characteristics and climate forcing arising from one single flight are individually 

modelled to compare the range of uncertainty relative to the fleet-aggregated results. This flight, a 

Boeing B747-400 (Flight ID: FLT2429 on the 11th of July 2012), is selected because it has the 

highest the nominal contrail EF in MR2: it is responsible for 0.086% of the total (nominal) contrail 

EF, despite accounting for only 0.0022% of the total flight distance travelled. The trajectory of 

this particular flight is shown in Figure 5-16, and Table 5-5 shows the range of contrail parameters 

that was produced by this flight for the three separate model setups (MR1, MR2 and MR3). 

 
Figure 5-16: Flight trajectory for FLT2429 on the 11th of July 2012, a Boeing 747-400, which was selected to 

model the uncertainties in different contrail parameters arising from a single flight.  
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Table 5-5: Range of contrail characteristics and climate forcing produced by a Boeing 747-400 on the 11th of 

July 2012 (FLT2429). Contrails are simulated with three separate model setups: (i) MR1, FA model and ERA5 

EDA with a Monte Carlo simulation; (ii) MR2, FA model and ERA5 HRES with nominal contrail outputs; and 

(iii) MR3, constant BC EIn of 1015 kg-1 and ERA5 HRES with nominal contrail outputs.  

CoCiP Outputs  

(FLT2429, 11th July 2012) 

MR1 (Monte Carlo simulation, n=100) MR2 MR3 

Mean P2.5% Nominal 95% CI w.r.t. Mean Nominal Nominal 

% of flight distance forming contrails 85.8 15.6 88.4 [-81.9%, +2.97%] 69.1 69.1 

Mean contrail segment age (h) 8.10 1.01 10.6 [-87.5%, +30.7%] 8.14 7.02 

Max. contrail segment age (h) 12.8 3.19 16.2 [-75.1%, +26.4%] 12.4 12.2 

Ice particle vol. mean radius (µm) 11.4 2.67 19.6 [-76.6%, +71.8%] 16.8 18.5 

Contrail optical depth (τ) 0.104 0.044 0.202 [-57.4%, +95.4%] 0.186 0.152 

SW RF’ (W m-2) -2.32 -7.99 -0.130 [-244%, +94.4%] -2.64 -2.56 

LW RF’ (W m-2) 4.77 1.03 9.77 [-78.5%, +105%] 9.67 7.66 

Net RF’ (W m-2) 2.60 -1.51 7.14 [-158%, +175%] 5.69 5.09 

Contrail EF (× 1015 J) 4.33 -0.010 17.1 [-100%, +296%] 13.3 6.87 

EF per flight distance (× 109 J m-1) 3.52 -0.008 13.5 [-100%, +296%] 9.29 4.81 

EF per contrail m (× 109 J m-1) 4.59 -0.017 16.2 [-100%, +254%] 13.5 6.96 

For MR1: CoCiP estimates a 96% probability of this flight forming contrails, and when contrails 

are formed, the probability of producing a negative contrail EF (cooling) is 6.25%; and Figure 5-

17 shows the histograms for the uncertainty range and distribution of the different contrail 

properties, which generally have a normal and lognormal distribution. Figure 5-18 shows the 

temporal evolution of various contrail properties, where the individual lines represent results from 

each Monte Carlo simulation: given that the contrails from this flight were initially formed at 16:30 

Japan local time, a negative net RF’ is observed up until dusk (defined when the SDR is zero, at 

around 19:00 local time). However, due to the small contrail coverage area (≈ 10 km2), this 

negative net RF’ causes a negligible cooling effect (contrail EF ≈ -0.43 [-2.53, 0.70] ×1014 J) in 

the first two hours. During the night, the EF starts to increase because of the increasing contrail 

coverage area and positive net RF’, which stays positive until dawn (SDR > 0) at around 05:00 

local time. On average, the uncertainty bounds of different contrail properties arising from 

individual flights can be up to two orders of magnitude larger than the fleet-average for reasons 

that are similar to estimates of the BC EIn (described in Chapter 4.4.1), where the uncertainties 

from different flights cancel out when aggregated over the fleet.  
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Figure 5-17: Histograms showing the uncertainty distribution of contrail characteristics and climate forcing 

that are produced by one single flight (FLT2429 on the 11th of July 2012). These results are simulated with a 

Monte Carlo simulation (n = 100) in MR1.  
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Figure 5-18: Temporal evolution of the characteristics and climate forcing of contrails produced by a Boeing 

747-400 (FLT2429, 11th July 2012). The individual lines represent the results from each Monte Carlo simulation 

(100 runs in total) in MR1. The initial contrail segment for this flight (contrail age = 0 h) is formed at 16:30 

Japan local time. 

The nominal contrail characteristics and climate forcing that are simulated in MR2 (BC EIn 

estimates from the FA model and meteorology from the ERA5 HRES) are within the uncertainty 

bounds that are quantified in the Monte Carlo simulation (MR1). Finally, a comparison between 

the outputs of MR2 and MR3 (constant BC EIn of 1015 kg-1 and ERA5 HRES meteorology) once 

again showed the importance of having estimates of BC EIn that is dependent on aircraft type and 

engine thrust settings, which was previously discussed in Section 5.4.1: the percentage of flight 
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distance forming contrails remains the same; but a constant EIn (MR3) can lead to underpredictions 

in the mean contrail segment age (-14%), τ (-18%), net RF’ (-11%) and EF (-48%) when compared 

with the results of MR2. 

 

5.4.3 Differences in contrail properties produced by SAC and DAC engines 

Contrails produced by aircraft equipped with conventional SAC and cleaner-burning DAC engines 

are separately analysed in this subsection. This is because of differences in the BC EIn emitted 

from SAC (1.59 [1.57, 1.62] ×1015 kg-1) and DAC (0.38 [0.37, 0.39] ×1015 kg-1) aircraft (quantified 

in Chapter 4.4.1), thereby leading to differences in various contrail characteristics10,70. The list to 

identify DAC aircraft was previously outlined in Chapter 4.2.4, and contrails are simulated using 

inputs of the FA model and ERA5 EDA (MR1). 

Table 5-6: Range of the contrail characteristics and climate forcing produced by individual aircraft powered 

by conventional SAC (33237 flights) and cleaner DAC engines (6035 flights). Contrails are simulated with a 

Monte Carlo simulation (n = 100) in MR1.  

CoCiP outputs (SAC vs. DAC 

aircraft: mean values across 

individual flights) 

ERA5 EDA (100 runs) % diff. in 

mean 

values 

SAC (n = 33237 flights) DAC (n = 6035 flights) 

Mean P2.5% P97.5% Mean P2.5% P97.5% 

Mean contrail segment age (h) 2.80 1.24 4.43 2.44 1.06 3.93 -12.86% 

Maximum contrail seg. age (h) 4.37 1.840 7.06 3.84 1.57 6.31 -12.13% 

Ice vol. mean radius (µm) 11.6 5.95 18.9 14.3 7.45 23.0 23.28% 

Contrail optical depth (τ) 0.163 0.088 0.264 0.116 0.060 0.193 -28.83% 

SW RF’ (W m-2) -5.24 -9.20 -2.54 -3.88 -6.99 -1.81 -25.95% 

LW RF’ (W m-2) 5.98 2.73 10.3 4.80 2.10 8.56 -19.73% 

Net RF’ (W m-2) 0.74 -2.95 4.15 0.922 -1.85 3.69 24.59% 

Contrail EF per flight (× 1014 J) 1.60 -0.983 6.77 0.559 -0.614 2.74 -65.06% 

EF per contrail m (× 108 J m-1) 1.42 -0.93 6.04 0.55 -0.56 2.63 -61.27% 

Figure 5-19 shows the distribution of the mean contrail characteristics and climate forcing that are 

produced by SAC and DAC aircraft respectively, while Table 5-6 presents the 95% CI of nine 

contrail properties for the two engine types. It is noted that these results (Table 5-6 and Figure 5-

19) are not the fleet-aggregated values, but the mean values across individual flights, totalling 

33237 flights for SAC aircraft and 6035 flights for DAC aircraft. Given that the BC EIn from DACs 

is 76% lower relative to SACs (Chapter 4.4.1), contrail segments produced by DACs have fewer 

ice particles with a larger mean radius (+ 23%) as ambient humidity is deposited to fewer 
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particles99. This, in turn, increases the sedimentation rate of ice particles and leads to a 12% 

reduction in the mean and maximum contrail segment age, while a negative Twomey effect101 

contributes to a 29% reduction in the contrail τ.  

 
Figure 5-19: Range and distribution of the mean contrail characteristics and climate forcing for individual 

aircraft powered by SAC (33237 flights, in blue) and DAC (6035 flights, in red). These results are simulated 

with a Monte Carlo simulation (n = 100) in MR1.  
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The mean net RF’ of contrails produced by DACs (0.92 W m-2) is 25% higher than that of SACs 

(0.74 W m-2), in line with Caiazzo et al.73 which highlighted that an increase in net RF cannot be 

excluded. However, the net RF’ of contrails produced by DAC aircraft has a smaller range (Figure 

5-19), likely because of the smaller τ which is proportional to the contrail RF’ (ref.333). Despite the 

larger mean contrail net RF’ (+25%) relative to contrails produced by SAC engines, a shorter 

contrail lifetime (-12%) curtails the coverage area from increasing non-linearly (as previously 

shown in Figure 5-18), thereby leading to a significant reduction in the mean contrail EF per flight 

(-65%) and per unit length of contrail (-61%). These results show that cleaner-burning DAC 

engines offer significant potential in mitigating the contrail EF, as will be further evaluated in the 

next chapter.  

 

5.5 Conclusions 

The main objective of this chapter was to simulate the characteristics and climate forcing of 

contrails more accurately and quantify their respective uncertainties. This has been successfully 

accomplished by: (i) utilising the CARATS Open Data, which the availability of high-resolution 

flight trajectory data over Japan enables contrails to be modelled with an average segment length 

of 2 km (instead of 42 km from previous studies); (ii) incorporating the newly developed FA model 

to the CoCiP contrail model to provide inputs of aircraft BC EIn estimates, a critical parameter 

influencing various contrail properties; and (iii) propagating uncertainties in the aircraft BC EIn 

(quantified in the FA model) and meteorology (provided by the ERA5 EDA dataset) to account 

for uncertainties in the modelled contrail outputs.  

For the six one-week periods of air traffic data available, 17.8% [17.2%, 18.4%] of flights form 

contrails with a mean and maximum contrail segment age of 3.24 [3.09, 3.36] h and 23.9 [23.6, 

24.0] h respectively. The net contrail RF of 1.74 [1.21, 2.56] W m-2 is comparable to the RF 

estimates over Europe and the east coast of USA, while an extrapolation of the total contrail EF 

(5.38 [3.85, 6.66] ×1018 J) suggest that approximately 4.7% of the global contrail EF could be 

attributed to flights in the Japanese airspace. Uncertainties in the contrail age, coverage, optical 

properties, RF and EF from individual flights can be up to two orders of magnitude larger than the 

fleet-aggregated values because the uncertainties cancel out when aggregated across the fleet. The 

assumption of a constant BC EIn of 1015 kg-1 for all waypoints, as adopted in previous contrail 
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studies, can lead to underestimations in the fleet-aggregated contrail net RF (9%) and EF (17%) 

when compared with the model run where the FA model is used.  

Most importantly, only 2.19% [1.97%, 2.45%] of all flights are responsible for 80% of the total 

contrail EF in this region. This has important implications as a fleet-wide diversion strategy, 

predominantly recommended by previous studies to reduce the formation and/or RF of contrails 

(Chapter 2.5.3), might not be necessary. The FA model, which estimates the BC EIn as a function 

of aircraft type and engine thrust settings, simulates a larger variance in the modelled contrail 

outputs (between flights) relative to the model run where a constant BC EIn is assumed. This 

advantage can allow for more accurate identification of flights that produce contrails with the 

largest EF, which could then be shortlisted for diversion to mitigate the contrail climate forcing. 

Differences in the contrail characteristics and climate forcing produced by conventional SAC and 

cleaner-burning DAC engines has also been quantified: as the BC EIn from DAC engines is 76% 

lower than SAC engines, contrails produced by DAC engines are predicted to have fewer but larger 

ice crystals (+ 23%), which can lead to a smaller mean contrail segment age (- 12%) and τ (- 29%), 

thereby significantly reducing the contrail EF per flight by around 60% to 65%.  

Based on these results, the next chapter will propose and evaluate two strategies to mitigate the 

contrail climate forcing, in particular: (i) a small-scale diversion strategy where a subset of flights 

with the largest contrail EF are diverted; and (ii) widespread adoption of DAC engines.  

 

  



181 
 

6. MITIGATING THE CLIMATE FORCING OF AIRCRAFT 

CONTRAILS BY SMALL-SCALE DIVERSIONS AND 

TECHNOLOGY ADOPTION 

A majority of the contents presented in this chapter is based on the work that has been peer 

reviewed and published in the Environmental Science & Technology scientific journal (Teoh et al. 

296).    

In the previous chapter, several improvements have been applied to the Contrail Cirrus Prediction 

Model (CoCiP) to more accurately simulate the characteristics and climate forcing of contrails in 

the Japanese airspace. Uncertainties of the various contrail outputs have also been quantified for 

the first time by propagating forward the uncertainties arising from aircraft black carbon (BC) 

number emissions index (EIn) and meteorology. Based on these results, two proposals to mitigate 

the contrail climate forcing are evaluated in this chapter. 

 

6.1 Introduction 

6.1.1 Context 

The largest uncertainty in civil aviation’s climate forcing is the radiative forcing (RF) due to the 

formation of contrails and induced-cirrus cloudiness, which have a significant but short-lived 

climate impact16. Its presence in the atmosphere and interaction with natural cirrus alters the net 

radiances at the top of the atmosphere (TOA)145, thereby leading to a positive net RF16,72,79,133,151 

(0.01 to 0.09 W m-2) that could be comparable to the RF of aviation’s cumulative CO2 emissions16 

(0.015 to 0.04 W m-2). However, as contrails are short-lived (with a lifetime of up to 19 h)13 relative 

to CO2 emissions (which could remain in the atmosphere after 1000 years)86, any solutions adopted 

to mitigate the contrail climate forcing could rapidly and significantly reduce the overall 

environmental impact attributable to global aviation. 

Various proposals to minimise the formation and/or RF of contrails have previously been evaluated. 

For example, operational strategies by which flights are rerouted (laterally and/or vertically) 

around ice supersaturated regions (ISSR) were extensively explored75–81 because it appears to be 
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the most feasible solution in the short term. However, the implementation of a fleet-wide diversion 

strategy, predominantly advocated by a number of studies75,79–81, could be highly disruptive to 

airline operations and air traffic management (ATM)82: (i) the creation of non-navigational 

airspace volume is expected to increase air traffic congestion, airspace complexity, and air traffic 

controller workload214,334; and (ii) delays caused by a reroute could cause the pre-allocated landing 

slot to be missed at the destination airport82. Additionally, a reroute can also lead to unintended 

consequences of increasing the fuel consumption (and long-lived CO2 emissions)82, where trade-

offs between minimising the contrail climate forcing and increasing CO2 emissions have to be 

balanced. Despite these limitations, less intrusive approaches to minimise the contrail climate 

forcing could remain feasible: results from Chapter 5.4.1 showed that only 2.2% of all flights in 

the Japanese airspace is responsible for 80% of the total contrail energy forcing (EF), defined as 

the product of the local contrail RF (RF’, the change in energy flux per contrail area)12,71 and its 

dimensions (length and width) and integrated over its lifetime (Eq. 2-1). Therefore, a smaller scale 

strategy, where only a subset of flights with the largest contrail EF are diverted, have the potential 

to rapidly reduce aviation’s climate forcing, minimise any potential disruptions to ATM and 

implemented at present-day without technological changes. 

Alternatively, the use of alternative fuels or cleaner-burning engine technologies, such as the 

double annular combustor (DAC), can reduce the BC EIn by up to two orders of magnitude relative 

to conventional fuels and single annular combustor (SAC) engines (ref.73,74,98 and Chapter 4.4.1). 

A lower BC EIn is expected to produce larger contrail ice particles, thereby reducing the contrail 

optical depth (τ), lifetime and climate forcing10,99,180. However, alternative fuels currently account 

for just 0.01% of global jet fuel use54, and other studies which investigated the effects of alternative 

fuels suggest that reductions in contrail net RF from lower EIn are somewhat offset by increases 

in water vapour emissions, which can facilitate contrail formation73,181. Aircraft powered by 

cleaner-burning DAC engines, on the other hand, do not produce these unintended consequences 

and could offer significant potential in reducing the contrail EF (Chapter 5.4.3).  

Contrail models, such as an atmospheric general circulation model (GCM), CoCiP and the Contrail 

Evolution and Radiation Model (CERM), were previously used to assess the effectiveness of the 

above mitigation solutions73,79–81. However, two common limitations are identified: (i) the 

effectiveness of these mitigation strategies could be hindered by the large uncertainties in the 
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contrail climate forcing, which have not been thoroughly evaluated in previous studies; and (ii) 

most studies73,75–78,80,81,180 (apart from Schumann et al.79) optimised their mitigation strategies by 

minimising the contrail formation and/or RF. It might not be necessary to avoid the formation of 

all contrails because some of which are short-lived and/or have a cooling effect11,88. The contrail 

RF, which characterises the instantaneous change in energy flux at the TOA per unit area, also 

fails to account for the total climate forcing accumulated over a contrail’s lifetime79. These 

limitations must be addressed to ensure that any proposed contrail mitigation solutions lead to a 

net climate benefit. Limitation (i) has, to a certain extent, been addressed in the previous chapter 

where uncertainties arising from aircraft BC EIn and meteorology were propagated to quantify the 

confidence interval (CI) of the modelled contrail outputs. Limitation (ii), on the other hand, can be 

addressed by adopting the EF metric, which captures the evolving dimensions and RF’ throughout 

a contrail’s lifetime and also allows the contrail climate forcing to be attributed to individual flights. 

 

6.1.2 Chapter outline 

To address the gaps in knowledge identified in Section 6.1.1, this chapter builds upon work from 

the previous chapter and evaluate two proposals to reduce the contrail EF, in particular, a small-

scale diversion strategy and widespread use of cleaner-burning DAC engines. 

 
Figure 6-1: Flow chart outlining the focus of this chapter with respect to the overall research roadmap. 

Figure 6-1 presents a flow chart highlighting the focus of this chapter in relation to the overall 

research roadmap. In summary: (i) aircraft trajectory data in the Japanese airspace is provided by 

the CARATS Open Data (Chapter 4.2.1); (ii) the Base of Aircraft Data Version 3.12 (BADA 3) is 

used to calculate the aircraft fuel consumption (Chapter 4.2.3); (iii) aircraft BC EIn is estimated 

with the Fractal Aggregates (FA) model (Chapter 4.3.3); (iv) meteorological data is provided by 
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the European Centre for Medium Range Weather Forecast (ECMWF) Reanalysis 5 (ERA5) ten-

member ensembles (EDA), previously described in Chapter 5.2; and (v) the CoCiP contrail model 

(described in Chapters 2.4.3, 5.3 and Appendix I) is used to simulate the contrail characteristics 

and climate forcing. For both strategies, the ‘baseline scenario’ refers to the results previously 

presented in Chapter 5.4. 

Section 6.2 will evaluate the small-scale diversion strategy, while Section 6.3 will assess the 

effectiveness of a fleet-wide adoption of cleaner DAC engines in minimising the contrail EF. Both 

sections (Sections 6.2 and 6.3) will discuss in detail the: (i) rationale; (ii) approach; (iii) mitigation 

potential; (iv) issues related to a real-world implementation; and (v) limitations of the proposed 

strategies. Finally, a summary of the research findings from this chapter is provided in Section 6.4. 

 

6.2 Small-scale Diversion Strategy 

This subsection proposes a small-scale diversion strategy where a subset of flights with the largest 

contrail EF is diverted: Section 6.2.1 provides the rationale, while Section 6.2.2 outlines the 

approach and methodology to implement such a strategy. Section 6.2.3 evaluates its mitigation 

potential. Section 6.2.4 discusses the factors related in applying the small-scale diversion strategy 

to the real-world, which accounts for large uncertainties in the contrail EF. Finally, potential 

limitations of this strategy are highlighted in Section 6.2.5.  

6.2.1 Rationale  

Several studies have evaluated different flight diversion strategies to minimise the formation of 

contrails by avoiding ISSRs75–78,80,81. However, the implementation of a fleet-wide diversion 

strategy is unlikely to be practical nor necessary: although around 18% of all flights in the Japanese 

airspace form contrails, some of these contrails are short-lived or may be cooling; and therefore, 

only 2.0 to 2.5% of all flights contribute to 80% of the total contrail EF (Chapter 5.4.1). 

In the short term, a small-scale strategy which selectively diverts flights that contribute to the 

largest positive (warming) EF, could significantly reduce the contrail climate forcing, minimise 

any potential disruptions to ATM and be implemented quickly without technological changes. 

Figure 6-2 identifies the flights that contribute to 80% of the total contrail EF for each of the six 
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one-week periods of air traffic data (provided by the CARATS Open Data). The average air traffic 

density (ATD) above 20,000 feet is used to approximate the free airspace capacity that could be 

available for a diversion, and is calculated as follows132,  

For comparison, the ATD in the North Atlantic oceanic airspace ranges from 0.01 to 0.05 km-1 h-

1, and above 0.06 km-1 h-1 in North America and Europe132.  

Figures 6-2 shows that flights with the largest contrail EF predominantly form between 15:00 and 

06:00 local time because contrails formed late in the afternoon would have spread to a large 

coverage area by nightfall with a positive net RF’, as previously discussed in Chapter 5.4.2. In 

general, the EF typically increases with the contrail age, and contrails with the largest EF tend to 

have lifetimes of over 10 h. The time of day of which the largest (warming) contrail EF occurs 

also depends on seasonality. For example, during the summer (July-2012, Figure 6-2b), flights 

with the largest contrail EF predominantly form later in the day (after 15:00 Japan local time), 

likely due to the late sunset time at around 19:00 local time, and contrails that were formed before 

15:00 local time spends a larger proportion of time reflecting incoming solar radiation with a SW 

RF component. Conversely, contrails with a large EF are formed earlier in the day (10:00 to 15:00 

local time) in spring and autumn (September-2012, Figure 6-2c; and March-2013, Figure 6-2f) 

because of the long lifetime (> 8 h) and an earlier sunset time of around 17:45 to 18:30 local time. 

For the weeks of November-2012 (Figure 6-2d) and January-2013 (Figure 6-2e), these trends do 

not apply: contrails with the largest EF are formed after 15:00 local time even when the sunset 

time occurs between 16:30 and 17:00 local time because the contrails formed during these weeks 

were generally short-lived. 

Previous studies have also shown that ISSRs typically have large horizontal extensions of 150 ± 

250 km, but the vertical extensions are relatively shallow at around 0.7 ± 0.1 km (≈ 2300 ± 300 

feet)123–125. Figure 6-3 shows the spatial distribution and evolution of ambient humidity with 

respect to ice (RHi), calculated using meteorology from the ERA5 high-resolution realisation 

(HRES) reanalysis, and the location of contrails at three distinct altitudes (34,000, 36,200 and 

38,600 feet): (i) it supports the statement that ISSRs have shallow vertical extensions; and (ii) 

significant differences in the contrail coverage area and lifetime are observed at the three different 

 ATD [km−1 h−1] =
∑ Flight Distance Travelled

Airspace Area [≈3.476×106 km2]
,  (6-1) 
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altitudes despite having comparable ATDs (0.011 km-1 h-1 at 34,000 feet; 0.009 km-1 h-1 at 36,200 

feet; and 0.007 km-1 h-1 at 38,600 feet). 
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Figure 6-2: Identification of the flights that contribute to 80% of the total contrail EF and the times of day 

when these flights occur. Error bars denote the uncertainties at a 95% CI. For each flight, the mean contrail 

segment age is shown by the symbol colour. The ATD above 20,000 feet (average and standard deviation) at 

different times of the day is presented on the right axis. All flights presented in these figures have a positive 

contrail EF because flights with cooling contrails (EF < 0 J) are excluded.  
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Figure 6-3: Spatial distribution and evolution of ISSRs (defined where regions of RHi > 1) at three distinct 

altitudes of 34,000 feet (left), 36,200 feet (middle) and 38,600 feet (right) on the 13th of May 2012: (a) 07:00; (b) 

12:00; (c) 17:00; and (d) 22:00 Japan local time. Data points in green represent contrails that are formed in the 

given time step, while data points in blue are surviving contrails with lifetimes of > 1 h. The RHi and wind 

velocity vectors are calculated using meteorological data from the ERA5 HRES. 
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Based on these results (Figures 6-2 and 6-3), a small-scale strategy is proposed where flights are 

diverted vertically by ± 2000 feet, and diversions are prioritised primarily for flights with the 

largest contrail EF. Given the characteristics of an ISSR, a vertical diversion is preferred over a 

horizontal (lateral) diversion to minimise the increase in flight time, distance flown, fuel 

consumption and CO2 emissions. The approach to model the mitigation potential for the diversion 

strategy is outlined in the next subsection. 

 

6.2.2 Approach  

Figure 6-4 presents a flow chart outlining the procedure to implement the small-scale diversion 

strategy. The result from the baseline scenario (Chapter 5.4) is first used to identify the flights that 

contribute to 80% of the total contrail EF. Alternative trajectories are then generated for these 

flights by modifying the cruising altitude by ± 2000 feet using the performance specifications for 

specific aircraft types provided by Eurocontrol204, including the rate of climb and descent (ROCD) 

and altitude service ceiling. Examples of alternative trajectories are shown in Figure 6-5. These 

alternative trajectories also conform with the design of existing airspace structures where flights 

travelling at opposite directions are typically separated at vertical intervals of 1000 feet (ref.335).  

With the alternative trajectories now available, a numerical Monte Carlo simulation is then used 

to quantify uncertainties of the modelled outputs. Due to the limitation in computational resources, 

the number of Monte Carlo simulation is restricted to 100 runs, and for each Monte Carlo 

simulation, uncertainty factors applied to the meteorology and BC EIn for specific flights are same 

as the baseline scenario (as previously discussed in Chapter 5.3). This is to ensure that the ambient 

conditions and BC emissions used to estimate the total fuel consumption (BADA 3) and contrail 

EF (CoCiP) are consistent between the original and alternative trajectories.  

 
Figure 6-4: Flow chart outlining the procedure of a proposed small-scale contrail diversion strategy.  
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To account for potential constraints in ATM: (i) all flights that are identified to contribute to 80% 

of the total contrail EF are diverted at times of low ATD (20:00 to 06:00 local time); while (ii) a 

limited number of flights with the largest contrail EF, ranging from a maximum of 1 to 10% of all 

flights in each time step, are allowed to divert when the ATD is high but not at its peak (ATD < 

0.06 km-1 h-1, between 15:00 to 20:00, shown in Figure 6-2). For flights that are selected for a 

diversion, the trajectory with the lowest contrail EF (which could be negative) is then selected. 

After 100 simulations, the 95% CI of the percentage difference in fuel consumption and contrail 

EF for individual flights (between the original and diverted trajectories) are calculated, and results 

are then aggregated across the fleet. It is highlighted that uncertainty in the total fuel consumption 

accounts for uncertainties in the ambient temperature (Tamb) and upper atmospheric winds 

(provided by the ERA5 EDA) but not the known limitations205,220 of BADA 3 (previously 

described in Chapter 4.2.3 and will be highlighted again in Section 6.2.5).  

The diversion of flights requires trade-offs to be made between minimising the short-lived contrail 

climate forcing versus potential increases in long-lived CO2 emissions (due to increases in fuel 

consumption). While there is currently a lack of consensus on a common metric to account for 

differences in climate forcing between different emission species, the EF metric is used to compare 

the climate forcing of contrails and CO2. For comparison with the contrail EF, the CO2 EF from 

individual flights is approximated with the following equation, 

where TFC is the total fuel consumption (kg), EICO2
 is the emissions index for CO2 (3.16 kg kg-

1)156, SEarth is the surface area of Earth (5.101 ×1014 m2)336 and AGWPCO2,TH is the absolute global 

warming potential for CO2 over a selected time-horizon (TH). The concept of AGWP was 

introduced for the purpose of making the climate forcing of multi-gas emissions comparable337, 

and AGWPCO2,TH is calculated by integrating the CO2 RF due to emission pulses over a chosen TH, 

also accounting for the decay in CO2 RF over time86. This is equivalent to the time-integrated RF 

per mass of CO2 (in units of J m-2 kg-1), and a 100-year TH (AGWPCO2,100 = 92.5 [68, 117] ×10-15 

yr Wm-2 per kg-CO2 at a 95% CI, assumed to be normally distributed)86 is used to align with the 

Kyoto Protocol. The CO2 EF is then calculated by multiplying the AGWPCO2,TH with the total mass 

CO2 EF [J] = ∫ RFCO2
d𝑡 × SEarth

TH

0
   

(6-2) 

      = [AGWPCO2,TH × (365 × 24 × 602)] × TFC × EICO2
× SEarth,  
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of CO2 emission (TFC × EICO2
) and SEarth (because CO2 have long lifetimes and gets well-mixed 

over Earth’s atmosphere86). The sensitivity of CO2 EF to TH will also be evaluated by using a 20- 

(AGWPCO2,20 = 25.2 [20.7, 29.6] ×10-15 yr Wm-2 per kg-CO2) and 1000-year (AGWPCO2,1000 = 548 

[380, 716] ×10-15 yr Wm-2 per kg-CO2) TH for the AGWP86. 

 
Figure 6-5: Examples showing the trajectory of nine flights where the aircraft cruising altitude is modified by 

± 2000 feet. The original trajectory is shown in blue, while the generated alternative trajectories are shown in 

red (+2000 feet) and green (-2000 feet). The title above each sub-figure is the ICAO aircraft type designator, 

indicating the aircraft type. 
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Eq. (2-1) is used to approximate the contrail EF and the choice of TH for AGWPCO2
 does not 

influence the contrail EF because of their short lifetimes (< 24 h). In principle, the time-integrated 

RF or AGWP concept can also be applied to contrails given that the contrail EF and AGWPcontrail 

are related by the following equation, 

 AGWPcontrail [yr W m−2] =
∑(Contrail EF)Annual

𝑆Earth×(365×24×602)
. (6-3) 

However, this would require an integral over SEarth and an average integral over a considered time 

span, as shown in Eq. (6-3). For the purpose of this research, the spatial and temporal integrals 

have some arbitrariness because: (i) it is a regional study, where the CARATS Open Data only 

provides six one-week periods of air traffic data in the Japanese airspace; and (ii) the contrail 

climate forcing has to be estimated for single flights to implement the small-scale diversion 

strategy. Therefore, for this application, the EF metric is most appropriate when comparing the 

climate forcing (of contrails and CO2) between individual flights and alternative trajectories. 

From Eq. (6-2) with a 100-year TH, the CO2 EF per mass of fuel burned can be estimated as 4.70 

[3.45, 5.95] ×109 J kg -1. For a mean fuel consumption of 7.26 kg km-1 (estimated in Chapter 4.2.3), 

the CO2 EF per flight distance is 3.41 [2.50, 4.32] ×107 J m -1. This value serves as a reference for 

comparison with the contrail EF per flight distance: despite the short contrail lifetimes relative to 

CO2, the contrail EF per flight distance for the fleet (5.35 [3.82, 6.62] ×107 J m -1, estimated in 

Chapter 5.4.1) is approximately 1.6 times higher than the CO2 EF (3.41 [2.50, 4.32] ×107 J m -1).  

 

6.2.3 Mitigation potential  

Over the six one-week periods, Figure 6-6 shows that the fleet-aggregated contrail EF is reduced 

by up to 59.3% [52.4%, 65.6%] at a 95% CI by diverting only 1.7% of the flights. On average, 

contrail EF is reduced by 21.2% by diverting selected flights at night. The remaining 20.8% to 

38.1% depends on the maximum percentage of flights that are allowed to divert during the day (1 

to 10% of all flights in each time step), which could be constrained by the available airspace 

capacity and ATM. For weeks 5 (Jan-2013) and 6 (Mar-2013), contrails were sporadically formed 

(4.87% [4.50%, 5.12%] of all flights form contrails, also shown in Figure 5-9). Therefore, large 

relative reductions in contrail EF are achieved by diverting a very small number of flights: in week 
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6 (Mar-2013) for the best-case scenario, diverting only 0.5% of the flights that produce warming 

contrails could reduce the contrail EF by up to 93.1% [70.0%, 134%] with a 33% probability of a 

net cooling effect (negative EF). In contrast, there was a prolonged contrail outbreak throughout 

week 3 (Sept-2012), as shown in Figure 5-9, where 33.6% [30.5%, 35.3%] of all flights produce 

contrails. Hence, 4.1% of all flights have to be diverted to reduce the contrail EF by 52.4% [43.1%, 

63.2%] in this week. 

 
Figure 6-6: Percentage reduction in the contrail EF vs. the percentage of flights that are diverted by ± 2000 feet. 

The results are aggregated for the overall dataset (six one-week periods) and separately for specific weeks. The 

percentage of flights diverted do not fall to 0% because all flights that contribute to 80% of the contrail EF are 

allowed to divert at night. Shaded regions represent the 95% CI. 

Overall, the contrail EF is more efficiently reduced when the aircraft cruising altitude is reduced 

by 2000 feet (57.9% of diverted flights) relative to an altitude increase of + 2000 feet (42.1% of 

diverted flights). However, when the results are separated into specific weeks, Figure 6-7 shows 

that flying lower (-2000 feet) reduces the contrail EF more efficiently during the summer months 

(64.2% of the diverted flights on average in May, July and September 2012). However, the 

opposite is true during the winter months where the contrail EF is more efficiently reduced by 

flying higher (63.6% of the diverted flights on average in November 2012, January and March 

2013). This could be due to the seasonal variation of the tropopause height203, which tends to be 

higher during the summer months and the aircraft might not be able to reach the lower and drier 

stratosphere9 even when the cruising altitude is increased. Conversely, the lower tropopause height 
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during the winter months implies that an increase in cruising altitude by 2000 feet could be 

sufficient for the aircraft to reach the stratosphere.  

 
Figure 6-7: Percentage of cases where the diverted flights maximise the reduction in contrail EF by modifying 

their cruising altitudes by ± 2000 feet. Error bars denote the 95% CI.  

On average, there is a 0.27% [-0.13%, 0.72%] increase in the total fuel consumption and CO2 

emissions for each diverted flight following the alternative trajectory compared to that flown 

originally. This difference in fuel consumption, estimated using BADA 3, is consistent with the 

literature and reflects that modern aircraft are designed with vertical altitude flexibilities of up to 

3000 feet at the expense of a few percent fuel penalty82,194. Figure 6-8 shows the percentage change 

in contrail EF and fuel consumption for individual flights. For some flights, the difference in fuel 

consumption (between the original and alternative trajectory) can be greater than ± 5%, and this 

has been verified to be accurate and realistic. For example, Figure 6-9 provides an example of a 

flight with a 40% increase in total fuel consumption from the alternative trajectory (of increasing 

the cruising altitude by 2000 feet): for this particular flight, the total flight time over the Japanese 

airspace is 894 s (14.9 min) and the total fuel consumption from the original trajectory is small 

(920 kg). The flight then spends 222 s (24.8% of its flight time in the Japanese airspace) climbing 

from 38,000 to 40,000 feet, resulting in a higher fuel mass flow rate (𝑚ḟ  in kg s-1) and the total 

fuel consumption from the new trajectory is 1292 kg (+ 40.4% relative to the original trajectory). 
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However, due to the short distance, this flight produces a small contrail length and EF in the 

Japanese airspace, and hence, is not selected for diversion (and not reflected in Figure 6-8). 

 
Figure 6-8: Percentage change in the contrail EF vs. fuel consumption for each flight that is selected for a 

diversion. The probability of each flight being selected for diversion in a given Monte Carlo simulation is shown 

by the symbol colour. Error bars for both the percentage change in contrail EF and total fuel consumption 

denote the uncertainties at a 95% CI.  

 
Figure 6-9: Example of a flight where the percentage change in fuel consumption from flying the alternative 

trajectory (+ 2000 feet) is greater than 10%. 
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Figure 6-10: The nominal contrail EF (in red) and CO2 EF (in blue) versus the percentage of flights that are 

diverted. The AGWP100 is used to approximate the CO2 EF, and the results are aggregated for the six one-week 

periods (top) and separately for specific weeks (bottom). 

On the whole, diverting 1.7% of flights with an average fuel penalty of 0.27% [-0.13%, 0.72%] 

per flight translates to a 0.014% [0.010%, 0.017%] increase in total fuel consumption and CO2 

emissions for the fleet. However, as CO2 emissions have significantly longer lifetimes relative to 

contrails, an AGWP with a 100-year TH is used to estimate the CO2 EF and assess the mitigation 
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potential in terms of the total EF (contrail + CO2 EF). Figure 6-10 shows the nominal contrail and 

CO2 EF versus the percentage of flights that are diverted for the overall dataset and separately for 

specific weeks. For the baseline scenario, 60.8% of the total (nominal) EF are from contrails (5.38 

×1018 J), while the remaining 39.2% is from the CO2 emissions from the entire fleet (3.43 ×1018 J, 

100-year TH).  

Therefore, when diverting up to 1.7% of all flights, Figure 6-11 shows that overall reductions in 

the total EF (35.6% [27.6%, 44.2%]) is less than the reduction in contrail EF (59.3% [52.4%, 

65.6%]). The reduction in total EF is almost entirely contributed by the reduction in contrail EF, 

while the change in CO2 EF as a result of a diversion is negligible (Figure 6-10). For week 5 (Jan-

2013), the reduction in total EF is insignificant at 1.17% [0.52%, 3.00%] because contrails are 

sporadically formed, and the total EF is dominated by the CO2 emissions from the fleet (Figure 6-

10). Table 6-2 summarises the sensitivity of CO2 EF and total EF to the AGWP TH: the total EF 

is reduced by up to 50.1% [44.6%, 55.4%] if a 20-year TH is used; while overall reductions in the 

total EF is still positive but significantly smaller at 12.2% [7.55%, 23.1%] with a 1000-year TH, 

indicating that a longer TH gives greater weight to CO2. 

 
Figure 6-11: Percentage reduction in the total EF (contrails plus CO2 EF) vs. the percentage of flights that are 

diverted by ± 2000 feet. The results are aggregated for the overall dataset (six one-week periods) and separately 

for specific weeks. The percentage of flights diverted do not fall to 0% because all flights that contribute to 80% 

of the contrail EF are allowed to divert at night. Shaded regions represent the 95% CI. 
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6.2.4 Real-world implementation: Decision making under uncertainty 

Section 6.2.3 showed that the contrail EF that is attributable to the Japanese airspace can be 

reduced by up to 59.3% [52.4%, 65.6%]. However, this reduction likely serves as a theoretical 

upper limit because it assumes that the subset of flights to be selected for diversion are known: the 

algorithm prioritises on diverting flights with the largest (nominal) contrail EF in a given Monte 

Carlo simulation (outlined in Section 6.2.2), and specific flights that are selected for a diversion 

varies across Monte Carlo simulation because of differences in their respective contrail EF. Given 

that uncertainties in the contrail EF from individual flights can be up to two orders of magnitude 

larger than the fleet-average values (previously shown in Chapter 5.4.2), it might be practical to 

divert flights only when their net climate benefits can be determined with an appropriate level of 

confidence.  

Three additional constraints can be implemented to select specific flights to divert. These 

constraints can also be used to evaluate the inherent trade-offs between the level of risk tolerance 

versus the mitigation potential of the small-scale diversion strategy: 

Firstly, since contrails formed by specific flights can be cooling and do not always lead to a positive 

contrail EF, a constraint can be specified where flights are only selected for diversion when its 

probability of forming warming contrails (Pwarming) is above a defined threshold. The distribution 

of Pwarming for all flights that form contrails is presented in Figure 6-12a: on average, 17% of 

contrail-forming flights have a Pwarming equal to 0 (implying that cooling contrails are always 

formed), 28% of flights have a Pwarming ≥ 0.80, while 14% of flights have a Pwarming equal to 1 

(warming contrails always formed). While higher thresholds of Pwarming would minimise the risk 

of an unintended diversion of flights with a higher probability of forming cooling contrails, it also 

reduces the potential to minimise the total contrail EF (Figure 6-12b). If flights with a Pwarming of 

1 are only selected for diversion (the most conservative scenario, accounting for 0.9% of all flights 

in the CARATS Open Data), the maximum reduction in contrail EF that can be achieved decreases 

to 32.0% [28.3%, 36.5%]. However, limitations of the Pwarming approach are acknowledged: (i) it 

assumes that the alternative trajectory with the lowest contrail EF is known with certainty; and (ii) 

fails to account for the large uncertainty in the contrail EF, which magnitude at the alternative 

trajectories could be comparable or even exceed the original trajectory, thereby reducing the 

effectiveness of a diversion. 
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Figure 6-12: (a) Probability distribution for specific flights forming warming contrails (Pwarming), where the data 

includes all contrail-forming flights; and (b) the mitigation potential on the contrail EF if an additional 

constraint of only diverting flights above a certain Pwarming threshold is implemented.  

An alternative constraint, based on the probability of a flight being selected for diversion (Pselection), 

can resolve limitations of the Pwarming constraint. Given that the algorithm prioritises on diverting 

flights with the largest (nominal) contrail EF for each time step and Monte Carlo simulation 

(outlined in Section 6.2.2), a recurrent selection to divert specific flights across Monte Carlo 

simulations (with a higher Pselection) imply that the alternative trajectory flown is likely more 

effective in reducing the total contrail EF relative to other flights. The histogram in Figure 6-13a 

shows the distribution of Pselection for the subset of flights that are selected for a diversion: 50% of 

the diverted flights have a Pselection of < 0.20, 18% have a Pselection > 0.5, and only 2% have a Pselection 

equal to 1 (indicating that the flight is always selected for diversion). Figure 6-13b shows that the 

mitigation potential reduces at an increasing rate at higher thresholds of Pselection, and for the most 

conservative scenario (Pselection = 1, accounting for 0.15% of all flights in the dataset), the maximum 

reduction in contrail EF that can be attained significantly decreases to 6.30% [5.36%, 7.79%]. 

Thirdly, a constraint depending on the maximum tolerable fuel penalty per flight (FPmax) can also 

be formulated on the basis that the climate impacts of CO2 emissions are long-lived and have a 

higher level of scientific understanding relative to contrails and aviation-induced cirrus16. Figure 

6-14 shows that the reduction in contrail and total EF is proportional to FPmax. However, the law 

of diminishing returns is observed in the total EF when FPmax is above 4% (AGWPCO2,100), or 2% 
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when a more conservative assumption of AGWPCO2,1000 is used to calculate the CO2 and total EF. 

If the FPmax is specified to zero, such that only flights that do not incur a fuel penalty are selected 

for diversion (0.7% of all flights in the CARATS Open Data), a reduction in the contrail EF of up 

to 20.0% [17.4%, 23.0%] is still possible. In other words, the diversion is limited to flights where 

the original cruise altitude was suboptimal or those where the alternative trajectory leads to 

favourable wind conditions.  

    
Figure 6-13: (a) Probability distribution of specific flights being selected for a diversion (Pselection), where the 

data includes the subset of flights that are selected for diversion; and (b) the mitigation potential on the contrail 

EF if an additional constraint of only diverting flights above a Pselection threshold is implemented.  

    
Figure 6-14: Mitigation potential for the (a) contrail and (b) total (contrails + CO2) EF versus the maximum 

tolerable fuel penalty per flight (FPmax). For (b), AGWP values with a 100- (in blue) and 1000-year TH (in red) 

are used to calculate the CO2 EF. 
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A combination of constraints, including: (i) Pwarming and FPmax (Figure 6-15a); or (ii) Pselection and 

FPmax (Figure 6-15b) have also been implemented to evaluate the mitigation potential of a small-

scale diversion strategy. The results suggest that at least 5 to 10% of the contrail EF can be 

mitigated under the most conservative scenarios where Pwarming and Pselection are set at 1, while FPmax 

is set at 0%.  

 
Figure 6-15: Effects of a combination of constraints: (a) FPmax and Pwarming, and (b) FPmax and Pselection on the 

potential to minimise the contrail EF with the small-scale diversion strategy. 

 

6.2.5 Limitations & Future work 

To improve upon and implement the small-scale diversion strategy in the real world, five 

limitations and potential avenues for future research are proposed in this subsection: 

Firstly, EF metric is used to assess the climate forcing of contrails and CO2, which represents the 

heat trapped by these pollutants in the upper troposphere close to cruising altitudes. However, the 

comparability of the long-term climate impact between the two pollutants, in terms of the global 

surface temperature response, remains an open issue. Although changes in the global mean surface 

temperature due to contrail cirrus can be approximated using the absolute global temperature 

potential (AGTP)76,79, it is not included in this thesis because of large uncertainties in the contrail 

climate sensitivity and efficacy157,161–163. Given the high dependence on energy transport by 

atmospheric mixing and radiation, the warming of Earth’s surface temperature by contrail cirrus 
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can be smaller than indicated by the net RF and EF, as previously highlighted in Chapter 2.3.3. 

Therefore, future work should quantify the changes in global surface temperature to confirm that 

implementation of the small-scale diversion strategy leads to a reduction in aviation’s overall 

climate impact.  

Secondly, the meteorological datasets used in this research (ERA5 EDA and HRES) are reanalysis 

data318, which are not subjected to forecast errors because historical observational data are 

assimilated and reprocessed. However, as flight plans are typically filed between 1 and 23 h prior 

to departure338, real-world implementation of the proposed small-scale diversion strategy requires 

the use of forecast meteorological data where uncertainties are known to increase with the forecast 

range (Figure 6-16)339. This will lead to larger uncertainties in the modelled contrail EF and fuel 

consumption relative to that quantified in this research. Forecast ensembles can be obtained from 

the ECMWF’s Integrated Forecast System (IFS)339 at a 0.5° × 0.5° and 3-hourly resolution, or the 

Global Ensemble Forecast System (GEFS)340 from the US National Centers for Environmental 

Protection (NCEP) at a 1° × 1° and 6-hourly resolution. However, these datasets are not evaluated 

in this thesis because the IFS is not publicly accessible, while radiation data is not provided by the 

GEFS. For these reasons, the use of forecast data for contrail modelling is highlighted as an avenue 

for further research. 

 
Figure 6-16: Accuracy of forecast meteorological data where the uncertainties (ensemble spreads, orange 

shaded region) increase with the forecast range. [Source: Owens & Hewson339, open access]  

Thirdly, the small-scale diversion strategy is currently optimised to minimise the contrail EF and 

does not account for differences in the climate forcing by other pollutants such as nitrogen oxide 

(NOx). The net RF of aircraft-emitted NOx is influenced by various chemical processes and known 
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to be positive16,17,341,342: it facilitates the production of ozone (O3) and hydroxyl radicals (OH) in 

the short-term with a positive RF, but the warming effect is somewhat offset over the longer term 

with the destruction of methane (CH4, a potent and long-lived greenhouse gas) by the OH. A multi-

model study found that the RF of aircraft-emitted NOx has a dependence on the aircraft cruising 

altitude343: a shift to higher cruising altitudes (+ 2000 feet) can increase the global mean NOx-

related RF by 35% (from a baseline of 0.005 W m-2 to 0.007 W m-2), predominantly due to a higher 

fraction of NOx being emitted in the stratosphere with a longer lifetime; while a lower cruising 

altitude (- 2000 feet) reduces the RF by a similar magnitude to 0.003 W m-2. Although the annual 

mean net RF of aircraft-emitted NOx (≈ 0.003 to 0.007 W m-2)343 was shown to be be significantly 

smaller than contrail cirrus (≈ 0.01 to 0.09 W m-2)16, future work should: (i) confirm this statement 

by assessing their respective climate impacts in terms of the change in global surface temperature; 

and (ii) optimise aircraft trajectories by minimising the total climate impact, accounting for CO2, 

NOx and contrails.  

Fourthly, flight level changes from the proposed diversion strategy are expected to: (i) increase the 

workload of an air traffic control officer (ATCO) and reduce airspace capacity83,334; (ii) introduce 

an additional element of unpredictability; which (iii) reduces the cost efficiency of airspace 

operations and incur additional ATM costs344. Although these impacts are analogous to cases 

where flights are diverted due to bad weather and severe turbulence345,346, it is likely that contrail 

diversions, a non-safety critical manoeuvre, is relegated to a lower priority because airspace 

capacity and cost efficiency are benchmarked as the main key performance areas for ATM 

procedures83,215. Additionally, a wider application of the small-scale diversion strategy beyond the 

Japanese airspace would also require ATM collaborations between adjacent airspace sectors 

(airspace boundaries for Japan and adjacent sectors were previously shown in Figure 4-2). For 

example, flights are typically instructed to fly at a predefined flight level and heading when 

entering adjacent high-density sectors83, such as the Incheon, Taipei and Manila flight information 

region (FIR), because of differences in airspace structure and optimisation. Similarly, potential 

flexibilities in ATM in oceanic airspace (such as the Fukuoka and Oakland FIR) could also be 

limited because the lateral separation minima are typically increased from 5 nautical miles (NM) 

to 60 NM due to the lack of radar coverage347. While both these limitations can be somewhat 

addressed by the implementation of new ATM technologies such as the Automatic Dependent 

Surveillance-Broadcast (ADS-B)348, which offers real-time aircraft positioning information, future 
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work should prioritise on quantifying: (i) the impact of contrail diversions to ATM in terms of the 

ATCO workload, airspace capacity and cost efficiency; and (ii) the feasibility of implementing 

this strategy at a wider scale covering multiple airspace sectors. 

Finally, the small-scale diversion strategy necessitates a decision on an appropriate trade-off 

between minimising the contrail EF and potential increases CO2 emissions (Figure 6-14a). 

However, the known limitations of BADA 3 (ref.205,220), used to compare the difference in fuel 

consumption between the original and alternative trajectories, could introduce additional 

uncertainties and reduce the accuracy of such an evaluation: although several studies219,349 found 

a small difference (± 3%) between the estimated fuel consumption (from BADA 3) and the 

reported values (from flight data recorders) during the cruise phase of flight, an underestimation 

in fuel consumption is expected at higher altitudes and Mach numbers because the compressibility 

effect and wave drag are not accounted for205. While an improved BADA 4 has been developed to 

address these limitations, restricted access implies that: (i) it cannot be used in this research; and 

(ii) it’s accuracy cannot be easily verified49. 

 

6.3 Widespread Adoption of Cleaner Engine Technologies 

This subsection evaluates the effectiveness of cleaner-burning DAC engines to mitigate the 

contrail climate forcing when adopted across the fleet: Section 6.3.1 outlines the rationale and 

approach, while Section 6.3.2 evaluates the mitigation potential of the strategy. Finally, Section 

6.3.3 discusses the limitations of this strategy.  

6.3.1 Rationale & approach 

Contrails produced by conventional SAC and cleaner-burning DAC engines were separately 

analysed in the baseline scenario (Chapter 5.4.3). The results suggest that DACs engines could 

significantly minimise the climate forcing of contrails: on average, contrails produced by DACs 

have smaller lifetimes (-12%), EF per flight (-65%), and EF per unit of length contrail (-61%) 

relative to SAC engines. 

To quantify the potential long-term benefits of cleaner DAC engines, a hypothetical scenario is 

formulated where all aircraft in the fleet are assumed to be powered by DAC engines. The BC 
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emission characteristics of all the flights are universally assumed to follow the predictive 

relationships previously developed in Chapter 4.3: (i) The BC mass emissions index (EIm) in the 

pilot stage is calculated using Eq. (4-17) and a constant EIm of 3.25 mg kg-1 is used for the lean 

combustion stage; (ii) the geometric mean diameter (GMD) across engine thrust settings is 

calculated with Eq. (4-20) and (4-21); and (iii) constant values of 1.80 and 2.76 are specified for 

the geometric standard deviation (GSD) and mass-mobility exponent (Dfm). The ratio of turbine 

inlet to the compressor inlet temperature (T4/T2) for each waypoint, required to calculate the BC 

EIm and GMD, is assumed to be equal to the baseline scenario (previously calculated in Chapter 

4.3) and used to determine the engine operating mode (pilot or lean combustion mode). With these 

parameters now available, the FA model (Figure 4-17) is then used to estimate the BC EIn for each 

waypoint. Uncertainties in various contrail properties are estimated by implementing CoCiP with 

the same Monte Carlo simulation (previously described in Chapter 5.3). To be conservative, it is 

assumed that the engine efficiency and fuel consumption for DAC engines remain the same as 

their conventional SAC counterparts.  

 

6.3.2 Mitigation potential  

Table 6-1 summarises the fleet-aggregated contrail characteristics and climate forcing, while 

Figure 6-17 compares these results with the baseline scenario. The total and percentage (and 

distance) of flights forming contrails remain unchanged relative to the baseline scenario. However, 

for reasons that were previously described in Chapter 5.4.3, larger values are estimated for the 

contrail ice particle size (+29.9% [+20.9%, +40.2%]), while smaller values are computed for the 

mean (-19.5% [-27.9%, -15.6%]) and maximum (-9.94% [-1.36%, -22.9%]) contrail segment age, 

τ (-33.0% [-38.6%, -27.1%]) and net RF (-27.4% [-37.7%, -18.9%]). Reductions in the net contrail 

RF is comparable to previous studies that investigated the effect of changing EIn: for a 50% 

reduction in EIn, Bock and Burkhardt181 found a 14% reduction in net RF in the Eastern China-

Japan region; and for an 80% reduction in EIn, Burkhardt et al.180 calculated a 50% reduction in 

net RF globally.  

Most importantly, differences in the contrail lifetime and net RF then translate to a -68.8% [-82.1%, 

-45.2%] reduction in the total contrail EF (from a nominal value of 5.38 ×1018 J in the baseline 

scenario to 1.68 ×1018 J). The mean contrail EF per flight distance (1.67 [1.18, 2.07] ×107 J m-1) 
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is now 51% smaller than the CO2 EF (3.41 [2.50, 4.32] ×107 J m-1, 100-year TH), assuming that 

the fuel consumption of DACs are the same as their SAC counterparts.  

 
Figure 6-17: Histogram comparing the uncertainty distribution of the fleet statistics, contrail characteristics 

and climate forcing for the baseline scenario (blue bars) versus the hypothetical scenario where all aircraft are 

assumed to be powered by DACs (red bars). These results are simulated using the ERA5 EDA meteorological 

dataset with a Monte Carlo simulation (100 runs).  
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The uncertainty distribution of these contrail parameters simulated under the hypothetical scenario 

is generally similar to the base case, apart from the maximum contrail segment age which showed 

a near-uniform distribution and a larger range of between 18 and 24 h. The range of fleet-

aggregated contrail net RF and EF values are also 55% and 67% smaller than the baseline scenario. 

These results suggest that the potential to mitigate the contrail EF via a fleetwide adoption of DAC 

engines (-68.8% [-82.1%, -45.2%]) could be greater than the proposed small-scale diversion 

strategy (up to -59.3% [-65.6%, -52.4%]), and without having to divert flights and disrupt ATM 

operations. It is also expected to provide positive knock-on effects such as air quality 

improvements in the vicinity of airports because: (i) BC particle number emissions at high engine 

thrust settings (take-off and climb) is reduced by up to two orders of magnitude95 relative to 

conventional SAC engines; and (ii) NOx emissions are 35% lower199 than the regulatory standards 

set by the ICAO Committee on Aviation Environmental Protection (CAEP/6). Benefit (ii) is likely 

significant in minimising the total climate forcing of aviation, especially when the mean NOx-

related RF per unit emission is larger at cruising altitudes than on the ground16. However, these 

benefits can only be realised over the long term because of the need for significant capital 

expenditures and the long aircraft lifecycle which typically exceeds 20 years40,41. 

Table 6-1: Fleet-aggregated contrail characteristics and climate forcing over the six one-week periods of air 

traffic data. Contrails are simulated using the ERA5 EDA meteorological dataset, under a hypothetical scenario 

where all aircraft are assumed to be powered by DAC engines.  

CoCiP Outputs  

(Fleet average, assuming all aircraft 

are powered by DACs) 

ERA5 EDA (n=100) % difference in 

mean value 

w.r.t. baseline 
Mean P2.5% P97.5% 

95% CI w.r.t. 

Mean 

Total num. of flights forming contrails 26517 25648 27360 [-3.28%, +3.18%] -0.06% 

% of flights forming contrails 17.8 17.2 18.4 [-3.28%, +3.18%] -0.04% 

% of flight distance forming contrails 7.14 6.64 7.74 [-6.91%, +8.46%] -0.13% 

Mean contrail segment age (h) 2.61 2.51 2.70 [-3.68%, +3.68%] -19.5% 

Maximum contrail segment age (h) 21.8 18.5 23.9 [-14.2%, +10.8%] -9.94% 

Ice particle volume mean radius (µm) 17.3 16.7 17.8 [-3.53%, +3.01%] 29.9% 

Contrail optical depth (τ) 0.096 0.092 0.101 [-3.55%, +5.75%] -33.1% 

SW RF (W m-2) -3.13 -3.39 -2.80 [-8.25%, +10.6%] -29.2% 

LW RF (W m-2) 4.37 4.17 4.67 [-4.71%, +6.68%] -29.0% 

Net RF (W m-2) 1.26 0.99 1.59 [-22.0%, +26.0%] -27.4% 

Contrail EF (× 1018 J) 1.68 1.19 2.11 [-29.2%, +25.3%] -68.8% 

EF per flight distance (× 108 J m-1) 0.167 0.118 0.207 [-29.2%, +23.7%] -68.8% 

EF per contrail length (× 108 J m-1) 2.35 1.71 2.89 [-27.3%, +23.0%] -68.7% 

% flights responsible for 80% contrail EF 2.24 2.03 2.48 [-9.46%, 10.7%] 2.33% 



209 
 

Finally, a combination of the small-scale diversion strategy and widespread adoption of DACs 

could theoretically reduce the contrail EF by up to 91.8% [88.6%, 95.8%], as shown in Figure 6-

18a. The large uncertainty bounds in the percentage reduction in contrail EF for week 6 (Mar-2013) 

is due to its small denominator where the baseline contrail EF is 1.86 [-1.75, 5.25] ×1016 J. Figure 

6-18b shows that the total EF (contrails + CO2) can be reduced by up to 56.5% [43.9%, 70.3%], 

assuming a 100-year TH for the CO2 AGWP. For a shorter CO2 AGWP TH of 20-years, the total 

EF can be reduced by 77.8% [73.0%, 82.9%], or 19.5% [11.6%, 35.9%] with a 1000-year TH. 

     

Figure 6-18: Percentage reduction in the (a) contrail and (b) total EF (contrails and CO2 emissions) vs. the 

percentage of flights that are diverted by ± 2000 feet for the combination of a fleetwide DAC adoption and 

small-scale diversion strategy. The results are aggregated for the overall dataset (six weeks) and disaggregated 

for specific weeks. The percentage of flights diverted do not fall to 0% because all flights that contribute to 80% 

of the warming EF are allowed to divert at night.  

 

6.3.3 Limitations & Future work 

While the results in Section 6.4.2 suggest that DACs offer significant potential to reduce the 

contrail EF, two limitations have been identified for further research:  

Firstly, the emission characteristics of DAC engines were derived based on ground 

measurements95,98,246 and have not been measured during the cruise phase of flight. Future 

experimental campaigns can prioritise on cruise BC measurements to: (i) confirm that the DAC 

engines are indeed operating in the lean combustion mode with the EIn being in the range of 1014 
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kg-1; and (ii) increase the sample size of BC EIm and GMD measurements to validate and improve 

their respective predictive relations that were previously formulated in Chapter 4.3. Additionally, 

the emission characteristics of more recent combustion technologies, such as the Twin Annular 

Premixing Swirler (TAPS)198 which was developed based on lessons learnt from the DAC, has yet 

to be investigated at both ground and cruise conditions.   

Secondly, further validation is required to quantify the possibility of an enhanced activation of 

ultrafine aqueous aerosols when the BC EIn is < 1013 kg-1, or when Tamb falls far below the Schmidt-

Appleman criterion which facilitates homogeneous freezing72. Although these effects are currently 

not modelled by CoCiP70, where the initial contrail ice particle number is assumed to be 

proportional to the BC EIn, it is likely not important because the modelled EIn for DACs (3.78 

[3.65, 3.91] ×1014 kg-1) is well above the 1013 kg-1 threshold. However, the use of alternative fuels 

and DAC engines in combination, which remains unexplored, could potentially reduce the EIn 

close to the 1013 kg-1 threshold where the contribution of ultrafine aqueous aerosols to the initial 

contrail ice particle number could become significant.  

 

6.4 Conclusions 

The main goal of this chapter was to evaluate two proposals to reduce the contrail EF: (i) a small-

scale strategy of diverting flights with the largest contrail EF; and (ii) a fleet-wide adoption of 

aircraft powered by cleaner-burning DAC engines. The fleet-aggregated contrail, CO2 and total 

EF for the baseline and different mitigation scenarios are summarised in Table 6-2.  

While previous studies have predominantly advocated a fleet-wide diversion strategy to minimise 

the formation and/or RF of contrail cirrus, this is neither practical nor necessary because only 2.2% 

[2.0%, 2.5%] of all flights in the Japanese airspace are responsible for 80% of the total contrail EF. 

Instead, the proposed small-scale diversion strategy could significantly reduce the contrail EF (up 

to 59.3% [52.4%, 65.6%]) with a negligible increase in total CO2 emissions (0.014% [0.010%, 

0.017%]) and likely reduce the disruptions to ATM. However, due to large uncertainties in the 

contrail EF from individual flights, additional constraints can be implemented to ensure that the 

diversion of specific flights does not lead to unintended consequences of increasing the total 

climate forcing. A 5 to 10% reduction in the contrail EF can still be achieved under the most 
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conservative scenario where flights are diverted only when the probability of a flight: (i) forming 

warming contrails; or (ii) being selected by the algorithm for diversion is equal to one; and (iii) 

when the specific flight do not incur a fuel penalty. This has significant implications for aviation 

and provides an opportunity to rapidly reduce the climate forcing of the aviation sector. 

Table 6-2: Fleet-aggregated contrail, CO2 and total EF for the baseline and three mitigation scenarios. The CO2 

and total EF values are dependent on the CO2 AGWP TH (20, 100 or 1000 years). For the three mitigation 

scenarios, the percentage change in contrail, CO2 and total EF are relative to the baseline scenario (∆). 

 
Contrail EF  

(1018 J) 

CO2 AGWP 

TH (years) 

CO2 EF* 

(1018 J) 

Total EF (1018 J) 

[contrails + CO2] 

Baseline 

Scenario 
5.38 [3.85, 6.66] 

20 0.93326 [0.62062, 1.2309] 6.31 [4.88, 7.57] 

100 3.4277 [1.7187, 5.0480] 8.76 [6.92, 10.8] 

1000 20.185 [8.6413, 31.424] 25.8 [14.2, 36.7] 

Diversion 
2.15 [1.38, 2.96] 

Δ = -59.4% [-65.6, -52.4] % 

20 
0.93338 [0.62071, 1.2310] 

Δ = +0.014% [+0.010, +0.017] % 

3.11 [2.33, 3.93] 

Δ = -50.1% [-55.4, -44.6] % 

100 
3.4282 [1.7259, 5.0488] 

Δ = +0.014% [+0.010, +0.017] % 

5.94 [3.85, 7.22] 

Δ = -35.6% [-44.2, -27.6] % 

1000 
20.188 [8.6425, 31.428] 

Δ = +0.014% [+0.010, +0.017] % 

22.7 [10.7, 33.6] 

Δ = -12.2% [-23.1, -7.55] % 

Fleetwide 

DAC 

Adoption 

1.68 [1.19, 2.08] 

Δ = -68.8% [-82.1, -45.2] % 

20 
0.93326 [0.62062, 1.2309] 

Δ = 0 

2.62 [2.10, 3.09] 

Δ = -58.4% [-62.4, -54.4] % 

100 
3.4277 [1.7256, 5.0480] 

Δ = 0 

5.06 [3.49, 6.67] 

Δ = -42.2% [-52.9, -32.6] % 

1000 
20.185 [8.6413, 31.424] 

Δ = 0 

22.0 [10.4, 33.0] 

Δ = -14.5% [-26.9, -8.65] % 

Diversion 

+ DAC 

0.443 [0.152, 0.684] 

Δ = -91.8% [-95.8, -88.6] % 

20 
0.93351 [0.62080, 1.2312] 

Δ = +0.027% [+0.021, +0.033] % 

1.38 [1.05, 1.67] 

Δ = -77.8% [-82.9, -73.0] % 

100 
3.4287 [1.7192, 5.0562] 

Δ = +0.027% [+0.021, +0.033] % 

3.89 [2.15, 5.48] 

Δ = -56.5% [-70.3, -43.9] % 

1000 
20.191 [8.6438, 31.433] 

Δ = +0.027% [+0.021, +0.033] % 

20.8 [9.08, 31.9] 

Δ = -19.5% [-35.9, -11.6] % 

* shown to 5 significant figures to allow identification of differences in values 



212 
 

A widespread adoption of cleaner-burning engine technologies such as the DAC, where the 

average BC EIn is 76% lower than conventional SAC engines, can reduce the mean contrail 

lifetime (-19.5% [-27.9%, -15.6%]) and τ (-33.0% [-38.6%, -27.1%]) respectively, thereby 

reducing the contrail EF by -68.8% [-82.1%, -45.2%] without incurring the unintended 

consequences of the proposed small-scale diversion strategy. However, this can only be achieved 

over the longer term via fleet upgrades. A combination of the diversion strategy and DAC engines 

could theoretically reduce the contrail EF by up to 91.8% [88.6%, 95.8%]. 

Although the spatial domain of this research is currently restricted to the Japanese airspace, the 

qualitative findings are likely valid for other mid-latitude regions. The methodology can also be 

easily expanded to a global study should a high-resolution global air traffic dataset becomes 

available.  
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7. CONCLUSIONS AND FUTURE WORK 

This chapter summarises the main findings of this thesis and provides recommendations for future 

work. It begins with by revisiting the aims and objectives of this research (Section 7.1), followed 

by a detailed discussion on the main research contributions that can be drawn from this thesis 

(Section 7.2). The impact of this research and policy implications to the aviation industry are 

subsequently explored in Section 7.3. Next, Section 7.4 highlights several limitations of this 

research and charts the direction for future research by raising several topics of interest. Finally, 

Section 7.5 lists the journal publications and conference/workshop presentations that arise from 

this PhD thesis. 

 

7.1 Revisiting Research Objectives 

The main aim of the research underlying this thesis is to “quantify the uncertainties in the climate 

forcing of aircraft contrails in order to propose potential mitigation solutions”. This aim was 

successfully accomplished by propagating the uncertainties arising from meteorology and aircraft 

black carbon (BC) particle number (PN) emissions (a critical parameter influencing various 

contrail properties) to simulate the contrail climate forcing and quantify their respective 

uncertainties. Although uncertainties in the contrail climate forcing are shown to be significant, 

two mitigation solutions proposed in this thesis was shown to be effective in significantly reducing 

the contrail energy forcing (EF).  

The five research objectives (outlined in Chapter 1.2) are revisited to evaluate their respective 

contributions to the overarching aim:  

The first objective is to “undertake a critical literature review on the topic of contrails and 

aviation-induced cirrus to highlight deficiencies in existing knowledge and identify avenues for 

further research”. This objective was addressed in CHAPTER 2. It successfully identified four 

specific areas for further research in order to provide the research motivation and outlined the 

roadmap of this thesis.  

The second objective aims to “improve upon the simplified assumption that were adopted in 

existing contrail models by developing a new methodology to estimate the aircraft BC PN from 
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mass emissions”. This was accomplished through the development of the Fractal Aggregates (FA) 

model in CHAPTER 3. The FA model was also shown to be capable of estimating the BC PN 

emissions from different aircraft and engine types in CHAPTER 4, which overcomes the 

limitations of previous methodologies that are available to estimate the aircraft BC number 

emissions index (EIn in kg-1). 

Building on the successful development of the FA model, the third objective sets out to “apply this 

newly developed methodology to quantify the aircraft BC PN emitted during the cruise phase of 

flight, together with their respective uncertainties”. This objective was completed in CHAPTER 

4, where the FA model was applied to an aircraft activity dataset (the CARATS Open Data, which 

contains high-resolution 4D flight trajectory data above Japan) to provide an updated estimate of 

the aircraft BC EIn. Using a numerical Monte Carlo simulation, the uncertainty range and 

distribution of the estimated aircraft BC EIn was also successfully quantified in CHAPTER 4. 

The fourth objective is to “simulate the characteristics and climate forcing of contrails in a high-

density airspace and quantify their uncertainties more comprehensively by propagating the 

uncertainties arising from aircraft BC PN emissions and meteorology”. This was performed in 

CHAPTER 5, where contrails formed in the Japanese airspace, a high-density airspace similar to 

that of North America and Europe, are simulated using the Contrail Cirrus Prediction Model 

(CoCiP). CoCiP is one of the most advanced contrail models currently available and is also best 

suited for the purpose of this research. Uncertainties in the characteristics and climate forcing of 

contrails were estimated by propagating the uncertainties arising from: (i) the aircraft BC PN 

emissions, which was quantified in CHAPTER 4 to address the third research objective; and (ii) 

different meteorological and radiation parameters, available from the European Centre for 

Medium-Range Weather Forecast’s (ECMWF) ERA5 ten-member ensemble (EDA) dataset. 

Finally, the last objective “explores various mitigation options that could minimise the climate 

forcing of contrails”. This was successfully achieved in CHAPTER 6, where two mitigation 

solutions were proposed: a small-scale flight diversion strategy and widespread adoption of 

cleaner-burning engines with a lower BC EIn. The effectiveness of these solutions was assessed 

using the CoCiP contrail model, and the results suggest that a reduction in the total contrail EF of 

up to 90% could be feasible while keeping potential disruptions to air traffic management (ATM) 

to a minimum.  
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The main research contribution that arises from this research are discussed in detail in the next 

subsection.  

 

7.2 Main Research Contributions 

Contrails and induced-cirrus cloudiness produced by aircraft may have an annual mean radiative 

forcing (RF) that could be comparable to the RF of aviation’s cumulative CO2 emissions since its 

inception16. However, uncertainty in the contrail cirrus RF remain the largest relative to other 

aviation pollutants16. This serves as the main research motivation for the PhD thesis, where the 

main aim was formulated specifically to quantify the uncertainty in contrail climate forcing more 

comprehensively and propose mitigation solutions, accounting for the large uncertainty. The main 

achievements and findings from each chapter are summarised in Table 7-1 and elaborated below.  

A comprehensive literature review on the topic of contrails and induced-cirrus cloudiness was 

conducted in CHAPTER 2, where four topics of interest were shortlisted for further research in 

this thesis: (i) existing contrail models currently adopt BC EIn inputs that is constant, despite BC 

EIn being known as a critical parameter in influencing various contrail properties, because previous 

methodologies that are available to estimate the BC EIn rely on simplified assumptions; (ii) 

uncertainties in the simulated contrail characteristics and climate forcing were not 

comprehensively modelled in previous studies; (iii) existing studies predominantly recommended 

a fleet-wide flight diversion strategy to minimise the formation and/or RF of contrails, but this is 

impractical because of the expected disruptions to ATM; and (iv) current contrail mitigation 

proposals do not provide a confidence interval in assessing their mitigation potential and were 

primarily assessed using the RF metric, which do not account for total climate forcing cumulated 

over a contrail’s lifetime and is not capable of identifying and diverting specific flights with the 

largest contrail climate forcing. Further research was conducted in this thesis to address these four 

limitations.  

CHAPTER 3 sets out to address the first limitation by developing a general methodology from the 

theory of fractal aggregates, named as the FA model, to estimate the aircraft BC EIn from the mass 

emissions index (EIm in g kg-1). This is because measurements and models for the aircraft BC EIm 

are more widely available than the EIn. The FA model provides two advantages relative to previous 
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methodologies used to estimate the aircraft BC EIn: (i) it includes a dependence on changes in the 

BC particle size distribution (PSD) and morphology at different engine operating conditions; and 

(ii) uncertainties in the estimated EIn are now accounted for. Given that the FA model was 

fundamentally derived from the theory of fractal aggregates, it is also capable of estimating the 

BC PN emissions from various combustion sources. Validation results against three BC emission 

sources (including two aircraft gas turbines at ground and cruise conditions, an internal combustion 

engine and a soot generator) show that the R2 range from 0.44 to 0.95, while the normalised mean 

bias (NMB) is between -28% and +27%. These results show that the FA model can be universally 

applied to a range of studies, including but not limited to aircraft BC PN estimates and contrail 

modelling.  

Table 7-1: Summary of main achievements and findings from each chapter. 

Chapter Main achievements & findings 

2 • Comprehensive literature review on contrails and aviation-induced cirrus. 

• Identification of limitations and avenues for further research 

3 • Critical review of fractal aggregates theory 

• Development of the FA model to relate the aircraft BC PN and mass emissions. 

• Validation of the FA model with three different BC emission sources. 

4 • Application of the FA model to estimate the aircraft BC EIn over Japan. 

• Fleet-average EIn of 1.37 [1.35, 1.39] ×1015 kg-1 (95% CI). 

• BC EIn from cleaner DAC engines are 76% lower than conventional SAC engines. 

• Uncertainty of the BC EIn for each flight: [-70%, +200%] with a lognormal distribution. 

5 • Incorporation of the FA model to the CoCiP contrail model. 

• Uncertainties in the contrail characteristics and climate forcing quantified by propagating 

uncertainties from meteorology and BC EIn. 

• Only 2.2% [2.0%, 2.5%] of all flights are responsible for 80% of the total contrail EF. 

• Contrails produced by DAC engines have an EF that is 61% lower than SAC engines. 

6 • Evaluation of two proposals to reduce the contrail EF. 

• A small-scale diversion strategy can reduce the contrail EF by 59.3% [52.4%, 65.6%], 

with a 0.014% [0.010%, 0.017%] increase in total fuel consumption and CO2 emissions. 

• Widespread adoption of DACs can reduce the contrail EF by 68.8% [45.2%, 82.1%]. 

• A combination of both methods can reduce the contrail EF by 91.8% [88.6%, 95.8%]. 
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In CHAPTER 4, the FA model is subsequently applied to estimate the aircraft BC EIn in the 

Japanese airspace. The CARATS Open Data (aircraft activity dataset) is selected for this research 

because flight trajectories are provided at a very high spatiotemporal resolution. Existing models 

and datasets were critically reviewed to predict the input variables required by the FA model (i.e. 

BC EIm, PSD and morphology) because they were only measured from a small number of aircraft-

engine types. The fleet-average BC EIn of 1.37 [1.35, 1.39] ×1015 kg-1 at a 95% confidence interval 

(CI) supports the hypothesis of existing contrail studies, which highlighted that the EIn previously 

assumed in contrail models (0.3 ×1015 kg-1) could be understated by up to one order of magnitude. 

For individual flights, uncertainty in the estimated BC EIn are lognormally distributed at [-70%, 

+200%] with a 95% CI, while the fleet-aggregated EIn has significantly smaller uncertainties, [-

1.65%, +1.24%], because uncertainties from different flights cancel out when aggregated across 

the fleet. On average, the BC EIn produced by cleaner-burning double annular combustor (DAC) 

engines (0.38 [0.37, 0.39] ×1015 kg-1) is 76% lower than that of conventional single annular 

combustor (SAC) engines (1.59 [1.57, 1.62] ×1015 kg-1).  

CHAPTER 5 then simulates the contrail characteristics and climate forcing using the CoCiP 

contrail model, where the FA model is incorporated to improve upon the simplifying assumption 

of a constant BC EIn for all aircraft type and operating conditions. The availability of the CARATS 

Open Data enables contrails to be simulated at a very high spatial resolution (average contrail 

segment length of 2 km) relative to previous studies (42 km). By propagating the uncertainties in 

meteorology (provided by the ERA5 EDA dataset) and BC EIn (FA model), uncertainties in 

various contrail properties are quantified more comprehensively, including the mean contrail 

segment age (3.24 [3.09, 3.36] hours), τ (0.143 [0.139, 0.151]), net RF (1.74 [1.21, 2.56] W m-2), 

contrail EF (5.38 [3.85, 6.66] ×1018 J), and the contrail EF per unit length of contrail (7.50 [5.33, 

9.53] ×108 J m-1). Only 2.2% [2.0%, 2.5%] of all flights in the Japanese airspace are accountable 

for 80% of the total contrail EF, and an extrapolation of the contrail EF indicates that flights in the 

Japanese airspace could be responsible for around 4.7% of the global contrail EF. Uncertainties of 

different contrail properties from individual flights are up to two orders of magnitude larger than 

the fleet-aggregated values for reasons that are similar to estimates of the BC EIn (highlighted in 

the previous paragraph). On average, the contrail EF per length of contrail produced by cleaner 

DAC engines is 61% lower than conventional SAC engines because the lifetime and τ are smaller 

by 12% and 29% respectively.  
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Finally, CHAPTER 6 builds on the results from CHAPTER 5 by proposing two solutions to reduce 

the contrail climate forcing. Over the short term, a small-scale strategy that selectively diverts only 

1.7% of flights can minimise any potential disruptions to ATM and reduce the contrail EF by up 

to 59.3% [52.4%, 65.6%]. The average fuel penalty and additional CO2 emissions from each 

diverted flight is approximately 0.27% [-0.13%, 0.72%], and this translates to a 0.014% [0.010%, 

0.017%] increase in total fuel consumption and CO2 emissions for the fleet. A low-risk strategy of 

diverting specific flights only when: (i) reductions in the contrail EF can be determined with a high 

degree of confidence; and (ii) there is no fuel penalty (thereby avoiding long-lived CO2 emissions) 

would still be able to reduce the contrail EF by at least 5 to 10%, demonstrating the potential to 

immediately reduce aviation’s total climate forcing. In the long run, a fleetwide adoption of cleaner 

engine technologies such as the DAC could also significantly reduce the contrail EF by 68.8% 

[45.2%, 82.1%] without the need to divert flights and negatively impact ATM operations. A 

combination of the proposed diversion strategy and use of DAC engines across the fleet could 

theoretically minimise the contrail EF by up to 91.8% [88.6%, 95.8%]. 

 

7.3 Impact of the Research 

The purpose of this research is to: (i) provide stakeholders with the necessary tools to more 

accurately quantify the environmental impact that is attributable to the aviation sector; (ii) supply 

policymakers with the most up-to-date assessment of the scientific progress on contrails and 

aviation-induced cirrus; and (iii) propose policy recommendations to mitigate the contrail climate 

forcing. Hence, the impacts of this research need to be considered in light of this.  

The development of a general methodology to relate the BC PN and mass emissions (FA model) 

is expected to provide far-reaching benefits including but not limited to contrail studies. Firstly, 

the FA model can be applied to estimate the BC PN from various combustion sources in the 

transport and energy sector, in particular, on road vehicles with a pre-Euro 5/V emission standards 

where measurements of BC mass concentration are more widely available than the PN. Secondly, 

a more accurate quantification of the aircraft BC EIn can now be provided by the FA model because 

it does not rely on the simplified assumptions that were adopted in existing aircraft emission 

inventories and PN models. This is important, especially in the landing and take-off cycle (LTO) 

where the aircraft BC EIn, surface area and PSD are parameters used in health studies and air 
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quality modelling in the vicinity of airports; and BC EIn estimates at cruise can also be used in 

cloud-aerosol climate models to study the interaction of aircraft BC PN emissions with natural 

cirrus. Most importantly, this research has successfully incorporated the FA model to the CoCiP 

contrail model, which improved upon the simplifying assumption of specifying a constant BC EIn 

for all operating conditions, and enabled uncertainty in the BC EIn to propagate to various contrail 

properties.  

With the ability to provide a confidence interval in the contrail climate forcing, the effectiveness 

of various mitigation solutions can now be assessed more rigorously. This is necessary before any 

regulatory measures on contrails are mandated across the aviation industry. The proposed small-

scale diversion strategy successfully overcomes several limitations faced by previously proposed 

contrail diversion strategies: (i) it could significantly reduce the total contrail EF; while (ii) 

minimising the disruptions to ATM; and (iii) can be implemented today without the need for 

additional technologies. These findings are expected to play a key role in laying the groundwork 

to prepare for a proof of concept, where a real-world demonstration of diverting a subset of 

transatlantic flights is currently in the planning phase. It is also highlighted that the implementation 

of the Single European Sky (SES) programme is already bringing into place the technologies that 

will enable the small-scale contrail diversion strategy to be implemented without great costs350. 

This will also enable the benefits of this research to take place in the future. 

Based on the research findings, the incorporation of cleaner engine technologies (such as the DAC) 

into future aircraft design, specification and regulation are also strongly recommended. This is 

because DAC engines demonstrated a slightly larger potential in mitigating the contrail EF relative 

to the small-scale diversion strategy, without having to incur any unintended consequences such 

as potential increases in long-lived CO2 emissions and disruptions to ATM operations. Moreover, 

DAC engines also exhibit positive knock-on effects where pollutants, such as nitrogen oxide 

(NOx), BC EIn and EIm, are significantly reduced during the LTO cycle, thereby improving air 

quality and minimising health impacts in the vicinity of airports. Given the extensive benefits, 

various push and pull factors can be adopted by the relevant stakeholders to accelerate the adoption 

of cleaner-burning engines across the fleet. For example: (i) more stringent standards can be set 

by the ICAO Committee on Aviation Environmental Protection (CAEP) to further improve engine 

efficiencies and emission standards; while (ii) national governments and supranational 
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organisations (such as the European Union) can provide policy incentives and subsidies for airlines 

to accelerate the retirement of older, more polluting aircraft, which can have lifecycles of more 

than 20 years40,41, and offset the large capital expenditure requirements for fleet renewals. 

Finally, this thesis will support the formulation of environmental key performance areas (KPA) 

for the SES programme36,350, an initiative that aims to improve the European ATM system. In the 

current Performance Review Body white paper on the SES programme, standards were mainly set 

to minimise fuel consumption (and CO2 emissions)215. However, the objectives set for non-CO2 

emissions, such as NOx, particulate matter (PM), carbon monoxide (CO) and hydrocarbons (HC), 

were mainly focused on air quality improvements in the vicinity of airports36. No environmental 

targets on non-CO2 emissions and contrails are currently planned for the cruise phase of flight. 

The main findings of this research will help shift the debate by highlighting the importance of 

including the climate forcing of contrails and other non-CO2 emissions (such as NOx and BC) in 

the environmental KPA of the SES programme. For a start, an environmental KPA that can be 

considered by the SES programme is to adopt the EF metric to minimise the total climate forcing 

(which includes the EF of CO2, contrails and NOx) for the entire fleet. Although uncertainties in 

the contrail EF estimates for individual flights remain large (Chapter 5.4.2), these uncertainties 

can be accounted for by constraining the diversion to subset of flights that have a higher level of 

certainty in minimising the total EF, similar to the approach outlined in Chapter 6.2.4. As the level 

of scientific understanding for non-CO2 pollutants continues to improve, the environmental KPA 

of the SES programme can then be extended to minimise the overall climate impact of aviation, in 

terms of the global surface temperature response.  

 

7.4 Limitations & Future Work 

This research has successfully quantified uncertainties in the climate forcing of aircraft contrails 

and explored two strategies to minimise the contrail EF. However, the results highlight that 

uncertainties in the contrail climate forcing remain significant, which could undermine the 

confidence or restrict the scale of implementing various contrail mitigation solutions in the real 

world. To address these issues, several topics of interest are suggested for further research (below): 
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Firstly, this thesis predominantly used the EF metric to quantify the contrail climate forcing and 

to evaluate the effectiveness of various mitigation strategies. Further progress has to be made to 

evaluate the contrail climate impact, in terms of the change in global surface temperature response. 

However, at present, it would be speculative to go beyond the contrail EF, which already have 

large uncertainty bounds, because the scientific processes that govern the transfer of heat (induced 

by contrails) from cruising altitudes to the surface remains poorly understood. Due to a strong 

dependence on atmospheric mixing and the timescales of energy transfer, the contrail climate 

sensitivity (λcontrail) and efficacy (e) could vary significantly with small climate disturbances and 

changes in spatiotemporal patterns87,157. Therefore, future work could prioritise the exploration of 

the causalities influencing λcontrail and e in order to constrain their respective values in accordance 

with atmospheric processes or spatiotemporal patterns. 

Secondly, the CoCiP contrail model was run in an offline mode where contrails do not interact 

with the atmospheric humidity, natural cirrus and other contrails. In order to more accurately 

quantify the contrail climate forcing, climate impact, its indirect effects on natural cirrus and 

atmospheric feedback, a major extension of this research could be performed by coupling CoCiP 

with a high-quality numerical weather prediction (NWP) and an aerosol-cloud interaction model. 

By incorporating the NWP model equations and radiation transport model, contrails can be 

simulated to: (i) interact with the ambient humidity, aerosols and natural cirrus; and (ii) induce 

internal heating, which could change the atmospheric circulation and radiation budget over time 

scales of days to weeks after the end of a contrail’s lifecycle. This approach could also be used to 

address the first limitation, where λcontrail and e are estimated by comparing the differences in 

Earth’s surface temperature relative to a separate simulation without contrails. 

Thirdly, the simulation of contrails and assessment of the proposed small-scale diversion strategy 

are currently restricted to the Japanese airspace. This is due to the lack of an aircraft activity dataset 

that contains global flight trajectories at a resolution comparable to the CARATS Open Data. 

When such data becomes available, future work can easily transfer the methodology (outlined in 

this thesis) to re-evaluate these aspects on a global scale. Additional considerations should also be 

focused on the impacts of a small-scale diversion strategy to ATM operations: (i) a collaboration 

between airspace sectors would likely be required to implement this diversion strategy at a larger 

scale due to differences in airspace structure and optimisation; while (ii) the unintended 
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consequences of increasing air traffic controller workload, decreasing airspace capacity and cost-

efficiency should also be evaluated. Issue (ii) could be quantified either by using a fast-time 

simulation model such as AirTOp, or through formal interviews with subject matter experts and 

ATCOs. For further details on the frameworks that have been proposed to account for air traffic 

controller workload, the reader is referred to the Master ATM European Validation Plan 

(MAEVA)351 or the work of Tobaruela et al.83.  

Finally, the potential of using alternative fuels to mitigate the contrail EF was not evaluated in this 

thesis due to data limitations. Although the FA model could theoretically be used to estimate the 

changes in aircraft BC EIn due to the use of alternative fuels, an additional set of predictive 

relationships is required to estimate the necessary input parameters. However, measurements and 

models50,74,352 available to estimate the BC EIm, GMD and GSD from alternative fuels are sparse 

and potential differences in the BC morphology remain unexplored. Therefore, future experimental 

campaigns can prioritise in measuring these parameters across engine thrust settings, as well as 

evaluating the effects on BC EIn when a combination of alternative fuels and cleaner-burning DAC 

engines are used. The potential for ambient and/or organic aerosols to activate as contrail ice 

particles (due to homogeneous freezing) should also be explored if the BC EIn falls below the 1013 

kg-1 threshold. 

 

7.5 Publications & Presentations 

Journal Publications: 

• Teoh, R., Stettler, M. E., Majumdar, A., Schumann, U., Graves, B., & Boies, A. M. (2019). 

A methodology to relate black carbon particle number and mass emissions. Journal of 

Aerosol Science, 132, 44-59. 

• Teoh, R., Schumann, U., Majumdar, A. and Stettler, M.E. (2020). Mitigating the Climate 

Forcing of Aircraft Contrails by Small-Scale Diversions and Technology Adoption. 

Environmental Science & Technology, 54(5), pp.2941-2950. 
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Conference/Workshop Presentations and Posters: 

• Teoh, R., Schumann, U., Majumdar, A., & Stettler, M. (2019). Mitigating the Climate 

Forcing of Aircraft Contrails by Small-Scale Diversions and Technology Adoption. In 

American Geophysical Union (AGU) Fall Meeting 2019, December 11th. San Francisco, 

United States of America.  

• Teoh, R., Schumann, U., Majumdar, A., & Stettler, M. (2019). Mitigating the Climate 

Forcing of Aircraft Contrails by Small-scale Diversions. In Greener by Design Contrail 

Avoidance Group Meeting Workshop, October 21st. Munich, Germany: Institute of 

Atmospheric Physics, Deutsches Zentrum für Luft- und Raumfahrt.  

• Teoh, R., Schumann, U., Majumdar, A., & Stettler, M. (2019). Modelling the Climate 

Impact of Aircraft Contrails in a High-Density Airspace. In 16th Annual Meeting of the Asia 

Oceania Geosciences Society, July 29th. Singapore.  

• Teoh, R., Stettler, M., Majumdar, A., & Schumann, U. (2018). A Methodology to Relate 

Black Carbon Particle Number and Mass Emissions from Various Combustion Sources. In 

22nd ETH-Conference on Combustion Generated Nanoparticles, June 18th - 21st. Zurich, 

Switzerland: ETH Zurich. URL: http://www.nanoparticles.ch/archive/2018_Teoh_PO.pdf 

• Teoh, R., Stettler, M., Majumdar, A., & Schumann, U. (2018). A Methodology to Relate 

Black Carbon Particle Number and Mass Emissions from Various Combustion Sources. 

In Cambridge Particle Meeting 2018, June 15th. Department of Engineering, University 

of Cambridge, Cambridge, United Kingdom. URL: 

http://www.cambridgeparticlemeeting.org/sites/default/files/Presentations/2018/CPM_Te

oh_2018_Methodology to Relate Black Carbon Particle Number and Mass Emissions.pdf 

• Teoh, R., Stettler, M., Majumdar, A., & Schumann, U. (2017). Aircraft Black Carbon 

Particle Number Emissions – A New Predictive Method and Uncertainty Analysis. In 

Annual Aerosol Science Conference, November 9th. Birmingham, United Kingdom.  

• Teoh, R., Stettler, M., & Majumdar, A. (2017). Aircraft black carbon particle number 

emissions—a new predictive method and uncertainty analysis. In 21st ETH-Conference on 

Combustion Generated Naniparticles. Zurich, Switzerland: ETH Zurich. Retrieved from 

http://www.nanoparticles.ch/archive/2017_Teoh_PO.pdf 
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APPENDIX A:  

METHODOLOGY TO ESTIMATE THE KNUDSEN NUMBER (Kn) 

FOR A GIVEN ENGINE OPERATING CONDITIONS 

According to Hinds262, the particle mean free path (λ) is the average distance travelled by a 

molecule between successive collisions: 

 𝜆 =
𝑐̅

𝑛𝑧
, (A-1) 

where 𝑐̅ is the mean molecular velocity, or the average distance travelled by the molecule per 

second. The term 𝑛𝑧 is the average number of collisions an air molecule undergoes in one second, 

which can be expressed as: 

 𝑛𝑧 = √2𝑛𝜋𝑑𝑚
2𝑐̅, (A-2) 

where dm is the diameter of a gas molecule (𝑑𝑚 = 3.7 × 10−10 m), and n is the number of air 

molecules per unit volume. Therefore, Eq. (A-1) and Eq. (A-2) can be combined:  

 𝜆 =
𝑐̅

√2𝑛𝜋𝑑𝑚
2𝑐̅

 (A-3) 

 𝜆 =
1

√2𝑛𝜋𝑑𝑚
2 (A-4) 

For a given gas, λ depends only on n or gas density: 

 𝜆 ∝
1

𝑛
   &  𝑛 ∝ 𝑝 (A-5) 

As n increases, pressure (p) increases. Therefore, the 𝜆 of a given pressure (P1) can be estimated 

using standard atmospheric conditions (P0, 𝜆0) as a reference:  

 
𝜆1

𝜆0
=

𝑃0

𝑃1
 (A-6) 

 𝜆1 = 𝜆0

𝑃0

𝑃1
 (A-7) 
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At standard atmospheric pressure, P0 = 1 atm, the mean free path, 𝜆0 = 0.066 μm. For aircraft 

engines, the combustion inlet pressure (P3) is used as the pressure or the closest region where BC 

particles are formed. The formulas required to calculate P3 can be found in Cumpsty353 and Stettler 

et al.244. Similarly, the gross indicated mean effective pressure (GIMEP) is used for the CIDI 

internal combustion engine230, while BC is assumed to form under one atmospheric pressure for 

the soot generator.   

The Knudsen Number (Kn) is a dimensionless number equal to the ratio of the 𝜆 to the particle 

radius: 

 Kn =
2𝜆

𝑑
 (A-8) 

According to Sorensen224, the continuum regime starts when Kn ≤ 1, while the transition regime 

is when 0.1 < Kn < 10. Finally, the free-molecular regime is when Kn ≥ 1. To use Eq. S13 to 

estimate the Kn, 𝜆 can be estimated using Eq. (A-7), while particle diameter (d) can be estimated 

using the geometric mean diameter (GMD).  

The Kn for each data point is estimated for the CIDI internal combustion engine (Table A-1), soot 

generator (Table A-2) and the two aircraft BC emissions dataset at ground (Table A-3) and cruise 

conditions (Table A-4).  

Table A-1: Estimations of the Knudsen number for each data point from the CIDI dataset.  

Engine Mode GIMEP (atm) GMD (nm) λ1 (μm) Kn 

B75 20% EGR 

16.28 90.01 0.004 0.090 

16.28 86.55 0.004 0.094 

16.28 84.69 0.004 0.096 

B75 0% EGR 
10.86 63.07 0.006 0.209 

10.86 65.72 0.006 0.213 

B50 20% EGR 
8.14 58.02 0.008 0.442 

8.14 56.97 0.008 0.338 

B37 20% EGR 

8.14 36.66 0.008 0.411 

8.14 47.91 0.008 0.424 

5.43 39.5 0.012 0.775 

5.43 38.26 0.012 0.802 

B25 20% EGR 

5.43 31.38 0.012 0.795 

13.6784 30.31 0.005 0.154 

13.6784 30.56 0.005 0.155 

A63 80% 

Premixed 

16.28 62.8 0.004 0.129 

16.28 62.36 0.004 0.123 
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Table A-2: Estimations of the Knudsen number for each data point from the soot generator. 

Sample P1 (atm) GMD (nm) λ1 (µm) Kn 

1 1 41.62 0.066 3.171 

2 1 111.92 0.066 1.179 

3 1 128.78 0.066 1.025 

4 1 40.73 0.066 3.241 

5 1 124.62 0.066 1.059 

6 1 147.08 0.066 0.897 

7 1 143.35 0.066 0.921 

8 1 85.42 0.066 1.545 

9 1 120.43 0.066 1.096 

10 1 145.40 0.066 0.908 

11 1 42.39 0.066 3.114 

12 1 80.31 0.066 1.644 

13 1 127.69 0.066 1.034 

 

Table A-3: Estimations of the Knudsen number for each data point from the aircraft gas turbine engine 

(SAMPLE III.2 dataset, ground measurements). 

F/F00,max 

(%) 

P3 

(atm) 

GMD 

(nm) 

λ1 

(µm) 
Kn 

F/F00,max 

(%) 

P3 

(atm) 

GMD 

(nm) 

λ1 

(µm) 
Kn 

3.3% 1.885 16.088 0.035 4.352 41.1% 11.980 18.486 0.006 0.596 

3.3% 1.882 15.894 0.035 4.413 45.8% 13.216 18.581 0.005 0.538 

3.3% 1.881 15.875 0.035 4.421 51.1% 14.642 18.848 0.005 0.478 

3.3% 1.884 15.903 0.035 4.405 57.1% 16.245 19.169 0.004 0.424 

3.3% 1.882 15.958 0.035 4.395 62.9% 17.797 19.739 0.004 0.376 

3.3% 1.884 15.972 0.035 4.386 69.1% 19.459 20.726 0.003 0.327 

3.3% 1.885 15.928 0.035 4.396 85.7% 23.882 22.748 0.003 0.243 

3.3% 1.883 15.941 0.035 4.399 94.6% 26.258 22.897 0.003 0.220 

7.6% 3.034 21.155 0.022 2.057 84.3% 23.517 23.000 0.003 0.244 

9.4% 3.502 23.248 0.019 1.621 3.3% 1.885 16.259 0.035 4.306 

11.2% 3.991 25.772 0.017 1.283 3.4% 1.903 16.443 0.035 4.219 

13.3% 4.549 27.285 0.015 1.064 6.6% 2.749 20.813 0.024 2.307 

15.5% 5.140 29.231 0.013 0.879 9.8% 3.604 24.343 0.018 1.505 

17.7% 5.725 33.523 0.012 0.688 13.3% 4.538 27.502 0.015 1.058 

20.5% 6.476 35.019 0.010 0.582 20.5% 6.479 34.703 0.010 0.587 

23.3% 7.228 37.448 0.009 0.488 26.4% 8.061 19.464 0.008 0.841 

26.4% 8.045 20.586 0.008 0.797 3.4% 1.918 17.299 0.034 3.978 

33.1% 9.827 19.575 0.007 0.686 26.8% 8.152 19.489 0.008 0.831 

36.9% 10.844 19.888 0.006 0.612      

 

For BC aggregates produced from the soot generator, 77% of the data points form in the free-

molecular regime (Kn > 1) as P1 is at one atmosphere and the Kn primarily depends on the BC 

GMD. A larger GMD contributes to a lower Kn because the Kn and GMD are inversely 

proportional (Eq. A-8). For the CIDI and aircraft gas turbine engine on the ground, BC aggregates 

are increasingly formed in the continuum and transition regime (Kn < 1) at higher engine operating 
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conditions. 92% of the BC aggregates are formed in the free-molecular regime (Kn > 1) when the 

gas turbine engine is operating at cruise conditions, and the explanations to this phenomenon is 

provided in Section 3.4.3.  

Table A-4: Estimations of the Knudsen number for each data point from the aircraft gas turbine engine (NASA 

ACCESS dataset, cruise measurements). 

F/F00,max 

(%) 

Mach 

No. 

P2 

(Pa) 
P3 (Pa) 

GMD 

(nm) 

λ1 

(µm) 
Kn 

41.7% 0.840 37656 391157 35.3 0.017 0.969 

31.3% 0.725 33660 270863 29.7 0.025 1.663 

25.8% 0.600 30259 206179 25.5 0.032 2.544 

41.7% 0.840 37656 391157 32.5 0.017 1.052 

31.3% 0.725 33660 270863 27.0 0.025 1.829 

25.8% 0.600 30259 206179 23.5 0.032 2.760 

41.7% 0.840 37656 391157 28.7 0.017 1.191 

31.3% 0.725 33660 270863 27.8 0.025 1.776 

25.8% 0.600 30259 206179 20.9 0.032 3.104 

41.7% 0.840 37656 391157 28.0 0.017 1.221 

31.3% 0.725 33660 270863 26.3 0.025 1.878 

25.8% 0.600 30259 206179 23.4 0.032 2.772 
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APPENDIX B:  

ASSUMPTION OF ka = 1 AND Dfm = 2Dα FOR AIRCRAFT BC 

EMISSIONS 

The prefactor-exponent assumptions of ka = 1 and 2𝐷𝛼 = 𝐷fm are used to estimate aircraft BC 

emissions in the FA model. In this section, the validity of these assumptions is evaluated using 

different methodologies and datasets published in the literature.  

For aggregates formed via diffusion limited cluster aggregation (DLCA), Eggersdorfer & 

Pratsinis265 showed that the ka is inversely correlated with the geometric standard deviation (GSD) 

of primary particle diameters (Figure 4 on Eggersdorfer & Pratsinis265). Using data on the size 

distribution of primary particle diameters (dpp) from a CFM56-7B26 single annular combustor 

(SAC) aircraft gas turbine engine266, the GSD of aircraft BC primary particles at different engine 

thrust settings (F/F00,max) can be estimated. This aircraft primary particle GSD can subsequently 

be used to estimate the range of ka values by interpolating the results presented in Figure 4 on 

Eggersdorfer & Pratsinis265. 

Table B-1 shows the BC primary particle size distribution data from Liati et al.266, while Table B-

2 shows the aircraft BC primary particle GMD and GSD at different F/F00,max (which were 

estimated from the size distribution of BC primary particles). The GMD and GSD of aircraft BC 

primary particles are estimated using Eq. (3-17) and (3-18) which was obtained from Hinds262. 

Table B-1: Aircraft BC primary particle size distribution data from Liati et al.266. 

BC primary particle 

diameter (nm) 

Mean diameter, 

di (nm) 

Frequency (%) 

F/F00,max = 0.07 F/F00,max = 0.65 F/F00,max = 1.00 

0 – 5 2.5 0 0 2 

5 – 10 7.5 10 4.5 6 

10 – 15 12.5 61 17.6 16.7 

15 – 20 17.5 28 32.2 24 

20 – 25 22.5 1 26.7 19.3 

25 – 30 27.5 0 16 15.3 

30 – 35 32.5 0 2.2 8.4 

35 – 40 37.5 0 0.8 4.2 

40 – 45 42.5 0 0 1.8 

> 45 50 0 0 2.3 
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Table B-2: Aircraft BC primary particle GMD and GSD at different F/F00,max. 

F/F00,max Primary Particle GMD (nm) Primary Particle GSD 

0.07 13.1 1.2761 

0.65 18.6 1.3978 

1.00 19.3 1.6827 

 

Using the aircraft primary particle GSD results from Table B-2, the range of ka is interpolated 

using the results presented in Figure 4 on Eggersdorfer & Pratsinis265, adopting a DLCA 

assumption. For 0.07 ≤
𝐹

𝐹00,max
≤ 1.0, the interpolated ka is within the range of 0.8 to 1.0. Hence, 

the assumption of ka = 1 for aircraft BC emissions across all engine type and thrust settings is 

supported.  

Secondly, using data from the SAMPLE III.2 campaign, ka and Dα values at certain F/F00,max can 

also be approximated using Eq. (B-1), which is derived by equating npp from Eq. (3-1) and Eq. (3-

8), and subsequently substituting m with Eq. (3-4): 

 𝑘a =
𝑘

𝜌0
(𝑘TEM)2𝐷α−3   and 𝐷𝛼 =

3𝐷TEM−𝐷fm

2(𝐷TEM−1)
. (B-1) 

The variables k, Dfm, 𝑘TEM  and DTEM required to estimate ka and Dα at certain F/F00,max are 

available from Boies et al.98 and Johnson et al.246, where the data used in these two studies were 

collected from the same campaign and experimental set up. Table B-3 shows the approximation 

of ka and Dα values from a CFM56-5B4-2P double annular combustor (DAC) engine at certain 

F/F00,max. Outliers from three data points (9.5% and 30.9% F/F00,max) are identified from Johnson 

et al.246 and excluded in this analysis.  

Table B-3: Estimation of ka and Dα values from a CFM56-5B4-2P DAC engine using Eq. (B-1). 

F/F00,max 

(%) 

Boies et al.
98

 Johnson et al.
246

 
kTEM [m] Est. Dα Est. ka 

% difference 

between Dfm and 

2Dα kTEM [nm] DTEM k Dfm 

9.5 0.54 0.86 141.54 2.91 0.03    

17.4 0.86 0.75 7.72 2.73 0.005 0.96 1.382 -29.67% 

17.4 1.39 0.65 11.72 2.76 0.001 1.157 0.764 -16.16% 

17.6 0.71 0.8 32.19 2.82 0.011 1.05 1.032 -25.53% 

24.4 1.17 0.74 10.28 2.75 0.005 1.019 0.888 -25.89% 

24.4 0.8 0.79 33.73 2.81 0.01 1.048 1.196 -25.41% 

30.9 0.44 0.98 823.33 3 0.291    

30.9 0.56 0.92 823.33 3 0.107    

     Average 1.0468 1.0524 -24.53% 
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Using this approach, the average ka value for a DAC engine is estimated to be 1.05 (0.75 ≤ 𝑘𝑎 ≤

1.4), which also supports the assumption of ka = 1 for aircraft emissions in the FA model. Finally, 

Table B-3 also showed that values of 2𝐷α  and 𝐷fm  differs by approximately 25%, where the 

discrepancy could be due to the uncertainties from experimental measurements.  
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APPENDIX C:  

DERIVATION OF THE FRACTAL AGGREGATES (FA) MODEL 

Simplified Derivation of the FA Model (Eq. 3-15) excluding Cov 

Derivation of 𝑁 =
𝑀

𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷αGMD𝜑exp (

𝜑2 ln(GSD)2

2
)
  where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷α 

Primary particle diameter, generalised form: 

𝑑pp[𝑚] = 𝑘TEM 𝑑m
𝐷TEM    (Ref.98,267) 

𝑑pp
3 = (𝑘TEM

3)𝑑m
3𝐷TEM  

 

Number of primary particles in an aggregate,  

𝑛pp = 𝑘a(
𝑑m

𝑑pp
)2𝐷α   (Ref.98,263) 

𝑛pp = 𝑘a(
𝑑m

2𝐷α

𝑘TEM
2𝐷α  × 𝑑m

2𝐷TEM𝐷α
)     [Substitute  𝑑pp = 𝑘TEM 𝑑m

𝐷TEM] 

 

Mass of BC aggregate is the sum of the mass of primary particles: 

Assumption: Single point of contact between pairs of primary particles, where the overlapping 

coefficient, Cov = 0 

𝑚 = 𝑛pp𝜌0(
𝜋

6
)𝑑pp

3
  [Substitute  𝑛pp = 𝑘a(

𝑑m
2𝐷α

𝑘TEM
2𝐷α  × 𝑑m

2𝐷TEM𝐷α
)  & 𝑑pp

3 = (𝑘TEM
3)𝑑m

3𝐷TEM ] 

𝑚 = 𝑘a(
𝑑m

2𝐷α

𝑘TEM
2𝐷α  × 𝑑m

2𝐷TEM𝐷α
) × 𝜌0(

𝜋

6
)(𝑘TEM

3)𝑑m
3𝐷TEM  

𝑚 = 𝑘a𝑑m
2𝐷α−2𝐷TEM𝐷α+3𝐷TEM𝜌0(

𝜋

6
)(𝑘TEM)3−2𝐷α  

𝑚 = 𝑘a𝑑m
3𝐷TEM+(1−𝐷TEM)2𝐷α𝜌0(

𝜋

6
)(𝑘TEM)3−2𝐷α  

𝑚 = 𝑘a𝑑m
𝜑𝜌0(

𝜋

6
)(𝑘TEM)3−2𝐷α     where    𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷α 
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Mass of a collection of aggregates with size distribution n(dm): 

𝑀 = ∫ 𝑚(𝑑m)𝑛(𝑑m) 𝑑log𝑑m
∞

0
  [Substitute 𝑚(𝑑m) = 𝑘a𝑑m

𝜑𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α] 

𝑀 = ∫ 𝑘a𝑑m
𝜑𝜌0(

𝜋

6
)(𝑘TEM)3−2𝐷α  𝑛(𝑑m) 𝑑log𝑑m

∞

0

 

𝑀 = 𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α ∫ 𝑑m

𝜑 𝑛(𝑑m) 𝑑log𝑑m
∞

0
  

 

Note:   

𝑛(𝑑m) = 𝑁 × 𝑝(𝑑m)  where 𝑝(𝑑m) is the probability density function of distribution 𝑛(𝑑m) 

∫ 𝑝(𝑑m) = 1
∞

−∞
 integrating the total interval of a probability density function is equal to 1 

 

𝑀 = 𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α ∫ 𝑑m

𝜑 𝑁 𝑝(𝑑m) 𝑑𝑙𝑜𝑔𝑑m
∞

0
  

𝑀 = 𝑁 × 𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α ∫ 𝑑m

𝜑 𝑑𝑙𝑜𝑔𝑑m
∞

0
  

 

Note: The remaining integral, ∫ 𝑑m
𝜑 𝑑𝑙𝑜𝑔𝑑m

∞

0
 is the φth moment of a log-normal distribution 

 

Moment Generating Function of order φ for the log-normal distribution:   

𝑀𝜑(𝜇, 𝜎) = 𝑒𝜑𝜇+
𝜑2𝜎2

2    (Ref.354) 

or similarly, 𝐸(𝑋𝜑) = exp (𝜑𝜇 +
1

2
𝜑2𝜎2)  

 

𝑀 = 𝑁𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α exp (𝜑𝜇 +

1

2
𝜑2𝜎2)  

  

Note:  𝜇 = ln (GMD)   & 𝜎 = ln (GSD) 

𝑀 = 𝑁𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α  exp (𝜑 × ln (GMD) +

1

2
𝜑2 × [ln(GSD)]2) 

 

Recall Logarithmic Power Rule: 𝑙𝑜𝑔𝑏(𝑥𝑦) = 𝑦. 𝑙𝑜𝑔𝑏(𝑥) 

𝑀 = 𝑁𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α  exp (ln (GMD𝜑) +

1

2
𝜑2 × [ln(GSD)]2) 

𝑀 = 𝑁𝑘a𝜌0 (
𝜋

6
) (𝑘TEM)3−2𝐷α  GMD𝜑exp (

𝜑2 ln(GSD)2

2
)    where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷α 
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Rearranging equation for N – Simplified FA Model: 

𝑁 =
𝑀

𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷α  GMD𝜑exp (

𝜑2 ln(𝐺𝑆𝐷)2

2
)
   where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷α 

 

When 𝑘a = 1 and 𝐷α =
1

2
𝐷fm is assumed for aircraft BC emissions, the FA model becomes:  

EIn =
EIm

𝜌0(
𝜋

6
)(𝑘TEM)3−𝐷fm  GMD𝜑exp (

𝜑2 ln(𝐺𝑆𝐷)2

2
)
   where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)𝐷fm 

 

M = Total mass of BC aggregates   GMD = Geometric mean diameter 

N = Total number of BC aggregates   GSD = Geometric standard deviation 

𝜌0 = Material density of BC    Dfm = Aggregate mass-mobility exponent  

𝑘a & 𝐷α = Scaling prefactor & projected area exponent   

𝑘TEM & 𝐷TEM = TEM prefactor-exponent coefficient pairs 

    

Extended Derivation of the FA Model (Eq. 3-16) including Cov 

Derivation of 𝑁 =
𝑀

𝜌0(
𝜋

6
)[𝑘a(𝑘TEM)3−2𝐷𝛼GMD𝜑 exp(

𝜑2 ln(GSD)2

2
)(1−1.5𝐶𝑜𝑣

2 +0.5𝐶𝑜𝑣
3 )+𝑘𝑇𝐸𝑀

3 (
1

2
)(1.5𝐶𝑜𝑣

2 −0.5𝐶𝑜𝑣
3 )GMD𝛾 exp(

𝛾2 ln(GSD)2

2
)]

  

where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷𝛼     &     𝛾 = 3𝐷TEM 

 

Equations from simplified derivation: 

Primary particle diameter, 𝑑pp
3 = (𝑘TEM

3)𝑑m
3𝐷TEM  

Number of primary particles, 𝑛pp = 𝑘a(
𝑑m

2𝐷α

𝑘TEM
2𝐷α  × 𝑑m

2𝐷TEM𝐷α
)     

 

For monodisperse primary particles, the mass of one BC aggregate with overlapping primary 

particles is defined by Moran et al.254 as: 

𝑚 = 𝜌0 (
𝜋

6
) 𝑑pp

3 × [𝑛pp − (𝑛pp − 1) (
1

2
) (3 − 𝐶𝑜𝑣)𝐶𝑜𝑣

2]   

𝑚 = 𝜌0 (
𝜋

6
) [𝑑pp

3𝑛𝑝𝑝 − 𝑑pp
3𝑛𝑝𝑝 (

1

2
) (3 − 𝐶𝑜𝑣)𝐶ov

2 + 𝑑pp
3(

1

2
)(3 − 𝐶𝑜𝑣)𝐶ov

2]  

[Substitute  𝑛pp = 𝑘a(
𝑑m

2𝐷α

𝑘TEM
2𝐷α  × 𝑑m

2𝐷TEM𝐷α
)  & 𝑑pp

3 = (𝑘TEM
3)𝑑m

3𝐷TEM ] 

𝑚 = 𝜌0𝑘a𝑑m
𝜑(

𝜋

6
)(𝑘TEM)3−2𝐷α − 𝜌0𝑘a𝑑m

𝜑(
𝜋

6
)(𝑘TEM)3−2𝐷α (

1

2
) (3 − 𝐶𝑜𝑣)𝐶ov

2 +

𝜌0𝑑m
𝛾(

𝜋

6
)(𝑘TEM)3 (

1

2
) (3 − 𝐶𝑜𝑣)𝐶ov

2  

where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷α, and 𝛾 = 3𝐷𝑇𝐸𝑀 
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Mass of a collection of aggregates with size distribution n(dm): 

𝑀 = ∫ 𝑚(𝑑m)𝑛(𝑑m) 𝑑𝑙𝑜𝑔𝑑m
∞

0
  

𝑀 = ∫ [𝜌0𝑘a𝑑m
𝜑(

𝜋

6
)(𝑘TEM)3−2𝐷α − 𝜌0𝑘a𝑑m

𝜑(
𝜋

6
)(𝑘TEM)3−2𝐷α (

1

2
) (3 − 𝐶𝑜𝑣)𝐶ov

2 +
∞

0

𝜌0𝑑m
𝛾 (

𝜋

6
) (𝑘TEM)3 (

1

2
) (3 − 𝐶𝑜𝑣)𝐶ov

2] × 𝑛(𝑑m) 𝑑𝑙𝑜𝑔𝑑m  

𝑀 = 𝜌0(
𝜋

6
)𝑘a(𝑘TEM)3−2𝐷α ∫ 𝑑m

𝜑𝑛(𝑑m) 𝑑𝑙𝑜𝑔𝑑m −
∞

0
𝜌0(

𝜋

6
)𝑘a(𝑘TEM)3−2𝐷α (

1

2
) (3 −

𝐶𝑜𝑣)𝐶ov
2 ∫ 𝑑m

𝜑𝑛(𝑑m) 𝑑𝑙𝑜𝑔𝑑m
∞

0
+ 𝜌0(

𝜋

6
)𝑘a(𝑘TEM)3 (

1

2
) (3 − 𝐶𝑜𝑣)𝐶ov

2 ∫ 𝑑m
𝛾𝑛(𝑑m) 𝑑𝑙𝑜𝑔𝑑m

∞

0
  

𝑀 = 𝑁𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷αGMDϕ exp (

𝜙2 ln(GSD)2

2
) − 𝑁𝑘a𝜌0(

𝜋

6
)(𝑘TEM)3−2𝐷α (

1

2
) (3 −

𝐶𝑜𝑣)𝐶ov
2GMDϕ exp (

𝜙2 ln(GSD)2

2
) + 𝑁𝑘a𝜌0(

𝜋

6
)(𝑘TEM)3 (

1

2
) (3 − 𝐶𝑜𝑣)𝐶ov

2GMD𝛾exp (
𝛾2 ln(GSD)2

2
)  

 

Rearranging equation for N – Extended FA Model: 

𝑁 =
𝑀

𝜌0(
𝜋

6
)[𝑘a(𝑘TEM)3−2𝐷𝛼GMD𝜑 exp(

𝜑2 ln(GSD)2

2
)(1−1.5𝐶𝑜𝑣

2 +0.5𝐶𝑜𝑣
3 )+𝑘𝑇𝐸𝑀

3 (
1

2
)(1.5𝐶𝑜𝑣

2 −0.5𝐶𝑜𝑣
3 )GMD𝛾 exp(

𝛾2 ln(GSD)2

2
)]

   

where 𝜑 = 3𝐷TEM + (1 − 𝐷TEM)2𝐷α, and 𝛾 = 3𝐷TEM  

 

Checks: If Cov = 0, the FA model becomes 𝑁 =
𝑀

𝑘a𝜌0(
𝜋

6
)(𝑘TEM)3−2𝐷𝛼GMD𝜑exp (

𝜑2 ln(GSD)2

2
)
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APPENDIX D:  

VALIDATION OF THE FA MODEL  

1. VALIDATION DATA: CIDI ENGINE 

The validation data used in Figure 3-7a (ka,opt and Dα,opt values for each engine modes are used) is 

presented in Table D-1, while the validation data used in Figure 3-7b (constant values of ka = 0.998 

and Dα = 1.069 for all engine modes) is shown in Table D-2.  

 

 

Table D-1: Validation data for the CIDI engine (Figure 3-7a), where ka,opt and Dα,opt values are used.  

Measured Values Estimated Values - FA Model 

Engine 

Mode 

M 

(kg/m3) 

GMD 

(nm) 
GSD N (m-3) φ N (m-3) (yi-ŷi)2 (yi-y̅)2 NMB 

B75 20% 

EGR 

1.80E-05 90.01 1.573 4.44E+13 2.404 5.72E+13 1.6E+26 8.2E+26 21.40% 

1.46E-05 86.55 1.576 3.99E+13 2.404 5.06E+13 1.2E+26 5.7E+26 19.67% 

1.37E-05 84.69 1.58 4.55E+13 2.404 5.00E+13 2.0E+25 8.8E+26 3.55% 

B75 0% 

EGR 

3.52E-06 63.07 1.555 2.12E+13 2.574 1.99E+13 1.5E+24 2.8E+25 -9.69% 

3.58E-06 65.72 1.539 2.10E+13 2.574 1.88E+13 4.9E+24 2.6E+25 -14.27% 

B50 20% 

EGR 

2.42E-06 58.02 1.558 1.64E+13 2.475 1.44E+13 3.8E+24 2.3E+23 -16.36% 

2.24E-06 56.97 1.562 1.78E+13 2.475 1.39E+13 1.6E+25 3.8E+24 -26.03% 

B37 20% 
EGR 

2.68E-07 36.66 1.564 5.77E+12 2.475 4.64E+12 1.3E+24 1.0E+26 -23.59% 

1.26E-06 47.91 1.545 1.37E+13 2.475 1.16E+13 4.4E+24 4.7E+24 -19.61% 

5.07E-07 39.5 1.567 8.57E+12 2.475 7.26E+12 1.7E+24 5.4E+25 -19.60% 

3.32E-07 38.26 1.601 6.38E+12 2.475 4.84E+12 2.4E+24 9.0E+25 -28.01% 

B25 20% 

EGR 

1.03E-07 31.38 1.801 1.93E+12 2.304 1.93E+12 2.3E+19 2.0E+26 -6.41% 

9.96E-08 30.31 1.828 1.80E+12 2.304 1.93E+12 1.7E+22 2.0E+26 0.21% 

1.26E-07 30.56 1.827 2.28E+12 2.304 2.39E+12 1.4E+22 1.9E+26 -1.79% 

A63 80% 

Premix 

1.07E-06 62.8 1.798 3.63E+12 2.432 3.53E+12 1.1E+22 1.5E+26 -8.15% 

1.17E-06 62.36 1.777 4.02E+12 2.432 4.06E+12 1.9E+21 1.4E+26 -4.43%       
∑ 3.3E+26 3.4E+27 NMB̅̅ ̅̅ ̅̅ ̅ = −8.32% 

       
R2   0.903 
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Table D-2: Validation data for the CIDI engine (Figure 3-7b), where constant ka and Dα values are used. 

Measured Values Estimated Values - FA Model 

Engine 

Mode 

M 

(kg/m3) 

GMD 

(nm) 
GSD N (m-3) φ N (m-3) (yi-ŷi)2 (yi-y̅)2 NMB 

B75 20% 

EGR 

1.80E-05 90.01 1.573 4.44E+13 2.388 4.95E+13 2.5E+25 8.2E+26 11.28% 

1.46E-05 86.55 1.576 3.99E+13 2.388 4.37E+13 1.5E+25 5.7E+26 9.63% 

1.37E-05 84.69 1.58 4.55E+13 2.388 4.32E+13 5.5E+24 8.8E+26 -5.16% 

B75 0% 
EGR 

3.52E-06 63.07 1.555 2.12E+13 2.388 2.33E+13 4.5E+24 2.8E+25 10.04% 

3.58E-06 65.72 1.539 2.10E+13 2.388 2.20E+13 1.0E+24 2.6E+25 4.82% 

B50 20% 

EGR 

2.42E-06 58.02 1.558 1.64E+13 2.388 1.94E+13 9.3E+24 2.3E+23 18.64% 

2.24E-06 56.97 1.562 1.78E+13 2.388 1.87E+13 7.4E+23 3.8E+24 4.81% 

B37 20% 

EGR 

2.68E-07 36.66 1.564 5.77E+12 2.388 6.39E+12 3.8E+23 1.0E+26 10.70% 

1.26E-06 47.91 1.545 1.37E+13 2.388 1.63E+13 6.7E+24 4.7E+24 18.92% 

5.07E-07 39.5 1.567 8.57E+12 2.388 1.01E+13 2.2E+24 5.4E+25 17.27% 

3.32E-07 38.26 1.601 6.38E+12 2.388 6.71E+12 1.1E+23 9.0E+25 5.15% 

B25 20% 

EGR 

1.03E-07 31.38 1.801 1.93E+12 2.388 2.35E+12 1.8E+23 2.0E+26 21.73% 

9.96E-08 30.31 1.828 1.80E+12 2.388 2.34E+12 3.0E+23 2.0E+26 30.26% 

1.26E-07 30.56 1.827 2.28E+12 2.388 2.90E+12 3.9E+23 1.9E+26 27.59% 

A63 80% 
Premixed 

1.07E-06 62.8 1.798 3.63E+12 2.388 4.68E+12 1.1E+24 1.5E+26 28.94% 

1.17E-06 62.36 1.777 4.02E+12 2.388 5.38E+12 1.9E+24 1.4E+26 33.93%       
∑ 7.4E+25 3.4E+27 NMB̅̅ ̅̅ ̅̅ ̅ = 15.53% 

       
R2   0.978 

 

 

2. VALIDATION DATA: SOOT GENERATOR 

The validation data used in Figure 3-8 (constant values of ka = 0.998 and Dα = 1.069 for all data 

points) is presented in Table D-3. 

Table D-3: Validation data for the soot generator (Figure 3-8), where constant ka and Dα values are used. 

Measured Values Estimated Values - FA Model 

Sample 
M 

(µg/m3) 
NCPC (m-3) 

GMD 

(nm) 
GSD φ N (m-3) (yi-ŷi)2 (yi-y̅)2 NMB 

1 0.768 5.37E+10 41.62 1.338 2.388 1.88E+10 1.2E+21 9.2E+20 -65.1% 

2 8.187 1.97E+10 111.92 1.479 2.388 1.55E+10 1.8E+19 1.3E+19 -21.4% 

3 4.099 5.23E+09 128.78 1.801 2.388 3.21E+09 4.1E+18 3.3E+20 -38.7% 

4 0.726 3.83E+10 40.73 1.350 2.388 1.84E+10 4.0E+20 2.2E+20 -51.9% 

5 10.250 2.03E+10 124.62 1.346 2.388 1.81E+10 5.1E+18 9.4E+18 -11.1% 

6 4.561 4.79E+09 147.08 1.271 2.388 5.91E+09 1.3E+18 3.5E+20 23.5% 

7 4.561 4.79E+09 143.35 1.580 2.388 4.08E+09 5.0E+17 3.5E+20 -14.8% 

8 8.331 5.76E+10 85.42 1.279 2.388 3.92E+10 3.4E+20 1.2E+21 -31.9% 

9 9.799 1.85E+10 120.43 1.499 2.388 1.51E+10 1.1E+19 2.4E+19 -18.1% 

10 5.825 5.69E+09 145.40 1.579 2.388 5.04E+09 4.1E+17 3.1E+20 -11.3% 

11 0.380 1.69E+10 42.39 1.418 2.388 8.00E+09 7.9E+19 4.2E+19 -52.7% 

12 4.228 3.67E+10 80.31 1.354 2.388 2.11E+10 2.4E+20 1.8E+20 -42.5% 

13 3.994 9.15E+09 127.69 1.313 2.388 6.92E+09 5.0E+18 2.0E+20 -24.5% 

      ∑ 2.3E+21 4.1E+21 NMB̅̅ ̅̅ ̅̅ ̅ = −27.72% 

       R2 0.44  
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3. VALIDATION DATA: AIRCRAFT GAS TURBINE ENGINE (GROUND) 

The validation data for the aircraft gas turbine engine (ground) in Figure 3-9a is presented in Table 

D-4. For aircraft emissions, it is assumed that 𝑘𝑎 = 1 and 𝐷𝛼 =
1

2
𝐷fm (ref.249) due to a lack of data 

on the variation of ka and Dα values across F/F00,max, while values of 𝑘TEM = 1.621 × 10−5 and 

DTEM = 0.39 from Dastanpour & Rogak267 are used.  

Table D-4: Validation data for the aircraft gas turbine on the ground (Figure 3-9a). The data is originated from 

the SAMPLE III.2 experimental campaign98. 

Measured Values Estimated Values - FA Model 

F/F00,max  

(%) 

EIn  

(kg-1) 

EIm 

(mg/kg) 

GMD 

(nm) 
GSD φ EIn (kg-1) (yi-ŷi)

2 (yi-y̅)2 NMB 

3.32% 1.27E+15 25.1 16.09 1.76 2.854 1.79E+15 9.51E+28 6.75E+27 -24.27% 

3.30% 1.22E+15 13.5 15.89 1.78 2.854 9.66E+14 5.36E+28 1.79E+28 -18.99% 

3.30% 1.23E+15 13.6 15.88 1.77 2.854 9.91E+14 6.26E+28 1.55E+28 -20.38% 

3.31% 1.25E+15 13.3 15.90 1.76 2.854 9.81E+14 8.63E+28 1.05E+28 -23.49% 

3.30% 1.21E+15 12.9 15.96 1.76 2.854 9.60E+14 2.31E+28 1.98E+28 -12.54% 

3.31% 1.20E+15 14.1 15.97 1.75 2.854 1.06E+15 1.33E+28 2.26E+28 -9.60% 

3.32% 1.19E+15 14.1 15.93 1.74 2.854 1.09E+15 8.12E+28 2.66E+28 -23.96% 

3.31% 1.87E+15 12.0 15.94 1.75 2.854 9.08E+14 3.10E+29 2.69E+29 -29.74% 

7.62% 2.44E+15 37.2 21.16 1.73 2.854 1.32E+15 4.66E+29 1.17E+30 -28.05% 

9.37% 3.11E+15 63.1 23.25 1.72 2.854 1.76E+15 6.16E+29 3.07E+30 -25.28% 

11.20% 3.35E+15 108.5 25.77 1.71 2.854 2.33E+15 5.56E+29 3.98E+30 -22.28% 

13.29% 3.65E+15 138.9 27.28 1.70 2.854 2.62E+15 3.96E+29 5.30E+30 -17.21% 

15.50% 3.33E+15 192.3 29.23 1.69 2.854 3.05E+15 3.81E+27 3.92E+30 1.85% 

17.70% 4.19E+15 262.9 33.52 1.61 2.854 3.42E+15 2.30E+27 8.07E+30 -1.14% 

20.51% 4.71E+15 385.3 35.02 1.63 2.854 4.17E+15 2.02E+27 1.13E+31 0.95% 

23.33% 2.20E+14 519.6 37.45 1.62 2.854 4.79E+15 3.54E+27 1.28E+30 27.03% 

26.39% 2.20E+14 7.8 20.59 1.76 2.854 2.81E+14 9.03E+25 1.28E+30 4.32% 

33.06% 1.87E+14 5.6 19.58 1.76 2.854 2.31E+14 3.25E+26 1.36E+30 9.63% 

36.87% 1.14E+14 5.2 19.89 1.76 2.854 2.06E+14 7.62E+26 1.53E+30 24.15% 

41.12% 8.85E+13 2.7 18.49 1.73 2.854 1.43E+14 7.68E+26 1.60E+30 31.30% 

45.75% 6.91E+13 2.2 18.58 1.73 2.854 1.17E+14 1.53E+27 1.65E+30 56.70% 

51.09% 5.34E+13 2.2 18.85 1.73 2.854 1.09E+14 9.81E+26 1.69E+30 58.66% 

57.10% 4.16E+13 1.8 19.17 1.73 2.854 8.51E+13 9.15E+26 1.72E+30 72.78% 

62.91% 3.36E+13 1.7 19.74 1.73 2.854 7.21E+13 6.11E+26 1.74E+30 73.51% 

69.13% 1.52E+13 1.6 20.73 1.74 2.854 5.86E+13 4.71E+26 1.79E+30 142.57% 

85.70% 6.19E+12 1.3 22.75 1.73 2.854 3.71E+13 1.36E+27 1.81E+30 595.22% 

94.60% 1.44E+13 1.4 22.90 1.70 2.854 4.32E+13 4.01E+26 1.79E+30 139.27% 

84.33% 6.32E+14 1.2 23.00 1.71 2.854 3.46E+13 4.53E+27 5.20E+29 10.65% 

3.32% 1.04E+15 9.4 16.26 1.74 2.854 7.01E+14 2.76E+28 9.69E+28 -15.95% 

3.38% 1.69E+15 12.6 16.44 1.75 2.854 8.78E+14 2.35E+29 1.11E+29 -28.74% 

6.55% 2.86E+15 31.7 20.81 1.72 2.854 1.21E+15 2.82E+29 2.27E+30 -18.55% 

9.75% 3.50E+15 66.0 24.34 1.71 2.854 1.67E+15 1.87E+28 4.63E+30 3.90% 

13.25% 2.10E+14 125.0 27.50 1.69 2.854 2.34E+15 5.66E+26 1.31E+30 11.35% 

20.52% 9.12E+14 327.0 34.70 1.63 2.854 3.67E+15 1.64E+28 1.94E+29 -14.06% 

26.45% 2.09E+14 5.5 19.46 1.75 2.854 2.35E+14 1.91E+25 1.31E+30 2.09% 

3.44% 1.27E+15 12.1 17.30 1.72 2.854 7.86E+14 9.51E+28 6.75E+27 -24.27% 

26.78% 1.22E+15 5.3 19.49 1.77 2.854 2.15E+14 5.36E+28 1.79E+28 -18.99% 

      ∑ 3.36E+30 6.69E+31 NMB ̅̅ ̅̅ ̅̅ ̅= 26.6% 

       R2 0.950  
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4. VALIDATION DATA: AIRCRAFT GAS TURBINE ENGINE (CRUISE) 

The validation data for the aircraft gas turbine engine (cruise) in Figure 3-9b is presented in Table 

D-5. It is assumed that 𝑘𝑎 = 1 and 𝐷𝛼 =
1

2
𝐷fm (ref.249), and values of 𝑘TEM = 1.621 × 10−5 and 

DTEM = 0.39 are from Dastanpour & Rogak267.  

Table D-5: Validation data for the aircraft gas turbine at cruise conditions (Figure 3-9b). The data is originated 

from the NASA ACCESS campaign74. 

Measured Values Estimated Values - FA Model 

Fuel Type EIn (kg-1) 
EIm 

(mg/kg) 

GMD 

(nm) 

GSD 

(nm) 
φ EIn (kg-1) (yi-ŷi)

2 (yi-y̅)2 NMB 

Conventional 7.64E+14 80.97 35.3 1.72 2.76 6.85E+14 6.32E+27 1.30E+29 -10.40% 

Conventional 5.00E+14 39.58 29.7 1.64 2.76 6.70E+14 2.88E+28 9.30E+27 33.95% 

Conventional 4.50E+14 32.26 25.5 1.86 2.76 4.76E+14 6.89E+26 2.15E+27 5.83% 

Conventional 6.30E+14 52.44 32.5 1.71 2.76 5.76E+14 2.93E+27 5.13E+28 -8.60% 

Conventional 3.18E+14 16.71 27 1.63 2.76 3.80E+14 3.88E+27 7.32E+27 19.59% 

Conventional 2.82E+14 13.08 23.5 1.73 2.76 3.44E+14 3.86E+27 1.48E+28 22.04% 

Fuel Blend 5.41E+14 37.78 28.7 1.75 2.76 5.33E+14 5.67E+25 1.89E+28 -1.39% 

Fuel Blend 2.62E+14 17.13 27.8 1.71 2.76 2.94E+14 1.01E+27 2.00E+28 12.11% 

Fuel Blend 4.15E+14 9.09 20.9 2.03 2.76 1.48E+14 7.16E+28 1.30E+26 -64.46% 

Fuel Blend 3.94E+14 20.13 28 1.68 2.76 3.65E+14 8.50E+26 9.18E+25 -7.40% 

Fuel Blend 1.78E+14 6.68 26.3 1.68 2.76 1.45E+14 1.10E+27 5.09E+28 -18.66% 

Fuel Blend 1.09E+14 4.12 23.4 1.58 2.76 1.59E+14 2.49E+27 8.68E+28 45.81% 

      ∑ 1.24E+29 3.92E+29 NMB ̅̅ ̅̅ ̅̅ ̅= 2.37% 

       R2 0.684  

 

 

5. VALIDATION OF THE AIRCRAFT GAS TURBINE DATASETS (GROUND & 

CRUISE) USING kTEM and DTEM COEFFICIENTS FROM BOIES ET AL.98. 

Figure D-1 shows the parity plots for the FA model validation when the coefficients kTEM = 0.0125 

and DTEM = 0.8 from Boies et al.98 are used: For ground conditions (Figure D-1a), estimated EIn 

values are in good agreement with measured EIn from the SAMPLE III.2 (R2 = 0.943, NMB = 

+38.9%, RMSE = 3.11 ×1014 kg-1) experimental campaign. For cruise conditions (Figure D-2b), 

an overall R2, NMB and RMSE of 0.647, +6.3% and 1.07 ×1014 kg-1 are observed when fitted with 

the NASA ACCESS data.  

However, as mentioned in Section 3.4.3, the R2, NMB and RMSE of these validation results are 

2.7% lower, 8% and 1.8% higher respectively relative to the scenario where the kTEM 

(1.621 × 10−5) and DTEM (0.39) from Dastanpour & Rogak267 are used. Hence, coefficients of 

Dastanpour & Rogak267 are selected in place of the coefficients from Boies et al.98. 
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Figure D-1: Validation of the FA model for (a) ground conditions using data from Boies et al.98, and (b) cruise 

conditions using data from Moore et al.74. kTEM and DTEM coefficients specified by Boies et al.98, kTEM = 0.0125 

& DTEM = 0.8 are used. Horizontal error bars denote random errors from repeated measurements at a 95% 

confidence interval (CI), and do not include systematic uncertainties from instrumentations. 

6. VALIDATION OF THE AIRCRAFT GAS TURBINE DATASETS (GROUND & 

CRUISE) USING CONSTANT ka = 0.998 & Dα = 1.069 VALUES249. 

When values of ka = 0.998 and Dα = 1.069 from Eggersdorfer et al.249 is used to validate the FA 

model against aircraft emissions at ground (Figure D-2a) and cruise (Figure D-2b), a negative R2 

value is obtained and the NMB > 100%. The explanation to this is provided in Section 3.4.3. 

    

Figure D-2: Validation of the FA model for aircraft emissions using constant values of ka = 0.998 and Dα = 1.069 

from Eggersdorfer et al.249 at (a) ground conditions using data from Boies et al.98, and (b) cruise conditions 

using data from Moore et al.74. Horizontal error bars denote random errors from repeated measurements with 

a 95% CI, and do not include systematic uncertainties from instrumentations. 
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APPENDIX E:  

EXISTING METHODOLOGIES TO ESTIMATE THE AIRCRAFT 

BLACK CARBON NUMBER AND MASS EMISSIONS INDEX  

Methodologies to Estimate the Aircraft Black Carbon (BC) Number Emissions Index (EIn, 

in units of kg-1) 

1) EIn/EIm Ratio with Altitudinal Variation183 

 

Figure E-1: Variation in the aircraft BC EIm & EIn as a function of altitude [Source: Döpelheuer183 

and Hendricks et al.355, open access].  

Note that the EI(N) in Figure E-1 denotes BC number-to-mass ratio (number of BC particles 

emitted per gram of BC), ranging from 4.8x1015 g-1 on the surface to around 1.6x1016 g-1 at cruising 

altitude. A linear interpolation for EI(N) is performed with a 2 km altitude interval prior to applying 

this methodology to estimate the aircraft BC EIn. 

 

2) Assumed Particle Diameter184  

where: M = EIm for non-volatile PM (g kg-1)  

N = EIn for non-volatile PM (kg-1)  

Geometric Mean Diameter (GMD) for non-volatile PM, 𝐷NV = 38nm 

Geometric Standard Deviation (GSD) for non-volatile PM, 𝜎NV = 1.6 

Effective Density of non-volatile PM, 𝜌NV = 1000 kg m-3  

 𝑀 =
𝜋

6
𝜌NV𝐷NV

3 𝑁NV exp (
9

2
(𝑙𝑛 𝜎NV)2), (E-1) 
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Rearranging for N: 

𝑁NV =
𝑀

1.415𝜌NV𝐷NV
3   

The nominal geometric mean diameter (DNV in this equation) is fixed at 38nm as specified by the 

authors prior to applying this methodology to estimate the aircraft BC EIn. 

 

3) SCOPE11 Methodology185 

The Smoke Correlation for Particle Emissions CAEP11 (SCOPE11) methodology185 was recently 

made available to estimate the aircraft BC: (i) EIm at the landing and take-off cycle (LTO) from 

measurements of smoke number (SN); and (ii) EIn from the EIm, GMD and GSD. The equation 

used for component (ii) is outlined below, 

where 𝜌eff = 1000 kg m−3 is the effective density of BC aggregates, while the GSD is specified 

to be constant at 1.8 across engine thrust settings. For component (i), the equations used to estimate 

the BC EIm, Eq. (E-8) to Eq. (E-14), will be shown in the next subsection. The GMD at the engine 

exit plane is estimated as follows,  

where a = 5.08 ± 0.55 nm, b = 0.185 ± 0.015, and CBC,C is the BC mass concentration at the 

combustor exit and is estimated from the following equation,  

where CBC,e is the BC mass concentration at the engine exit plane estimated using Eq. (E-9) in the 

next subsection, 𝜌4 is the density of air at the combustor exit, and 𝜌a is the ambient air density (1.2 

kg m-3 on the ground). It is highlighted that the use of Eq. (E-3) to estimate the GMD could be 

limited as it requires inputs of CBC,C which have large uncertainties, as shown in Chapter 4.3.1. 

 

 

 EIn =
EIm

(
𝜋

6
)𝜌effGMD3exp (4.5(ln(GSD)2)

 , (E-2) 

 GMD[nm] = a CBC,C
𝑏 , (E-3) 

 CBC,c = CBC,e(1 + 𝛽mix)
𝜌4

𝜌𝑎
 , (E-4) 
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Methodologies to Estimate the Aircraft BC Mass Emissions Index (EIm, in units of g kg-1) 

The respective methodologies that rely on SN measurements are summarised, 

1) First Order Approximation Method (FOA3)62 

 CBC,i [mg m−3] = 0.0694(SN)1.24. (E-5) 

where CBC,i is the BC mass concentration at the instrument sampling point. 

 

2) Correlations from Stettler et al.63 

CBC [mg m−3] = 0.0472(SN)1.42 , for GMD = 60 nm (E-6) 

CBC [mg m−3] = 0.236(SN)1.126 , for 20 ≤ GMD ≤ 30 nm (E-7) 

   

3) SCOPE11 Methodology185  

Firstly, the BC mass concentration at the instrument sampling point (CBC,i) is calculated,  

 𝐶BC,i [μg m−3] =
648.4 exp(0.0766×SN)

1+exp(−1.098(SN−3.064))
  (E-8) 

A system loss correction factor (kslm) is then applied as a multiplicative factor to calculate 

the CBC at the engine exit plane (CBC,e), 

 𝐶BC,e [μg m−3] = 𝐶BC,i × 𝑘slm  (E-9) 

 where 𝑘slm = ln (
a1CBC,i(1+𝛽mix)+𝑎2

CBC,i(1+𝛽mix)+𝑎3
), (E-10) 

a1 = 3.219 ± 0.135 , a2 = 312.5 ± 119.1μg m−3 , a3 = 42.6 ± 19.4 μg m−3 , and 𝛽mix  is 

the bypass ratio for mixed-flow engines (zero otherwise). Finally, the BC mass emissions 

index at the engine exit plane (EIm,e) is calculated by multiplying CBC,e with the volume of 

exhaust gas per kg of fuel burned (Q), 

 EIm,e = CBC,e × Q, (E-11) 
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 where Q = 0.776AFR + 0.767, for engines with an unmixed exhaust nozzle, (E-12) 

 Qmixed = 0.776AFR(1 + βmixed) + 0.767 for engines with a mixed nozzle. (E-13) 

The predictive relationship for the Air-to-Fuel Ratio (AFR) as a function of engine thrust settings 

(
𝐹

𝐹00,max
) was previously developed and validated244,356, and is calculated as follows, 

 AFR [
kg−air

kg−fuel
] = (0.0121 (

𝐹

𝐹00,max
) + 0.008)−1. (E-14) 

 

4) Formation and Oxidation Method (FOX)244 

The CBC,i in the FOX method is calibrated using BC measurements from the instrument sampling 

point, and is calculated as follows, 

 CBC,i [mg m−3] = 𝑚f(Aform𝑒
(

−6390

𝑇fl
)

− AoxAFR × 𝑒
(−

19778

𝑇fl
)
)  (E-15) 

where Aform and Aox are constants of 356 mg s kg-1 m-3 and 608 mg s kg-1 m-3 respectively, the 

AFR is calculated using Eq. (E-14), and Tfl is the flame temperature at the combustion chamber,  

 𝑇fl[K] = 0.9𝑇3 + 2120. (E-16) 

T3 is the combustor inlet temperature,  

 𝑇3[K] = 𝑇2(
𝑃3

𝑃2
)

𝛾−1
𝛾𝑛𝑝 , (E-17) 

where 𝛾 is the ratio of specific heats (1.4), and 𝑛𝑝 is the compressor efficiency (0.9), P3 is the 

combustor inlet pressure, P2 and T2 are the respective compressor inlet pressure and temperature, 

and are calculated as follows, 

 𝑃3[atm] = 𝑃2(𝜋00 − 1) (
𝐹

𝐹00,max
) + 𝑃2,  (E-18) 

 𝑃2[atm] = 𝑃amb(1 +
𝛾−1

2
𝑀𝑎

2)
𝛾

𝛾−1, (E-19) 
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 𝑇2[K] = 𝑇amb (1 +
𝛾−1

2
𝑀𝑎

2), (E-20) 

where 𝜋00 is the maximum engine pressure ratio at SLS conditions (obtained from the ICAO 

EDB61), Pamb is the ambient pressure, Tamb is the ambient temperature, and Ma is the aircraft Mach 

number. It is highlighted that these thermodynamic equations (Tfl, T3, P3, P2 and T2) are widely 

used in the literature to model the thermodynamic performance of jet engines185,194,244, and have 

also been validated with data provided by flight data recorders244,356.  

To scale the CBC from ground to cruise conditions, the Döpelheuer & Lecht scaling equation301 is 

used, 

 CBC[mg m−3] = CBC,ref(
AFRref

AFR
)2.5(

𝑃3

𝑃3,ref
)1.35(

𝑒20000/𝑇fl

𝑒20000/𝑇fl,ref
), (E-21) 

where the reference condition is set at 100% 
𝐹

𝐹00,max
. The BC EIm is then calculated using Eq. (E-

11), and Q is calculated as follows244, 

 𝑄 = 0.776(AFR) + 0.877. (E-22) 

   

5) Improved FOX Method (ImFOX) 

The CBC,i in the ImFOX method is calculated as follows,  

𝐶BC,i[mg m−3] = 𝑚ḟ × 𝑒(13.6−H) × (𝐴form𝑒
(

−6390

𝑇4
)

− 𝐴oxAFR × 𝑒
(−

19778

𝑇4
)
),  (E-23) 

where Aform at cruise and Aox are constants of 295 mg s kg-1 m-3 and 608 mg s kg-1 m-3 respectively, 

H is the fuel hydrogen mass (in percentage terms) which is approximately 13.8% for conventional 

fuels), and T4 is the turbine inlet temperature, 

 𝑇4[K] = 490 + 42266(AFR)−1. (E-24) 

where the AFR for ground and cruise conditions are separately calculated (Eq. E-25 and E-26) to 

circumvent the need for a cruise scaling equation such as the Döpelheuer & Lecht equation301. It 

is highlighted that Eq. (E-24) was derived specifically for the ImFOX method using data from one 
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engine type (CFM56-2-C1), which could be highly uncertain and might not be applicable to other 

engine types.  

 AFRground = 71 − 35.8 (
𝐹

𝐹00,max
) , (E-25) 

 AFRcruise = 55.4 − 30.8 (
𝐹

𝐹00,max
). (E-26) 

Finally, the BC EIm and Q are calculated using Eq. (E-11) and Eq. (E-22) respectively.  
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APPENDIX F:  

UNCERTAINTY & SENSITIVITY ANALYSIS FOR FRACRAL 

AGGREGATES (FA) MODEL 

1. Uncertainty Quantification for Different Measuring Instruments and Input Parameters 

of the FA Model 

For all the uncertainty and sensitivity analysis conducted in this subsection and Chapter 3.5: 

• All uncertainties are reported with a 95% confidence interval (CI) at 1.96σ. 

• Systematic uncertainties are denoted as 
𝐵𝑥

|𝑥|
  

• Precision uncertainties are denoted as 
𝑃𝑥

|𝑥|
  

• Total uncertainties (Systematic + Precision) are denoted as 
𝑇𝑥

|𝑥|
 

• The systematic and/or precision uncertainties for each parameter that are included in this 

analysis depends on data availability. 

• Uncertainties in penetration efficiencies & thermophoresis losses are not included, similar 

to Olfert et al.291. 

 

The following list are systematic uncertainties from different aerosol measuring instruments that 

were obtained from the literature:  

• Uncertainty in differential mobility analyser (DMA) measurements = 3%   (ref.290) 

• Uncertainty in condensation particle counter (CPC) measurements = 2.8%   (ref.289) 

• Uncertainty in centrifugal particle mass analyser (CPMA) measurements = 4%  (ref.291) 

• Uncertainty in laser induced incandescence (LII) measurements = 25%   (ref.98) 

 

If multiple instruments are required to measure a parameter, the root-sum-square (RSS) method is 

used to combine the systematic uncertainties arising from different measuring instruments to 

estimate the total uncertainty of the measured number (N) and mass (M) concentration (or 

emissions index), the geometric mean diameter (GMD) and geometric standard deviation (GSD). 
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i. Total Uncertainty in Measured N 

𝑁 = ∑ 𝑛𝑖
𝑛
𝑖=1     

where ni is measured with a scanning mobility particle sizer (SMPS: DMA-CPC), or 

directly from a CPC. 

• Only uncertainties from the CPC is used. Uncertainties introduced by the DMA 

(on measurements of dm) are excluded because the number of particles will still be 

counted even if dm measurements are inaccurate, provided that the entire particle 

size distribution is scanned. 

𝑇𝑁

|𝑁|
= 2.8%  

ii. Systematic/Total Uncertainty in Measured M  

If M is estimated with the integrated particle size distribution (IPSD) method (DMA-

CPMA-CPC), MIPSD: 

Using the RSS Method, systematic uncertainties for each variable in Eq. (3-19), 𝑀IPSD =

∑ 𝑛𝑖(𝜌eff)𝑖(
𝜋

6
𝑑m

3)𝑖
𝑗
𝑖=1 ), are propagated to estimate the uncertainties for MIPSD where: 

• ni is measured with a CPC, 
𝐵𝑛

|𝑛|
= 2.8%  

• Effective density, 𝜌eff =
𝑚

𝜋

6
𝑑m

3 is estimated with a DMA to obtain dm (
𝐵𝑑m

|𝑑m|
=

3%), and a CPMA to measure m (
𝐵𝑚

|𝑚|
= 4%). Hence, based on the RSS method: 

𝐵𝜌eff

|𝜌eff|
= √0.042 + (3 × 0.03)2 = 9.8%  

Therefore, the systematic uncertainty of M (DMA-CPMA-CPC) is: 

𝐵𝑀IPSD

|𝑀IPSD|
= √0.0982 + (3 × 0.032) + 0.0282 = 11.4%  

If M is measured with a laser-induced incandescence (LII), MLII, the uncertainty value 

quoted in the SI of Boies et al.98 is: 

𝑇𝑀LII

|𝑀LII|
= 25%   
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iii. Total Uncertainty in Dfm  

Using average standard deviation values from Abegglen et al.226, 
𝑇𝐷fm

|𝐷fm|
= 7.88%  

iv. Total Uncertainty in BC ρ0  

BC ρ0 = 1770 ± 70 kg m-3 (ref.251). Hence, 
𝑇𝜌0

|𝜌0|
=

70

1770
× 1.96 = 7.75%  

v. Systematic Uncertainty in the Measured GMD  

The GMD of a BC particle size distribution is calculated using Eq. (3-17), GMD =

exp (
∑ 𝑛𝑖ln (𝑑𝑖)

𝑁
), where:  

• 
𝐵𝑛

|𝑛|
 and 

𝐵𝑁

|𝑁|
= 2.8%,  

• 
𝐵𝑑𝑚

|𝑑𝑚|
= 3%.  

Using the RSS Method: 
𝐵GMD

|GMD|
= √0.0282 + 0.0282 + 0.032 = 4.97% 

However, the RSS method does not account for additional uncertainties resulting from the 

inversion method, bipolar diffusion charging and the DMA transfer function. Hence, 

uncertainty in the GMD is increased to the maximum tolerable uncertainty of ± 10% 

according to the calibration standards specified by the European Center for Aerosol 

Calibration (ECAC) and the World Calibration Center for Aerosol Physics (WCCAP)288.  

Therefore, 
𝐵GMD

|GMD|
= 10% 

vi. Systematic Uncertainty in Measured GSD 

Similar to the uncertainties in the measured GMD, an uncertainty of ± 10% is specified for 

the measured GSD, which is in accordance to the calibration standards of the ECAC and 

WCCAP288.  

Therefore, 
𝐵GSD

|GSD|
= 10% 

Next, systematic uncertainties for kTEM and DTEM is estimated using the 95% CI published in the 

SI of Dastanpour & Rogak267: 
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vii. Systematic Uncertainty in kTEM 

Emissions Source LB kTEM Mean kTEM UB kTEM 
% Diff 

(LB) 

% Diff 

(UB) 

GDI 2.165E-06 2.616E-06 3.067E-06 17.24% 17.24% 

HPDI 2.224E-06 2.644E-06 3.063E-06 15.87% 15.87% 

Aviation gas turbine 1.087E-05 1.621E-05 2.155E-05 32.93% 32.93% 

Inverted burner 1.198E-06 2.465E-06 3.736E-06 51.40% 51.57%    
Average 29.36% 29.40% 

• For CIDI/HPDI internal combustion engines, 
𝐵𝑘TEM

|𝑘TEM|
= 15.9% 

• For aircraft gas turbine engines, 
𝐵𝑘TEM

|𝑘TEM|
= 32.9% 

viii. Systematic Uncertainty in DTEM 

Emissions Source Mean DTEM LB DTEM UB DTEM 
% Diff 

(LB) 

% Diff 

(UB) 

GDI 0.30 0.26 0.33 13.33% 10.00% 

HPDI 0.29 0.26 0.32 10.34% 10.34% 

Aviation gas turbine 0.39 0.32 0.46 17.95% 17.95% 

Inverted burner 0.29 0.20 0.38 31.03% 31.03%    
Avg 18.17% 17.33% 

• For CIDI/HPDI internal combustion engines, 
𝐵𝐷TEM

|𝐷TEM|
= 10.3% 

• For aircraft gas turbine engines, 
𝐵𝐷TEM

|𝐷TEM|
= 18.0% 

The precision uncertainties of ka and Dα are estimated using numerical simulation results from 

Eggersdorfer & Pratsinis265: 

ix. Precision Uncertainty in ka 
𝑃𝑘𝑎

|𝑘𝑎|
= 1.2%  

 

x. Precision Uncertainty in Dα  
𝑃𝐷𝛼

|𝐷𝛼|
= 0.3%   

Finally, given that the uncertainty distribution for Cov is not known, it is assumed that Cov is 

uniformly distributed according to the range given by Bourrous et al.252 (0.02 ≤ Cov ≤ 0.24). 
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Overall, the uncertainties for the different model input parameters required for the FA model are 

summarised in Table F-1. 

Table F-1: A summary of the systematic or precision uncertainties for the different model input parameters 

required for the FA model.  

Systematic/Bias Uncertainty 

(1.96σ) 

Precision Uncertainty 

(1.96σ) 

Total Uncertainty 

(1.96σ) 

Input  Uncertainty Input  Uncertainty Input  Uncertainty 

MIPSD  ± 11.4% ka ± 1.20% NCPC ± 2.8% 

GMD ± 10% Dα ± 0.30% MLII ± 25% 

GSD ± 10%   Dfm ± 7.88% 

kTEM ± 29.4% (Avg)   ρ0 ± 7.75% 

DTEM ± 17.8% (Avg)     

• Uncertainty range for Cov ~ U[0.02, 0.24] 

 

2. Uncertainty Quantification for the FA Model Output: model input parameters 

experimentally measured from aerosol instruments 

The uncertainty for the FA model output (estimated N or EIn) is quantified using a numerical Monte 

Carlo method due to the non-linear properties of the FA model with higher-order components, as 

well as the potential presence of covariance between input variables. Absolute values required for 

this Monte Carlo method were measured from the SAMPLE III.2 campaign98 using the data point 

at the engine thrust setting (F/F00,max) of 0.4. Table F-2 summarises the absolute values and its 

associated uncertainties, and the uncertainty for each model input variable was described in the 

previous subsection. 

Table F-2: Absolute values (from the SAMPLE III.2 dataset) and the uncertainties for each model input 

variables used in the Monte Carlo method to estimate the uncertainty bound of the FA model output, the 

estimated EIn.  

Variable F/F00,max Uncertainty Distribution Mean (µ) Std Dev (1.96σ) 

EIm (LII) 

0.4 
Normal  

2.7 mg kg-1 25% 

BC 𝝆𝟎 1770 kg m-3 70 kg m-3 

ka 1 1.2% 

Dfm 2.76 7.9% 

kTEM 1.621x10-5 32.9% 

DTEM 0.39 18% 

GMD 18.49 nm 10% 

GSD 1.73 10% 

Cov Uniform  [0.02, 0.24] 
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Figure F-1: Convergence of the uncertainties of the FA model outputs (the estimated EIn) relative to the number 

of iterations for the Monte Carlo Method. After 1000 iterations, the percentage difference in uncertainties 

relative to previous estimates generally fall below 1%.  

After 10000 iterations, the Monte Carlo simulation is stopped when differences in the uncertainty 

estimates between model runs converge to below 1% (ref.287), as shown in Figure F-1. The 

procedure specified by Coleman & Steele287 was used to determine the 95% probabilistic 

systematic coverage interval and the associated uncertainty limits of the FA model outputs: 

1) Sort the MMCM number of Monte Carlo outputs (MMCM = 10000 runs), the estimated EIn 

outputs from the lowest to the highest value. 

2) For a 95% coverage interval: 

• EIn lower bound, 𝑟low = result number (0.025MMCM) = 0.6658 × 1014 kg-1 

• EIn upper bound, 𝑟high = result number (0.975 MMCM) = 2.879 × 1014 kg-1 

3) For 95% expanded uncertainty limits:  

• 𝑈𝑟
− =  𝑟(𝑋1,  𝑋2,  … 𝑋𝐽) − 𝑟low = 0.7733 × 1014 kg-1 (- 53.7%) 

• 𝑈𝑟
+ = 𝑟high − 𝑟(𝑋1,  𝑋2,  … 𝑋𝐽) = 1.4440 × 1014 kg-1 (+102.5%) 

4) The interval that contains EIn,true at a 95% CI: 

• 𝑟 − 𝑈𝑟
− ≤ 𝑟true ≤ 𝑟 + 𝑈𝑟

+ 

• 0.666 × 1014 ≤ EIn,true ≤ 2.88 × 1014 kg-1 

• Therefore, EIn = 1.439 × 1014 × [-54%, +103%] 
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Using the Monte Carlo method, Figure 3-11a shows an asymmetrical distribution of the FA model 

outputs (the estimated EIn) with an uncertainty bound of [-54%, +103%] at a 95% CI. This 

asymmetrical distribution is due to the non-linearity of the FA model and the large uncertainties 

for most input variables (>5%)287.  

To check the consistency of the uncertainty bounds of the FA model outputs, the Monte Carlo 

method is rerun with the dataset from the CIDI internal combustion engine230, where the absolute 

values and associated uncertainties are listed in Table F-3. Overall, the uncertainty bound of the 

FA model output estimated with data from the CIDI engine [-44%, +79%] at a 95% CI (Figure 3-

11b) is slightly lower than the uncertainties of an aircraft gas turbine engine because of the lower 

uncertainty values of MIPSD (± 11.4%), kTEM (± 15.9%) and DTEM (± 10.3%). 

Table F-3: Absolute values (from the CIDI dataset of Graves et al.230) and the associated uncertainties for each 

model input variables to be used in the Monte Carlo Method to estimate the uncertainty of the FA model output, 

the estimated N.  

Variable 

Fixed Engine 

Operating 

Condition 

Uncertainty 

Distribution 
Mean (µ) Std Dev (σ) 

MIPSD  

B75, 20% 

EGR 

Normal  

1.80 × 10−5 kg m-3 11.4% 

BC 𝝆𝟎 1770 kg m-3 70 

ka 0.83 1.2% 

Dα 1.08 0.3% 

kTEM 2.64 × 10−6 6.67% 

DTEM 0.29 7.9% 

GMD 90.01 nm 10% 

GSD 1.573 10% 

Cov Uniform  [0.02, 0.24] 

 

 

3. Sensitivity of the FA Model Outputs to the overlapping parameter, Cov 

The degree of primary particle overlapping is defined as Cov =
(ri+rj)−dij

(ri+rj)
, and Cov is usually 

obtained from the projected overlapping coefficient estimated from TEM images (Cov,p). Brasil et 

al.253 showed that Cov,p can be converted to Cov with the following formula:  

𝐶𝑜𝑣 = 𝜁1𝐶𝑜𝑣,𝑝 − 𝜁2,   where 𝜁1 = 1.1 ± 0.1 and 𝜁2 = 0.2 ± 0.02 

According to Bourrous et al.252, the Cov,p for BC is between 0.2 and 0.4, and the conversion from 

Cov,p to Cov gives a range of 0.02 ≤ Cov ≤ 0.24. 
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Using the SAMPLE III.2 aircraft emissions data from Boies et al.98, the sensitivity of the FA model 

outputs (the estimated N or EIn) to the range of Cov provided by Bourrous et al.252 is explored. For 

an upper bound of Cov = 0.24, Figure F-2 shows that the FA model outputs could increase by up 

to 7% relative to the simplified FA model where Cov is assumed to be 0.  

 

Figure F-2: Sensitivity of the FA model outputs to Cov, using data from the SAMPLE III.2 campaign. 

 

4. Uncertainty Quantification for the FA Model Output: model input parameters estimated 

from models and the predictive relations developed in Chapter 4.3 

Existing models and predictive relationships were used in Chapter 4 to estimate the input 

parameters required by the FA model (i.e. the BC EIm, GMD, GSD and Dfm), which have larger 

uncertainties. Therefore, uncertainties in the FA model outputs is re-calculated with the same 

numerical Monte Carlo method. Given that the FA model is applied to estimate the aircraft BC EIn 

at cruise conditions, absolute values from the NASA ACCESS campaign74, where data are 

obtained from in-situ cruise measurements, is used in the Monte Carlo method. Table F-4 

summarises the absolute values used to quantify the uncertainties of the estimated aircraft BC EIn 

(Figure 4-18). The uncertainties for each model input variable are described in Chapter 4.3.4. 

These absolute values are also used to conduct the sensitivity analysis (presented in Figure 4-19). 
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Table F-4: Absolute values (from the NASA ACCESS dataset) and the uncertainties for each model input 

variables used in the Monte Carlo method to estimate the uncertainty bound of the FA model output, the 

estimated aircraft BC EIn at cruise conditions.  

Variable 
F/F00,max 

(Mach No.) 

Uncertainty 

Distribution 
Mean (µ) Uncertainty 

BC EIm (FOX & 

ImFOX) 

0.31 

(0.73) 

Uniform 
24.4 mg kg-1 

[-20%, +50%] of 

FOX & ImFOX  

kloss -5.75 nm [-8.5, -3] nm 

BC 𝝆𝟎 

Normal 

1770 kg m-3 70 kg m-3 

ka 1 1.2% 

Dfm 2.76 7.9% 

kTEM 1.621x10-5 32.9% 

DTEM 0.39 18% 

GMD 21.8 nm 20% 

GSD 1.8 10% 
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APPENDIX G:  

AIRFRAME-ENGINE ASSIGNMENT LIST 

The aircraft-engine assignments used in this study was previously compiled by Stettler et al.25 is 

presented below. The technical specifications of each engine, such as the overall pressure ratio 

(𝜋00), maximum rated thrust at sea level with zero speed (F00,max), and the maximum fuel mass 

flow rate on the ground (�̇�f,max), is then obtained from the ICAO Emissions Databank (EDB)61. 

IATA Aircraft 

Code 
Engine Name 

No. of 

Engines 
 IATA Aircraft 

Code 
Engine Name 

No. of 

Engines 

100 TAY650-15 2 
 

72A JT8D-15 3 

141 ALF502R-5 4 
 

72F JT8D-15 3 

142 ALF502R-5 4 
 

72M JT8D-15 3 

143 ALF502R-5 4 
 

72S JT8D-15 3 

146 ALF502R-5 4 
 

732 JT8D-15 2 

14F ALF502R-5 4 
 

733 CFM56-3-B1 2 

310 CF6-80C2A2 2 
 

734 CFM56-3B-2 2 

312 CF6-80C2A2 2 
 

735 CFM56-3-B1 2 

313 CF6-80C2A2 2 
 

736 CFM56-7B20 2 

318 CFM56-5B6/P 2 
 

737 CFM56-7B22 2 

319 CFM56-5A5 2 
 

738 CFM56-7B26 2 

320 CFM56-5A1 2 
 

739 CFM56-7B26 2 

321 CFM56-5B3/P 2 
 

73A CFM56-3B-2 2 

32S V2527-A5 2 
 

73C CFM56-3B-2 2 

330 TRENT-772 2 
 

73F CFM56-3B-2 2 

332 TRENT-772 2 
 

73G CFM56-3B-2 2 

333 PW4168 2 
 

73H CFM56-3B-2 2 

340 CFM56-5C2 4 
 

73M CFM56-3B-2 2 

342 CFM56-5C2 4 
 

73S CFM56-3B-2 2 

343 CFM56-5C4 4 
 

73W CFM56-3B-2 2 

345 TRENT 553-61 4 
 

73X CFM56-3B-2 2 

346 TRENT 556-61 4 
 

73Y CFM56-3-B1 2 

350 GP7270 2 
 

741 JT9D-7A 4 

380 GP7270 4 
 

742 CF6-50E2 4 

707 JT3D-3B 4 
 

743 JT9D-7R4G2 4 

70F JT3D-3B 4 
 

744 CF6-80C2B1F revised 4 

717 BR700-715A1-30 2 
 

747 CF6-80C2B1F revised 4 

721 JT8D-7B 3 
 

748 GP7270 4 

722 JT8D-15 3 
 

74D CF6-50E2 4 

727 JT8D-15 3 
 

74E CF6-50E2 4 
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IATA Aircraft 

Code 
Engine Name 

No. of 

Engines 
 IATA 

Aircraft Code 
Engine Name 

No. of 

Engines 

74F RB211-524H-T 4 
 

BES PT6A-67D 2 

74L JT9D-7F 4 
 

BET PT6A-67D 2 

74M CF6-80C2B1F revised 4 
 

BNI IO-360-B 2 

74R CF6-45A2 4 
 

BNT IO-360-B 3 

74X CF6-50E2 4 
 

CL1 PW127-C/F/J ACARE 2 

74Y RB211-524H-T 4 
 

CL2 CFM56-3C-1 ACARE 2 

752 PW2037 2 
 

CL3 RB211-535E4 ACARE 2 

753 RB211-535E4B 2 
 

CL4 TRENT-877 ACARE 2 

757 RB211-535E4 2 
 

CQ5 GE90-115B ACARE 2 

75F RB211-535E4 2 
 

CT5 RB211-524H-T ACARE 4 

762 CF6-80A (A1) 2 
 

CRC CFM56-5A5 PW1000G 2 

763 PW4060 2 
 

CCJ CF34-3B 2 

764 CF6-80C2B8F 2 
 

CNA PT6A-27 1 

767 PW4060 2 
 

CNC PT6A-27 1 

76F PW4060 2 
 

CR1 CF34-3B 2 

772 GE90-90B 2 
 

CR2 CF34-3B 2 

773 GE90-90B 2 
 

CR7 CF34-8C1 2 

777 Trent 892 2 
 

CR9 CF34-8C1 2 

77W GE90-90B 2 
 

CRA CF34-3B 2 

787 GP7270 2 
 

CRJ CF34-3A1 2 

A40 PW127-A 2 
 

CS2 TPE331-10 2 

AB3 PW4158 2 
 

CS5 CT7-5 2 

AB4 CF6-50C2 2 
 

CV5 501D22A 2 

AB6 CF6-80C2A5 (revised) 2 
 

CVF 501D22A 2 

ABF PW4158 2 
 

CVR 501D22A 2 

ABX PW4158 2 
 

CWC R-1820 2 

ABY PW4158 2 
 

D10 CF6-50C2 3 

ACD TPE331-10 2 
 

D11 CF6-50C2 3 

AN4 PW127-C/F/J 2 
 

D1C CF6-50C2 3 

AN6 PW127-C/F/J 2 
 

D1F CF6-50C2 3 

ANF PW127-C/F/J 4 
 

D28 TPE331-8 2 

AR1 LF507 SERIES 4 
 

D38 PW119-B 2 

AR7 LF507 SERIES 4 
 

D3F R-1820 2 

AR8 LF507 SERIES 4 
 

D6F R-1820 4 

ARJ LF507 SERIES 4 
 

D8F JT3D-3B 4 

AT4 PW121 2 
 

D8Y JT3D-3B 4 

AT5 PW127E 2 
 

D92 JT8D-11 2 

AT7 PW127-C/F/J 2 
 

D93 JT8D-9A 2 

ATP PW126A 2 
 

D95 JT8D-17 2 

ATR PW121 2 
 

D9F JT8D-17 2 

B11 SPEY MK555 original 2 
 

D9S JT8D-17 2 

BE1 PT6A-67D 2 
 

DC3 R-1820 2 

BE9 PT6A-20 2 
 

DC8 JT3D-3B 4 

BEC PT6A-20 2 
 

DC9 JT8D-7B 2 

BEH PT6A-67D 2 
 

DF2 PW308C 2 
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IATA Aircraft 

Code 
Engine Name 

No. of 

Engines 
 IATA Aircraft 

Code 
Engine Name 

No. of 

Engines 

DH1 PW120A 2 
 

L4T PT6A-34 2 

DH2 PT6A-20 2 
 

LOH RB211-22B 3 

DH3 PT6A-20 2 
 

LRJ TFE731-2 2 

DH4 PW127-C/F/J 2 
 

M11 CF6-80C2D1F 3 

DH7 PT6A-50 4 
 

M1F CF6-80C2D1F 3 

DH8 PW120A 2 
 

M1M CF6-80C2D1F 3 

DHL PT6A-20 1 
 

M80 JT8D-217C 2 

DHP PT6A-20 1 
 

M81 JT8D-217C 2 

DHT PT6A-27 2 
 

M82 JT8D-217C 2 

E70 CF34-8E5 2 
 

M83 JT8D-219 2 

E75 CF34-8E5 2 
 

M87 JT8D-217C 2 

E90 CF34-10E5 2 
 

M88 JT8D-219 2 

EJ3 AE3007A3 (Type 3) ACARE 2 
 

M90 V2525-D5 2 

EM2 PW118 2 
 

ND2 PT6A-60/-60A/-60AG 2 

EMB PT6A-34 2 
 

PAG PT6A-27 1 

EMJ CF34-8E5 2 
 

PL2 PT6A-67B 1 

ER3 AE3007A3 (Type 3) 2 
 

PM1 TRENT-877 2 

ER4 AE3007A 2 
 

PM2 GE90-115B 2 

ERD AE3007A 2 
 

PM3 CFM56-3C-1 2 

ERJ AE3007A 2 
 

PN6 IO-360-B 2 

F24 TAY650-15 2 
 

S20 PW127-C/F/J 2 

F27 PW125-B 2 
 

SF3 CT7-5 2 

F28 TAY650-15 2 
 

SH3 PT6A-45R 2 

F50 PW125-B 2 
 

SH6 PT6A-65R 2 

F70 TAY620-15 2 
 

SHS TPE331-2 2 

FK7 PW125-B 2 
 

SWM TPE331-3 2 

FRJ PW306B 2 
 

T01 CFM56-3-B1 1 

GRG PT6A-27 2 
 

T02 CFM56-7B22 1 

GRM PT6A-34 2 
 

T03 RB211-535E4B 1 

GRS PW121 2 
 

T04 PW4158 1 

HS7 PT6A-27 2 
 

T05 AE3007A1E 1 

I14 PW127-A 2 
 

T06 AE3007A 1 

IL6 D-30KU 4 
 

T07 CFM56-2C5 1 

IL7 D-30KP-2 4 
 

T08 JT8D-219 1 

IL8 501D22A 4 
 

T09 CF6-80A2 1 

IL9 PS-90A 4 
 

T10 CF6-80C2B8F 1 

ILW NK-86 4 
 

T11 PW2037 1 

J31 TPE331-12 2 
 

T20 PS-90A 2 

J32 TPE331-12 2 
 

TU3 D-30 (Il series) 2 

J41 TPE331-14 2 
 

TU5 NK-8-2U (1989) 3 

JST TPE331-10 2 
 

WWP TFE731-3 2 

L10 RB211-22B 3 
 

YK2 D-36 3 

L11 RB211-22B 3 
 

YK4 TFE731-2 3 

L15 RB211-22B 3 
 

YN2 PT6A-27 2 

L1F RB211-22B 3 
 

YN7 PW127-C/F/J 2 
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APPENDIX H:  

DATASETS USED TO VALIDATE EXISTING MODELS AND 

DEVELOP PREDICTIVE RELATIONS FOR FA MODEL 

 

1. Validation of the FOX and ImFOX Methods Against Cruise BC EIm Measurements 

(Figure 4-11) 

The validation data used in Figure 4-11, where measurements of BC EIm at cruise conditions is 

validated with estimates by the FOX and ImFOX methods, is presented in Table H-1. 

 

Table H-1: Compilation of cruise EIm measurements from the NASA ACCESS (6 data points and 1 aircraft-

engine type) and SULFUR (3 data points and 3 aircraft-engine type) experimental campaigns. 

Aircraft (Engine)Ref 

Measured EIm (mg kg-1) 
mf    

(kg s-1) 

mf,max 

(kg s-1) 
F/F00,max 𝝅𝟎𝟎 

FL 

(km) 

Mach 

No Average 
Std dev 

(1.96σ) 

DC-8 (CFM56-2-C1)74 

80.97 9.859 0.373 0.849 0.439 23.5 10.7 0.84 

39.58 3.352 0.28 0.849 0.33 23.5 10.7 0.725 

32.26 1.019 0.231 0.849 0.272 23.5 10.7 0.6 

52.44 2.999 0.373 0.849 0.439 23.5 10.7 0.84 

16.71 0.980 0.28 0.849 0.33 23.5 10.7 0.725 

13.08 0.706 0.231 0.849 0.272 23.5 10.7 0.6 

B 737-300 (CFM56-3-B1)182 11 9.800 0.213 0.946 0.23 22.44 7.92 0.49 

A310-300 (CF6-80C2A2)182 19 19.600 0.4 2.152 0.19 27.79 7.92 0.53 

A340-300 (CFM56-5C4)192 10 5.880 0.2912 1.456 0.2 31.1 9.5 0.64 
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2. Data of predictive relationship to estimate the BC EIm for DAC engines in the Pilot 

Stage (Figure 4-12) 

Table H-2: Compilation of BC EIm measurements for DAC engines in the pilot stage. The data is extracted 

from Boies et al.98 and Lobo et al.95, and T4/T2 is estimated according to the procedure outlined in Figure 4-15. 

Measured Values Estimated Values 

F/F00,max BC EIm AFR P3 T3 T4 T4/T2 

0.032 2.17 119.3 1.85 350.1 566.5 1.966 

0.031 4.33 119.5 1.82 348.3 564.6 1.959 

0.032 7.78 119.3 1.85 350.1 566.5 1.966 

0.031 6.49 119.5 1.82 348.3 564.6 1.959 

0.032 8.22 119.3 1.85 350.1 566.5 1.966 

0.034 9.08 118.9 1.91 353.7 570.3 1.979 

0.034 9.08 118.9 1.91 353.7 570.3 1.979 

0.050 9.52 116.2 2.33 377.0 595.3 2.066 

0.062 14.27 114.2 2.66 393.3 613.4 2.129 

0.065 7.80 113.9 2.72 396.1 616.6 2.140 

0.076 8.67 112.1 3.03 409.6 631.9 2.193 

0.095 14.72 109.3 3.54 430.5 656.4 2.278 

0.095 15.15 109.3 3.54 430.5 656.4 2.278 

0.086 21.19 110.6 3.30 420.9 645.1 2.239 

0.094 24.64 109.4 3.51 429.3 655.0 2.273 

0.113 25.95 106.7 4.03 448.3 678.0 2.353 

0.111 32.42 107.0 3.96 446.2 675.3 2.344 

0.133 29.41 104.1 4.54 465.8 699.7 2.428 

0.133 32.86 104.1 4.54 465.8 699.7 2.428 

0.123 40.20 105.3 4.30 457.7 689.6 2.393 

0.155 44.53 101.2 5.14 484.6 723.9 2.512 

0.146 53.59 102.4 4.90 477.3 714.3 2.479 

0.171 58.78 99.3 5.57 496.9 740.1 2.568 

0.172 71.73 99.2 5.60 497.8 741.2 2.572 

0.175 95.04 98.8 5.68 500.3 744.5 2.584 

0.206 74.33 95.3 6.50 522.1 774.3 2.687 

0.206 86.85 95.3 6.50 522.1 774.3 2.687 

0.216 107.14 94.2 6.77 528.9 783.8 2.720 

0.233 113.63 92.4 7.23 539.9 799.4 2.774 

0.226 129.59 93.1 7.04 535.5 793.2 2.753 

0.251 138.24 90.6 7.71 551.1 815.6 2.831 

0.244 155.50 91.3 7.53 546.9 809.5 2.809 

0.252 208.17 90.5 7.73 551.6 816.4 2.833 

0.034 4.48 118.9 1.91 353.8 570.3 1.979 

0.032 4.67 119.2 1.86 350.8 567.2 1.969 

0.038 5.88 118.3 2.00 359.3 576.2 2.000 

0.034 6.18 118.9 1.90 353.6 570.1 1.979 

0.036 7.90 118.6 1.95 356.3 573.0 1.989 

0.036 8.51 118.6 1.95 356.2 572.9 1.988 

0.036 8.94 118.6 1.95 356.2 572.9 1.988 

0.089 4.99 110.2 3.38 424.1 648.9 2.252 

0.089 5.20 110.2 3.38 424.1 648.9 2.252 
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0.095 5.51 109.4 3.53 429.9 655.7 2.275 

0.071 6.33 112.9 2.89 403.4 624.8 2.168 

0.065 6.99 113.8 2.74 396.7 617.2 2.142 

0.105 19.04 107.9 3.81 440.5 668.4 2.320 

0.095 6.49 109.4 3.52 429.8 655.6 2.275 

0.093 6.88 109.6 3.47 427.9 653.3 2.267 

0.093 7.28 109.6 3.47 427.9 653.3 2.267 

0.089 7.84 110.2 3.37 423.9 648.6 2.251 

0.094 8.24 109.4 3.52 429.7 655.5 2.275 

0.096 8.51 109.1 3.57 431.6 657.7 2.283 

0.094 9.09 109.4 3.52 429.7 655.4 2.275 

0.100 9.47 108.6 3.67 435.3 662.1 2.298 

0.100 9.79 108.6 3.67 435.3 662.1 2.298 

0.100 10.03 108.6 3.67 435.3 662.1 2.298 

0.100 10.03 108.6 3.67 435.3 662.1 2.298 

0.100 10.45 108.6 3.67 435.2 662.1 2.298 

0.100 10.80 108.6 3.67 435.2 662.1 2.298 

0.070 10.89 113.0 2.88 403.2 624.5 2.167 

0.105 11.92 107.8 3.81 440.7 668.6 2.320 

0.103 13.82 108.1 3.76 438.8 666.4 2.313 

0.100 15.25 108.6 3.66 435.1 661.9 2.297 

0.100 16.56 108.6 3.66 435.1 661.8 2.297 

0.109 21.36 107.3 3.90 444.0 672.7 2.334 

0.107 23.38 107.6 3.85 442.2 670.5 2.327 

0.147 20.34 102.2 4.93 478.3 715.7 2.484 

0.142 23.01 102.9 4.79 473.7 709.7 2.463 

0.144 27.12 102.7 4.83 475.2 711.6 2.470 

0.204 42.63 95.5 6.45 520.7 772.4 2.680 

0.235 62.73 92.2 7.28 541.1 801.2 2.780 

0.204 48.22 95.5 6.45 520.7 772.3 2.680 

0.204 53.21 95.5 6.45 520.6 772.3 2.680 

0.200 55.44 95.9 6.35 518.1 768.8 2.668 

0.198 47.04 96.1 6.30 516.9 767.1 2.662 

0.219 63.24 93.9 6.84 530.5 786.0 2.728 

0.224 66.99 93.4 6.98 534.0 791.1 2.745 

0.226 72.13 93.2 7.03 535.2 792.7 2.751 

0.239 74.55 91.8 7.37 543.4 804.4 2.792 

0.226 82.26 93.2 7.03 535.2 792.7 2.751 

0.228 88.57 93.0 7.08 536.3 794.3 2.757 

0.231 98.56 92.6 7.18 538.7 797.7 2.768 

0.244 111.49 91.3 7.52 546.7 809.2 2.808 

0.242 114.27 91.5 7.47 545.5 807.6 2.803 

0.259 132.50 89.8 7.91 555.5 822.2 2.853 

0.251 127.16 90.6 7.71 551.1 815.7 2.831 

0.241 91.54 91.7 7.42 544.5 806.0 2.797 

0.248 82.95 90.9 7.62 549.0 812.6 2.820 

0.207 78.29 95.1 6.54 523.0 775.6 2.692 

0.217 72.12 94.1 6.79 529.2 784.3 2.722 

0.217 85.70 94.2 6.78 529.2 784.2 2.721 

 



294 
 

3. Quantification of kloss to estimate the GMD at the engine exit plane (Figure 4-13) 

Table H-3: Quantification the range of kloss across engine thrust settings. Measured GMD at the instrument 

sampling point is obtained from the literature74,96,98, while the GMD at the engine exit plane is predominantly 

estimated using the SCOPE methodology185.  

F/F00,max T4/T2 

Measured 

GMD 

(Instrument) 

[nm] 

Measured 

GMD 

(1.96σ) 

[nm] 

Est. GMD 

(Engine 

Exit) [nm] 

kloss 

(nm) 

kloss LB 

(nm) 

kloss UB 

(nm) 
Remarks 

0.033 1.974 15.89 0.231 13.56 -2.33 -2.57 -2.10 

Measured GMD from 

Boies et al.98; GMD 

(engine exit plane) 

estimated with SCOPE 

(using inputs of 

measured BC EIm) 

0.033 1.973 15.88 0.212 13.59 -2.29 -2.50 -2.08 

0.033 1.974 15.90 0.173 13.53 -2.37 -2.54 -2.20 

0.033 1.974 15.96 0.219 13.47 -2.48 -2.70 -2.27 

0.033 1.974 15.97 0.198 13.66 -2.31 -2.51 -2.12 

0.033 1.974 15.93 0.165 13.66 -2.27 -2.43 -2.10 

0.033 1.974 15.94 0.222 13.30 -2.64 -2.86 -2.42 

0.076 2.194 21.16 0.274 17.38 -3.78 -4.05 -3.51 

0.094 2.272 23.25 0.329 19.51 -3.74 -4.06 -3.41 

0.112 2.348 25.77 0.390 21.97 -3.80 -4.19 -3.41 

0.133 2.430 27.28 0.380 23.50 -3.79 -4.17 -3.41 

0.155 2.512 29.23 0.422 25.46 -3.77 -4.19 -3.35 

0.177 2.589 33.52 1.019 27.48 -6.05 -7.07 -5.03 

0.205 2.684 35.02 0.645 30.13 -4.89 -5.54 -4.25 

0.233 2.774 37.45 0.741 32.47 -4.97 -5.72 -4.23 

0.264 2.869 20.59 2.910 15.87 -4.72 -7.63 -1.81 

0.331 3.063 19.58 0.168 15.60 -3.97 -4.14 -3.81 

0.369 3.169 19.89 0.195 15.68 -4.20 -4.40 -4.01 

0.411 3.282 18.49 0.141 14.39 -4.10 -4.24 -3.95 

0.458 3.402 18.58 0.162 14.21 -4.37 -4.53 -4.21 

0.511 3.536 18.85 0.220 14.42 -4.43 -4.65 -4.21 

0.571 3.681 19.17 0.279 14.25 -4.92 -5.20 -4.64 

0.629 3.818 19.74 0.295 14.34 -5.40 -5.70 -5.11 

0.691 3.961 20.73 0.396 14.46 -6.27 -6.66 -5.87 

0.857 4.325 22.75 0.697 14.55 -8.20 -8.90 -7.51 

0.946 4.513 22.90 0.979 15.07 -7.83 -8.81 -6.85 

0.843 4.296 23.00 1.228 14.25 -8.75 -9.98 -7.52 

0.033 1.974 16.26 0.173 12.81 -3.45 -3.62 -3.28 

0.034 1.978 16.44 0.272 13.43 -3.01 -3.28 -2.74 

0.066 2.144 20.81 0.436 16.63 -4.18 -4.62 -3.75 

0.133 2.428 27.50 1.356 23.04 -4.46 -5.81 -3.10 

0.205 2.684 34.70 0.889 29.24 -5.47 -6.35 -4.58 

0.264 2.871 19.46 0.146 14.99 -4.47 -4.61 -4.32 

0.034 1.981 17.30 0.148 13.37 -3.93 -4.08 -3.78 

0.268 2.881 19.49 0.149 14.95 -4.54 -4.69 -4.39 

0.417 3.286 35.30 0.784 26.23 -9.07 -9.86 -8.29 
Measured GMD from 

Moore et al.; GMD 

(engine exit plane) 

estimated with SCOPE 

(using inputs of 

measured BC EIm) 

0.313 3.070 29.70 0.980 21.62 -8.08 -9.06 -7.10 

0.258 2.964 25.50 1.764 19.89 -5.61 -7.37 -3.84 

0.417 3.286 32.50 0.784 24.27 -8.23 -9.01 -7.44 

0.313 3.070 27.00 1.372 18.67 -8.33 -9.71 -6.96 

0.258 2.964 23.50 0.980 17.09 -6.41 -7.39 -5.43 
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0.030 1.948 16.55 
 

10.30 -6.25 
 

 

GMD at the instrument 

sampling point and 

engine exit plane 

extracted from the SI of 

Durdina et al. 

0.070 2.156 17.65 
 

11.41 -6.23 
  

0.300 2.964 23.95 
 

17.83 -6.12 
  

0.600 3.734 32.16 
 

26.20 -5.96 
  

0.800 4.184 37.64 
 

31.78 -5.86 
  

0.900 4.397 40.38 
 

34.57 -5.81 
  

1.000 4.605 43.12 
 

37.36 -5.76 
  

 

4. Data for predictive relationship to estimate the GMD for SAC engines (Figure 4-14a) 

Table H-4: Compilation of ground BC EIm measurements for SAC engines (black points in Figure 4-14a). The 

data is extracted from Durdina et al.245 and Lobo et al.95. T4/T2 is estimated using the procedure in Figure 4-15. 

Engine (Ref) F/F00,max T4/T2 GMD (nm) 
 

Engine (Ref) F/F00,max T4/T2 GMD (nm) 

CFM56-

7B26/3 

(Durdina et 

al.245) 

0.030 1.945 15.23 
 

CFM56-7B24 

(Durdina et 

al.245) 

0.032 1.957 18.26 

0.034 1.967 15.79 
 

0.078 2.184 16.13 

0.044 2.020 14.90 
 

0.377 3.156 22.40 

0.094 2.250 16.13 
 

0.681 3.892 31.92 

0.150 2.465 17.14 
 

0.862 4.288 39.65 

0.182 2.576 17.59 
 

0.960 4.493 41.00 

0.190 2.602 18.15 
 

1.000 4.575 42.34 

0.218 2.693 18.48 
 

CFM56-

7B24/3 

(Durdina et 

al.245) 

0.030 1.945 19.27 

0.251 2.797 20.27 
 

0.377 3.152 23.41 

0.271 2.857 20.61 
 

0.679 3.883 33.16 

0.483 3.423 29.24 
 

0.864 4.288 42.79 

0.541 3.564 29.46 
 

0.962 4.492 46.04 

0.541 3.564 30.02 
 

PW 4168A 

(Durdina et 

al.245) 

0.068 2.199 23.41 

0.541 3.564 32.04 
 

0.230 2.840 21.62 

0.511 3.491 30.69 
 

0.351 3.212 24.31 

0.567 3.625 30.80 
 

0.437 3.449 28.00 

0.571 3.635 31.70 
 

0.499 3.610 30.92 

0.579 3.654 32.71 
 

0.649 3.977 38.20 

0.633 3.779 34.61 
 

0.986 4.728 46.37 

0.643 3.802 35.51 
 

CFM56-

7B24/3 (Lobo 

et al.95) 

0.028 1.936 19.25 

0.665 3.852 35.73 
 

0.028 1.936 20.17 

0.663 3.847 36.63 
 

0.375 3.146 23.31 

0.681 3.888 35.51 
 

0.676 3.878 33.00 

0.691 3.910 37.30 
 

0.863 4.285 42.43 

0.721 3.977 36.29 
 

0.957 4.482 46.30 

0.719 3.972 37.64 
 

PW 4168A 

(Lobo et al.95) 

0.068 2.199 22.78 

0.733 4.003 36.97 
 

0.044 2.066 30.17 

0.774 4.095 38.09 
 

0.227 2.833 21.87 

0.766 4.078 39.65 
 

0.351 3.211 24.48 

0.764 4.073 40.66 
 

0.438 3.451 28.02 

0.784 4.117 40.21 
 

0.501 3.616 31.05 

0.792 4.134 40.33 
 

0.649 3.977 38.29 

0.840 4.237 40.21 
 

0.992 4.739 46.47 

0.848 4.254 41.11 
     

0.916 4.397 43.35 
     



296 
 

Table H-5: Compilation of cruise BC EIm measurements for SAC engines (red crosses in Figure 4-14a). The 

data is extracted from Moore et al.74. T4/T2 is estimated using the procedure in Figure 4-15. 

Engine (Ref) F/F00,max T4/T2 GMD (nm) 

CFM56-2-C1  

(Moore et al.74) 

0.439 3.513 35.30 

0.330 3.258 29.70 

0.272 3.129 25.50 

0.439 3.513 32.50 

0.330 3.258 27.00 

0.272 3.129 23.50 

5. Data for predictive relationship to estimate the GMD for DAC engines (Figure 4-14b) 

Table H-6: Compilation of ground BC EIm measurements for DAC engines. The data is extracted from Boies 

et al.98. T4/T2 is estimated using the procedure in Figure 4-15. 

Engine (Ref) F/F00,max T4/T2 GMD (nm) 

CFM56-5B4-2P 

(Boies et al.98) 

0.033 1.973 15.88 

0.033 1.974 15.96 

0.033 1.974 15.89 

0.033 1.974 15.94 

0.033 1.974 15.90 

0.033 1.974 15.97 

0.033 1.974 15.93 

0.033 1.974 16.26 

0.034 1.978 16.44 

0.034 1.981 17.30 

0.066 2.144 20.81 

0.076 2.194 21.16 

0.094 2.272 23.25 

0.112 2.348 25.77 

0.133 2.428 27.50 

0.133 2.430 27.28 

0.155 2.512 29.23 

0.177 2.589 33.52 

0.205 2.684 35.02 

0.205 2.684 34.70 

0.233 2.774 37.45 

0.264 2.869 20.59 

0.264 2.871 19.46 

0.268 2.881 19.49 

0.331 3.063 19.58 

0.369 3.169 19.89 

0.411 3.282 18.49 

0.458 3.402 18.58 

0.511 3.536 18.85 

0.571 3.681 19.17 

0.629 3.818 19.74 

0.691 3.961 20.73 

0.843 4.296 23.00 

0.857 4.325 22.75 

0.946 4.513 22.90 
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6. Validation of the FA model output (estimated aircraft BC EIn) using the developed 

predictive relationship to estimate the GMD and assumed values for the GSD, Dfm, 

BC 𝝆𝟎, kTEM and DTEM. (Figure 4-16) 

The validation data used in Figure 4-16 is presented in Table H-7. Measurements of the BC EIn 

and EIm at cruise are obtained from the SULFUR experimental campaign182,192, the BC GMD is 

estimated using Eq. (4-19), and constant values of GSD (1.80), Dfm (2.76), BC 𝜌0 (1770 kg m-3), 

kTEM (1.621 × 10−5) and DTEM (0.39) are used. 

 

Table H-7: Validation of the estimated BC EIn (calculated using the FA model) against aircraft cruise 

measurements from the SULFUR experimental campaign182,192.  

Measured Values Estimated Values - FA Model 

Aircraft (Engine) F/F00,max EIn (kg-1) EIm (g kg-1) GMD (nm) GSD Dfm EIn (kg-1) 

B 737-300 (CFM56-3-B1)182 0.23 3.50E+14 0.011 22.48 1.8 2.76 2.74E+14 

A310-300 (CF6-80C2A2)182 0.19 6.00E+14 0.019 21.89 1.8 2.76 5.11E+14 

ATTAS (M45H Mk501)182 0.30 1.70E+15 0.1 23.69 1.8 2.76 2.15E+15 

A340-300 (CFM56-5C4)192 0.25 1.80E+14 0.01 25.02 1.8 2.76 1.84E+14 

B707-307C, (PW JT3D-3B)192 0.80 1.70E+15 0.5 39.58 1.8 2.76 2.48E+15 
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APPENDIX I:  

CoCiP CONTRAIL MODEL STRUCTURE & DESCRIPTION 

The Contrail Cirrus Prediction Model (CoCiP) was originally developed by Ulrich Schumann70 

from the German Aerospace Center (DLR) Institute of Atmospheric Physics. A brief description 

of the CoCiP contrail model was previously presented in Chapters 2.4.3 and 5.3. This subsection 

outlines the structure, equations and modifications that have been made to CoCiP to achieve the 

objectives of this thesis: Part 1 describes the model input parameters and datasets required; Part 2 

describes the general equations and processes used in the original CoCiP contrail model70; Part 3 

outlines the modifications made to CoCiP, which the structure for the version of CoCiP used in 

this thesis is presented as a flow chart in Figure I-1; and Part 4 highlights the different model 

outputs that are provided by CoCiP. For further information regarding the rationale and 

justification of the equations used in CoCiP that are not presented in this Appendix, the reader is 

referred to the literature70,71. 

1. MODEL INPUTS 

CoCiP calls for inputs of: (i) the specification of each aircraft type; (ii) air traffic data; and (iii) 

meteorology. Aircraft type specifications, such as the number of engines and wingspan (obtained 

from Eurocontrol204), are used to calculate the fuel consumption and wake vortex parameters. The 

aircraft activity dataset (CARATS Open Data, described in Chapter 4.2) then provides the 

following input parameters for each waypoint:  

• 4D flight trajectory data: longitude (X), latitude (Y), altitude (Z) and UTC time (t), 

• Aircraft type (ICAO designator), and 

• Censored flight ID. 

Using these input parameters (provided by the CARATS Open Data), the following parameters 

are then calculated using the procedures outlined in Chapter 4.2 and 4.3: 

• Distance between waypoints or contrail segment length (L), 

• True airspeed (VTAS), 
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• Overall propulsion efficiency (ETA),  

• Aircraft mass (maircraft), 

• Fuel mass flow rate (�̇�f in kg s-1) and fuel flow per distance travelled (mf,dist in kg m-1), and 

• Black carbon (BC) number emissions index (EIn in kg-1). 

Finally, numerical weather prediction (NWP) models from the European Centre for Medium 

Range Weather Forecast (ECMWF), such as the ERA5 high resolution realisation (HRES) or the 

ERA5 ten-member ensemble (EDA) are selected to provide the following meteorological 

parameters: 

• Specific humidity (q in kg kg-1), 

• Ambient temperature (Tamb in K), 

• U- and V- component of wind (U and V in m s-1), 

• Vertical velocity (ω in Pa s-1), 

• Specific cloud ice water content (CIWC in kg kg-1), 

• Geopotential height (in m), 

• Incident solar radiation at the top of atmosphere (TISR in J m-2), 

• Top net solar radiation (TSR in J m-2), 

• Top net thermal radiation (TTR in J m-2), 

where: the (i) ambient humidity with respect to ice (RHi) is calculated using Eq. (5-1) and 

enhanced by dividing it with an enhancement factor (RHic = 0.9) for reasons that were described 

in Chapter 5.2.1; (ii) optical depth of natural cirrus above a certain altitude (τc) is estimated from 

the CIWC and pressure level; (iii) solar direct radiation (SDR), reflected solar radiation (RSR) and 

outgoing longwave radiation (OLR) are calculated from the TISR, TSR and TTR using Eq. (5-3) 

to (5-5), or Eq. (5-6) to (5-8) depending on the meteorological dataset used, as highlighted in 

Chapter 5.2.1. These parameters are stored in a 4D matrix and a quadrilinear interpolation (across 

the three space coordinates and time) is used to extract the meteorology for specific waypoints 

whenever requested by CoCiP. The airspace area over Japan is approximately 3.48 ×1012 m2.  
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Figure I-1: Flow chart outlining the general structure and process for the version of CoCiP used in this thesis. 
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2. CoCiP CONTRAIL MODEL (ORIGINAL) 

Contrail formation & initial conditions 

With the air traffic and meteorological data now imported to CoCiP, the conditions for formation 

of short-lived and persistent contrails are modelled for each waypoint by comparing the relative 

humidity with respect to liquid (RH) against the critical RH (RHcrit), which is calculated using the 

Schmidt-Appleman criterion. Prior to calculating the RHcrit, the maximum threshold temperature 

for contrail formation at 100% RH (TLM in units of K, and the acronym ‘LM’ denotes liquid 

maximum) is computed,  

G is the mixing line slope in a temperature humidity diagram,  

where EIH2O  is the water vapour emissions index (1.23 kg kg-1 for kerosene), cp,a is the heat 

capacity at constant pressure of air (1005 J kg-1 K-1), pw is the pressure altitude for each waypoint 

(in units of Pa), R1 (461.51 J kg-1 K-1) and R0 (287.05 J kg-1 K-1) are the real gas constant for water 

vapour and air respectively, LCV is the lower calorific value of kerosene (43.2 MJ kg-1), and ETA 

is calculated using Eq. (4-16). With TLM now available, the RHcrit is calculated, 

RHcrit =
𝑝liq(𝑇amb)

𝑝liq(𝑇LM)
  , if 𝑇amb > 𝑇LM (I-3) 

RHcrit =
𝐺(𝑇amb−𝑇LM)+𝑝liq(𝑇LM)

𝑝liq(𝑇amb)
  , if 𝑇amb ≤ 𝑇LM (I-4) 

where pliq(T) is the saturation pressure over liquid water323, 

For each waypoint, contrails are formed whenever the RH is greater than RHcrit, while persistent 

contrails are formed when the RHi > 1. The flight segment between two consecutive waypoints 

that form contrails is a contrail segment. Waypoints that do not satisfy the conditions for contrail 

formation are removed to increase computational efficiency.  

 𝑇LM [K] = (273.15 − 46.46) + 9.43 ln(𝐺 − 0.053) + 0.72[ln (G − 0.053)]2.  (I-1) 

 𝐺 =
EIH2O𝑐p,a𝑝𝑤𝑅1

𝑅0LCV(1−ETA)
,  (I-2) 

𝑝liq[Pa] = 100exp [
−6096.9385

𝑇amb
+ 16.635794 − 0.02711193𝑇amb + 1.673952 ×

10−5𝑇amb
2 + 2.433502ln (𝑇amb)].  

(I-5) 
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A number of meteorological parameters are calculated before the simulation of the wake vortex 

phase, including ω, Tamb, pw, U, V and the potential temperature (ϴ) at the top and bottom layer 

(which are separated by dZ = 200 m). ϴ is calculated using Eq. (I-6), 

where p0 is the surface pressure (101325 Pa). The temperature gradient (
𝑑𝑇

𝑑Z
), wind shear (

𝑑𝑈

𝑑Z
 and 

𝑑𝑉

𝑑Z
), total shear (𝑆T

2) and vertical gradient of the horizontal velocity normal to the contrail axis 

(
𝑑𝑉𝑛

𝑑Z
) are calculated as follows,  

 
Figure I-2: Effects of the ambient wind shear with respect to the orientation of the contrail plume (Diagram 

developed by author). 

A diagram illustrating the influence of 
𝑑𝑈

𝑑Z
, 

𝑑𝑉

𝑑Z
 and 

𝑑𝑉n

𝑑Z
 with respect to the orientation of the contrail 

plume is shown in Figure I-2. α is the angle between the plume and the longitudinal axis, and cos 

α and sin α are calculated as follows, 

 𝜃 = 𝑇amb (
𝑝0

𝑝𝑤
)

𝑅0
𝑐𝑝,𝑎 ,  (I-6) 

 
𝑑𝑇

𝑑Z
=

(𝜃top−𝜃bottom)

𝑑Z
,  (I-7) 

 
𝑑𝑈

𝑑Z
=

(𝑈top−𝑈bottom)

𝑑Z
,  (I-8) 

 
𝑑𝑉

𝑑Z
=

(𝑉top−𝑉bottom)

𝑑Z
,  (I-9) 

 𝑆T
2 = (

𝑑𝑈

𝑑Z

2
+

𝑑𝑉

𝑑Z

2
). (I-10) 

 
𝑑𝑉n

𝑑Z
=

𝑑𝑉

𝑑Z
cos 𝛼 −

𝑑𝑈

𝑑Z
sin 𝛼.  (I-11) 
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where Rearth is the radius of earth (= 6.371 ×106 m) and d is the contrail segment length (or the 

distance travelled by an aircraft between waypoints) calculated using Eq. (4-1).  

Wake vortex downwash 

Following the calculation of these meteorological parameters, a probabilistic two-phase aircraft 

wake vortex decay model186 is used to simulate the wake vortex phase and obtain the initial contrail 

width (w0), depth (D0) and mean downward displacement (∆Z1), 

where Sa is the wingspan for specific aircraft types and dZmax is the maximum downward 

displacement at the end of the wake vortex phase. The procedure and parametric equations in the 

wake vortex model used to estimate dZmax are summarised (below):  

Firstly, the state of atmospheric stratification for each waypoint, i.e. strongly or weakly/stably 

stratified conditions, is first determined using 𝑁𝐵𝑉𝑡0, where 𝑡0 (=
2𝜋𝑏0

2

Γ0
) is the effective time scale, 

𝑏0 (=
𝜋𝑆a

4
) is the wake vortex separation, Γ0 = (

4𝑚aircraft𝑔0

𝜋𝑆a𝜌𝑎𝑉TAS
) is the initial circulation, g0 is the 

gravitational acceleration (9.81 m s-2). NBV (in units of rad s-1) is the Brunt-Väisälä frequency, and 

ρa is the air density, 

where 𝜃 and 
𝑑𝑇

𝑑Z
 were previously calculated using Eq. (I-6) and (I-7). 

dZmax is then estimated based on the atmospheric stratification (𝑁𝐵𝑉𝑡0). For strongly stratified 

conditions (𝑁𝐵𝑉𝑡0 ≥ 0.8),  

 cos α =
𝜋𝑅earth(

lon(𝑖+1)−lon(𝑖)

180
) cos(

lat(i)+lat(i+1)

2
)

𝑑
,  (I-12) 

 sin α =
𝜋𝑅earth(

lat(𝑖+1)−lat(𝑖)

180
)

𝑑
,  (I-13) 

 𝑤0 =
𝜋

4
𝑆𝑎,  (I-14) 

 𝐷0 = 0.5 × 𝑑Zmax,  (I-15) 

 𝑁BV = (
max(

𝑑T

𝑑𝑍
, 10−6)𝑔0

𝜃
)

0.5

,  (I-16) 

 𝜌𝑎 =
𝑝𝑤

𝑅0𝑇amb
. (I-17) 
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𝑑Zmax =
0.384438246 𝑆𝑎

𝛾
, (I-18) 

where 𝛾 =
𝑁𝐵𝑉𝑡0

(
𝜋4

32
)

=
𝑆a

3𝜌a𝑉TAS

𝑔0 𝑚aircraft
𝑁BV (I-19) 

For weakly/stably stratified conditions (𝑁𝐵𝑉𝑡0 < 0.8),  

𝑑Zmax = 𝑆a[(1 − 4.07εn + 5.67εn
2)18.3611832 × (0.259524018 − 𝛾) +

1.47654855], 
(I-20) 

where εn = min (0.3589065,
3.57593513(SFACT,wake×𝑆a)

0.3333
𝛾

𝑁BV
),  (I-21) 

and    SFACT,wake = 𝑆T × [0.5 (1 + √
2000𝛾

0.384438246 𝑆𝑎
)]

2

. (I-22) 

εn is the normalised turbulent dissipation rate, SFACT,wake is the enhancement in shear because of 

subgrid-scale turbulence, while ST and 𝛾 is calculated in Eq. (I-10) and (I-19) respectively. 

Contrail Persistence 

After the wake vortex phase, the new contrail altitude (Z1) and ice water content (IWC1 in units of 

kg kg-1) after the wake vortex phase are estimated,  

where IWC0 is the contrail IWC before the wake vortex phase and IWCad is the change in IWC 

due to adiabatic heating,  

Besides in R0 and R1, the subscripts “0” and “1” represent the initial and new contrail altitudes. 

The first term in Eq. (I-25) represents the additional water vapour emitted by aircraft emissions, 

where ρa was previously calculated using Eq. (I-17) and qs is the saturation humidity,  

 𝑍1 = 𝑍0 − 0.25 × 𝑑Zmax,  (I-23) 

 IWC1 = IWC0 − IWCad, (I-24) 

 IWC0 =
EIH2O𝑚f

(
𝜋

4
)𝜌a𝑤0𝐷0

+ (𝑞 − 𝑞𝑠), (I-25) 

 IWCad = (
𝑅0

𝑅1
)(

𝑝ice(𝑇amb,1)

𝑝𝑤,1
−

𝑝ice(𝑇amb,0)

𝑝𝑤,0
), (I-26) 

 𝑞𝑠 =
𝑅0𝑝ice(𝑇amb)

𝑅1𝑝𝑤
, (I-27) 
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and the saturation pressure over ice water surfaces323, pice(T), is calculated using Eq. (5-2). The 

contrail lifecycle for a given waypoint ends if IWC0 or IWC1 is less than zero. For surviving 

contrails, the ice particle number per contrail length (nice,length in units of m-1) is calculated, 

where a constant BC EIn of was 0.3 ×1015 kg-1 assumed for all waypoints in the original version of 

CoCiP, and fsurv is the fraction of contrail ice particles that survive the wake vortex phase, 

Persistent contrails that survive the wake vortex phase are defined when RHi1 > 100% and IWC1 > 

10-12 kg kg-1. These waypoints are subsequently transferred to the time integration step, while 

waypoints with no contrail segments are removed. 

Time integration step 

The time integration step simulates the evolution of various contrail properties produced by 

individual flights with a Gaussian plume model, and the following contrail characteristics are 

estimated for each time step ∆t. In principle, the value of ∆t can be selected arbitrarily, and the 

CoCiP outputs depend to some degree on the selected ∆t value. An inherent trade-off exists 

between the accuracy of CoCiP outputs and computational time: The selected ∆t should be small 

enough to resolve the temporal contrail dynamics, but the computational time increases linearly 

with the inverse of ∆t. Therefore, ∆t is specified to be 0.5 h on the basis that the ERA5 HRES 

dataset provides hourly meteorology data. 

(i) The effective area (Aeff) and depth (Deff) of the evolving contrail plume: 

 𝑛ice,length,1 = BC EIn × 𝑚f,dist × 𝑓surv,  (I-28) 

 𝑓surv =
IWC1

IWC0
.  (I-29) 

 𝐷eff =
𝐴eff

w𝑖
,  (I-30) 

 𝐴eff = 2π[det(σ)]0.5, (I-31) 

 where      det(σ) = 𝜎𝑦𝑦𝜎𝑧𝑧 − 𝜎𝑦𝑧
2, (I-32) 

 𝜎𝑦𝑦,0 =
𝑤0

2

8
, 𝜎𝑦𝑦,0 =

𝐷0
2

8
 and 𝜎𝑦𝑧,0 = 0. (I-33) 
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σyy,0, σzz,0 and σyz,0 are the parameters governing the initial contrail plume’s temporal evolution, 

and the subscript ‘i' denotes the contrail properties at a given time. w0 and D0 were previously 

calculated in Eq. (I-14) and (I-15). 

(ii) Contrail ice particle number concentration (nice in units of m-3) 

where nice,length,i and Aeff were previously calculated in Eq. (I-28) and (I-31).  

(iii) Volume mean radius of contrail ice particles (rvol in units of m) 

where ρa, IWC1 and nice,i were previously calculated in Eq. (I-17), (I-24) and (I-34) respectively, 

and ρice is the density of ice (917 kg m-3).  

(iv) Contrail ice particle number per mass of air (nice,mass in units of kg-1) 

where ρa and nice,i were previously calculated using Eq. (I-17) and (I-34). 

(v) Average contrail ice particle mass (mice in kg) and the terminal fall speed (VT in m s-1) 

where rvol was previously calculated in Eq. (I-35). VT is then calculated parametrically 

according to mice,i, 

VT,i = 𝑎 × (
30000

𝑝w,i
)

0.178

(
233

𝑇amb,i
)

0.394

, where (I-38) 

𝑎 = 735.4 × 𝑚ice
0.42  , if 𝑚ice,i < 2.146 × 10−13 kg  

𝑎 = 63292.4 × 𝑚ice
0.57  , if 𝑚ice,i < 2.166 × 10−9 kg  

𝑎 = 329.8 × 𝑚ice
0.31  , if 𝑚ice,i < 4.264 × 10−8 kg  

𝑎 = 8.80 × 𝑚ice
0.096  , if 𝑚ice,i ≥ 4.264 × 10−8 kg  

 𝑛ice,i =
𝑛ice,length,i

𝐴eff
,  (I-34) 

 𝑟vol,i = (
IWC𝑖 𝜌𝑎

4

3
𝜋 𝑛ice,i𝜌ice

)

1

3

  (I-35) 

 𝑛ice,mass,i =
𝑛ice,i

𝜌a
,  (I-36) 

 𝑚ice,i =
4

3
𝜋𝜌ice𝑟vol,i

3,  (I-37) 
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(vi) Horizontal (DH) and vertical diffusivities (Dv), which account for the turbulence-

induced diffusive horizontal and vertical contrail spreading 

where ST, D, Deff, NBV and VT were previously calculated from Eq. (I-10), (I-15), (I-16), (I-30) and 

(I-38), while SFACT enhances the shear due to local turbulence that is not captured by the resolution 

of the meteorological datasets,  

where 
𝑑T

𝑑𝑍
 for each waypoint is updated using Eq. (I-7). 

(vii) Contrail ice particle number losses due to sedimentation-induced aggregation (
𝑑N

𝑑𝑡
)

agg
 

and plume-internal turbulence (
𝑑N

𝑑𝑡
)

turb
  

where EA and ET are adjustable model parameters set at 1 and 0.1 respectively. The EA and ET 

values were adjusted after testing for various contrail characteristics (i.e. lifetime and optical 

properties)357, and a validation with observational data from the Contrail Library (COLI) database 

generally showed a good agreement189. The equations used to calculate remaining parameters (rvol, 

VT, Aeff, Deff, DH, DV, w, D) were previously presented.  

(viii) Contrail optical depth (τ) 

Cr (= 0.9) represents an estimated mean ratio between rvol and the effective radius (reff) of contrail 

ice particles. The true value of Cr depends on the contrail ice particle shape and size spectrum: It 

 𝐷H,i = 0.1𝑆T𝐷i
2,  (I-39) 

 𝐷V,i =
0.01

𝑁BV
+ 𝑆FACT𝑉T,i𝐷eff,i, (I-40) 

 𝑆FACT,i = 0.5(1 + √
2000

𝐷i
), (I-41) 

 (
𝑑N

𝑑𝑡
)

agg
=

8𝐸A𝜋𝑟𝑣𝑜𝑙,𝑖
2𝑉T,𝑖

𝐴eff
,  (I-42) 

 (
𝑑N

𝑑𝑡
)

turb
= 𝐸T × |(

𝐷H,i

max(𝑤𝑖, 𝐷𝑖)2 +
𝐷V,i

𝐷eff
2)|, (I-43) 

 𝜏i = 𝐶r𝑟𝑣𝑜𝑙,𝑖
2 (

𝑛ice,length,i

𝑤i
) × Qext. (I-44) 
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could be smaller than 0.9 as the size distribution widens, or larger if the ice particles strongly 

diverge away from the spherical shape358. Given that only a limited number of Cr measurements 

were collected from contrail cirrus and the temporal evolution of ice particle habits, the uncertainty 

of Cr (which could range from 0.3 to 1.2) remains an open issue358. Qext is the radiation extinction 

efficiency, and is calculated with the approximate Mie-theory, 

κ (= 1.31) and 𝜆light (= 550nm) are the real refractive index of ice and the wavelength of visible 

light respectively. wi, nice,length and rvol are calculated with Eq. (I-14), (I-28) and (I-35).  

Once these contrail properties are calculated, CoCiP then proceeds to simulate the evolution of 

these properties using a second-order Runge Kutta scheme with a constant time step ∆t. The new 

contrail location (X, Y and Z) is calculated according to the advection due to wind,  

where U, V and ω are extracted from the ERA5 meteorological dataset (previously stored as a 4D 

matrix), ∆t is the time difference between time steps (ti+1 - ti), while ρa and VT are calculated from 

Eq. (I-17) and (I-38). Instead of using Eq. (I-33) to calculate the initial plume parameters, the σyy, 

σzz and σyz (initially set at zero) are updated with the following equations,  

Using the updated σyy, σzz and σyz, 𝑤(𝑡 + Δt) and 𝐷(𝑡 + Δt) are calculated using Eq. (I-33), and 

Aeff is calculated using Eq. (I-31). The IWC(𝑡 + Δt) is then calculated, 

 𝑄ext = 2 − (
4

ρ𝜆
)[sin(ρ𝜆) − (1 −

cos (ρ𝜆)

ρ𝜆
)],  (I-45) 

 where ρ𝜆 =
4π(κ−1)

𝜆light
𝑟vol,i, (I-46) 

 𝑋(𝑡 + Δt) = 𝑋(𝑡) +
𝑈i(Δt)

𝑅Earth(
𝜋

180
)cos (𝑌(𝑡))

,  (I-47) 

 𝑌(𝑡 + Δt) = 𝑌(𝑡) +
𝑉i(Δt)

𝑅Earth(
𝜋

180
)
,  (I-48) 

 𝑝w(𝑡 + Δt) = 𝑝w(𝑡) + Δt(𝜔𝑖 + 𝑔0𝜌a,i𝑉T,i),  (I-49) 

𝜎yy(𝑡 + Δ𝑡) = [
2

3
×

𝑑𝑉n

𝑑Z

2
𝐷v,iΔt3 + (

𝑑𝑉n

𝑑Z

2
𝜎zz(𝑡) + 2𝐷H,𝑖

𝑑𝑉n

𝑑Z
) Δt2 + 2 (𝐷H,i +

𝑑𝑉n

𝑑Z
𝜎yz(𝑡)) Δt + 𝜎yy(𝑡)] × (

𝐿(𝑡)

𝐿(𝑡+Δ𝑡)
)2,   

(I-50) 

 𝜎zz(𝑡 + Δt) = 2𝐷V,iΔt + 𝜎zz(𝑡),  (I-51) 

 𝜎yz(𝑡 + Δ𝑡) = [
𝑑𝑉n

𝑑Z
𝐷V,iΔt2 + (2𝐷H,𝑖 +

𝑑𝑉n

𝑑Z
𝜎zz(𝑡)) Δt + 𝜎yz(𝑡)] ×

𝐿(𝑡)

𝐿(𝑡+Δ𝑡)
,  (I-52) 
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where qa is the average of 𝑞(𝑡) and 𝑞(𝑡 + Δ𝑡), qs is calculated using Eq. (I-27), and the contrail 

plume mass per unit length (mplume in kg m-1) is calculated with the following equation, 

nice,length is then updated using the equation below, 

Instead of using Eq. (I-35) which relies on different input parameters, rvol is updated with the 

following equation, 

Finally, 𝑛ice(𝑡 + Δ𝑡) and 𝜏(𝑡 + Δ𝑡) are updated using Eq. (I-34) and (I-44). The end of a life for 

a contrail segment is defined when: (i) nice < 103 m-3; (ii) τ < 10-6; or when the contrail age > 24 h. 

Parametric Radiative Forcing Model 

Using the simulated contrail characteristics as inputs parameters, the local radiative forcing (RF’) 

of contrails is then estimated using a parametric model developed by Schumann et al.71. The 

parametric RF model calculates both longwave (LW) and shortwave (SW) RF’ as a summation of 

the contribution from difference ice particle habits (the shape of contrail ice particles), 

The contrail ice particle habit weights (Weightsi) is dependent on rvol and are shown in Table I-1. 

The LW RF’ is calculated with the following equations,  

IWC(𝑡 + Δt) =
{𝑚plume(𝑡)×IWC(t)+qs(𝑡)+[(𝑚plume(𝑡+Δ𝑡)−𝑚plume(𝑡))𝑞a ]}

𝑚plume(𝑡+Δ𝑡)
− 𝑞s(𝑡 + Δt),  (I-53) 

 𝑚plume = 𝜌a,i𝐴eff,𝑖. (I-54) 

 𝑛ice,length(𝑡 + Δt) =
𝑛ice,length(𝑡)β exp(−βΔt)

𝛽+𝛼 𝑛ice,length(𝑡)[1−exp(−βΔt)]
×

𝐿(𝑡)

𝐿(𝑡+Δ𝑡)
,  (I-55) 

 where  𝛼 = (
𝑑N

𝑑𝑡
)

agg
 and 𝛽 = (

𝑑N

𝑑𝑡
)

turb
.  

 𝑟vol(𝑡 + Δt) = (
IWC(𝑡+Δt)𝑚𝑝𝑙𝑢𝑚𝑒(𝑡+Δt)
4

3
𝜋 𝑛ice,length(𝑡+Δt)𝜌ice

)

1

3

.  (I-56) 

 RF′ = ∑ Weights𝑖RF′𝑖
8
𝑖=1 , (I-57) 

 where ∑ Weights𝑖
8
𝑖=1 = 1.  
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Tamb, τc and the OLR are provided by the ERA5 meteorological datasets, the coefficient of various 

parameters (kT, T0, δt, δlr and δlc) are provided in Table 1 of Schumann et al.71, and reff is calculated 

as a function of rvol and the ice particle habit,  

Sphere & Myhre 𝑟eff = 𝑟vol , for all rvol (I-61) 

Solid-column 

𝑟eff = 0.824𝑟vol , 𝑟𝑣𝑜𝑙 ≤ 42.2 μm 
(I-62) 

𝑟eff = 0.2588e(−0.006912𝑟vol) + 0.6372e(−0.0003142𝑟vol)𝑟vol , 𝑟𝑣𝑜𝑙 > 42.2 μm 

Hollow-column 

𝑟eff = 0.729𝑟vol , 𝑟𝑣𝑜𝑙 ≤ 39.7 μm 
(I-63) 

𝑟eff = 0.2281e(−0.007359𝑟vol) + 0.5651e(−0.0003350𝑟vol)𝑟vol , 𝑟𝑣𝑜𝑙 > 39.7 μm 

Rough-aggregate 𝑟eff = 0.574𝑟vol , for all rvol (I-64) 

Rosette-6 𝑟eff = 0.1770e(−0.02144𝑟vol) + 0.4267e(−0.0003562𝑟vol)𝑟vol , for all rvol (I-65) 

Plate 𝑟eff = 0.1663+0.3713e(−0.0336𝑟vol) + 0.3309e(−0.0035𝑟vol)𝑟vol , for all rvol (I-66) 

Droxtal 𝑟eff = 0.94𝑟vol , for all rvol (I-67) 

Due to the complexities, the process to calculate the SW RF’ is presented as a flow chart (below):  

 

 

 RF′LW = [OLR − 𝑘T(𝑇amb − 𝑇0)] × {1 − exp[−𝛿t𝐹LW(𝑟eff)𝜏]} × 𝐸LW(𝜏𝑐), (I-58) 

 where      𝐹LW(𝑟eff) = 1 − exp (−𝛿lr𝑟eff), and (I-59) 

 𝐸LW(𝜏c) = exp (−𝛿lc𝜏c). (I-60) 
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Table I-1: Contrail ice particle habit weightage provided by the CoCiP contrail model.  

Habits rvol < 5 µm rvol < 9.5 µm rvol < 23 µm rvol < 190 µm rvol < 310 µm rvol ≥ 310 µm 

Sphere 0 0 0 0 0 0 

Solid-column 0 0.3 0.3 0.5 0.45 0 

Hollow-column 0 0 0 0 0.45 0 

Rough-aggregate 0 0 0 0 0.1 0.03 

Rosette-6 0 0 0.3 0.15 0 0.97 

Plate 0 0 0 0.35 0 0 

Droxtal 1.0 0.7 0.4 0 0 0 

Myhre 0 0 0 0 0 0 

The SDR and RSR are provided by the ERA5 meteorological datasets, the ten coefficients (tA, 𝛤, 

𝛾, Aµ, Bµ, Cµ, Fr, δsr, δsc and δ’sr) are provided in Table 1 of Schumann et al.71, reff is calculated 

with Eq. (I-61) to (I-67), and the solar constant (S0) is calculated359, 

JDAY is the number of days elapsed since 1st-Jan-2000, while FJD is the seconds elapsed on a 

given day divided by the total number of seconds in a day (86400 s). Finally, the contrail EF for 

each waypoint is calculated using Eq. (2-1). The time integration step is repeated until the code 

goes through: (i) all waypoints for the six one-week periods of air traffic data, as well as (ii) any 

surviving contrails that is carried forward to the next day.  

 

3. MODIFICATIONS TO CoCiP AND PROGRAMMING LANGUAGE 

Two improvements have been made to CoCiP for the purpose of this thesis: Firstly, the Fractal 

Aggregates (FA) model (developed in Chapters 3 and 4), is incorporated into CoCiP via Eq. (I-28) 

to estimate the EIn; Secondly, CoCiP is implemented with a numerical Monte Carlo method to 

account for uncertainties in the modelled contrail properties, where the flow chart presented in 

Figure I-1 is repeated for each Monte Carlo simulation. 

 
S0 = 1367(1.00011 + 0.034221 cos(β)) + 0.00128sin(β) +

0.000719 cos(2β) + 0.000077sin(2β),  
(I-68) 

 where  β =
2𝜋(JDAY+FJD)

365.25
. (I-69) 
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Uncertainty factors for the BC EIn and meteorology were pre-generated stochastically (using the 

methodology described in Chapter 5.3) and stored in a matrix to ensure that the model outputs are 

reproducible and consistent between the baseline scenario and mitigation assessments. For each 

Monte Carlo simulation, these specific uncertainty factors are applied to the BC EIn (for each flight) 

and meteorology (for each variable and time slice), which are then propagated forward to quantify 

the uncertainties in the contrail characteristics and climate impact.  

While CoCiP was initially coded using the Fortran programming language, it has been translated 

to MATLAB for the purpose of this research. The recoding provides several clear advantages such 

as the improved user interface for debugging purposes, as well as the revision of code structure 

and logic to improve CoCiP’s computational efficiency and  implement the numerical Monte Carlo 

method (as described above). A screenshot of the time integration step in process on the MATLAB 

command window is shown in Figure I-3: Waypoints forming contrails from individual flights are 

simulated (each line), and surviving contrails are carried forward to the next time step until its end 

of life.  

 
Figure I-3: An example of CoCiP’s time integration step in process on the MATLAB command window.  
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The computational time for CoCiP to complete one Monte Carlo simulation through the six one-

week periods of air traffic data is approximately 5 h, or 500 h (20.8 days) if the number of Monte 

Carlo simulation is specified to 100. On the whole, the time integration step takes up approximately 

80% of the computational time, mainly due to the 4D interpolation process required to extract the 

meteorological data for each waypoint and time step. To reduce this computational time, the 

overall task is broken down into smaller pieces for parallel computing. When the codes are run in 

an Intel Xeon Processor E5-2640 v4 (10 cores and a processor base frequency of 2.40 GHz) and 

64 GB of RAM, the computational time is reduced to approximately 48 h (2 days).  

 

4. MODEL OUTPUTS 

Three distinct types of output are provided by CoCiP: 

• F8 File: Hourly outputs aggregated across the fleet 

• F9 File: Contrail characteristics and climate impact for each waypoint and time step 

• F10 File: Contrail statistics for individual flights.  

The hourly outputs for the contrail rvol, τ and SW, LW and net RF (the instantaneous change in 

energy flux caused by the contrail at the top of atmosphere per unit area and time) are calculated70,  

where Vice and nice,tot are the total volume and number of contrail ice particles in a given hour. 

All three different types of outputs are presented in different parts of the thesis. For example (i) 

the results of Figure 5-9 are plotted from an F8 hourly output; (ii) Figures 5-8, 5-12, 5-13, 5-14 

and 5-17 are plotted using the F9 output; while (iii) Figure 5-10 and 5-18 are plotted from an F10 

output. For one Monte Carlo simulation of the six one-week periods of air traffic data, the average 

size for an F9 output is 14 GB because the contrail characteristics (and evolution) for all waypoints 

are saved. Hence, during the Monte Carlo simulation, only the F8 and F10 outputs are saved, while 

the F9 outputs are aggregated across the fleet (i.e. Table 5-4) because of storage constraints. 

 𝑟vol,hourly = (
3 ∑ 𝑉ice

4𝜋 ∑ 𝑛ice,tot
)

1

3
, (I-69) 

 τhourly =
∑ 𝜏𝑖𝐿𝑖𝑤𝑖

Airspace Area [≈3.476×106 km2]
, (I-70) 

 RFhourly =
∑ RF𝑖𝐿𝑖𝑤𝑖

Airspace Area [≈3.476×106 km2]
,  (I-71) 
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