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Abstract 

Aerosols are extremely important to monitor and predict given their impact on health, radiation and 

visibility. Chemical transport and numerical weather prediction (NWP) models are becoming 

increasingly sophisticated, providing detailed forecasts of aerosol dispersion and characteristics. 

Consequently, the need for model evaluation and data assimilation using appropriately detailed 

observations is high. Automatic lidar and ceilometers (ALC) observe attenuated backscatter which 

contains information on aerosols in the absence of hydrometeors. However, a forward operator is 

needed to directly relate ALC observations to forecast aerosol characteristics. 

In this thesis, a flexible and computationally cheap ALC aerosol forward operator (aerFO) is 

developed to estimate attenuated backscatter (βm) in clear-sky conditions. Vertical profiles of dry 

aerosol mass mixing ratio (m) and relative humidity are inputs with default, tuneable assumptions 

about aerosol constituents. Parameterisations initially estimate physical characteristics, then further 

estimate optical properties. An extinction enhancement factor (f(RH)) is used to represent the change 

in optical properties due to aerosol swelling. Large components of work involve evaluating the Met 

Office UK variable resolution regional NWP model (UKV) (1.5 km resolution) in London.  

Sensitivity of aerosol characteristics to estimates of aerosol optical properties is explored. Aerosol 

speciation, total number concentration and dry mean radius are critical and optical properties can 

vary greatly with wavelength. Evaluation of UKV output over London suggests insufficient mixing 

in the model can lead to large errors in near-surface βm and the NWP surface scheme is important in 

urban areas. Additionally, βm evaluation is highly dependent on ALC data quality.  

Given uncertainties in optimal ALC network design, spatial patterns in βm variability over Greater 

London were explored in the UKV and the Met Office research London Model (333 m resolution), 

then clustered to produce informative maps relevant to instrument placement. Spatial patterns were 

strongly related to orography, wind and relative emission locations.  
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ALC Automatic lidars and ceilometers 

AOD Aerosol optical depth 

APS Aerodynamic particle sizer 

AQUM Air Quality Unified Model 

asl Above sea level 

agl Above ground level 

BCFL Barbican Frobisher Cresent Lower 

BCT Barbican Cromwell Tower 

BGH Barbican Gilbert House 

CA Cluster analysis 

CALIOP Cloud-Aerosol Lidar with Orthogonal Polarization 

CALIPSO Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations 

CBH Cloud base height 

Ch Chilbolton 

CIR Complex index of refraction 

CPC Condensation particle counter 

CTM Chemistry transport model 

DA Data assimilation 

DEFRA Department for environment, food and rural affairs 

DTED Digital Terrain Elevation Data 

DMPS Differential mobility particle sizer 

del. Deliquescence relative humidity limit 

EC Elemental Carbon 

ECMWF European Centre for Medium-Range Weather Forecasts 

EOF Empirical orthogonal function 

ERG King’s College London Environmental Research Group 

EU European Union 

eff. Efflorescence relative humidity limit 

FO Forward operator 

FWHM Full width half maximum 

Ha Harwell 

ID Experiment identifier 

IFS Integrated Forecasting System 

IML Islington Michael Cliffe, Lower Level 

IMU Islington Michael Cliffe, Upper Level 

IQR Inter-quartile range 

JULES Joint UK Land Environment Simulator 

KC1 North Kensington (LAQN identifier) 

KC2 Kensington and Chelsea – Cromwell Road (LAQN identifer) 

KCL King’s College London 

KSK Kings Building, Kings College London (Strand Campus) 

KSNW North Wing Building, Kings College London (Strand Campus) 

KSSW West Roof Strand Building, Kings College London (Strand Campus) 

LAQN London Air Quality Network 

LBLRTM Line-by-line radiative transfer model 

LM London model 

LUT Look up table 

LUMO London Urban Meteorological Observatory 

medBE Median bias error 

MO Met Office 
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MORUSES Met Office – Reading Urban Surface Exchange Scheme 

MR Marylebone Road 

MY1 Marylebone Road (LAQN identifier) 

NAEI National Atmospheric Emissions Inventory 

NK North Kensington 

NPL National Physics Laboratory 

nSD Normalised standard deviation 

NWP Numerical weather prediction 

OC Organic carbon 

PC Principal component 

PCA Principal component analysis 

RGS Royal Geographical Society 

SMPS Scanning mobility particle sizer 

SOCRATES Suite of community radiative transfer codes 

SNR Signal-to-noise ratio 

SR Sunrise 

SS Sunset 

UK United Kingdom 

UKV UK Variable Resolution model 

uEOF Unrotated eigenvector/ unrotated empirical orthogonal function 

WHO World Health Organisation 

WS Weather station 
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Notation 

 

B Activation parameter 

Cc Cunningham slip correction factor 

Ci ith Cluster group 

CLM Cluster group derived using LM data 

CUKV Cluster group derived using UKV data 

Cext,aer Particle extinction cross section 

Cback,aer Particle backscatter cross section 

D Particle diameter 

Ddry,aer Aerosol species dry particle diameter 

Da Particle aerodynamic equivalent diameter 

Dm Particle mobility equivalent diameter 

Dv Particle volume equivalent diameter 

Dwet,aer Aerosol species particle diameter at ambient RH 

dg Geometric standard deviation 

ei Eigenvector 

fext,rh Extinction enhancement factor 

gaer Aerosol species’ particle physical growth factor with respect to water 

gOC Organic carbon physical growth factor with respect to water 

j Number of specified clusters 

Mabs,aer Particle mass absorption 

Mabs,wv Water vapour mass absorption 

Mext,aer Particle mass extinction 

Mscat,aer Particle mass scattering 

m Aerosol mass mixing ratio 

m0 ‘Standard’ mass mixing ratio 

mMURK MURK aerosol mass mixing ratio 

maer Aerosol species mass 

N Total particle number concentration for aerosol mode 

N0 Total particle number concentration 

Naer Aerosol species’ dry number distribution 

Nobs Non-speciated number distribution 

Ntot Total number of particles across all size bins 

n Number of particles in bin 

naer Aerosol species refractive index 

ni Partial refractive index of the bulk aerosol 

nMURK Refractive index for the bulk aerosol 

nwater Refractive index of water 

nwet,aer Aerosol species mixed partial refractive index with water 

PM10 Total mass of particles with diameter less than 10 μm 

p Scaling power 

pair Air pressure 

q Specific humidity 

Qext Particle extinction efficiency 

Qext,dry Dry particle extinction efficiency 

QH Sensible heat flux 

QH,m Modelled sensible heat flux 
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QH,o Observed sensible heat flux 

Rs Spearman correlation coefficient 

RP Pearson correlation coefficient 

RH Relative Humidity 

r0 ‘Standard’ mass particle radius 

rg Geometric mass mean radius 

rmd Dry mean particle radius 

rv Water vapour mixing ratio 

S Lidar ratio 

SD Standard deviation 

s Parameterised wet/dry hygroscopic growth state 

T Two-way transmission 

Tair Air temperature 

V Volume 

Vaer Aerosol species volume 

Vtot Total aerosol volume 

Vweight,aer Aerosol species volume weighting 

vi Volume fractional contribution 

Xaer Aerosol species’ size parameter 

x Original dataset used to derive eigenvalues and eigenvectors 

Z forecast start validity time 

z Height 

∝ Proportional to 

β Backscatter 

βm,unatt Forward modelled unattenuated backscatter 

βm Forward modelled attenuated backscatter 

βo Observed attenuated backscatter 

ρair  Air density 

ρaer Aerosol species density 

η Proportionality constant 

λ  Wavelength 

λi Eigenvalue 

ρair  Air density 

σback Particle backscatter coefficient 

σback,aer  Aerosol species’ particle backscatter coefficient 

σext  Extinction coefficient 

σext,aer  Particle extinction coefficient 

σext,wv  Water vapour extinction coefficient 

τ Optical depth 

χ Dynamic shape factor 
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 Introduction 

 Motivation 

Aerosols impact public health (AQEG, 2005; Atkinson et al., 2014; W. Chen et al., 2015; Dockery 

and Pope III, 1994; Elliot et al., 2016; Koenig, 2000; Mauderly and Chow, 2008; Shiraiwa et al., 

2017; Yan et al., 2019; section 2.1; section 3.1) and meteorological variables such as radiation 

(Kuniyal and Guleria, 2019; Myhre et al., 2013; Roessler and Faxvog, 1981; Seinfeld and Pandis, 

2016; Stier et al., 2007; Thornhill et al., 2018; section 2.1; section 3.1) and visibility (Haywood et 

al., 2008; Sabbagh-Kupelwieser et al., 2010; Stull, 1988). Therefore, it is critical to observe, monitor 

and predict them accurately. Aerosol emission sources and sinks, and their impacts can be highly 

spatially and temporally variable at local to global scales. A wide range of natural and anthropogenic 

(human) related emission sources exist (section 2.1; section 3.1). Natural sources include mineral 

dust (Liu et al., 2017; Papayannis et al., 2005; Ryder et al., 2018), ocean wave breaking (Clarke et 

al., 2006; Gantt et al., 2015) and vegetation (Jim Haywood et al., 2003; Marenco et al., 2016; Seinfeld 

and Pandis, 2016; Thornhill et al., 2018). Secondary aerosols may be produced through physical and 

chemical interactions between combinations of particles and gases (Knipping and Dabdub, 2003; 

Tang et al., 2017). Most aerosol particles are within the planetary boundary layer, the lowest layer 

of the atmosphere that is directly influenced by the Earth’s surface (Wallace and Hobbs, 2006). 

Globally, 55 % of the population live in urban areas, and this is projected to be 68 % by 2050 (United 

Nations, 2018). Urbanisation changes local land-use and vegetation, modifying both local and 

regional meteorological processes (Oke, 1978; Oke et al., 2017), which can impact the spatio-

temporal distribution of aerosol emissions. Typically, as urban areas grow and develop, their aerosol 

emissions increase to be greater than their surrounding areas (Pandis et al., 2016) with additional 

anthropogenic sources including vehicles (Beevers et al., 2009; Brito et al., 2018), industry (Oke et 

al., 2017; D. Zhao et al., 2018) and cooking (Abdullahi et al., 2013; Cheng et al., 2016). Although 

many aerosol sources and sinks can be local (section 2.5.1), aerosols emitted elsewhere can advect 

into urban areas (Redington et al., 2016). Given the large exposure to urban citizens, it is critical to 

understand how aerosols vary in cities. 

Numerical weather prediction (NWP) and chemistry transport models (CTM) that  forecast aerosols 

require evaluation against observations (section 2.1; section 3.1). Although CTM have more 

complete atmospheric chemistry than NWP models, they require NWP forcing (e.g. via coupling) 

and are computationally more expensive to run (Clark et al., 2008). Whereas in NWP models, 

aerosols (if included) are typically treated more simply, but can still be sufficient for air quality 

forecasting (e.g. Met Office (MO) Air Quality Unified Model, (AQUM), Savage et al., 2013). As the 

critical aerosol characteristics may differ with application (e.g. health vs radiation), it is important to 
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understand parameterisation uncertainties due to aerosol characteristic inter-dependencies (e.g. 

optical characteristics dependence on physical aerosol properties). 

Many NWP and CTM aerosol forecast evaluations use in-situ observations that are ground-based 

(Angelini et al., 2009; Burton et al., 2012; Hood et al., 2018; Noh, 2014; Chapter 4.1), or aircraft 

mounted (Alvarado et al., 2016; J Haywood et al., 2003; Li et al., 2015; Thornhill et al., 2018). 

Additionally, evaluations can use satellite remote sensing observations (Bender et al., 2019; 

Chudnovsky et al., 2013; Jose et al., 2016; Palacios-Penã et al., 2019; You et al., 2016; section 2.1, 

section 3.1, section 4.1) . However, as most sensors have spatial and temporal coverage and/or cost 

limitations, obtaining additional observations of aerosol characteristics are always of interest.  

Multi-wavelength Raman lidars can provide multiple aerosol optical properties. These include the 

particle extinction coefficient (σext, ability of a particle to absorb and scatter light [m-1]), attenuated 

backscatter (βo, light reflected directly back from particles to the lidar at 180° angle following some 

extinction of the emitted lidar pulse from particles below [m-1 sr-1]), and particle extinction-to-

backscatter ratio (lidar ratio, S) (Dionisi et al., 2018; Müller et al., 2007; Papayannis et al., 2005; 

Povey et al., 2014; Wang et al., 2016; section 2.1; section 3.1). Other useful Raman lidar 

measurements include profiles of air temperature (Arshinov et al., 1983; He et al., 2019) and water 

vapour mixing ratio (Goldsmith et al., 1994; Melfi and Whiteman, 1985). However, Raman lidars 

are expensive and therefore sparsely distributed. Automatic lidars and ceilometers (ALC), originally 

designed to measure cloud base heights (Emeis et al., 2012; Van Tricht et al., 2014), have been used 

to explore aerosol variations (section 2.1, section 3.1, section 4.1). Recently the ALC, with various 

central wavelengths (Campbell Scientific, 2013; Lufft, 2016; Vaisala, 2017, 2006) and improved 

ability to measure βo (Heese et al., 2010), have become both comparable to more sophisticated lidars 

(Madonna et al., 2018, 2014) and more widely used. Applications include: to explore boundary layer 

height using aerosol as a tracer (Kotthaus and Grimmond, 2018a; Tang et al., 2017; Wagner and 

Schäfer, 2015), relations between βo and particle mass (Münkel et al., 2004; You et al., 2016) and 

sea breezes (Lemonsu et al., 2006; Uzan et al., 2016; Zéphoris et al., 2005).  

Ceilometers are single wavelength elastic-backscatter lidars, which can only emit and measure 

reflected light at the same fixed wavelength. Therefore, to obtain additional aerosol optical properties 

such as σext, transmission or the aerosol optical depth, S needs to be known as a priori. However, S 

can vary considerably in space and time as it is a complex function of multiple variables (e.g. particle 

size distribution, relative humidity and complex index of refraction of the particles and water) 

(section 3.2.2), that themselves depend on aerosol sources, sinks and advection. Given this 

complexity, S is often derived more generally for regional types (e.g. urban, continental or maritime) 

rather than for specific locations (Müller et al., 2007; section 3.1). S is often derived from Raman 

lidars (Müller et al., 2007; Papayannis et al., 2005; Wang et al., 2016), high spectral resolution lidars 

(Burton et al., 2012; Hair et al., 2008; Reid et al., 2017), or sunphotometers with additional aerosol 
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measurements or modelling (Cattrall et al., 2005; H. Zhao et al., 2018). Although, the number of 

optical instruments are limited, especially in urban areas, because of cost and siting constraints (e.g. 

appropriate communication, power and security, (Muller et al., 2013; section 3.1), in-situ aerosol 

observations are increasing (section 3.1). As S is a function of aerosol physical and optical properties, 

the additional aerosol observations could be used to obtain S. 

Strictly, ALC βo is an optical property of the atmospheric column above the instrument, measured at 

the wavelength of the sensor, and not a measurement of aerosol physical characteristics (e.g. number 

concentration). To relate βo to aerosol physical characteristics a model is needed (section 2.1; section 

3.1; section 4.1). Lidar aerosol forward operators (FO) estimate attenuated backscatter and require 

variables (e.g. mass of different aerosol species) from NWP models or CTM as inputs. The results 

can be evaluated using βo or assimilated into models. Several lidar aerosol FO exist for specific 

numerical models, ALC sensors or aerosol types (Benedetti et al., 2009; Chan et al., 2018; Geisinger 

et al., 2017; section 2.1; section 3.1; section 4.1). Given the large number of different ALC sensor 

types within and between networks, a FO that is usable across any wavelength for multiple aerosol 

characteristics would provide network consistency for both instruments and models. 

As the number of ALC and networks have increased (Flentje et al., 2010; Guerrero-Rascado et al., 

2016; Illingworth et al., 2015, 2007; Kotthaus and Grimmond, 2018b; Nishizawa et al., 2016; 

Osborne et al., 2018; Pappalardo et al., 2014; Welton et al., 2000;  section 2.5.1; section 3.2.1), there 

is a large amount of data being gathered at different scales that could provide insight into aerosol 

variations. In urban areas, there are few observations of the upper 90 % of the boundary layer 

(Barlow, 2014), partially due to logistical constraints (e.g. siting). ALC networks could help fill this 

gap, but network design depends on the scales of meteorological processes to be observed. With 

better knowledge of the spatio-temporal scales and structure of meteorological features that occur in 

an area, we can inform instrument deployment.  

 Objectives 

In this research a computationally cheap and flexible aerosol forward model is developed for ALC 

attenuated backscatter, to evaluate model output. Although the developed FO is usable in any area 

(e.g. rural) with any appropriate numerical model (e.g. CTM), the work focuses on evaluating NWP 

output in an urban area (London). 

The objectives of this thesis are to (addressed in the indicated chapters): 

I. Design an aerosol forward operator (aerFO) to estimate lidar attenuated backscatter from 

aerosol content and relative humidity, with a focus on minimising computational expense 

and maximising forward model input flexibility (Chapter 2, Chapter 3). 
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II. Quantify the relative importance of different aerosol characteristics in accurately 

estimating bulk aerosol physical and optical properties (Chapter 2, Chapter 3). 

III. Evaluate aerFO modelled attenuated backscatter from NWP in London using ALC 

attenuated backscatter observations (Chapter 2, Chapter 3). 

IV. Analyse the spatial variability in aerFO modelled attenuated backscatter across Greater 

London informed by two NWP models of different resolutions (Chapter 4).  

V. Develop an ALC network design method that considers the spatio-temporal variability of 

aerFO modelled backscatter from NWP (Chapter 4). 

 Thesis structure 

Background literature to this thesis is presented in the individual chapters as indicated in Table 1.1.  

A detailed description of the aerFO developed (Chapter 21) includes a sensitivity analysis of the 

impact of different aerosol characteristics to estimating optical properties. The aerFO modelled 

attenuated backscatter (βm) uses the MO UKV (1.5 km) NWP model and is evaluated in London. 

This includes evaluating the impact of the NWP urban surface schemes. 

A method to estimate the particle extinction-to-backscatter ratio S from aerosol observations is 

provided (Chapter 32). From S, other optical properties can be derived. Additionally, the relative 

importance of different aerosol characteristics to accurately forward model βm in an urban area are 

also explored, to inform MO NWP aerosol parameterisation development (Chapter 32). An updated 

version of the aerFO is used (section 3.2.3). 

The spatio-temporal variability of βm from two NWP models at different resolutions (1.5 km and 333 

m) are analysed using principal component analysis (PCA) and cluster analysis (CA) (Chapter 43). 

 
1 Chapter 2: Warren, E., Charlton-Perez, C., Kotthaus, S., Lean, H., Ballard, S., Hopkin, E., 

Grimmond, S., 2018. Evaluation of forward-modelled attenuated backscatter using an urban 

ceilometer network in London under clear-sky conditions. Atmos. Environ. 191, 532–547. 

https://doi.org/10.1016/j.atmosenv.2018.04.045 

2 Chapter 3: Warren, E., Charlton-Perez, C., Kotthaus, S., Marenco, F., Ryder, C., Johnson, B., 

Lean, H., Ballard, S., Grimmond, S., 2019. Observed aerosol characteristics to improve forward-

modelled attenuated backscatter in urban areas. Atmos. Environ. 117177. 

https://doi.org/10.1016/j.atmosenv.2019.117177  

3 Chapter 4: Warren, E., Charlton-Perez, C., Kotthaus, S., Lean, H., Grimmond, S., n.d. Spatial 

variability of forward modelled attenuated backscatter in clear-sky conditions over a megacity: 

Implications for observation network design. In preparation 

https://doi.org/10.1016/j.atmosenv.2018.04.045
https://doi.org/10.1016/j.atmosenv.2019.117177
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The PCA-CA provides a method to consider ALC sensor network design. The analysis is undertaken 

for Greater London. The aerFO used is the same as in Chapter 3 (section 3.2.3) 

The contributions, conclusions, limitations and recommendation for future work are presented in 

Chapter 5. 

 

Table 1.1: Background literature by topic is presented in individual chapters in the sections indicated. 

Topic Chapter 

2 3 4 

Chapter sub-section 

Aerosols and their characteristics 

   Aerosol impacts 1 1  

   Aerosol sources 1 1  

   Aerosol physical properties 2   

      Aerosol hygroscopic growth and hysteresis  2.2  

      Shape factor  2.1  

   Aerosol optical properties    

      Extinction enhancement factor 2   

      Dependence of aerosol optical properties on wavelength 2   

      Dependence of aerosol optical properties on aerosol species 2   

      Aerosol extinction-to-backscatter ratio (lidar ratio) 2 1  

         Deriving or estimating the lidar ratio  1, 2.2  

Observing aerosols 

   In-situ measurements of aerosols 1 1  

      Diameter conversions  2.1  

      Remote sensing aerosols 1   

Automatic lidar and ceilometers    

   Observing meteorological features 1 1 1 

   Remote sensing of aerosols 1 1 1 

   Automatic lidar and ceilometer networks 1  1 

   Data assimilation of automatic lidar and ceilometer data 1   

Numerical weather prediction and chemistry transport models 

   Representation of aerosol 1 1  

   Met Office MURK visibility scheme 1, 3.3, 

Appendix 

A 

1  

   SOCRATES radiation suite 2   

   Met Office CLASSIC aerosol scheme  2.1  

   JULES urban land surface schemes 3.3   

Aerosol forward operators for automatic lidar and ceilometers 

   Existing aerosol forward operators 1 1 1 

   The aerosol forward operator (aerFO) 2 2.3 2.2 

Data and observations 

   London Urban Meteorological Observatory (LUMO)  3.1 2.1  

      Ceilometer network data and processing 3.1 2.1  

      Ceilometer firmware and hardware 3.1   

      Automatic weather station data 3.2 2.1  

   Aerosol measurements in London    

      London Air Quality Network (LAQN) 3.2   

      National Physics Laboratory (NPL)  2.1  



Chapter 1  6 

      Department for Environment, Food & Rural Affairs (DEFRA)  2.1  

   Met Office UKV (1.5 km) data 3.3  2.1 

   Met Office London Model (333 m) data   2.1 

Observation networks 

   Optimising observation networks   1 

Methods 

   Principal component analysis   1, 2.3 

      VARIMAX rotation   2.3 

   Cluster analysis   2.4 

 

 Data used in this thesis  

Central to this thesis are data from Met Office UK regional forecast NWP model (UKV, Tang et al., 

2013), a configuration of the Met Office Unified Model (Davies et al., 2005) (section 2.5.1; section 

4.2.1). This model has a 1.5 km inner domain covering the UK and a coarser variable resolution outer 

domain (1.5 or 4 km; see Figure 1 and 2 of Tang et al., 2013). It has 70 vertical model levels and 

extends to 40 km (Met Office, 2019). The UKV is also deterministic, providing a singular forecast 

of the atmospheric state without further information on forecast uncertainty. Additionally, the UKV 

is ‘convection-permitting’ and can partially represent convection through model physics, though this 

means the UKV still relies on parameterisations which are more simplified mathematical 

representations of reality. Data used from the UKV are from lowest level to ~3 km for the London 

(Chapter 2; Chapter 4). 

Additionally, data from the Met Office London Model (LM) (Boutle et al., 2016) with a higher 

horizontal resolution (333 m) are used (Chapter 5). This research model has a domain of 100 × 66 

km2 focussed on Greater London (Boutle et al., 2016) (section 4.2.1). The LM is one-way nested in 

the UKV via 11 prognostic variables, so the LM boundary conditions at the edge of the domain are 

updated by the UKV every 15 mins. Like the UKV, the LM has 70 vertical levels extending to 40 

km. 

Both the UKV and LM have the Joint UK Land Environment Simulator (JULES) coupled as the land 

surface model (Best et al., 2011; Walters et al., 2017). Prior to 16 March 2016, the UKV-JULES 

urban energy surface balance scheme was the 1-tile Best scheme (Best, 1998; Best et al., 2011, 2006; 

section 2.3.3; section 4.2.1). Subsequently, the newer MORUSES urban energy surface scheme is 

used with London parameters, which can take into account both roofs and street canyons 

(Bohnenstengel et al., 2014, 2011; section 2.3.3; section 4.2.1). Hence, the archived UKV data used 

varies by date, but impacts are considered briefly (section 2.7.1). The LM case studies analysed all 

use the Best scheme, as the LM-MORUSES archive of forecast data is still minimal.  

The aerosol emission ancillary in the UKV and LM is derived from the 1 km resolution National 

Atmospheric Emissions Inventory (NAEI; Neal, 2019, 2016). It is coarsened for use in the UKV and 
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interpolated for the LM and was updated on 3 February 2015 to use the most recent data. The 

emissions are given as total dry mass of aerosol, and this aerosol is primarily used by the MURK 

visibility scheme as a proxy (Clark et al., 2008; Claxton, 2013; section 2.1; Appendix 2.A). 

The other major source of data used in the thesis are from observations. Vertical profiles of modelled 

attenuated backscatter (βm) derived from the aerFO (section 2.4) are evaluated (section 2.7, section 

3.3.2) against observed attenuated backscatter (βo) measured by Vaisala CL31 ceilometers from the 

London Urban Meteorological Network (LUMO; Kotthaus and Grimmond, 2014). Two generations 

of hardware are used in the LUMO CL31 instruments with two different firmware versions (Kotthaus 

et al., 2016; section 2.5.1). βo is processed and corrected for the near-range and instrument related 

background before a centred moving average is applied with a time window of 25 mins (101 time 

steps) and range window of 110 m (11 range gates), in order to improve the signal to noise (Kotthaus 

et al., 2016; section 2.5.1). βo is then calibrated using daily calibration coefficients derived using the 

‘cloud’ method (Hopkin et al., 2019; O’Connor et al., 2004; section 2.5.1). In addition, mixing layer 

heights are derived from βo using the CABLAB algorithm (Kotthaus and Grimmond, 2018b) to help 

identify the boundary layer (section 4.2.1) and support evaluation of βm (section 2.7.3). 

Aerosol observations support aerFO βm estimation and evaluation. This includes King’s College 

London Environmental Research Group (ERG) London Air Quality Network (LAQN; Mittal et al., 

2016) observations of particulate matter (total mass of dry aerosol below 10 μm, PM10) used as a 

proxy for the total dry mass of aerosol (section 2.7.2). ERG observations of number distribution and 

mass of aerosol species are used to derive urban climatological values and monthly aerosol speciation 

for aerFO (section 3.2). This required the number distribution from a size mobility particle sizer 

(SMPS, ~0.016 – 0.6 μm) and an aerodynamic particle sizer (APS, ~0.5 – 20.0 μm) (Table 2.1) to be 

combined into one distribution with common size units (section 3.2.1; Table 2.1). 

Additional meteorological observations from LUMO also supported βm evaluation. RH observations 

from automatic weather stations support near-surface βm evaluation (section 2.5.2). Further, RH 

measurements are used with aerosol observations to parameterise aerosol hygroscopic growth 

(physical change in size due to the absorption of water vapor) to estimate S and βm (section 3.2.1; 

section 3.2.2). Sensible heat fluxes derived using eddy covariance techniques were used to aid 

evaluation of the NWP urban land surface scheme (Kotthaus and Grimmond, 2014; section 2.5.2). 
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 Evaluation of forward-modelled attenuated backscatter 

using an urban ceilometer network in London under clear-sky conditions 

Abstract 

Numerical weather prediction (NWP) of urban aerosols is increasingly sophisticated and accurate. 

In the absence of large particles (e.g. rain, cloud droplets), information on atmospheric aerosols can 

be obtained from single wavelength automatic lidars and ceilometers (ALC) that measure vertical 

profiles of attenuated backscatter (βo). To assess the suitability of ALC profile observations for 

forecast evaluation and data assimilation, a forward operator is required to convert model variables 

into the measured quantity. Here, an aerosol forward operator (aerFO) is developed and tested with 

Met Office NWP data (UKV 1.5 km) to obtain synthetic attenuated backscatter profiles (βm). To 

compute βm, aerFO requires input of the bulk aerosol mass mixing ratio and relative humidity, 

together with air temperature and pressure to calculate the effect of water vapour absorption. Bulk 

aerosol characteristics (e.g. mean radius and number concentration) are used to estimate optical 

properties. ALC profile observations in London are used to assess the accuracy of βm. A wavelength-

dependent extinction enhancement factor accounts for the change in optical properties due to aerosol 

swelling. Sensitivity studies show the aerFO unattenuated backscatter is very sensitive to the aerosol 

mass and relative humidity above ~60-80 %. The extinction efficiency is sensitive to the choice of 

aerosol constituents and to ALC wavelength. Given the aerosol is a tracer for boundary layer 

dynamics, application of the aerFO has proven very useful to evaluate the performance of urban 

surface parameterisation schemes and their ability to drive growth of the mixing layer. The 

implications of changing the urban surface scheme within the UKV are explored using two spring 

cases. For the original scheme, morning βm is too high, likely a result of delayed vertical mixing. The 

new scheme reduced this persistence of high morning βm, demonstrating the importance of surface 

heating processes. Analysis of profiles at five sites on 12 clear-sky days shows a positive, statistically 

significant relation between the differences of modelled and measured near-surface attenuated 

backscatter [βm - βo] and near-surface aerosol mass. This suggests that errors in near-surface 

attenuated backscatter can be attributed to errors in the amount of aerosol estimated by the NWP 

scheme. Furthermore, this correlation increases when cases of high relative humidity in the NWP 

model are excluded. Given the impact on aerosol optical properties demonstrated, results suggest 

that the use of a fixed, bulk aerosol for urban areas in the UKV should be revisited and the lidar ratio 

should be constrained. As the quality of the observed attenuated backscatter is shown to be critical 

for performing model evaluation, careful sensor operation and data processing is vital to avoid 

drawing false conclusions about model performance.  
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 Introduction 

Urban aerosols impact health (Atkinson et al., 2014; C. H. Chen et al., 2015; Elliot et al., 2016; Xing 

et al., 2016; Yin et al., 2017), visibility (Sabbagh-Kupelwieser et al., 2010; Stull, 1988) and local 

radiation budgets (Boucher et al., 2013; Haywood and Boucher, 2000; Marley and Gaffney, 2006), 

and with a high density of people in urban areas, many may be impacted. Most countries, such as EU 

member states (EEA, 2015), have legal maxima set for several air quality constituents. Identifying 

when behavioural changes are needed (e.g. reduction of car usage) in advance of critical exceedances 

requires improved understanding, and accurate prediction of, aerosol concentrations in urban areas. 

Aerosol concentration and transport can be predicted with atmospheric chemistry models that are 

one- or two-way coupled to a numerical weather prediction (NWP) model (Benedetti et al., 2009; 

Grell et al., 2004; Appendix 2.A). As including an atmospheric chemistry model is significantly more 

computationally expensive than standalone NWP (Clark et al., 2008), this reduces their operational 

utility. However, NWP resolution has increased and aerosols have been included more explicitly 

(Benedetti et al., 2009; Lu et al., 2016). Some contain information on various aerosol species, for 

instance the AQUM configuration of the Met Office (MO) Unified Model (Savage et al., 2013) and 

the Integrated Forecasting System (IFS) at the European Centre for Medium-Range Weather 

Forecasts (ECMWF). These include mass mixing ratios for different aerosol species such as salt, 

dust, organic carbon, black carbon, sulphates and nitrates for use in radiation parameterisations 

(Benedetti et al., 2009; Morcrette et al., 2008), which makes them more computationally expensive. 

Another example is the MO operational variable resolution (UKV) NWP model (1.5 km inner, 4 km 

outer domain) (Tang et al. 2013) that has an aerosol proxy (Clark et al., 2008) with a single mass 

mixing ratio (mMURK, kg kg-1) derived from emission inventories (Neal, 2019) (Appendix 2.A). This 

aerosol scheme, called MURK, is designed to be computationally inexpensive for use in a visibility 

parameterisation and data assimilation scheme (Claxton, 2013). 

Vertical profiles of atmospheric aerosols are monitored with remote sensing instruments on satellites 

(Chudnovsky et al., 2013; Goto et al., 2011; Jose et al., 2016; You et al., 2016), aircraft (Li et al., 

2015), and the ground (Wiegner et al., 2014). While satellite observations provide extensive spatial 

coverage, their temporal resolution is limited. When the near surface atmosphere is of interest, 

ground-based profilers are useful as the signal is less likely to be saturated by clouds. Automatic 

lidars and ceilometers (ALC) are single-wavelength lidars, designed to provide cloud base height 

(CBH; Emeis, 2011) using the strong scattering properties of cloud droplets at ALC wavelengths 

(Martucci et al., 2010; Sharma et al., 2016; Willén et al., 2005). With increased sensitivity, it is 

possible to derive information about smaller aerosols (Wiegner et al., 2014). The capability of 

measuring attenuated backscatter (βo) profiles is being exploited, for example, to track volcanic ash 

clouds (Flentje et al., 2010a), or Saharan dust (Jin et al., 2015), in the expanding ALC networks 

(Flentje et al., 2010b; Pappalardo et al., 2014; Sugimoto et al., 2008). Urban aerosol characteristics 
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such as PM2.5 and PM10 concentrations (Münkel et al., 2007; You et al., 2016), aerosol layers 

(McKendry et al., 2009; Zéphoris et al., 2005) and mixed-layer height (Poltera et al., 2017; Schafer 

et al., 2011; Schäfer et al., 2012; Wagner and Schäfer, 2015) have previously been explored using 

ALC attenuated backscatter measurements.  

Data assimilation (DA) in NWP has used CBH data (Francis, 2012; Janisková et al., 2002; Lopez, 

2002), and more recently attenuated backscatter profiles (Benedetti and Dabas, 2016; Charlton-Perez 

et al., 2016; Janisková et al., 2010; Janisková and Stiller, 2010). As specific aerosol properties such 

as radius and number concentration distributions are not observed by ALC, a forward operator (FO) 

is required to enable quantitative comparison to modelled values. An FO aims to estimate what an 

instrument would measure, given a set of inputs representing an atmospheric state. This can be done 

using physical or empirical relationships between variables, or a combination of both. Several FOs 

for atmospheric-chemistry and NWP model evaluation exist. For example, the Geisinger et al. (2017) 

FO estimates attenuated backscatter (βm) from volcanic ash clouds in the free troposphere using 

COSMO-ART over Germany and ALC data, but omits the effect of backscatter from boundary layer 

aerosols. Another FO estimates backscatter from dust and sea salt with the ECMWF IFS using 

CALIOP data from the CALIPSO satellite (Table 1 in Morcrette et al., 2009). The Chan et al. (2016) 

FO estimates attenuated backscatter to evaluate against Lufft CHM15K ALC measurements, and has 

a prognostic mass mixing ratio of different aerosol species from NWP. This FO also utilises either 

Mie or T-matrix calculations with fixed size distributions and growth factors for a set number of 

species. The Charlton-Perez et al. (2015) FO, used to estimate vertical profiles of βm, accounts for 

the effects of aerosols (using MURK; Clark et al. 2008), liquid cloud and rain. Initial testing at rural 

sites suggests this FO produced realistic βm compared to βo observed with Vaisala CL31 (Charlton-

Perez et al., 2015, 2016). However, this FO is effectively wavelength-independent, with a fixed 

scattering efficiency of 2, a value typically not suitable for aerosols. Although the FO only requires 

the total bulk mass mixing ratio as aerosol input, it does not speciate the aerosol, so that physical 

growth and scattering properties are assumed to be invariant between particles. The latter is a critical 

assumption, since scattering properties vary significantly between different aerosol species (Seinfeld 

and Pandis, 2016). 

This chapter has two main parts. The first part focuses on the initial analysis of ALC observations 

and the aerosol component of the Charlton-Perez et al. (2015) FO (hereafter aerFO). The aims are to 

(i) demonstrate that observed ALC attenuated backscatter adequately reflects changes in atmospheric 

properties using two case studies, and (ii) demonstrate the aerFO can be used to evaluate the aerosol 

mass mixing ratio in NWP using ALC measurements, and explore meteorological phenomena in 

urban areas. Aim (ii) will use a sea breeze case study, examining the UKV and a 100 m experimental 

research model, in a city (London, UK). Part one is in sections 2.2 and 2.3. 
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Following the initial assessment, the aerFO was extended (section 2.4) to include aerosol speciation, 

wavelength dependency and water vapour absorption. The second part of this chapter then aims to 

(iii) further demonstrate the ability to evaluate the aerosol mass mixing ratio in NWP using ALC 

measurements, and (iv) comment on the potential application of ALC-measured attenuated 

backscatter profiles in DA. In the more thorough assessment, a sensitivity study is undertaken to 

assess the impact of several assumptions in the aerFO (section 2.5). Subsequently, aerFO is used to 

evaluate mMURK and relative humidity (RH) from the UKV in London, based on a comparison of two 

spring day cases (section 4) and a composite of 11 cloud-free days (section 2.7). 

It is concluded (section 2.8) that the detailed modelling approach provides a valuable tool for future 

studies in real city settings. 

 Suitability of Vaisala CL31 observations for verification 

2.2.1 Measurement error and inter-comparison 

CL31 ceilometers are used in Chapter 2 and 3 for verification. Although a fair quantitative 

comparison cannot be made between the CL31 ceilometers and lidar backscatter due to the 

differences in wavelength of the instruments (CL31: 905 nm; lidars including Raman: 355, 532, 1064 

nm), CL31 βo is found to be qualitatively comparable to lidar measurements when examining aerosol 

layers and boundary layer structures (Madonna et al., 2014; McKendry et al., 2009; Schoenfelder et 

al., 2009; Wiegner et al., 2019). Nonetheless, there are several sources of error in ceilometer 

measurements that need correction before justifying ceilometer use in quantitatively verifying βm. 

To reduce instrument error, each CL31 is factory calibrated before shipment due to its sensitivity to 

the sensor optics and electronics. Incomplete optical overlap (range gates below 70 m) is also 

corrected for using internal software. Window transmission (cleanliness [%]) is reported by the 

instrument to inform when cleaning is necessary and to minimise unnecessary beam attenuation. 

CL31 ceilometers also operate at wavelengths which can be affected by water vapour absorption 

(905 nm), with a potential error of ~ 20 % in mid latitudes (Wiegner and Gasteiger, 2015). However, 

this can be compensated through observation processing (Wiegner et al., 2019; Wiegner and 

Gasteiger, 2015), or incorporated into forward modelled estimates (section 2.4).  

The CL31 observations are also processed to further reduce the error. Four LUMO CL31 ceilometers 

used in this thesis underwent an inter-comparison (Kotthaus et al., 2016), following an international 

effort to standardise ceilometer processing and improve data quality (TOPROF, 2020). The inter-

comparison included recommendations to CL31 ceilometer processing including a background 

correction, range correction, optical overlap assessment, near-range correction, absolute (factory) 

calibration assessment, and a signal-to-noise ratio and an (SNR) assessment which included 

recommended averaging windows in height and time and SNR thresholds, (complete details in 
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Kotthaus et al., 2016). All recommendations were made with sensitivity to different software 

versions and hardware component combinations. The recommendations were since used in the 

European Aerosol Research Lidar Network (Pappalardo et al., 2014) and implemented in processing 

of all LUMO CL31 ceilometers. Each set of corrections are specifically tailored to each ceilometer, 

to minimise their respective error sources. 

Prior to analysis in this thesis, another inter-comparison was done to determine whether the processed 

measurements were reasonable. Each instrument was paired ~5 m away from CL31-A for at least 2 

weeks. Qualitative comparisons with meteorological measurements, as well as mean differences and 

correlations of the vertical profiles of βo were made to determine that the same meteorological 

features were being measured appropriately. Diagnostic information was also assessed to ensure the 

measurements were not grossly erroneous and the instrument was functional, including checks of 

window cleanliness, laser diode temperature, blower condition and tilt angle.  

Following the absolute calibration, measurement processing and field inter-comparison checks, the 

instruments are self-calibrated using the ‘cloud-method’ (see section 2.5.1). The variability in 

estimated calibration factors using the cloud-method is typically ~ ± 5 % for CL31 instruments (over 

2015), and has had a reported uncertainty between 5 – 10 %, depending on the amount of multiple 

scattering, for a CT75K ceilometer operating at 905 nm (Hopkin et al., 2019; O’Connor et al., 2004).  

2.2.2 Qualitative case study assessment 

To further determine whether the Vaisala CL31 ceilometer attenuated backscatter measurements 

were suitable for verification of forward modelled backscatter and whether they vary with varying 

meteorological conditions, several case studies of uncalibrated observed ceilometer attenuated 

backscatter from Vaisala CL31 ALC instruments (further description in section 2.5.1) were 

examined. Uncalibrated attenuated backscatter was used as only qualitative assessment was being 

done to identify meteorological features. Of the cases examined, two are shown below. 

Figure 2-1a shows uncalibrated observed attenuated backscatter for the 9 July 2017 from the Reading 

University Observatory (URAO), and clearly shows several meteorological features. Between 00:00 

and 09:00 the high backscatter near the surface indicates fog formation. This coincides with high 

levels of RH (Figure 2-1c) and results from the ambient aerosol swelling with water vapour, 

increasing in size and increasing the attenuated backscatter. Additionally, the high attenuated 

backscatter (~ 10-5 m-1 sr-1) between 1500 and 2000 m is cloud. Notably during midday, the cloud’s 

effect on the radiation is clear with large variations in observed incoming shortwave radiation (Figure 

2-1b). Finally, the attenuated backscatter also reflects the higher amounts of aerosol level (and water 

vapour) within the boundary layer (~5×10-7 m-1 sr-1) compared to above it (<1×10-7 m-1 sr-1), again 

showing the ability of the attenuated backscatter to distinguish between different meteorological 

features. 
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Figure 2-1: a) Vertical profiles of Vaisala CL31 observed, uncalibrated attenuated backscatter [m-1 sr-1], 

b) in-situ incoming shortwave radiation (5 min average) and c) in-situ relative humidity (RH, 5 min 

average) for 9 July 2017 at University of Reading Observatory (URAO). Height is above ground level [m] 

(agl). In-situ measurements taken adjacent to CL31 instrument. 

 

Figure 2-2 shows a second case study from Islington Michael Cliffe, Upper Level (IMU) in London, 

from 13 September 2016, with PM10 measurements from the Holloway Road London Air Quality 

Network (LAQN) site ~4.0 km north of IMU. This case also shows the change in backscatter with 

respect to varying meteorological phenomena, as well as varying aerosol, with little cloud and no 

rain. Relatively higher attenuated backscatter at the lowest heights above the instrument (< 50 m) are 

due to the relatively high aerosol and RH in the surface layer compared to the residual layer above. 

In the surface layer, aerosol increased from ~ 18 µg kg-1 at 00:00 to ~ 30 µg kg-1 by 12:00 (Figure 

2-2b), while RH increased up to 90 %. Between 06:00 and 12:00 RH reduced from 90 to 50 % but as 

aerosol was still increasing, near-surface backscatter remained high. Between 12:00 and 18:00 near-

surface aerosol decreased from ~ 35 – 40 µg kg-1 to ~ 25 µg kg-1. This is due to convection vertically 

mixing near-surface air with air in the residual layer, corresponding with a reduction in near surface 

backscatter and increase in backscatter above the surface. After ~ 18:00, aerosol then increased again 

to ~ 45 µg kg-1, likely due to increased road traffic, and RH began to increase, which corresponded 

with an increase in surface layer backscatter. Finally, above ~1500 m is the free atmosphere where 

RH and aerosol amounts are low, and consequently backscatter was low. However, where the signal 

to noise ratio is low, the data can be easily identified and removed further analysis. 
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Figure 2-2: a) Vertical profiles of Vaisala CL31 observed, uncalibrated attenuated backscatter [m-1 sr-1], 

b) PM10 [µg m-3] (15 min average) and c) relative humidity (RH, 1 min average) for 13 September 2016 at 

Islington Michael Cliffe, Upper Level (IMU). Height is above ground level [m] (agl). In-situ RH 

measurements taken at 91 m agl (adjacent to CL31 instrument). Note PM10 measurements from Holloway 

Road London Air Quality Network site, ~4.0 km north of IMU, 3 m agl. 

 

Following the assessment of Vaisala CL31 backscatter to appropriately represent changes in 

meteorological phenomena and aerosol concentrations, the instruments were deemed suitable for use 

in evaluating βm. 

 

 Assessment of the original aerFO 

The early version of the aerFO (version 0.1), was a direct copy of the aerosol part of the forward 

operator presented in Charlton-Perez et al. (2015). To determine whether the aerFO could 

realistically represent urban meteorological phenomena, it was used to 

1) Estimate βm during a sea breeze event with both the 1.5 km UKV (βUKV) (Davies et al., 

2005) and 100 m experimental grid length model (β100) (Boutle et al., 2016). Both 

estimates were then compared to ceilometer observations of βo (sections 2.3.2 - 2.3.3).  

2) Estimate βm for a range of clear-sky case studies with two cases presented (section 2.3.4). 

The differences between the early aerFO and the more expansive aerFO outlined in section 2.4 

(version 1.0), are presented below. 
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2.3.1 Original aerosol forward operator (aerFO, version 0.1) 

aerFO version 0.1 has three differences from version 1.0 (section 2.4): 

(1) An analytical solution to the Köhler curve is used to swell the particles (Clark et al., 2008):  

𝑟𝑚 =  {

𝑟𝑚𝑑 , 𝑖𝑓 𝑅𝐻 < 38 %

𝑟𝑚𝑑 (1 −
𝐵

ln (𝑅𝐻)
)

1/3

, 𝑖𝑓 𝑅𝐻 ≥ 38 %
 (2.1) 

where B is the activation parameter and set to 0.5 assuming all aerosol is ammonium sulphate. 

Particles above a critical RH threshold of 38 % are swollen, consistent with ammonium sulphate 

aerosol, in accordance with laboratory experiments (Tang and Munkelwitz 1994). If RH is less than 

this, the final swollen radius (rm) is equal to the dry radius (rmd). rm is used to estimate σext. 

𝜎𝑒𝑥𝑡(𝑧) = ∫ 𝜋𝑟𝑚
2 𝑄 𝑁 𝑑𝑟  (2.2) 

(2) The particle extinction efficiency (Q) is set to 2 and is independent of particle size (Clark et al., 

2008).  

(3) The role of water vapour absorption in the atmosphere is not considered. 

 

2.3.2 Sea breeze case data 

The two configurations of the MO Unified Model use are: 

(1) UKV the current MO operational forecast model. 

(2) 100 m research model with approximately twice the UKV model levels (Lean et al., 

2019).  

βm is compared to βo from four uncalibrated Vaisala CL31 ceilometers, deployed within the London 

Urban Meteorological Observatory (LUMO, Table 2.1). Comparison is arbitrarily limited to the 

lowest 2000 m, as the boundary layer is of primary interest and was determined to be located below 

this height, given the low quantity of aerosol above this level. To aid comparison, PM10 observations 

from LAQN (King’s College London, 2016) and surface RH observations from LUMO are also used.  

The two generations of ALC sensors have different transmitters (Table 2.3), with higher noise levels 

and ‘layering/ringing’ artefacts in backscatter in 311 sensors but not in 321 sensors (Kotthaus et al., 

2016). 

For the test case, βm is calculated for North Kensington (NK) for 24 h (from 10:00 am 25 July 2012), 

for both models, from a single forecast run (Figure 2-8). During this period, a sea breeze passed 
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across the observation network with aerosol concentration and RH changes. The sea breeze front 

arrived at NK at 18:00 25 July 2012.  

New emission ancillaries for MURK aerosol (3rd February 2015) use more recent emissions data 

(internal communication with MO, Neal 2016). The aerosol emissions are of the total dry mass 

mixing ratio of aerosol (m). A MO comparison between the old and newer methods suggest MURK 

emissions of m calculated using the original method was too high. Therefore, as m was calculated 

using the old method during the sea breeze case, m is scaled at all heights using 100 % (m100), 50 % 

(m50) and 20 % (m20) to retain the relative shape of the m profile, and to test whether m was also too 

high in the forecasts during the case study.  

 

2.3.3 Sea breeze case results 

Example profiles (runs 1-3) with m100, m50 and m20 for MO 100 m (Figure 2-3) show variations of 

both βm and βo backscatter profiles as the sea breeze passes. More aerosol rich, lower humidity air is 

replaced by less aerosol rich and more humid air from the sea. Rescaling m down (20 or 50% of its 

original value) reduces the difference between model results and observations, both in terms of 

absolute difference and shape of the profile. The difference between βm(m100) and βo is approximately 

1-2 orders of magnitude higher than βo, whereas the differences between βm(m20) and βo is 

approximately 0-1 order of magnitude. The better accuracy of βm(m50) and βm(m20) supports the 

decision to rescale the MURK ancillaries down on 3rd February 2015. 

 

Figure 2-3: Examples of profiles at 14 UTC of (a) attenuated backscatter, (b) relative humidity, and (c) 

mass mixing ratio. In (a) dashed: model data β100 (runs 1-3) using different amounts of m, solid = βo from 

ceilometers; (b) line: model and points: observations; (c) dashed: relative m used to model β100 and points: 

PM10 surface observations. 

Figure 2-4 shows two sets of time-series of Spearman correlation coefficients of vertical profiles of 

βo from four CL31 in LUMO (Table 2.3) with vertical profiles of β100 (Figure 2-4a) and βUKV (Figure 

2-4b) using m50. Before the sea breeze arrival, the highest correlations are with CL31-D at NK (βm 

calculated for) and CL31-C at MR, whereas the other two sites had lower and even negative 

correlations. The lower correlations could be from being more geographically distant or because 

CL31-A and CL31-B are older generation CL31 (Table 2.3) with a ‘layering’ artefact, reducing the 
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correlations. The spike and dip in correlations match the arrival of the sea breeze front and are likely 

explained by the different times it passes each instrument. 

After the sea breeze arrival, correlations between β100 and the different ceilometers are often within 

0.1 and relatively more positive (0.2 – 0.7). This reflects the more spatially homogeneous maritime 

air being advected horizontally, replacing the more heterogeneous urban air. The reduction between 

22:00 and 07:00 UTC may reflect the surface air mass mixture in the model becoming more 

dissimilar to reality, as m increased in the surface layer at a greater rate in the model than PM10 did 

in reality (not shown). 

The correlation trend between βUKV and βo is similar to β100 and βo before the sea breeze arrival, but 

different afterwards. After the sea breeze front passes the βUKV correlations are initially around 0, 

~0.4 lower than between β100 and βo, although they steadily rise to ~0.6 between 20:00 and 10:00 

UTC. This suggests βUKV did not capture the different layers of ‘dirty’ and ‘cleaner’ air after the front 

as well as β100, alluding to a possible benefit of the higher vertical resolution of the 100 m model; cf. 

UKV. The steady rise in correlation afterward between βUKV and βo might also be because m50 

increases at a slower rate in the UKV compared to the 100 m model, and more similarly to PM10 

observations (not shown), leading to a more similar surface layer mixture of aerosols. However, the 

high surface emission may be because the aerosol is dispersed too shallowly in the 100 m model due 

to the relatively higher vertical resolution. 
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Figure 2-4: Time-series of Spearman correlation coefficient between modelled (βm) at NK and observed 

attenuated backscatter using m50 for a) MO 100 m and b) UKV. Sea breeze arrival defined as 18:00. 

Mean bias error (MBE, defined as log10(βm) - log10(βo)) is calculated for four equal layers of 500 m 

thickness (not shown). The m20 runs have the lowest MBE before the sea breeze arrival, with a typical 

maximum difference of 1 [log10(β) m-1 sr-1] between 0 and 500 m, and 0.5 between 500 and 200 m. 

After the sea breeze arrival, m50 runs have the lowest MBE. The typical difference below 500 m is 

0.5, however the difference reduces with height from around 0.3 between 500 and 1000 m, to around 

0 between 1500 and 2000 m.  

The evaluation of βm estimated from the UKV and 100 m model showed the sea breeze event passing 

the site in both models and additionally that the MURK aerosol was too high during the event. This 

utility during the sea breeze event provided support for further development and use of the aerFO in 

a larger range of case studies. 

2.3.4 Qualitative case study assessment 

Further qualitative case study comparisons were made between βm derived from UKV output, and 

Vaisala CL31 βo across four LUMO sites to determine whether βm could demonstrate realistic 

changes in more meteorological phenomena in addition to sea breezes (section 2.3.2). The results 

from two cases for NK are shown here. 

Figure 2-5 shows (a) βo and (b) βm for 20 April 2015. The overall shape and height of the boundary 

layer in βm appears consistent with βo. The surface layer is also visible between 00:00 and 09:00 

below 200 m in βo and below ~500 m in βm although with a greater magnitude. This difference in 

magnitude between βo and βm could partially be due to βo being uncalibrated but also the near-surface 

RH, or aerosol, from the UKV might be higher than reality, leading to a higher estimate of βm. Further, 

a small aerosol layer is present in βm at ~ 1000 m between ~ 03:00 and 08:00, which is partially 

reflected in βo, and could indicate aerosol advection. From 09:00 to 15:00, the growth of the boundary 

layer is clear in βm as near surface aerosol and moisture is mixed vertically through convection. This 

vertical mixing also produces a large difference between the growing boundary layer and residual 

layer above. Finally, from 15:00 to 00:00 the decay of the boundary layer is visible as the vertical 

extent of the mixing reduces, and the near-surface βm appears to increase as fresh surface emissions 

begin to build in the surface layer. 
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Figure 2-5: Vertical profiles of attenuated backscatter [m-1 sr-1] that are (a) uncalibrated observed (βo) and 

(b) forward modelled (βm) using the original aerFO (section 2.3.1), using UKV output, for 20 April 2015, 

at North Kensington, London. Note the backscatter are plotted on a log scale. 

Figure 2-6 shows a second case from 21 April 2015 at NK. Similar to Figure 2-5, the surface layer 

is present below ~ 300 m in the morning, with a growing boundary layer to late afternoon, and 

boundary layer decay in the evening. Increases in vertical backscatter are present at 13:00 and 18:00 

in βm and likely represent the stronger vertical convection that occurred at those times. In addition to 

the boundary layer features, another aerosol layer is present between 01:00 and 04:00 at ~ 700 m in 

βo. In βm the same aerosol layer appears deeper and more prevalent between 500 and 1500 m, though 

differences would exist due to differences between UKV output and reality.  

 

 

Figure 2-6: Same as Figure 2-5 but for 21 April 2015. 
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The cases analysed suggest that the aerFO can reasonably represent meteorological phenomena, 

including boundary layer development and the advection of aerosol layers. This supports its further 

development and testing in a greater range of case studies. 

 

 The cloud-free aerosol Forward Operator (aerFO, version 1.0) 

Following the adequate performance of the early aerFO in section 2.3, it was determined that the 

aerFO should be improved for future usage and tested more thoroughly. This section provides a full 

overview of the expanded aerFO used in the remainder of this chapter, whereas sections 2.5 - 2.7 

provide the methods and results of the more thorough analysis.  

The aerosol forward operator (aerFO) accounts for aerosols only. It follows that, it is suitable for use 

in sub-saturated, cloud-free conditions, in the absence of hydrometeors. To compute βm (Figure 2-7) 

the main inputs are vertical profiles of a bulk aerosol mass mixing ratio (such as mMURK) and RH. 

Secondary inputs of specific water vapour (q), air temperature (Tair) and air pressure (pair) are used 

to correct for water vapour absorption. The aerFO is extracted and built from the aerosol part of the 

FO produced in Charlton-Perez et al. (2015). New additions to the forward operator presented in this 

chapter are highlighted in blue, in Figure 2-7. 

In aerFO the bulk aerosol characteristics (i.e. mean dry particle radius (rmd) and number concentration 

(N)) are determined first (part 1 in Figure 2-7). The mean dry particle radius is a function of the 

standard mass mixing ratio [mo, kg kg-1] (Claxton, 2013), the standard aerosol particle radius (ro) and 

a scaling factor (p) (Figure 2-7). A similar scaling is applied to estimate N as a function of the 

background number concentration (N0). When p = 1/6, both N and rmd increase as m increases (Clark 

et al., 2008; Haywood et al., 2008). The aerFO aims to represent the accumulation mode of the 

aerosol distribution using N0 and r0, as this contains a large proportion of the mass due to the 

relatively low loss of particles in this size range (Seinfeld and Pandis, 2016). Here, the accumulation 

range is defined as 0.04-0.7 μm as interpreted from aerosol distributions taken during the winter 

intensive observation period of the ClearfLo (Bohnenstengel et al., 2015) and REPARTEE II 

(Harrison et al., 2012) campaigns. Default values for aerFO parameters are shown in Table 2.1. 

Using rmd, RH and the assumed aerosol constituents, the scattering efficiency (Qext) is calculated (part 

2 in Figure 2-7) as a function of ALC wavelength (section 2.5.1). This includes using a RH-dependent 

extinction enhancement factor (fext,rh) coefficient, which represents the change in optical properties 

due to hygroscopic growth of the aerosol. This includes the changing of physical particle size and 

the change in chemistry as the particle solution contains relatively more water compared to the 

original solute. The particle extinction coefficient (σext,aer) is then calculated from Qext (part 3 in Figure 

2-7). Since water vapour strongly attenuates radiation at certain wavelengths, the water vapour 
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extinction coefficient is calculated explicitly (σext,wv) and used with σext,aer in the determination of the 

total extinction coefficient (σext) (part 3 in Figure 2-7). When integrated over the atmospheric column, 

from ground (z = 0 m) to a model level height (zi), σext provides the aerosol optical depth (τ) up to 

height zi. Aerosol optical depth is then used to obtain the two-way transmission, T (part 4 in Figure 

2-7), to represent the effectiveness of light to penetrate through the optically thick air. The backscatter 

(βm,unatt) is derived using σext,aer and an assumed extinction-to-backscatter ratio (lidar ratio, S). 

Currently, the extinction and backscatter of air molecules is not considered in the aerFO. 

Assuming aerosol is the only significant source of backscatter, a lidar ratio S for continental aerosol 

is applied (Doherty et al., 1999). However, S varies considerably in space and time as it is strongly 

dependent on particle size, shape and refractive index (Müller et al., 2007); from 20 sr (marine) to 

over 100 sr (volcanic aerosols) (Ansmann et al., 2010; Boyouk et al., 2011; Dawson et al., 2015; 

Geisinger et al., 2017; Povey et al., 2014; Wang et al., 2016). Using the fixed lidar ratio (Table 1.1) 

will introduce increased uncertainty as continental aerosol becomes less likely (e.g. during sea 

breezes), but without known values, a fixed S is used in this study. Finally, attenuated backscatter 

(βm) is the product of T and βm,unatt (part 4 in Figure 2-7). 

Table 2.1: Parameters required by the aerosol forward operator (aerFO) and their default values.* Calculated 

from ClearfLo Winter intensive observation campaign data at North Kensington, London (10 Jan 2012 – 8 Feb 

2012) using the DMPS and TSI APS (Bohnenstengel et al., 2015). 

 

Symbol Parameter Default value Value source 

S Lidar ratio 60 sr Doherty et al. (1999) 

η  Proportionality constant 0.75 Clark et al. (2008) 

r0 Standard mass particle radius 1.1 × 10-7 m Haywood et al. (2008) 

N0 Total number concentration 4.461 × 109 m-3
 ClearfLo (Winter) * 

m0 Standard mass mixing ratio 1.8958 × 10-5 kg kg-1 Met Office NWP setting 

p Scaling power 1/6  Clark et al. (2008) 
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Figure 2-7: The aerosol forward operator (aerFO) to estimate attenuated backscatter from the NWP inputs 

of aerosol mass mixing ratio (m) and relative humidity (RH). Inputs to aerFO (red symbols). Improvements 

made to the FO of Charlton-Perez et al. (2015) are highlighted (blue box). See text for details and symbol 

definitions.  

As ALC observed scattering is a function of particle size, laser wavelength and atmospheric 

composition, these effects are incorporated in aerFO through Qext. Qext is a function of laser 

wavelength, aerosol radius and complex index of refraction (Jacobson, 2005). In humid air, 

hydrophilic aerosols typically swell through hygroscopic growth, which increases particle size and 

can change the complex index of refraction. Both effects typically increase Qext for individual 

particles and, consequently, for the bulk particle mixture. For this reason, in the aerFO, a dry 

extinction efficiency (Qext,dry) is calculated and then multiplied by an extinction enhancement factor, 

fext,rh (Figure 2-7, often called f(RH) in the literature). fext,rh is a function of RH and is calculated for 

each aerosol species separately. The assumed proportions of each aerosol are used to create a 

weighted fext,rh for the bulk aerosol. 

The actual aerosol composition (i.e. constituents and their proportions) is important (Seinfeld and 

Pandis, 2016) to both Qext,dry and fext,rh. Qext,dry is a function of the complex index of refraction, which 

differs between aerosol types. In sufficiently moist conditions fext,rh depends on both the particular 

aerosol’s hygroscopicity and the critical RH required for that aerosol constituent to change phase into 

a saturated solution, at which point the aerosol’s optical characteristics change (Fitzgerald, 1975).  

To incorporate a mixed aerosol composition in the calculation of Qext,dry, aerFO allows the user to 

specify the aerosol types and proportions, including the complex index of refraction for each aerosol 

species. The relative mass of each species is used to calculate a bulk complex index of refraction (n) 

for the bulk aerosol mixture using the volume mixing method (Liu and Daum, 2008):  
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𝑛 = ∑ 𝑣𝑖  𝑛𝑖

𝑖

 (2.3) 

where ni is the partial refractive index and vi is the volume fractional contribution of the ith 

constituent. Here each aerosol constituent’s complex index of refraction by wavelength (Table 2.2) 

is obtained from the MO NWP radiation suite SOCRATES (Manners et al., 2015). The aerosol 

species and their proportions implemented in the current MURK scheme are derived from airborne 

observations (Haywood et al., 2008, their Table 1). Qext,dry is calculated from n based on Mie theory 

at discrete wavelengths (0.2 nm resolution), assuming spherical aerosols (Jacobson, 2005). This 

assumption is often not met in reality (Aptowicz et al., 2006), so it introduces additional uncertainty 

to the aerFO estimates of βm. However, at higher RH values this uncertainty decreases, as aerosols 

become swollen and hence more spherical. Comparison of the Mie code used to calculate Qext,dry to 

Figure 13 of Haywood et al., (2008) found qualitatively minimal difference. Look up tables (LUT) 

of Qext,dry are produced for dry radii ranging between 5 × 10-10 m and 2 × 10-6 m, with a resolution of 

5 × 10-10 m.  

The MO SOCRATES radiation code is also used to create fext,rh. Based on the Edwards and Slingo, 

(1996) code, Mie theory calculations can be carried out with SOCRATES to derive mass scattering 

and absorption coefficients for different aerosol types, when ambient RH is between 0 and 100 %. 

The effect of hygroscopic swelling is parameterised for NH4NO3 and (NH4)2SO4 following Fitzgerald 

(1975), and organic carbon following Varutbangkul et al. (2006). Both parameterisations are 

empirically derived from laboratory experiments for estimating hygroscopic growth below 

saturation, specifically for those aerosol types. The approach to use traditional Köhler theory was not 

taken, despite its popularity in visibility parameterisation schemes. This is because Köhler theory has 

underlying assumptions based on droplets having a relatively low solute concentration which would 

not be the case below saturation (Lewis, 2008), and would lead to errors in estimates of hygroscopic 

growth at sub-saturation humidities where the aerFO is intended to operate. Subsequent changes in 

refractive index and density due to hygroscopic swelling are used to calculate the optical properties 

using volume weighting. The SOCRATES suite is routinely updated and hence produces accurate 

fext,rh curves based upon current knowledge. To create fext,rh, the complex indices of refraction by 

wavelength, geometric mass mean radius (rg), geometric standard deviation (dg) and a mean number 

concentration of the aerosol are required for each of the contributing species (Table 2.2). Sensitivity 

tests showed no difference in fext,rh using different number concentrations, therefore an arbitrary value 

of 8000 cm-3 is used. For all the aerosols, rg is set to 0.11 m (Haywood et al., 2008), i.e. the same 

value as r0 (Table 2.1), and dg to 1.6. The latter is estimated from the first mode of the observed mass 

distribution in Regent’s Park, London (Harrison et al., 2012). As with the aerosol type and 

proportions, rg and dg values can be set by the user. 
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Table 2.2: Sources of complex index of refraction from the SOCRATES code by aerosol species used for 

different ceilometer central wavelengths († CL31: 895-915 nm; Lufft CHM15K: 1064 nm). *Absorption set to 

~1/3 of the value for aged biomass burning organic matter based on MO scientific judgement. As volatile 

organic compounds were unavailable in SOCRATES, aged fossil fuel organic carbon is used instead (MO 

internal discussion, 04/2017). In this study, the bulk aerosol is assumed to contain ammonium sulphate, 

ammonium nitrate and organic compounds based on airborne observations from Haywood et al. (2008) 

(section 2.5.3). 

 

SOCRATES produces particle mass-specific scattering Mscat,aer(RH) and absorption Mabs,aer(RH) 

coefficients for RH between 0 and 100 %. These are used to calculate mass extinction coefficients 

Mext,aer(RH):  

𝑀𝑒𝑥𝑡,𝑎𝑒𝑟(𝑅𝐻) = 𝑀𝑠𝑐𝑎𝑡,𝑎𝑒𝑟(𝑅𝐻) + 𝑀𝑎𝑏𝑠,𝑎𝑒𝑟(𝑅𝐻) (2.4) 

The extinction enhancement factor fext,rh is the ratio of Mext,aer at a given RH level, to Mext,aer in the 

complete absence of humidity:  

𝑓𝑒𝑥𝑡,𝑟ℎ =  
𝑀𝑒𝑥𝑡,𝑎𝑒𝑟(𝑅𝐻)

𝑀𝑒𝑥𝑡,𝑎𝑒𝑟(𝑅𝐻 = 0)
 

(2.5) 

fext,rh is stored in a LUT for use in the aerFO. 

As the amount of water vapour attenuation can be significant for some ALC wavelengths (e.g. 

Vaisala CL31, Wiegner and Gasteiger, 2015), the water vapour extinction (σext,wv) needs to be 

incorporated into the aerFO: 

𝜎𝑒𝑥𝑡,𝑤𝑣 = 𝑀𝑎𝑏𝑠,𝑤𝑣(𝑟𝑣, 𝑇𝑎𝑖𝑟 , 𝑝𝑎𝑖𝑟) ∗  𝜌𝑎𝑖𝑟(𝑇𝑎𝑖𝑟, 𝑝𝑎𝑖𝑟) ∗ 𝑟𝑣(𝑇𝑎𝑖𝑟, 𝑝𝑎𝑖𝑟) (2.6) 

where 𝑀𝑎𝑏𝑠,𝑤𝑣 is the mass water vapour absorption coefficient, rv is the water vapour mixing ratio, 

Tair the air temperature and ρair the air density. As the scattering of light by water vapour is negligible 

at ALC wavelengths, 𝑀𝑎𝑏𝑠,𝑤𝑣 = 𝑀𝑒𝑥𝑡,𝑤𝑣. ρair and rv can be calculated using the NWP model outputs 

of Tair, pair and specific humidity (q). Mabs,wv values were obtained using a line-by-line radiative 

transfer model LBLRTM 12.2 (Clough et al., 2005, 1992) and were stored in a LUT after evaluation 

against atmospheric radiance spectra observed by an interferometer sounder.  

Aerosol Type Chemical 

Symbol 

Refractive Indices † Part: Source 

895-915 nm 1064 nm 

Ammonium 

Nitrate 

NH4NO3 1.61, 1.70 × 10-6 i 1.61, 4.59 × 10-6 i Real: Weasted (1977); 

Imaginary: Gosse et al. 

(1997) 

Ammonium 

Sulphate 

(NH4)2SO4 1.53, 2.31 × 10-7 i 1.51, 2.22 × 10-6 i Real and Imaginary: Toon et 

al. (1976) 

Aged Fossil Fuel 

Organic Carbon 

N/A 

 

1.54, 6.0 × 10-3 i 1.54, 6.0 × 10-3 i Real and Imaginary: 

Haywood et al. (2003)* 
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Finally, the ALC wavelength range must be considered when estimating Qext and 𝜎𝑒𝑥𝑡,𝑤𝑣 as all the 

lasers do not strictly operate on one singular wavelength. For example, the central wavelength of 

Vaisala CL31 ceilometers is reported to be 905 ± 10 nm with a spectral width of 4 nm at full width 

half maximum (FWHM; section 3.1; Kotthaus et al., 2016). To incorporate the effect of spectral 

width, Gaussian weighting with a FWHM of 4 nm is used when calculating Qext,dry, fext,rh and 𝜎𝑒𝑥𝑡,𝑤𝑣. 

The weight is applied to the LUT of Qext,dry, to fext,rh when calculating Mscat,aer(RH) and Mabs,aer(RH) 

in SOCRATES, and to the LUT of 𝐶𝑎𝑏𝑠,𝑤𝑣 before calculating 𝜎𝑒𝑥𝑡,𝑤𝑣.  

There are several key improvements in the aerFO from the original FO by Charlton-Perez et al. 

(2015). The main improvement is the calculation of Qext. Originally in the Charlton-Perez FO, Qext 

was fixed to 2 which is only suitable for geometric scattering of large particles. However in the 

aerFO, Qext is calculated using Qext,dry to represent the extinction efficiency of different aerosol types 

when the particles are dry, and fext,rh to represent the change in extinction efficiency due to the 

absorption of water vapour. The fext,rh also includes the effect of particle growth, which in the 

Charlton-Perez FO was parameterised using the analytical solution to the Köhler curve. However, 

the original Köhler parameterisation was fixed to only calculate the solution for ammonium sulphate. 

In the aerFO, Qext can now be calculated for different aerosol species and wavelengths. Further new 

aerFO additions included parameterising a wavelength dependent σext,wv, and updating N0 so the 

aerFO was more suited for estimating βm in urban environments. 

 

 Methods 

2.5.1 ALC data 

Vertical profiles of aerFO-derived βm (section 2.4) are compared to βo from five London Urban 

Meteorological Observatory (LUMO) (Kotthaus and Grimmond, 2014; Table 2.3) Vaisala CL31 

ALC, deployed at four sites in central London (Figure 2-8). Both hardware and firmware are critical 

for interpretation of the attenuated backscatter profiles observed, with older hardware (generation 

311) generally having lower SNR (Kotthaus et al., 2016). In addition, ripple effects occur in some 

transmitters (generation CLT321) (section 3.1 in Kotthaus et al., 2016) that may deteriorate βo 

quality. Two generations of hardware are operated in LUMO during the study period analysed (Feb 

2015 – Dec 2016; Table 2.3).  

Attenuated backscatter profiles, recorded at 15 s and 10 m resolution, are corrected for instrument-

related background and near-range artefacts (Kotthaus et al., 2016). A centred moving average is 

applied with windows of 25 min (101 time steps) and 110 m (11 range gates) to increase the SNR 

(section 4.2 in Kotthaus et al., 2016). The vertical range is converted to height above ground level 

(agl). Comparison is undertaken for the lowest 2000 m agl as the atmospheric boundary layer did not 
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exceed this limit during the case study days analysed (Kotthaus and Grimmond, 2018b) . The FWHM 

of the Vaisala CL31 laser wavelength is 4 nm, where FWHM is defined as the width across the 

wavelength spectrum where the dependent variable is half of the peak value. The uncertainty in the 

Vaisala CL31 central wavelength is up to ±10 nm (Kotthaus et al., 2016), so here the average central 

wavelength of 905 nm is taken, as specified by the manufacturer. This is used as the centre in the 

Gaussian weighting function, along with the FWHM of 4 nm, to calculate Qext,dry, fext,rh and 𝜎𝑒𝑥𝑡,𝑤𝑣. 

For the comparison, the nearest βo vertical profile in time was used for each βm profile. In section 

2.7.2, the near-surface model values are compared to the second ceilometer range gate (20 m above 

sensor) as the first gate is prone to augmented noise (Kotthaus et al., 2016). The CL31 reaches 

complete optical overlap at 70 m and observations below this height are corrected. Further, near-

range artefacts (Kotthaus et al., 2016) are accounted for so that the profile data can be used from the 

first range gate. For the comparison of vertical profiles (section 2.7.3) the value of βo at the nearest 

vertical height to the βm level is selected. 

The smoothed ALC signal profiles of attenuated backscatter are calibrated using a daily calibration 

coefficient. The calibration coefficients are first calculated using the ‘cloud method’ (Hopkin et al., 

2017; O’Connor et al., 2004). Here, an apparent lidar ratio specifically for stratocumulus cloud is 

estimated from the observed attenuated backscatter over the day, and then scaled to the actual known 

lidar ratio of stratocumulus cloud (18.8 sr). This scaling is then used as the daily calibration 

coefficient for the backscatter profiles and has been shown to produce stable estimates (±5 % over 

2015, Hopkin et al., 2017). In this study, the calibration coefficients are calculated using the ‘cloud 

method’, on the attenuated backscatter profiles corrected for instrument-related background 

(Kotthaus et al., 2016). The automatic procedure of Hopkin et al. (2017) requires stratocumulus 

clouds to be present and some knowledge of vertical profiles of water vapour. Therefore, UKV water 

vapour vertical profiles for the nearest grid-point to KSSW (Figure 2-8) were used to account for 

water vapour absorption. As we focus on clear and stratocumulus-free days, the ‘cloud method’ was 

expanded. Calibration coefficients calculated for days with stratocumulus cloud were interpolated to 

estimate the calibration coefficients for clear days. To do this, time periods were defined for each 

instrument based on when key software and hardware changes had been made. Then to estimate the 

calibration coefficient for each time period, either linear regression was used against the window 

transmission (i.e. cleanliness [%]), or for periods when the window transmission remained high 

throughout, a time period average was used. Finally, the relevant regression equation or mean was 

used for the daily calibration coefficient for the clear-sky cases. 
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Table 2.3: Ceilometers at each site (Figure 2) from LUMO network (Kotthaus and Grimmond, 2014). ALC 

data analysed for the spring comparison (*) and 12 cloud-free days between 5/2/2015 – 31/ 12/2016 [2015: 

14/4, 15/4, 21/4, 11/6, 2016: 19/1; 4/5; 23/8, 11/9, 25/11, 29/11, 30/11, 4/12]. All heights are metres above 

ground level (m agl). † Older (311) and newer (321) generation. 

 

2.5.2 Ancillary data 

To aid interpretation of βm and βo differences, in-situ surface observations (Table 2.4, Figure 2-8) are 

used, including hourly PM10 from three London Air Quality Network sites (LAQN, King’s College 

London, 2016) near LUMO ceilometer sites (Figure 2-8). As the MURK bulk aerosol is the total 

mass of aerosol of all sizes and PM10 is the total mass of aerosol with diameters below 10 μm, the 

two are not directly comparable. RH sampled using the Vaisala WXT520 sensors at 5 s and averaged 

to 60 s (Kotthaus and Grimmond, 2014) is used to assess modelled near-surface RH. Turbulent 

sensible heat fluxes derived from CSAT3 3D sonic anemometer observations (flux processing details 

in Kotthaus and Grimmond, 2014) are compared with turbulent surface fluxes from the model. 

Table 2.4: Ancillary instrumentation at each site from LUMO (Kotthaus and Grimmond, 2014) and LAQN 

(Mittal et al., 2016) networks. WS: weather station model. All heights are meters above ground level (m agl) 

 

Site Ceilometer ID  hardware generation † firmware versions  Height [m 

agl] 

Analysis 

KSS45W CL31-A 311 1.71, 1.72 32.9 4 days 

IMU CL31-A 311 1.72, 1.74 91.0 7 days 

RGS CL31-B 311 1.71, 1.72, 1.74 8.7 8 days 

MR CL31-C 321 2.02, 2.03, 2.04 4.5 12 days * 

NK CL31-D 321 2.02, 2.03, 2.04 3.8 5 days 

NK CL31-E 321 2.03, 2.04 3.8 7 days 

Site Height [m 

agl]  

Site Height [m agl] LAQN 

site  

Closest LUMO 

site 

Height [m agl] 

WS: Davis Vintage Pro WS: Vaisala WXT520 Filter Dynamics Measurement Systems  

BCT 145.0 KSK 38.8 MY1 MR 4.5 

BFCL 21.0 KSNW 47.1 KC1 NK 2.8 

BGH 49.0 KSSW 41.3 KC2 RGS 3.6 

IML 25.5 Sonic anemometer: Campbell Sci. 

CSAT3 
 

  

IMU 91.0 KSSW 46.2    
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Figure 2-8: LUMO and LAQN measurement sites (ceilometer instruments: Table 3; ancillary instruments: 

Table 2.4) in central London with relevant UKV 1.5 x 1.5 km grid cells (yellow), and surface cover type 

(data source described in Lindberg and Grimmond, 2011); within Greater London and the British Isles 

(insets). 

2.5.3 Data from the NWP model 

The NWP inputs (RH, mMURK) used to drive the aerFO are from the 3 hourly, 36 h MO operational 

UKV forecast (1.5 km). The aerFO calculations of βm are performed hourly, from 3 h after the 

forecast begins, using archived UKV data for 5 grid cells (Figure 2-8).  

The MO UKV MURK aerosol is a single mass mixing ratio (mMURK, kg kg-1) and a passive tracer. It 

represents a bulk aerosol composed of ammonium sulphate, ammonium nitrate and organic carbon 

(Table 2.2) based on the aerosol species measured by Haywood et al. (2008) during four flights 

around the UK’s coast. 

The data analysis is undertaken after the aerosol model had changed (5 February 2015) and the 

MURK ancillaries were updated to improve the visibility forecast (Appendix 2.A). For comparison 

against PM10 concentrations (section 2.7.2), mMURK units are converted to kg m-3 by multiplying it 

with the UVK air density, derived from UKV air temperature and pressure fields. 

In the UKV, JULES (Best et al., 2011) accounts for the land surface effects. JULES represents the 

surface using 9 different tile types, one of which is for urban areas. On 16 March 2016 the urban land 

surface option in JULES was upgraded from the 1-tile scheme (Best, 1998) (hereafter the Best 

scheme) to MORUSES (Bohnenstengel et al., 2011; Porson et al., 2010). The latter aims to improve 

the parameterisation of surface-atmosphere interactions in cities through a better representation of 

the heat and moisture fluxes from urban surfaces. This is done by estimating the radiative properties 
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of the street canyon (walls, road) and the roof respectively, and then coupling them together. The 

combined radiative effect is then used for representing urban tile effect, for the grid cell. 

2.5.4 Study periods 

To evaluate the NWP output of mMURK and RH, and explore the possible implications of changing the 

urban surface scheme, analysis is undertaken for two spring cases (14 April 2015 and 04 May 2016) 

from before and after the change to MORUSES respectively (section 2.7.1). A more general 

evaluation of βm is performed based on 11 cloud-free days between 5 February 2015 and 31 

December 2016 (Table 2.3). These cases have data for at least 2 ALC but without clouds at any 

height for > 99 % of the day (section 2.7). 

 Sensitivity Analyses 

Several simplifying assumptions are made within the aerFO and about its inputs (section 2.4). To 

understand the implications and uncertainties associated with these, sensitivity analyses are 

conducted, addressing potential issues with the aerosol species (section 2.6.2), laser wavelength 

(section 2.6.3) and NWP model variables required as input by the aerFO (section 2.6.4 and 2.6.5).  

2.6.1 Sensitivity of total number concentration to defined accumulation radii range 

To calculate N0, the accumulation range of the aerosol distribution needs to be defined, so that N0 is 

representative of the same mode as r0. However, aerosol distributions change in time and space 

(Rodríguez et al., 2007), such that the range of radii for the accumulation mode varies. Consequently, 

it is important to test the implications of this assumption in calculating N0. 

A comparison of different radii ranges reveals that N0 is highly sensitive to the range of radius used 

to define the accumulation range, in particular to the lowest limit used (Table 2.5). Reducing the 

lower limit of the range can extend into the finer mode of the aerosol distribution, which dominates 

the number distribution of total aerosol (e.g. Figure 13 in Harrison et al., 2012). Increasing the upper 

limit has a smaller effect due to the fewer number of aerosols at larger sizes. The choice of radii 

range could consequently have a large impact on βm as N0 ∝ N ∝ σext. For example, βm,unatt is 15.3 % 

smaller if the radii range is 0.05 – 0.7 μm instead of 0.04 – 0.7 μm, and 53.4 % larger if a radii range 

of 0.02 – 0.7 μm is used, as a result of the variation in N0 (Table 2.5). Given the high sensitivity of 

N0 to radii range, future analysis of additional aerosol distribution observations could inform the 

definition of a more suitable radius range and reduce the uncertainty in estimating βm. 
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Table 2.5: Total number concentration (N0) calculated using different ranges of radius to define the 

accumulation range of the total aerosol distribution. Example extinction (σext) and unattenuated backscatter 

(βm,unatt) coefficients calculated for m = 18.0 μg kg-1 and RH = 60 % . † Currently used in aerFO. 

 

2.6.2 Sensitivity of extinction efficiency to aerosol species 

To calculate Qext, aerosol types and their relative volumes are required from the NWP model (section 

2.4). Currently, for consistency with mMURK assumptions (Appendix 2.A), aerFO assumes that the 

bulk aerosol is externally mixed and consists of ammonium sulphate ((NH4)2SO4), ammonium nitrate 

(NH4NO3) and organic carbon (OC), with fixed relative volumes in space and time. However, as 

other aerosol types may be present in addition (e.g. salt and black carbon, Seinfeld and Pandis, 2016) 

and the relative fractions are likely to vary (e.g. at monthly, daily and hourly time scales; Harrison et 

al., 2012; Young et al., 2015), implications of these assumptions are assessed. 

For this sensitivity study, fext,rh and Qext,dry are varied separately for seven commonly observed aerosol 

types (Seinfeld and Pandis, 2016). SOCRATES is used to calculate fext,rh (section 2.4). Each aerosol 

is assumed to have an idealised distribution with a fixed geometric mean radius (rg) of 0.11 μm 

(Haywood et al., 2008) and fixed geometric standard deviation (dg) of 1.6 except for salt. Salt (generic 

NaCl), can be relatively coarse compared to (NH4)2SO4, (NH4NO3) and OC, so here rg is set to 8.0 

μm. Given black carbon’s highly hygrophobic nature, fext,rh is set to 1 (Forster et al., 2007) for this 

species. Calculations are undertaken for the Vaisala CL31 ceilometer laser wavelengths (λ = 905 nm 

with FWHM of 4 nm, section 2.5.1). 

Large differences in fext,rh occur between the different aerosol species, with the highest discrepancies 

between salt and black carbon (Figure 2-9). The variation in fext,rh reflects differences in the 

hygroscopic nature of the aerosol types and hygroscopic growth with water condensation (Haeffelin 

et al., 2016). These large differences in fext,rh between commonly observed aerosol types suggest that 

using only (NH4)2 SO4, NH4NO3 and aged fossil-fuel (for OC) could lead to a poor estimation of the 

“true” fext,rh.  

The uncertainty in fext,rh will increase as the unaccounted aerosol proportion increases, especially if 

the aerosol fext,rh is significantly different from the applied proxies. For instance, the mean mass 

fraction of black carbon can be large in some cities (up to 17% during winter in London, Liu et al., 

Total number concentration  

(N0, cm-3) 

Radii range  

(μm) 

Extinction 

coefficient (σext, m-1) 

Unattenuated backscatter 

coefficient (βm,unatt, m-1 sr-1) 

3769 0.05 – 0.7  1.49 × 10-5 2.48 × 10-7 

4461 0.04 – 0.7 † 1.76 × 10-5 2.94 × 10-7 

5426 0.03 – 0.7  2.15 × 10-5 3.58 × 10-7 

6824 0.02 – 0.7  2.70 × 10-5 4.50 × 10-7 

4471 0.04 – 1.0  1.77 × 10-5 2.95 × 10-7 
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2014), and therefore omitting it (as e.g. in the MURK-mixture; Appendix 2.A) could lead to an 

overestimation of hygroscopic growth. Similarly, the sea salt fraction can increase from episodic 

events (e.g. sea breezes and gales) or be naturally high in cities exposed to maritime flows such as 

Glasgow (AQEG, 2005). However, some combinations of aerosols may have compensatory effects 

on fext,rh; for example, salt (high fext,rh) and black carbon (low fext,rh) in approximately equal amounts.  

A further increase in the uncertainty of fext,rh occurs as RH increases (Figure 2-9); this is due to the 

differing aerosol species growth rates above the critical RH value of approximately 40%. Black 

carbon is notably different to all other species tested as it is insensitive to changes in RH. The 

uncertainty is highest near saturated conditions, where the particles would continue to grow into 

cloud and rain droplets. This indicates that βm needs to be interpreted carefully in high humidity 

conditions, although, the large uncertainty at high RH is not considered critical here as the aerFO 

focuses on cloud-free conditions only. 

 

Figure 2-9: Extinction enhancement factors (fext,rh) as a function of relative humidity (RH) for several 

aerosol types commonly observed in urban areas for a mean wavelength of 905 nm, with a full width half 

maximum of 4 nm. MURK (black) is a bulk aerosol type including ammonium sulphate ((NH4)2SO4), 

ammonium nitrate (NH4NO3) and aged fossil-fuel organic compounds (to represent organic carbon (OC)) 

used to represent the aerosol field in the UKV. The dry mean geometric radius (rg) of all aerosol types is 

assumed to be 0.11 μm except for generic NaCl (rg = 8.0 μm). Geometric standard deviation (dg) is set to 

1.6 μm for all aerosols. 

The variation of urban aerosol types (Harrison et al., 2012; Seinfeld and Pandis, 2016; Young et al., 

2015) also impacts the dry scattering and absorption properties of the bulk particle (defined by their 

complex index of refraction, Jacobson, 2005) and causes differences in extinction. A clear impact of 

particle type on Qext,dry is evident (Figure 2-10). Notably, the extinction efficiency of black carbon 

shows a different pattern compared to the other species because of its relatively high absorptivity and 

low scattering properties. In cities where black carbon is a critical proportion of the mass, for example 
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in London (Liu et al., 2014), Ostrava (Kucbel et al., 2017) or Beijing (Ji et al., 2017), bulk aerosol 

characteristics should account for black carbon with its distinct characteristics. 

 

 

Figure 2-10: Dry extinction efficiency (Qext,dry) calculated for several aerosol types (no particle swelling) 

observed in urban areas and the bulk aerosol composition of MURK (section 2.4), for a range of radius 

rmd. Calculations are based on Mie theory and a laser wavelength of 905 nm.  

2.6.3 Sensitivity of extinction efficiency to lidar central wavelength 

The central wavelength of ALC lasers differs between models (e.g. Vaisala CT25K, CL31, CL51 at 

905 nm; Lufft CHM15K at 1064 nm (Flynn, 2004; Lufft, 2016)). Furthermore, some uncertainty is 

associated with the nominal centre wavelength of individual sensors of the same model (Kotthaus et 

al., 2016). For this reason, the implications of wavelength variation on fext,rh and Qext,dry uncertainty 

are explored. 

The variation with respect to wavelength from the nominal 905 nm (e.g. Vaisala) was assessed across 

the range 895 to 915 nm (1 nm resolution) because the centre wavelength uncertainty may vary by 

up to ±10 nm (Kotthaus et al., 2016). fext,rh across this wavelength range was found to differ from the 

factor at the nominal centre wavelength by at most ~2%, so this uncertainty can be neglected 

(Appendix 2.B). However, the variation in Qext,dry across the wavelength range was larger, and 

greatest at a mean radius of ~0.8 – 2 μm (Figure 2-11). A detected wavelike pattern with respect to 

radius can be explained by Qext,dry becoming increasingly out of phase for each wavelength, with 

respect to values calculated at 905 nm. For typical rmd estimates (0.08 – 0.15 μm) and mass mixing 
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ratios (1 μg kg-1 < mMURK < 100 μg kg-1), the effect of varying wavelength on Qext,dry reaches up to 

6% for MURK and up to 8% for ammonium sulphate and ammonium nitrate. This relatively high 

sensitivity of Qext,dry to small variations in λ suggests results of the aerFO could be improved if the 

exact centre wavelength of the laser was known. However, where this information is not available 

from the manufacturer, this uncertainty remains.  

 

Figure 2-11: Dry extinction coefficient (Qext,dry) variation with mean aerosol radius rmd [μm] for different 

monochromatic wavelengths (colour) normalized by results at 905 nm for MURK; MURK’s three 

constituents: ammonium sulphate, ammonium nitrate and organic carbon; and two additional common 

aerosol species (generic sea salt and black carbon). Particle swelling is not accounted for in this test. 

Since multiple ALC networks can contain different instruments, with largely different wavelengths, 

the importance of this inter-instrument wavelength variation on estimating βm was briefly explored. 

To do this, the impact of laser wavelength on fext,rh and Qext,dry for the two most common ALC 

wavelength (1064 nm, FWHM of 0.1 nm e.g. Lufft, and 905 nm, FWHM of 4 nm, e.g. Vaisala) was 

compared. The ratio of the enhancement factor for the two wavelengths is calculated for MURK and 

the three MURK aerosols constituents (Figure 2-12). As fext,rh differs by up to ~30 % between these 

wavelengths, the aerFO allows the user to specify the centre laser wavelength and FWHM to enable 

appropriate comparison of modelled and observed attenuated backscatter. 
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Figure 2-12: Extinction enhancement coefficient (fext,rh) ratio between 1064 nm with FWHM = 0.1 nm and 

905 nm with FWHM = 4 nm, against RH, for MURK and the different aerosol species within MURK. Note: 

results for ammonium nitrate (green) are almost identical to those for MURK (red). 

Similar to fext,rh, Qext,dry results strongly differ when calculated for the two most common ALC centre 

wavelengths (i.e. 905 and 1064 nm; Figure 2-13) for common aerosol radii tested in the aerFO (0.08 

– 0.15 μm). At 1064 nm, Qext,dry of MURK can be up to 50% lower compared to the results at 905 nm 

(Figure 2-13). This reaffirms the conclusion that the aerFO must account for ALC laser wavelength 

in order to accurately estimate Qext,dry. As a result, sensor networks with a mix of ALC types must 

account for these differences by calculating Qext,dry separately for the operated laser wavelengths. 
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Figure 2-13: As Figure 2-11, but for different central wavelengths commonly used by ALC, i.e. 905 nm (e.g. 

Vaisala) and 1064 nm (e.g. Lufft). Dashed line represents a constant ratio of 1. 

2.6.4 Sensitivity of forward-modelled unattenuated backscatter to relative humidity 

and aerosol mass mixing ratio  

The sensitivity of aerFO-calculated unattenuated backscatter (βm,unatt) to aerosol mass mixing ratio m 

and relative humidity RH was tested to inform analysis of βm and to attribute inaccuracies correctly 

to either m or RH. It was shown that βm,unatt increases with increasing m and RH (Figure 2-14). At 

higher m values there is greater sensitivity, mainly because βm, unatt ∝ σext, while σext ∝ N and σext ∝ 

rmd
2 (Figure 2-7). Additionally, the relation of σext to Qext,dry also increases exponentially for common 

aerosol size regimes (rmd ≅ 0.07 – 0.15 μm, with 1 > m > 100 μg kg-1).  

The increase in βm, unatt with RH reveals a stronger exponential relation. The sensitivity of βm, unatt to 

RH is low when RH < 60 %, but greatly increases if RH > 60 %. This reflects both the physical 

growth of particle size and the change in the complex index of refraction caused by hygroscopic 

swelling, which is parameterised through fext,rh (Figure 2-14). This relation suggests small 
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inaccuracies in RH at high RH levels could have a large impact on βm, unatt and, therefore, βm. However, 

variations in RH at drier conditions (<~60 %) have little effect on the βm, unatt estimated. 

 

 

Figure 2-14: Sensitivity of aerFO estimated unattenuated backscatter (βm, unatt) [m-1 sr-1] to modelled 

aerosol mass m [μg kg-1] for different RH [%] (colour). Dashed lines indicate decreased confidence in βm, 

unatt because the assumption that no aerosols have reached a critical radius and become cloud condensation 

nuclei is unlikely to be met. 

2.6.5 Sensitivity of water vapour extinction coefficient to lidar central wavelength 

The sensitivity of the water vapour extinction coefficient Mabs,wv to wavelength across the range 895 

– 915 m can be high and it varies (Wiegner and Gasteiger, 2015). Water vapour absorption is low 

around the wavelength of 1064 nm so can be ignored for sensors operating lasers in that region. 

Mabs,wv for the default settings of the aerFO (section 2.4) is found to vary by a factor of two across 

the wavelength range 895 - 915 nm (not shown). Nonetheless, as the sensitivity of βm to Mabs,wv is 

rather low, a maximum difference in βm of 6.3 % is associated with the Mabs,wv values for the 

wavelength region tested. Again, if the specific central wavelength for each instrument (e.g. 

measured or manufacturer provided) was available to the aerFO, the uncertainty associated with 

water vapour absorption could be reduced (Wiegner and Gasteiger, 2015). 

 Performance of aerFO on cloud-free days in 2015-2016 

Between 5 February 2015 – 31 December 2016, there were 11 entirely cloud-free days with more 

than one ALC in the LUMO network (Table 2.3) recording data. Of these days, 4 are modelled using 

the Best scheme and 7 using MORUSES (section 2.5.3). One case day was a high pollution event 

(19/01/16, > 50 μg m-3), and given the importance to accurately forecast aerosol during such events, 
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it was analysed separately before analysed with the other 10 cases (Appendix 2.C). Using all 11 

cases, the impact of the urban surface scheme is discussed (section 2.7.1) before analysing the 

general performance of aerFO on the cloud-free days (Sect. 2.7.2 and 2.7.3).  

2.7.1 Importance of surface scheme in estimating attenuated backscatter  

The aerFO can be used as a tool to explore implications of the change in MO urban surface schemes 

(section 2.5.3) on βm results. To demonstrate the use of the aerFO in this way, the difference between 

modelled and observed attenuated backscatter is compared along with sensible heat flux and other 

UKV model fields. Figure 2-15 shows a comparison between two spring cases (14 May 2015 and 04 

May 2016), when the Best and MORUSES urban surface schemes were used respectively (section 

2.5.3). Figure 2-16 shows the sensible heat flux (QH) from the UKV for each grid cell that overlays 

a ceilometer site, and the sensible heat flux observed from KSSW (Figure 2-8), for both spring cases.  

From this case study comparison, it is evident that the mixing layer starts to grow ~3 h later on the 

day simulated using the Best scheme (14 April 2015) compared to the MORUSES example (04 May 

2016). Several factors, including synoptic conditions, radiative forcing, and atmospheric stability are 

likely to explain some day-to-day variations in boundary layer dynamics. However, a systematic 

delay of the rise in turbulent sensible heat flux, leading to morning transition onset, is found for 

results obtained with the Best scheme in general (King, 2015), and was also the case on 14 April 

2015 (Figure 2-16). The reduced vertical exchange predicted by the Best scheme is linked to a 

delayed increase of the modelled sensible heat flux QH,m. As a result, a strong positive bias (Δβ = βm 

– βo) near the surface (Figure 2-15c, left) persisting for the time where delayed mixing layer growth 

occurs  is usually detected for days modelled with the Best scheme. As reported by King (2015), the 

timing of turbulent mixing is clearly improved in the MORUSES scheme so that the positive morning 

bias in attenuated backscatter near the surface vanishes much earlier (~0900) in the example shown 

(Figure 2-15i). Given the importance of vertical mixing dynamics for the spatial distribution of 

scattering aerosols, the accuracy of turbulent processes represented in the surface scheme have direct 

influence on βm results. For the UKV, the comparison (Figure 2-15) suggests that the improvements 

of MORUSES compared to Best translate into a better agreement between modelled and observed 

attenuated backscatter. 
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Figure 2-15: Vertical profiles of attenuated backscatter [m-1 sr-1] that are (a, g) observed (βo) with estimated 

mixing layer height (red crosses, Kotthaus and Grimmond, 2018) and (b, h) forward modelled (βm) using 

the aerFO (section 2.4). (c, i) Attenuated backscatter difference (βm - βo) calculated using the hourly βm 

vertical profile and the vertical profile of βo nearest in time; (d, j) aerosol mass mixing ratio (m) [μg kg-1]; 

(e, k) relative humidity (RH) [%] and (f, l) air temperature (Tair) [°C] at MR (Figure 2-8), with (a-e)14 

April 2015 using the Best urban surface scheme and (g-l) 04 May 2016 using the MORUSES urban surface 

scheme. Note that (a, b, g, h) are plotted on a log scale and (c, i) colour bar has a range of ±5 × 10-6 m-1 

sr-1 on a symmetric log scale.   

 

 

Figure 2-16: Modelled sensible heat flux [W m-2] from the UKV for the grid cells over each ceilometer site 

(Figure 2-8) and observed sensible heat flux at KSSW (QH,o black) from a CSAT3 sonic anemometer for: 

(a) 14 April 2015 (Best urban scheme) and (b) 04 May 2016 (MORUSES urban scheme). 
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2.7.2 Near-surface evaluation 

Near-surface data across the 11 cloud-free days are analysed (βm, βo, mMURK and PM10, section 2.5.4). 

The data includes the in-situ PM10 measurements and mMURK taken at the nearest vertical model level 

to the PM10 instrument height. βo is taken at the second range gate (section 2.5.1) and βm is selected 

at the model level closest to that height. Generally, βm is lower than βo (mean βm/βo = 0.53), and the 

variability of βm/ βo increases with increasing m and RH (Appendix 2.D).  

The difference in UKV bulk aerosol mass mixing ratio and observed PM10 (Δm) near the surface 

(~20 m range) when compared to Δβ has a positive correlation (Figure 2-17, Spearman correlation 

coefficient R = 0.46; Table 2.6 for collocated LAQN/LUMO sites NK and MR, Figure 2-8), and 

between Δm and Δlog10(β) the correlation is stronger (0.80).  

Comparing Δm and Δβ, the larger outliers are associated with particularly high model RH (RHm > 

~90 %). As βm is very sensitive to RHm in humid conditions (section 2.6.4), any errors in RHm translate 

to errors in βm via errors in fext,rh. Hence, at high levels of RH, uncertainty in humidity can be the 

dominant factor in Δβ, explaining the increased scatter in the relation between Δβ and Δm and a 

weaker Spearman correlation coefficient Rs. If conditions of RHm > 90 % are excluded, the Δβ and 

Δm correlation increases Rs to 0.47, while excluding RHm > 70 % conditions increases Rs further to 

0.58 (Table 2.6). In addition, other aerFO assumptions may make βm inappropriate at high RH, 

leading to greater scatter. For example, fext,rh does not account for the activation of particles into cloud 

droplets and the continental aerosol aerFO lidar ratio is incompatible with cloud droplets. This 

supports the argument that under high RH, errors in RH dominate Δβ. However, the impact of sub-

sampling at lower RH for Δlog10(β) makes little discernible difference. 

At lower RHm (< ~ 70 %), errors in modelled βm will be smaller, due to the lower sensitivity of βm to 

RH (Figure 2-14). Assuming the settings of the aerFO are appropriate, these statistically significant 

relations suggest that these instances of Δβ and Δlog10(β) at lower RHm can be attributed more 

specifically to errors in mMURK. More generally this also suggests that, Δβ and Δlog10(β) at higher 

heights could likely be explained by inaccurate mMURK at higher levels when RHm is low. 

Despite their statistically significant relation, some of Δβ (and Δlog10(β)) remains unexplained by 

Δm. Several aspects could play a role. One source of uncertainty lies in the observed βo in the near 

range where instrument-related artefacts (reported e.g. for CL31) introduce errors into the attenuated 

backscatter profiles. Although these artefacts are corrected on average, uncertainty remains 

(Kotthaus et al., 2016). Some uncertainty may also arise from using observed PM10 to compare to 

mMURK. PM10 measures the total mass of aerosols of size < 10 μm whereas mMURK represents aerosols 

of any size. Although the mass above 10 μm is not always insignificant due to the presence of very 

coarse particles such as sea salt, the number of particles above 10 μm is often small (Figure 8.11 in 

Seinfeld and Pandis, 2016). Given that aerFO is based on a series of assumptions regarding the 
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composition of the bulk aerosol, errors will be introduced into βm if the aerosol proxy used does not 

sufficiently represent the real atmospheric composition (both in terms of constituents and their 

relative proportions). Many other aerosol species may be present in London with variations at 

seasonal and hourly timescales (Young et al., 2015). Since that the complex index of refraction and 

hygroscopicity vary with aerosol species, inappropriate simplifications can cause errors in Qext 

(section 2.6.2).  

 

Figure 2-17: Hourly differences in aerosol mixing ratios (modelled mMURK - observed PM10 [μg m-3]) versus 

differences in attenuated backscatter (Δβ =βm - βo [m -1 sr-1]) at MR (Figure 2-8) with UKV relative humidity 

(colour) indicated. βm values for 21.7 m agl, which corresponds to the ALC’s second range gate. mMURK for 

5 m agl which is closest to the PM10 observation height. Nearest time of βo vertical profile is compared to 

each βm profile (288 profiles, from 12 days, Table 2.3). Spearman correlation coefficient Rs = 0.46, p-value 

> 0.00. 

 

Table 2.6: Spearman correlation coefficient (Rs) of Δlog10(β) and Δβ against Δm, using different hourly sub-

samples defined by model relative humidity (RHm). 

 

Model RH range 

included [%] 

Sample size 

[hours] 

Spearman correlation coefficient (Rs)  

Δlog10(β) against Δm Δβ against Δm 

0 – 100 280 0.80 0.46 

0 – 90 276 0.81 0.47 

0 – 80 238 0.80 0.50 

0 – 70 159 0.80 0.58 

0 – 60 93 0.67 0.54 

0 – 50 53 0.74 0.62 

0 – 40 17 0.61 0.70 
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Figure 2-18 shows the absolute error in attenuated backscatter (|Δβ| = |βm – βo|) binned by Δm. |Δβ| 

tends to decrease as Δm increases from -50 to 75 μg m-3, and is likely compensating a bias in the 

aerFO. The aerFO attempts to only represent aerosol in the accumulation mode (Table 2.1) as it 

contains a large proportion of total aerosol mass. When mMURK is high, this leads to higher estimates 

of N and rmd in the aerFO, which in turn increases estimates of βm. The higher βm estimates then 

compensate for the lack of coarse and fine mode aerosol representation in the aerFO. Consequently, 

future versions of the aerFO could improve estimates of βm if multiple modes of the aerosol 

distribution are represented more accurately through estimating rmd and N individually. 

 

Figure 2-18: Absolute error in attenuated backscatter (|βm – βo| [m -1 sr-1]) binned by difference in aerosol 

mixing ratios, (Δm = modelled mMURK - observed PM10 [μg m-3]) at MR (Figure 2-8). Bin size = 25 kg m-3. 

Sample means (blue circles), median (orange line) and inter-quartile range (box extent), and 5th and 95th 

percentiles (whiskers), statistical outliers (crosses) shown, with sample sizes above each boxplot. Same 

data samples used as in Figure 2-17. Boxplot omitted for 100 < Δm ≤ 125 μg m-3 due to the low sample 

size. 

2.7.3 Diurnal variation in agreement between integrated forward modelled 

attenuated backscatter and observed attenuated backscatter 

The differences in vertical profiles of βm and βo are assessed in order to identify whether consistent 

differences occur by time of day. Figure 2-19 shows the median and interquartile range of the 

absolute error (|βm – βo|) at each site (Figure 2-8) by time of day. Four days are analysed when βo is 

available across all sites, from 73 m to 10 % below the mixing layer height (estimated from MR 

CL31 observations, Kotthaus and Grimmond, 2018). This is to ensure that the same number of 

samples are used at each site despite different measurement heights (Table 2.3), whilst the mixing 

layer height varies (Figure 2-19 numbers for each hour). 
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The variation in absolute error for each site is similar across the sites (~ 5 × 10-7 m-1 sr-1). The 

generally higher absolute error values at KSS45W and RGS, with older generation hardware and 

software (Table 2.3), is likely explained by the higher noise levels and increased susceptibility to 

instrumental artefacts present in observed attenuated backscatter profiles (section 3.1 in Kotthaus et 

al., 2016). The higher noise and effect of instrumental artefacts in older instrument results also 

reduced Spearman correlation coefficients (not shown). 

 

Figure 2-19: Hourly median (dashed) and IQR (shading) of the absolute error |βm – βo| at five ALC sites 

(Figure 2-8), calculated for four cloud-free sample days (14, 15, 21 April 2015 and 19 January 2016), using 

hourly βm vertical profiles and the vertical profile of βo nearest in time. Profiles of βm and βo were compared 

between 73 m and 10 % below the top of the mixing layer height estimated from Vaisala CL31 observations 

at MR (Kotthaus and Grimmond, 2018b). Sample size for each hourly composite bin are shown above each 

hour. Note: sample sizes are the same for each site and are lower when the mixing layer height was lower 

in the early morning and late evening.  

 Conclusions  

Following an initial assessment (section 2.3), the aerosol lidar forward operator (aerFO) is further 

developed (section 2.4) to estimate attenuated backscatter (βm) for cloud-free conditions, when 

aerosols are the dominant scatterers, and is evaluated in an urban setting. The aerFO requires an 

aerosol forecast for input, which can come from a numerical weather prediction (NWP) model. 

Besides the aerosol field, relative humidity (RH) is required. If only a bulk aerosol mass mixing ratio 

(m) is available from NWP, the aerFO includes estimates of species-specific properties based on 

aerosol composition assumptions. Here, mMURK and RH taken from the Met Office UKV (1.5 km) are 

used to explore the aerFO and applications. 

Assumptions within the aerFO are assessed based on sensitivity studies. The choice of radius range 

used to calculate N0 is critical given the sensitivity of βm to number concentration N. Use of observed 
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aerosol distribution data could allow more appropriate values for N0 to be determined and reduce the 

uncertainty in βm. There are differences in both the dry extinction efficiency (Qext,dry) and the 

extinction enhancement factor (fext,rh) for commonly observed urban constituents. Notably, black 

carbon has very distinct signatures caused by its high absorptivity, low scattering properties, 

hygroscopicity and physical particle growth. Consequently, accuracy of βm can be improved by 

providing aerFO with more accurate aerosol species composition and proportions of the bulk aerosol 

quantity. If atmospheric constituents are significantly different to those assumed, biases could be 

inadvertently introduced when assimilating βo.  

Different automatic lidars and ceilometers (ALC) have different laser central wavelengths plus 

uncertainty (e.g. for Vaisala CL31, available specifications are vague at 905 ± 10 nm). The impact 

of varying wavelength on estimated optical properties is explored. The sensitivity of fext,rh to 

wavelength for the wavelength range 895 – 915 nm (i.e. common for Vaisala ALC) is small (< 1.5%). 

However, for some aerosol species Qext,dry is clearly affected by uncertainties in laser wavelength (~ 

8 % for ammonium sulphate and ammonium nitrate). The mass absorption of water vapour is found 

to vary by a factor of two across this wavelength range, translating into an uncertainty in βm of 6.3 

%. Hence, given spectral variations of absorption and extinction even small variations in laser 

wavelength can be important in this region. If the centre laser wavelength can be specified more 

accurately in the aerFO settings (e.g. than Vaisala CL31 rather vague 905 ± 10 nm) such variations 

in Qext,dry could be accounted for by the aerFO. Manufacturers are encouraged to release this 

information for each instrument, to permit more accurate estimates of the various wavelength-related 

variables, including water vapour absorption. 

Comparing results for the two most common ALC wavelengths, i.e. 905 nm (e.g. Vaisala) and 1064 

nm (e.g. Lufft) reveals large differences in both Qext,dry and fext,rh. Therefore, different look up tables 

of aerFO should be used for different laser wavelengths.  

Sensitivity studies of unattenuated backscatter (βm,unatt) to aerFO inputs of m and RH allow attribution 

from their inaccuracies to be assessed. βm,unatt is sensitive to m with a weak exponential relation that 

increases with increasing m. Overall, RH has a relatively weaker relation with βm than with m. 

However, there is a stronger exponential relation between RH and βm,unatt at high RH values (>~60%) 

caused by the exponential growth of particles parameterised by fext,rh. This suggests that RH becomes 

increasingly important for the accurate estimation of βm as RH increases. Therefore, the impact of 

errors in RH will increase as RH approaches 100 %. 

Implications of a change in UKV urban surface scheme from the Best to MORUSES is explored 

based on two spring case study days. The mean bias error (Δβ = βm – βo) is positive during morning 

hours at heights below ~250 m for the day modelled using the Best scheme. This is partially due to 

the delayed vertical mixing linked to a delayed morning increase of modelled sensible heat flux (QH) 
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(noted previously for this surface scheme). The delay in vertical mixing limits near-surface NWP 

aerosol dispersion. With an improved QH timing with MORUSES, the bias in Δβ is reduced less in 

the morning below ~250 m. This highlights the importance of the mixing dynamics within the NWP 

model to accurately distribute aerosols within the boundary layer and hence obtain representative βm 

results. 

Comparison of βm/βo to RH with respect to mMURK shows that βm is often less than βo (mean βm/βo = 

0.53). The variation in βm/βo depends upon the magnitudes and errors of m and RH. Analysis of the 

relation between Δm (= mMURK – PM10) and Δβ found that a positive, statistically significant Spearman 

correlation exists (R = 0.46), which increases when restricted to periods with lower RH values. The 

correlation between Δlog10(β) was larger (R = 0.80) but does not increase when restricted to periods 

with lower RH. Hence, assimilation of βo into NWP models is expected to have an increasingly 

effective contribution when atmospheric conditions are drier. The aerFO is still effective at high RH 

values, despite potentially violating the assumption that the cloud droplets have not yet formed. This 

could be because fext,rh is representing well the exponential growth in particle radii at high RH values. 

A specific parameterisation to incorporate cloud droplets at high RH values would broaden the 

applicability of the aerFO to instances of near saturation. The absolute error (|βm – βo|) between 

vertical profiles of βm and βo show a dependence on noise levels within the observations. Quality of 

attenuated backscatter measurements can be improved by operating recent hardware, using the most 

appropriate firmware version and settings, and ensuring careful maintenance (e.g. window cleaning). 

This finding highlights the need for careful processing of ALC measurements prior to use in model 

evaluation or data assimilation. Furthermore, detailed knowledge of sensor characteristics can 

provide useful insights for interpretation. 

As boundary layer dynamics are critical for the vertical distribution of aerosol, data assimilation of 

the entire βo profile would have a limited effect if the aerosol is a passive tracer that is one-way 

coupled with model dynamics such as the UKV MURK. However, to account for a potential general 

bias affecting the whole aerosol profile, an integrated value of βo could be assimilated.  

The bulk aerosol composition is important in accurately estimating the extinction efficiency (Qext) 

and therefore βm. Performance of the aerFO depends on the level of detail provided by the aerosol 

field(s) available from the NWP model. Some models contain information on various aerosol species, 

such as the AQUM configuration of the MO Unified model (Savage et al., 2013), but such models 

usually still run at lower spatial resolution. The high spatial resolution (grid ≤ 1.5 km) MO models 

(e.g. UKV or MO London model) enable a more detailed representation of the high spatial 

heterogeneity of urban areas. However, these usually have very simple aerosol schemes (e.g. passive 

tracer mMURK).  

The current default for aerFO includes a constant lidar ratio representative of continental aerosol. 
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Given the importance of this parameter, a more dynamic approach accounting for variable aerosol 

composition could significantly improve results. However, this can be challenging in urban settings 

where the relative contribution of various aerosol types is often highly variable due to the complex 

mixture of local sources and long-range transport. Nonetheless, the amount of aerosol and its 

composition can be distinct in an urban area when compared to the surroundings; therefore, a 

speciated lidar ratio would be more suitable. For example, urban areas tend to have higher 

proportions of black carbon, which has very specific aerosol properties.  

The aerFO has demonstrated utility as a tool to evaluate vertical profiles of aerosol bulk mass mixing 

ratio and RH from NWP models. Its results can also be used in conjunction with meteorological 

observations to explore processes related to near-surface aerosol mass variability or horizontal 

advection of air masses. As aerosol is a tracer for boundary layer dynamics, application of the aerFO 

has proven very useful to evaluate the performance of urban surface parameterisation schemes and 

their ability to drive growth of the mixing layer. 
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Appendix 2.A MURK aerosol and visibility scheme 

MURK is calculated from UKV ancillaries using (Neal, 2019): 

𝑚 = 0.33 ∗ 𝑆𝑂2 + 0.15 ∗ 𝑁𝑂2 + 0.34 ∗ 𝑉𝑂𝐶 (2.A.1) 

where SO2 is sulphur dioxide, NO2 is nitrogen dioxide and VOC are volatile organic compounds. 

The equation converts these compounds into ammonium sulphate, ammonium nitrate and organic 

carbon from the species emissions inventories. 

The MURK aerosol has a simple flux term as a boundary condition to help distinguish European 

from Atlantic emissions, as well as small background terms to represent distant sources which are 

designed to decay exponentially with height (Eq. 6 in Clark et al., 2008). It also adds a source term 

to cells over the ocean to represent sea salt. Wet and dry deposition are parameterised. MURK has a 

simple monthly variation with a smooth transition between months (Neal, 2019), as well as a 

sinusoidal diurnal cycle that peaks at 12 UTC (personal communication, Clark, 09 August 2016). On 

3 February 2015, updates were made to the emission ancillaries to take advantage of more recent 

emission data (internal MO communication). This included using: NAEI (DEFRA, 2016), ENTEC 

and EMEP (Neal, 2019) datasets. In the MO UKV, emissions are partially constrained using data 

assimilation of visibility observations. However, this has not always led to an improvement in the 

forecast of visibility, i.e. if visibility. For instance, if visibility is underestimated and model RH is 

low, the MURK emissions are raised to unrealistically high levels in order to correct the visibility 

(Claxton, 2013). 

The visibility parameterisation was originally developed assuming the aerosol was comprised 

entirely of ammonium sulphate (Clark et al., 2008), as the inventory used from the mid 1990’s was 

based on sulphur dioxide emission data (Wright, 1997). In order to assess the parameterisation an 

aircraft observation campaign was undertaken (2006-2007) (Haywood et al., 2008), which obtained 

number concentration distributions and found that the typical aerosol composition in the UK included 

sulphates, nitrates and organic carbon. Several parameters of the MURK scheme were modified 

accordingly, including the standard dry radius and number concentration. 
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Appendix 2.B Variation of the extinction enhancement factor with 

respect to wavelength around the central wavelength of a Vaisala CL31 

For each wavelength the ratio of fext,rh to its values at the nominal centre wavelength (λ=905 nm) are 

determined for three MURK constituents and the bulk aerosol (Figure 2.B.1). The relative differences 

are generally < 2% but non-linear with relative humidity changes. However, these are mostly 

artefacts from using LUTs from the radiation code, with discontinuities in the parameterisations with 

RH (section 2.4). Thus, the impact of wavelength variation between individual sensors of the same 

design can be treated as negligible. 

 

Figure 2.B.1: Extinction enhancement coefficient (fext,rh) variation with RH for different wavelengths 

(colour) normalized by 905 nm results for MURK and its three constituents. Wavelength ranges from 895 

(light green) to 915 (dark blue) nm, with a bandwidth of 1 nm. 



Chapter 2  48 

Appendix 2.C London high pollution case study (19/01/16) 

βm was estimated using the aerFO and, along with its model input fields of aerosol mMURK and relative 

humidity RH, was evaluated in detail on a day with high pollution (19 January 2016). On this day, 

daily mean PM10 (51.9 μg m-3) exceeded the EU legal limit and World Health Organisation (WHO) 

recommended limit of 50 μg m-3 (EEA, 2015; WHO, 2006) as measured at an urban background 

measuring site at North Kensington (NK) in London (Figure 2-8). An urban background site is one 

where the measurements are not strongly influenced by a single source point and are representative 

of a wider area, typically several kilometres squared (DEFRA, 2019). A high pollution case study 

was chosen for analysis given that accurate forecasts of aerosol content during high aerosol pollution 

events are critical for providing accurate air quality warnings, and limiting the negative impact on 

people’s health (Grell and Baklanov, 2011). 

Synoptic conditions favoured very light southerly winds, thus, discouraging rapid aerosol transport. 

Although two stratus-like clouds were present at ~4 km above ground level between ~02:00 and 

12:00 UTC, there was a cloud-free atmosphere below this. Thus, the aerFO is applicable and can be 

used to evaluate conditions in the atmospheric boundary layer.  

The aerFO (section 2.4) was evaluated using 21Z UKV forecast aerosol mMURK and RH from 18 

January 2016, allowing 3 hours of spin-up time, to provide model attenuated backscatter βm (Figure 

2.C.1b). This UKV forecast was run using the Best scheme (Best, 1998) and the aerFO was set to 

consider the aerosol constituents of mMURK in equal parts (Table 2.2). The observed, post-processed 

and calibrated βo (section 2.5.1) from the Vaisala CL31 at the Marylebone Road site (MR), in London 

(Figure 2-8) is compared to βm.  

Vertical profiles of absolute difference in attenuated backscatter (Δβ = βm – βo,) on 19 January 2016 

are typically ± 5 × 10-6 m-1 sr-1 (Figure 2.C.1c). Furthermore, the sign and magnitude of Δβ vary 

throughout the day (Figure 2.C.1a). During the day, below ~150 m, Δβ is positive, whereas above 

~150 m, Δβ is negative. This positive and negative Δβ pattern is partially due to insufficient boundary 

layer growth in the UKV compared to reality. If the UKV boundary layer had developed to reach 

greater heights, the near surface mMURK could be increasingly mixed vertically, modifying mMURK near 

the surface and aloft, and hence changing Δβ. The weak mixed layer growth is likely associated with 

underestimated modelled sensible heat fluxes in central London. Figure 2.C.2 shows estimated 

sensible heat flux at two locations in the UKV: MR (QH.MR) and for a grid box overlaying a nearby 

site at King’s College London (KSS45W, QH.KSS45W). Figure 2.C.2 also shows eddy covariance 

observations of sensible heat flux at KSS45W (Qo,KSS45W). Both QH.MR and QH.KSS45W are low compared 

to Qo,KSS45, especially during mid-day, despite the relatively high vegetation cover in the MR grid cell 

from Regent’s Park (Figure 2-8). Parks typically have lower sensible heat fluxes compared to urban 

areas, due to more energy being partitioned into the latent heat flux. However, given that the 
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modelled flux is very low at both MR and KSS45W grids, the higher vegetation fraction of the MR 

grid cell likely does not explain the small modelled QH,MR. 

Low estimates of sensible heat fluxes might be partially due to inaccuracies in the modelled cloud 

amount and position. Though 19 January 2016 was mostly clear of cloud, some cloud was present in 

the morning (Figure 2.C.3). Positive model estimates of cloud volume fraction were estimated as low 

as 2 km compared to observed cloud at ~3.5 km. The presence of lower cloud in the model could 

have reduced the surface insolation, therefore increasing stability and leading to weaker boundary 

layer development. As radiation variables were not archived from the UKV, their impact on the 

modelled surface energy balance could not be assessed here. 

For any NWP model, this analysis suggests that vertical mixing is important for accurately estimating 

βm. Insufficient vertical transport of mMURK within the NWP leads to a positive Δβ bias near the surface 

and negative discrepancies aloft.  

 

Figure 2.C.1: Vertical profiles of attenuated backscatter [m-1 sr-1] that are a) observed (βo) with estimated 

mixed layer height (red crosses, Kotthaus and Grimmond, 2017) and b) forward modelled (βm) with the 

aerFO (section 2.4). c) Attenuated backscatter absolute difference (Δβ = βm - βo) calculated using the hourly 

βm vertical profile and the vertical profile of βo nearest in time; d) UKV aerosol mass mixing ratio (m) [μg 

kg-1] and e) UKV relative humidity (RH) [%]. All fields are for 19 January 2016 at MR (Figure 2-8). Peak 

values of m are ~140 μg kg-1. Note that (a-b) are plotted on a log scale and panel (c) colour bar has a range 

of ±5 × 10-6 m-1 sr-1 on a symmetric log scale.   
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Figure 2.C.2: Sensible heat flux (QH) [W m-2] from the UKV at MR (QH,MR) and KSS45W (QH,KSS45W) both 

at a height of 73.0 m agl, and observed with a CSAT3 sonic anemometer (QH,o) at KSSW (Figure 2-8) for 

the 19 January 2016. 

 

 

Figure 2.C.3: Cloud volume fraction from the UKV [fraction] (blue) and cloud base height from CL31-C 

(red crosses) for MR on 19 January 2016. UKV heights are model level heights, CL31-C heights are height 

above ground. 
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Appendix 2.D Variation in ratio of modelled to observed attenuated 

backscatter with respect to modelled relative humidity and aerosol. 

The βm/βo ratio versus RH with mMURK indicated (colour) allows further understanding of how the two 

attenuated backscatters vary more generally (Figure 2.D.1). βm/βo is often low (mean ratio = 0.53 at 

MR), with the smallest values typically occurring when mMURK was relatively low (< ~ 30 μg kg-1). 

Lower mMURK will lead to smaller mean dry radii (rmd) and mean number concentration (N) estimates, 

which generate a lower extinction coefficient and βm. Consequently, this also limits the effect of RH 

as it is parameterised as an extinction enhancement; this means that βm/βo with relatively low mMURK 

values do not increase greatly with increasing RH (Figure 2-14). βm/βo increases with larger values 

of mMURK (> ~ 30 μg kg-1), which reflects the larger estimates of rmd and N values and the relatively 

larger impact of extinction enhancement from RH. In addition, the increased sensitivity to RH at 

higher mMURK leads to an increased scatter, as RH errors have a larger impact on βm. 

 

Figure 2.D.1: Ratio of modelled attenuated backscatter to observed attenuated backscatter (βm / βo) verses 

UKV relative humidity (RH), with the UKV aerosol (m, colour) indicated, for MR. βm values for 21.7 m agl, 

which corresponds to the ALC’s second range gate. m and RH for 5 m agl. Nearest time of βo vertical profile 

is compared to each βm profile (261 profiles, from 12 days, Table 2.3). 
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 Observed aerosol characteristics to improve forward-

modelled attenuated backscatter in urban areas 

Abstract 

Numerical weather prediction (NWP) models often parameterise aerosols to reduce computational 

needs, while aiming to accurately capture their impact adequately. Increasingly, aerosols are 

monitored in-situ directly and/or indirectly (e.g. by automatic lidars and ceilometers, ALC). ALC 

measure the aerosol optical characteristic of attenuated backscatter. This can also be estimated using 

forward models that combine forecast aerosol and relative humidity to parameterise aerosol physical 

and optical characteristics. The aerFO is one such forward model, designed to use Met Office NWP 

model output and parameterisations from the MURK visibility scheme. Given the aerFO-MURK 

scheme link, assessing the aerFO and its output could therefore be used to inform future 

developments of the MURK scheme. To identify which parameterised physical and optical aerosol 

characteristics in the scheme are the most critical in urban settings, aerFO is driven with different in-

situ aerosol observations at a background site in central London. Estimated attenuated backscatter is 

then assessed against ALC observations. It is shown that the original MURK scheme 

parameterisation underestimates the variance of both dry mean volume radius and total number 

concentration. Representing both the accumulation and coarse mode aerosols in the aerFO reduces 

the median bias error of estimated attenuated backscatter by 69.1 %. Providing more realistic 

temporal (monthly to hourly) variability of relative mass for different species leads to little 

improvement, compared to using monthly climatological means. Numerical experiments show that 

having more realistic estimates of number concentration is more important than providing more 

accurate values of the dry mean volume radius for the accumulation mode. Hence, improving the 

parameterisations for number concentration should be a main focus for further development of the 

MURK scheme. To estimate aerosol attenuated backscatter, the aerFO requires an extinction-to-

backscatter ratio (i.e. the lidar ratio). In addition to forward modelling, the lidar ratio can also be used 

with ALC attenuated backscatter to calculate aerosol properties estimated in aerosol forecasts. Here, 

a model is developed that estimates the ratio using in-situ observations of the number, size 

distribution and speciation of aerosol masses. The values of lidar ratio derived at the London 

background site (14 – 80 sr across selected common lidar wavelengths) compare well to the literature. 

However, the modelled lidar ratio is unexpectedly correlated to relative humidity. Further, a stronger 

dependence exists at shorter wavelengths (355 and 532 nm) compared to longer wavelengths (905 

and 1064 nm); this is due to the critical relation of lidar wavelength to aerosol size. 
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 Introduction 

Forecasting aerosol characteristics accurately is important, due to their impact on radiation budgets 

and visibility (Roessler and Faxvog, 1981; Seinfeld and Pandis, 2016; Stull, 1988). Understanding 

the impact of various aerosol characteristics on radiation forecast accuracy would be beneficial for 

the development of efficient aerosol parameterisations while minimising additional computational 

resources, as some aerosol species may impact radiation differently.  

Currently, it is computationally expensive to use numerical weather prediction (NWP) models with 

explicit representations of multiple aerosols characteristics, such as mass by species and total number 

concentration. NWP aims to balance computational cost and forecast accuracy by including aerosol 

characteristics that are the most critical for the latter. For example, the ECMWF Integrated 

Forecasting System (IFS) (native resolution up to ~ 9 km) contains mass mixing ratios for sea salt, 

desert dust, organic matter, elemental carbon and sulphate separately (Benedetti et al., 2009; 

ECMWF, 2018).  

High-resolution Met Office (MO) NWP models, such as the MO UKV (variable resolution 1.5 km 

inner, 4 km outer domain) (Tang et al., 2013) only explicitly include the total dry mass of bulk aerosol 

to minimise computational expense (Clark et al., 2008). All other characteristics in the MO UKV, 

such as number concentration and mass mean radius, are parameterised from the estimated mass 

through the ‘MURK’ visibility scheme, which produces a visibility diagnostic from the aerosol 

characteristics and humidity. Estimating the multiple aerosol characteristics with greater accuracy 

could help improve MO operational weather forecasts for visibility, and potentially radiation, if 

aerosol is later coupled to the radiation scheme.  

Increasingly, in-situ observations in cities include multi-site campaigns to understand spatio-

temporal variations in aerosol characteristics, such as particle mass (PM, total mass of particulate 

matter below a given size), size distributions and composition (Crilley et al., 2017; Hama et al., 

2017a; Harrison et al., 2012; Klompmaker et al., 2015; Young et al., 2015). Extended routine aerosol 

monitoring provides further information about inter-annual variability with a wider range of 

meteorological conditions (Hofman et al., 2016; Ruths et al., 2014); relative importance of aerosol 

sources in cities that vary both temporally and spatially with regional background (Abdalmogith and 

Harrison, 2006); long-range transport (Abdalmogith and Harrison, 2005); and local sources within 

cities such as transport, construction and fuel burning (Liu et al., 2014; Ye et al., 2013). Interaction 

between these sources creates a highly diverse aerosol composition with spatial and temporal (hourly 

to interannual) variations (Stachlewska et al., 2018). 

Alongside in-situ aerosol observations, automatic lidars and ceilometers (ALC; Wiegner et al., 2014) 

are being deployed (Flentje et al., 2010b; Illingworth et al., 2007; Met Office, 2017; Osborne et al., 

2018; Pappalardo et al., 2014). Further, ceilometers are becoming increasingly sensitive with 
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measurements and becoming more comparable to sophisticated lidars, such as Raman (Heese et al., 

2010; Madonna et al., 2018, 2014; Song et al., 2017). ALC observations have been used to derive 

information on aerosol and meteorological conditions, including mixed layer height (Kotthaus and 

Grimmond, 2018b; Wagner and Schäfer, 2015) and, in the absence of hydrometeors (cloud, 

precipitation and fog), relations between attenuated backscatter (β) and PM concentrations (Münkel 

et al., 2004; You et al., 2016). Calibrated and corrected ALC measurements provide the optical 

property of β, rather than a direct measurement of physical aerosol characteristics. Thus, aerosol 

forward operators (FO) are required to relate aerosol physical properties to β. They allow for the 

estimation of attenuated backscatter (βm) from both NWP or chemistry transport model output of 

aerosol parameters for use in model evaluation or in data assimilation (Benedetti and Dabas, 2016; 

Chan et al., 2018; Charlton-Perez et al., 2016; Geisinger et al., 2017). One such forward operator 

(hereafter aerFO, section 2.4), uses a bulk mass of dry aerosol (m) [kg kg-1] and RH as inputs, to 

estimate βm for clear-sky conditions (i.e. without hydrometeors). aerFO, originally built for the MO 

MURK visibility scheme (Clark et al., 2008), shares some parameterisations with the MURK scheme 

to estimate aerosol physical properties, but with a revised approach to estimate aerosol optical 

properties for multiple laser wavelengths. 

One important aerosol optical property is the ratio between particle extinction and particle 

backscatter, called the lidar ratio (S) (Song et al., 2018), and depends on the refractive index and size 

distribution of the aerosol particles (Müller et al., 2007). S can be used to solve the lidar equation 

with elastic-backscatter lidars, to recover the particle extinction coefficient (Fernald, 1984; Klett, 

1981), or to derive further aerosol properties including aerosol optical depth (AOD) (Seinfeld and 

Pandis, 2016). S has been calculated both directly from Raman lidars (Müller et al., 2007; Papayannis 

et al., 2005; Wang et al., 2016) or high spectral resolution lidars (Burton et al., 2012; Hair et al., 

2008; Reid et al., 2017), and indirectly from sunphotometers (Cattrall et al., 2005). However, all 

instruments have inherent limitations. Due to the high cost, very few Raman lidars are available and 

usually they are not operated continuously. Further, they only achieve complete optical overlap 

several hundred metres above the surface (Li et al., 2016; Wandinger and Ansmann, 2002) so near-

surface aerosols are not well observed. Sunphotometers measure AOD, an integrated value for the 

total atmospheric column, that cannot differentiate near-surface contributions from those aloft. 

Hence, to derive S using a sunphotometer requires additional aerosol modelling (with inherent 

assumptions) without additional instrumentation (Dubovik and King, 2000). Furthermore, few 

instruments with the capability to derive S are being operated in urban measurement networks 

because of general constraints such as accessibility, communications and security (Muller et al., 

2013). As the lidar ratio in cities is usually lower than that for background continental aerosol types 

(Müller et al., 2007), applying values representative of rural settings may create uncertainty in urban 

studies of derived aerosol optical properties. Hence, further analysis of urban-based aerosol 
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measurements (i.e. beyond Raman lidars or sunphotometers) could help determine lidar ratio values 

that are more representative of urban settings. S has been derived from aerosol observations using 

Monte-Carlo analysis with assumed aerosol particle size distributions and refractive indices (Barnaba 

et al., 2007; Dionisi et al., 2018), though without accounting for aerosol speciation. This may 

introduce uncertainty as aerosol species have widely varying optical properties (section 2.6.2). The 

Monte-Carlo values are broadly applicable to continental aerosol, but without the temporal variability 

of aerosol characteristics typical in urban environments (Hama et al., 2017b). A new approach to 

derive S from urban aerosol observations could improve the understanding of S variability in cities. 

This study is structured in two parts. First, a method is presented to estimate S at a range of common 

lidar wavelengths based on in-situ aerosol observations collected at an urban background site. 

Second, aerFO is used to assess the relative importance of different aerosol properties in the accurate 

estimation of forward modelled attenuated backscatter (βm). For this, parameterised aerosol 

characteristics are successively replaced by more realistic estimates derived from observations. 

Results can then inform future design of aerosol schemes in MO NWP models with respect to 

estimating optical properties, by suggesting which aerosol characteristics should be prioritised for 

inclusion or improvement in the NWP models. 

 

 Methods 

An improved version of the forward operator, aerFO (first outlined in section 2.4), is used to model 

vertical profiles of attenuated backscatter. Improvements to the aerFO look-up-tables (LUT) are 

based on observations taken at North Kensington (NK) (Figure 3-1) and outlined in section 3.2.3. 

3.2.1 Observations  

Measurements of attenuated backscatter (βo), aerosol properties and relative humidity (RH) are 

collected at an urban background site (NK) in the London Air Quality Network (LAQN) (DEFRA, 

2018a).  

Vertical profiles of βo are observed with a Vaisala CL31 ALC (Table 3.1), that is part of the London 

Urban Meteorological Observatory (LUMO; http://micromet.reading.ac.uk/), and has been used in 

pervious boundary layer studies (Kotthaus et al., 2018, 2016). βo is corrected for instrument-related 

background and near-range artefacts (Kotthaus et al., 2016). A centred moving average is applied in 

time and space, using 25 min windows (101 time steps) and 110 m (11 range gates), to increase the 

signal-to-noise ratio (SNR) (section 4.2 in Kotthaus et al., 2016). The CL31 reaches complete overlap 

at 70 m (Kotthaus et al., 2016). Insufficient optical overlap is corrected for internally by the sensor 

firmware. βo from the second range gate is used in this study (20 m above ground level), which is 

http://micromet.reading.ac.uk/
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approximately the average of the lowest 7 range gates (70 m). βo from the first range gate is not used 

due to its relatively high noise (Kotthaus et al., 2016). 

Calibration coefficients were computed for periods using the ‘stratus cloud’ method, which has been 

shown to produce stable estimates (±5 % over 2015) (Hopkin et al., 2019). Coefficients produced 

here are interpolated for days between status conditions, with key changes in window transmission, 

instrument hardware and software changes accounted for (section 2.5.1). Daily calibration 

coefficients are applied to the smoothed profiles.  

The manufacturer-specified central wavelength of the CL31 is 905 nm. The central wavelength 

uncertainty is ± 10 nm and full width half maxima (FWHM) is 4 nm (Kotthaus et al., 2016; Wiegner 

and Gasteiger, 2015). To incorporate this wavelength spectrum into our estimates of aerosol optical 

properties, we use the FWHM to define a Gaussian weighting function to calculate the dry Mie 

extinction efficiency (Qext,dry), extinction enhancement factor (fext,rh) with a dependency on RH, and 

the water vapour extinction coefficient (σext,wv) with a dependency on ambient water vapour mass 

mixing ratio (rv) (section 3.2.3 gives an updated overview of aerFO variables).  

Comparison of aerFO-derived βm and observed βo is undertaken using seven clear-sky days when all 

variables (aerosol variables, backscatter and RH) are observed, ensuring a fair comparison between 

all the aerFO experiments. Clear-sky days were defined as those where the number of observed 

backscatter profiles with cloud, from each ceilometer between midnight and midnight, was below 5 

% . Although this intentionally strict criterion reduces the number of case studies, it minimises the 

impact of cloud on local radiation budgets and consequently simplifies aerFO analysis. More general 

application of the aerFO is less stringent on cloud amount, for example forward modelling aerosol 

backscatter below cloud. 

As no RH observations are conducted at the NK site, measurements from a different central London 

LUMO site (KCL; 6.8 km southeast of NK, Figure 3-1) are used instead as input to parameterise the 

swelling and drying of aerosol particles. To assess how well the KCL RH measurements also 

represent NK, Pearson correlation between two MO UKV NWP model grid boxes containing the 

respective sites is calculated for hourly RH from 30 clear sky days from 2014 to 2015. RH at both 

locations varied between 40 and 95 % and a good correlation (> 0.99) was found (Table 3.1). An 

additional 2 clear days were present in between 2014 and 2015 but had near saturated conditions and 

were not included in the sample. 

With measurements of the mass of ammonium sulphate and ammonium nitrate aerosol unavailable, 

we use the CLASSIC aerosol scheme (Bellouin et al., 2011; Martin et al., 2006) to model these with 

the observed mass of reactants (Table 3.2). This assumes the entire ammonium (NH4) reacts with 

sulphate (SO4) preferentially, and only the remaining NH4 reacts with nitrate (NO3). Sea salt mass is 

calculated from observed chlorine (Cl) mass, assuming all Cl atoms were contained in sea salt. 
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Ammonium nitrate, ammonium sulphate and sea salt aerosol 15 min mass data are averaged to hourly 

resolution. To obtain hourly masses of elemental carbon (EC) and organic carbon (OC), the daily 

masses are linearly interpolated due to the lack of additional information. As a large proportion of 

EC is black carbon (strongly absorbing particles, Briggs and Long, 2016), the density and shape 

factor of black carbon have been used from the literature for EC.  

Two aerosol particle diameter size ranges are measured at NK (Table 3.1):  

(i) Smaller sizes (0.016 – 0.6 μm): Scanning Mobility Particle Sizer 3081 (SMPS; TSI, 2009) with a 

Condensation Particle Counter 3775 (CPC; TSI, 2007) operated by King’s College London 

Environmental Research Group (ERG) and National Physics Laboratory (NPL) measures dried 

particle diameters. 

(ii) Larger sizes (0.5 – 20 μm): Aerodynamic Particle Sizer 3321 (APS; TSI, 2004) operated by 

DEFRA. Measurements of ionic components of PM10 by an URG-9000B Ambient Ion Monitor 

(DEFRA, 2018b; URG, 2011) are used to determine ammonium nitrate, ammonium sulphate and sea 

salt aerosol proportions. PM10 is sampled onto filters (Tissuquartz™ 2500 QAT-UP) with a Partisol 

2025 sequential air sampler (DEFRA, 2018b; Thermo Fisher Scientific, 2015) and analysed for EC 

and OC using a Sunset Laboratory thermal–optical analyser according to the QUARTZ protocol 

(with very similar results to EUSAAR 2: Cavalli et al., 2010) (Beccaceci et al., 2013). Particles are 

measured at ambient RH. 

Table 3.1: Observations from North Kensington (NK) (Figure 3-1) operated by LUMO (Kotthaus and 

Grimmond, 2018b, 2014) and Environmental Research Group (ERG) LAQN (Mittal et al., 2016). † Particle 

number distribution data from two instruments (by diameter size) are combined to extend the range of particle 

sizes used to estimate aerosol optical properties (section 3.2.3). * RH from King’s College London (KCL) is 

used. 

 

Variables Instrument Sampling  Period Source 

Attenuated backscatter βo Vaisala CL31 15 s, 10 m 01/01/2014 – 

31/12/2015 

LUMO 

NK 

PM10  

by 

species 

 

Ammonium sulphate 

[(NH4)2SO4] 

URG-9000B AIM 15 min 02/02/2011 – 

07/02/2018 

ERG/ NPL 

NK 

Ammonium nitrate 

[NH4NO3] 

15 min 

Sea salt [NaCl] 15 min 

Elemental carbon (EC) Partisol 2025/Sunset Daily 

Organic carbon (OC) Daily 

Particle number distribution † SMPS 3081  

(with CPC 3775) 

~0.016 – 0.6 μm,  

51 size bins (small) 

01/01/2014 - 

31/12/2015 

ERG/ NPL 

NK 

APS ~0.5 – 20.0 μm,  

52 size bins (large) 

01/01/2014 – 

31/12/2015 

ERG UK 

Relative Humidity RH * Vaisala WXT520 5 s 01/01/2014 – 

31/12/2015 

LUMO 

KCL 
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Table 3.2: Aerosol species modelled: ammonium sulphate, ammonium nitrate and sea salt. Mass calculated 

from respective reactants observed. † Elemental carbon assumed to be completely hygrophobic. * 

Efflorescence and deliquescence limits taken from swelling method source. Varutbangkul et al. (2006) found 

no efflorescence or deliquescence limits for organic carbon. ̂  shape factor (χ) used if particles are on the ‘dry’ 

branch of the hysteresis curve. See Table 3.1 for aerosols species. Sources: Fi75 Fitzgerald (1975) Sc07 

Schkolnik et al. (2007), SP16 Seinfeld and Pandis (2016), Va06 Varutbangkul et al. (2006), Ze06 Zelenyuk et 

al. (2006), Zh16 Zhang et al. (2016),  

 

The SMPS and APS datasets together cover a large range of particle sizes, enabling a more 

representative estimate of aerosol physical and optical properties to be derived. Unfortunately, the 

SMPS and APS observe aerosol particle diameters in slightly different ways. The SMPS provides 

the mobility diameter (Dm) or particle diameter relative to a perfect sphere with the same electrical 

mobility in a constant electrical field (DeCarlo et al., 2004). The APS provides aerodynamic diameter 

(Da) or diameter relative to an aerodynamic property measured (DeCarlo et al., 2004). Therefore, to 

merge these datasets together, both are first converted to a common particle size, i.e. the volume 

equivalent diameter (Dv). Dv is based on particle surface area, and chosen as it is more closely related 

to aerosol optical properties (e.g. extinction coefficient) than Dm or Da (Seinfeld and Pandis, 2016). 

The diameter conversions to Dv are done prior to computing particle optical properties based on Mie 

theory.  

The diameter conversion equations require additional aerosol parameters that can vary slightly by 

species (Table 3.2). For instance, the dynamic shape factor (χ) is needed to convert Dm and Da to Dv, 

and the particle density (ρp) is also required to convert Da to Dv. χ describes the sphericity of a particle: 

χ = 1 for a perfect sphere and χ > 1 for non-spherical particles (Hinds, 1999). Often the Cunningham 

slip correction factor (Cc) is used when converting between equivalent diameters to account for the 

no-slip condition for small particles (Seinfeld and Pandis, 2016). However, we assume Cc can be 

ignored as the contribution by small particles (< ~ 0.07 μm) to the optical properties of total aerosol 

is negligible (section 3.3.2). 

From the merged number distribution, three aerosol mode ranges are defined (Dv: fine < 0.08 μm; 

accumulation 0.08 – 0.8 μm; coarse > 0.8 μm). These are interpreted based on the mean dV/dlogD 

Aerosol 

species 

Estimated 

from 

observed 

reactants 

Swelling 

method 

applied 

Efflorescence 

* relative 

humidity [%] 

Deliquescence 

* relative 

humidity [%] 

Dynamic shape 

factor  

Density  

 

χ ^ Source 
ρp  

[kg m-3] 
Source 

(NH4)2SO4 NH4, SO4 Fi75 30 81 1.0 SP16 1770 n/a 

 NH4NO3 NH4, NO3 Fi75 30 61 1.0 n/a 1720 n/a 

OC n/a Va06 n/a n/a 1.0 Ze06 1100 Sc07 

EC n/a n/a † n/a n/a 1.2 Zh16 1200 Zh16 

NaCl Cl Fi75 42 75 1.08 SP16 2160 n/a 
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of the dry particle number distribution (where V is the volume) between 1 January 2014 – 31 

December 2015 at NK. 

 

Figure 3-1: LUMO (CL31, WXT) and LAQN measurement sites in central London and surface cover type 

(data source described in Lindberg and Grimmond, 2011); within Greater London and the British Isles 

(insets). 

3.2.2 Using observations to model the lidar ratio 

The extinction-to-backscatter ratio, or lidar ratio S, is a key component of aerFO as it links the 

modelled extinction to the modelled backscatter. As is common (Doherty et al., 1999; Müller et al., 

2007), the aerFO used in Chapter 2 assumed a constant value (S = 60 sr-1, typical of continental 

aerosol) to estimate βm from σext. Here, a more detailed parameterisation is developed to model S 

using aerosol observations of particle size distribution, speciated aerosol mass and RH. S in aerFO 

can then be updated with estimates from the parameterisation. 

To estimate S (Figure 3-2), the overall approach is to model the aerosol optical properties based on 

the aerosol physical properties, including the observed dry number distribution by aerosol species 

(Naer(D)) binned by diameter (D). The extinction and backscatter properties for each aerosol species 

(Table 3.2) are modelled separately, assuming an external aerosol mixture. Hygroscopic growth and 

consequential changes in the complex index of refraction of each aerosol species, from additional 

water, are also parameterised.  

Initially, with only non-speciated observations of dry number distribution by diameter (Nobs(D)) 

available, Naer(D) are estimated by speciating Nobs(D) using observed hourly PM10 mass of different 

aerosol types (maer, Figure 3-2, part 1). maer is used with observed aerosol density of each species 

from the literature (ρaer, Table 3.2) to create volumetric weights (Vweight,aer; ratio of each species (Vaer) 
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to total aerosol (Vtot) volume). The Vweight,aer provide a priori weights for each bin of Nobs(D) to obtain 

Naer(D) by species:  

𝑁𝑎𝑒𝑟 = 𝑁𝑜𝑏𝑠(𝑉𝑎𝑒𝑟 𝑉𝑡𝑜𝑡⁄ ) (3.1) 

After estimating Naer(D) for each species, the hygroscopic effects on aerosol particles are 

parameterised. As RH increases, hydrophilic aerosol particles swell (i.e. increase in size) with water, 

and the complex index of refraction changes, reaching some state between that of a dry particle and 

a water droplet (Haeffelin et al., 2016). For hydrophilic species, the parameterised physical growth 

of each binned diameter follows the CLASSIC aerosol scheme (Bellouin et al., 2011) such that the 

swollen diameters Dwet,aer and dry diameters Ddry,aer are calculated using ambient RH. In this study, 

the hygroscopic parameterisations require the observed dry SMPS particle sizes to be swollen to find 

Dwet,aer, and the observed humidified APS particle sizes to be dried to find Ddry,aer. Once Ddry,aer and 

Dwet,aer for the merged number distribution are calculated, the physical growth factor gaer is estimated 

(Figure 3-2 part 2). gaer is used with the size parameter Xaer (eqn. 15.6 in Seinfeld and Pandis, 2016) 

for each size bin and each species, to estimate the mixed complex index of refraction between that 

of dry aerosol and of pure water (nwet,aer) using the volume mixing method (Liu and Daum, 2008). 

Once Dwet,aer and the mixed complex index of refraction are calculated, Mie scattering code is used 

with the swollen particles to calculate the optical properties: extinction and backscatter efficiencies 

(Qext,aer, Qback,aer), and extinction and backscatter cross-sections (Cext,aer, Cback,aer). The Mie scattering 

code used was written with a module for Python 2.7 (pymiecoated, version 0.1.1: 

https://code.google.com/archive/p/pymiecoated/). Following this, the total extinction and backscatter 

for each aerosol species (σext,aer, σback,aer) is calculated using Naer(D) with Cext,aer and Cback,aer, 

respectively. The sum of σext,aer, and σback,aer is used to compute the overall extinction (σext) and 

backscatter (σback). Finally, S is computed as the ratio of σext to σback  (Figure 3-2, part 3). 

As optical properties of aerosol particles are highly sensitive to particle size (Jacobson, 2005), the 

number and arbitrary position of diameter bins in the observed number distribution can affect the 

final modelled σext,aer, σback,aer and S results. To minimise the impact of number and arbitrary bin 

diameter sizes on optical property results, we follow Geisinger et al. (2017 section 2.2.4) in part 2 

(Figure 3-2). This increases the total number of diameter bins by a factor of 4, by interpolating 

between the adjacent diameter bins. Xaer and nwet,aer are calculated for each interpolated bin, and the 

optical properties for each original bin (Di) are derived as the average of the interpolated bins for that 

size interval.  

https://code.google.com/archive/p/pymiecoated/
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Figure 3-2: Lidar ratio (S) calculation flow chart. The main inputs are diameter bins (D), number 

distribution by diameter (Nobs(D)), and aerosol species mass at a given size range (maer), e.g. PM10, and 

relative humidity (RH). See Chapter 3 notation and abbreviations table for a full notation list. 

For some particles (both pure and mixed species aerosol), particle hygroscopic growth has been 

observed to exhibit hysteresis (Figure 3-3) with a differing shrinking and growing relation as RH 

changes (Fierz-Schmidhauser et al., 2010; Tang and Munkelwitz, 1994). Thus, these particles have 

no simple relation between RH and their extinction coefficient. For example, many particles that are 

originally dry, solid and without any water condensation on them, can be defined as being below 

their efflorescence RH limit and on the lower branch (Figure 3-3, red). Particles already swollen 

through hygroscopic growth that are liquid solutions containing aerosol, can be defined as being 

above their deliquescent RH limit and on the upper branch (Figure 3-3, blue). When ambient 

conditions change so that RH is between these limits, the particles may not shrink or swell until they 

reach the other RH limit (Figure 3-3, grey). Particles originally above the deliquescence RH limit 

may remain relatively large, despite a decrease in RH until the critical efflorescence limit is reached, 

at which point the particle suddenly crystallises and loses all remaining condensed water (Tang and 

Munkelwitz, 1994). Conversely, dry particles below the efflorescence RH limit may stay dry and 

solid as ambient RH increases until reaching the deliquescent RH limit, then suddenly swell with 

water. 

Given the importance of particle size on aerosol optical properties, the hysteresis effect was 

incorporated into the model to estimate S. The magnitude of the hysteresis effect for ambient aerosol 

varies by aerosol species (Figure 5 in Fierz-Schmidhauser et al., 2010). Consequently, we 

parameterise the hysteresis effect for ammonium sulphate, ammonium nitrate and sea salt separately 

(Table 3.2; Figure 3-3). Originally dry particles (beginning below efflorescence limit) did not swell 

and were treated as being in a ‘dry’ crystalline state (s1, s2). Once RH exceeds the deliquescence limit 

(per aerosol type) the parameterised particles are considered to be in a ‘wet’ liquid state (s3, s4) and 

their growth follows the aerosol type swelling method (Table 3.2). While in the ‘wet’ state, the 

growth of particles continues due to swelling until RH falls below the efflorescence limit. Particles 
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then return to a ‘dry’ state and no swelling method is applied. Hysteresis is not assumed for OC as 

its efflorescence and deliquescence limits are unclear and the hygroscopic growth has been observed 

to be smooth without an apparent hysteresis (Varutbangkul et al., 2006).  

The magnitude of the hysteresis effect is based on the difference between s3 and s2 and varies by 

aerosol species and dry particle size. More hygroscopic species have the largest hysteresis effect 

because of the larger difference of gaer between the s3 and s2 branches. For instance, dry 1.1 ×10-8 µm 

ammonium sulphate particles on the s2 branch can be ~ 30 % smaller compared to swollen 

ammonium sulphate particles on the upper s3 branch. Further, dry 1.1 ×10-8 µm sea salt particles can 

be twice as small compared to swollen sea salt particles on the upper s3 branch.  

 

Figure 3-3: Schematic of the particle physical growth factor (gaer) hysteresis with RH. A particle is assumed 

to be in either a dry (s2) or wet (s3) state when between the efflorescence (eff) and deliquescence (del) RH 

limits. ‘Dry’ particles at s1 move to s2. Once the ambient RH reaches the deliquescence RH limit particles 

move from s2 to the s4 branch. ‘Wet’ particles at s4 move to s3 and once the ambient RH reaches the 

efflorescence RH limit the particles have a dry branch response (s1). This is based on observations 

presented in Table 3.2. 

 

 

3.2.3 Overview of aerFO  

A complete description of the original aerFO was presented in section 2.4. In Chapter 3, an updated 

version of the aerFO is used with a brief outline presented in this section, including the updates.  

aerFO is designed to estimate clear-sky βm, using bulk mass of dry aerosol (m) [kg kg-1] and RH from 

NWP as inputs. However, observations can also be used. Clear-sky conditions are defined as sub-

saturated conditions based on the input RH, where no hydrometeors, such as cloud, fog or rain impact 

βm, and where βm is dominated by aerosol backscatter. 

Initially, aerFO estimates the bulk aerosol physical properties of the aerosol accumulation mode, 

including dry mean radius (rmd) and total number concentration (N) using observed and empirically 

derived constants (Figure 2-7, part 1). These include the ‘standard’ climatological mean dry mass of 
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aerosol (m0), climatological volume mean radius for the aerosol mode (r0), climatological mean total 

number concentration for the aerosol mode (N0) and a scaling factor (p). Following the MO visibility 

scheme (Clark et al., 2008) for the parameterisations of N and rmd, a fixed geometric standard 

deviation (dg) of 1.7 is used for the accumulation mode as calculated from observations. Properties 

calculated include: aerosol optical (e.g. Qext,dry and σext; Figure 2-7, parts 2 – 3), backscatter and 

transmission (Figure 2-7, part 4). aerFO can represent multiple aerosol modes (e.g. fine, 

accumulation and coarse) by calculating σext,aer (Figure 2-7, parts 1 – 2) for each mode and adding 

them to obtain the overall σext,aer. The effect of water vapour absorption (σext,wv) is also included in the 

total extinction coefficient (σext). 

For computational efficiency, Qext,dry and fext,rh (Figure 2-7, part 2) are pre-calculated for aerFO. As 

the relative composition of aerosols may vary (e.g. by month, Young et al., 2015), a monthly 

climatology of urban aerosol composition is derived from NK aerosol observations (Table 3.2, 

section 3.2.1). 

Look up tables (LUT) are derived for fext,rh based on the geometric mean radius (rg), using 

SOCRATES (Manners et al., 2015) Mie scattering code within the radiation suite. rg is estimated 

from rmd using linear regression based on observations for the aerosol accumulation mode (Appendix 

3.A). Relations between rmd and rg are derived for each aerosol mode separately (e.g. fine, 

accumulation and coarse mode in experiment 5; section 3.3.2). 

As shown in Chapter 2, N0 is highly sensitive to the defined size range of the accumulation mode. 

Therefore, the default aerFO N0 and the mean dry volume radius (r0) are re-calculated for NK, from 

the mean observed particle number distribution for the accumulation mode (Table 3.3) from the 

SMPS and APS measurements (Table 3.1). 

Table 3.3: Default input parameters for aerFO at NK (Figure 3-1) using all available data.  

 

3.2.4 Aerosol forward operator experiments 

The improvement in βm estimates when using observed aerosol characteristics (e.g. size, total 

number) is evaluated using a set of aerFO experiments (Table 3.4). For these we use observations 

(rather than NWP model forecasts) as inputs to aerFO. Since observations replace parameterised 

variables, βm is changed (Figure 2-7, part 1). For comparison, we define a control run (ID = 0, Table 

3.4), with physical properties N and rmd (Figure 2-7, part 1) estimated based on aerFO 

parameterisations, with measured PM10 mass and RH (Table 3.1). In experiments 1 – 7 (ID = 1-7),  

Site (type) Accumulation radius size range 

 [μm] 

N0  

[cm-3] 

r0  

[μm] 

NK (urban background) 0.04 – 0.4 1311 0.159 
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parameterised variables, such as N and rmd, are replaced by estimates from aerosol observations 

(Table 3.4). Experiments 1 – 3 consider the accumulation mode whereas experiments 4 – 7 address 

multiple aerosol modes (e.g. fine, accumulation and coarse). 

For experiments 1-3 we do the following: the previously parameterised N is replaced by observed N 

for the accumulation mode (ID = 1); the parameterised rmd is replaced by observed rmd for the 

accumulation mode (ID = 2); both an observed N and rmd are provided (ID = 3) to eliminate the need 

for a mass estimate as input to aerFO. Each subsequent experiment (ID > 3) uses further observations 

and accounts for more aerosol modes. In experiment 4, using observed N and rmd for two 

(accumulation and fine) aerosol modes allows assessment of the importance of the fine mode to 

accurately calculate the aerosol optical properties. To represent multiple modes in aerFO (Figure 2-7, 

parts 1 -3) each mode is treated separately when obtaining the extinction coefficient. Experiment 5 

uses observed N and rmd for the fine, accumulation and coarse aerosol modes. Experiment 6 is the 

same as 5, but with hourly aerosol composition used to calculate hourly varying Qext,dry and fext,rh 

LUT. Experiments 0 – 6 use a mean S (section 3.2.2), whereas 7 is the same as 6, but with hourly 

estimates of S. 

The experiments use seven clear-sky days (in 2014: 06/06; 03/07; and 2015: 07/03; 20/04; 21/04; 

04/06; 02/08) when all the required aerosol observational data are available for all the experiments. 

Although the evaluation of βm is done at 905 nm, βm can be computed for other ALC wavelengths 

(e.g. 355, 532, 1064 nm); this is not assessed as observations at other wavelengths are unavailable.  

Table 3.4: Experiments (ID) assumptions for number concentration (N) and optical properties as input to 

aerFO with which aerosol characteristics are replaced with observations measured at NK (Figure 3-1). All 

aerFO experiments use observed RH from KCL. Mode diameter ranges: < 0.08 μm (fine), 0.08 – 0.8 μm 

(accumulation) and > 0.8 μm (coarse). * control run. 

 

ID Aerosol variables estimated based on observations Aerosol observations used 

0* m = PM10 Particle mass 

1 N (accumulation mode) Particle number distribution (fine 

and coarse) 
2 rmd (accumulation mode) 

3 N, rmd (accumulation mode) 

4 N, rmd (fine and accumulation mode) 

5 N, rmd (fine, accumulation and coarse mode) 

6 N, rmd (fine, accumulation and coarse mode), Qext,dry, fext,RH Particle number distribution (fine 

and coarse) and mass by species 
7 N, rmd (fine, accumulation and coarse mode), Qext,dry, fext,RH, S 
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 Results 

3.3.1 Lidar ratio sensitivity to aerosol type and size 

Aerosol lidar observations are commonly conducted at typical Raman lidar channels (e.g. 355, 532 

nm) or at the wavelengths used by ALC (e.g. 905, 1064 nm). To account for differences in lidar 

wavelengths, the lidar ratio S is estimated from aerosol observations at NK at these four wavelengths 

(Figure 3-4). Across all wavelengths S varies between ~14 – 80 sr. This wide range of S and 

corresponding β (not shown) are similar to those obtained using aerosol characteristics with Monte-

Carlo methods (Barnaba et al., 2007; Dionisi et al., 2018). The 905 nm S average of 43.1 sr is similar 

to that measured in urban areas by Raman lidars (Müller et al., 2007; Stachlewska et al., 2018; Wang 

et al., 2016), but is low compared to that derived using sunphotometer observations (Cattrall et al., 

2005).  

To date, there is little published research on the relation between S and RH. These experiments 

suggest that for these given parameters, S generally has a positive linear relation to RH. This is 

strongest at ALC wavelengths 905 and 1064 nm (Pearson correlation of 0.83 and 0.78, respectively). 

The dependence of S on RH (Figure 3-4) is linked to the relation between the aerosol size distribution 

and S, and likely to the relative position of the accumulation mode size range (Figure 3-5). For OC 

and any particles in the ‘wet’ deliquescent state (section 3.2.2), particles swell or shrink in response 

to changing RH, as water vapour condenses onto or evaporates from them. Consequently, particles 

move up or down the curve (Figure 3-3). Many particles in the size distribution lie within the 

accumulation mode, with the smaller half of the accumulation mode largely lying on a monotonically 

increasing part of the curve, before the first maxima (e.g. ~ 0.2 μm at 355 nm and 0.5 μm at 1064 nm 

for most aerosol types). Consequently, for the hygrophilic particles on the increasing part of the 

curve, as RH increases and the particles increase in size, many of the particles collectively move up 

the curve which acts to increase the overall S of the combined aerosol. 

The variability in the relation between RH and S is further complicated by the variation in wavelength 

S is estimated for. In the accumulation mode size range (diameter: 0.08 – 0.8 μm), the number of 

inflection points varies with wavelength for all aerosol species considered (Figure 3-5). At the longer 

905 and 1064 nm wavelengths (Figure 3-5c, d), the first local maximum of S is associated with larger 

particles compared to the Raman channels (Figure 3-5a, b) so there are fewer inflection points across 

the accumulation size range (Figure 3-5, dashed lines). At shorter wavelengths (355, 532 nm) there 

are more inflection points within the accumulation range causing a more variable response (greater 

scatter) of S to changes in RH (Figure 3-4a, b). 

Additionally, S is influenced by the proportions of aerosol species at some wavelengths and 

humidities. At 355 (Figure 3-6) and 532 nm (not shown) and at low RH, S increases with greater 

relative EC abundance as EC absorbs radiation more efficiently than other aerosol types. However, 
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when RH increases, the relation between EC and S is less clear, this could be because the other 

hygroscopic aerosol types are in the ‘wet’ deliquescent state, so would have swollen and increased 

their size. Consequently, the swollen hygroscopic aerosol S values increase to a magnitude like or 

above those of dry (un-swollen) EC. Though the relation between EC and S is most pronounced at 

shorter wavelengths, it is unclear at longer wavelengths including at low RH (905, 1064 nm; not 

shown). In addition to the impact of aerosol proportion on S, a clear impact is found for fext,rh at 355, 

532, 905 and 1064 nm (905 nm shown in Appendix 3.B). 

Some assumptions made in calculating S may reduce S variability with changing RH (Figure 3-4). 

Applying Mie theory based on spherical particles might limit variability in S for both EC and 

hygroscopic particles at low RH, before the hygroscopic particles become swollen (i.e. pre-

spherical). Speciating N(D) evenly across all bins based on the total mass of each species available 

(section 3.2.2) likely does not portray the actual diversity in size distributions. This simplification 

does not allow individual species to contribute more to one specific mode; for example, sea salt could 

contribute more to the coarse mode.  

In the parameterisation of S (Figure 3-2) internal aerosol mixing is not considered. This would lead 

to a wide range of efflorescence and deliquescence RH limits for different particles and hence change 

the particle physical growth factor with respect to water (gaer). Omitting internal mixing likely means 

hysteresis-related variability is not fully represented. In laboratory conditions, Fierz-Schmidhauser 

et al. (2010) found a clear hysteresis effect on enhanced scattering from several pure aerosol species, 

but in field conditions with ambient aerosol hysteresis it was not always detected. Similarly, Smith 

et al. (2012) found that varying the proportions of organic material to ammonium sulphate changed 

the efflorescence and deliquescence RH limits of ammonium sulphate greatly, with any apparent RH 

limits eliminated once organic material volume fractions exceeded 0.6. 

Evaluation of βm (section 3.3.2) uses several different parameterisations of S (e.g. linear regression 

with RH) to help identify which should be the default in aerFO. Given this evaluation (not shown), 

as well as the remaining uncertainty and various causes for variability in estimating S, the mean S for 

each wavelength is used as the default value in aerFO. The mean S for 905 nm is 43.1 sr (median 

44.1 sr), calculated from a sample size of 4699 hours (across 17 months in 2014 – 2015).  
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Figure 3-4: Calculated lidar ratio (S, sr, Figure 3-2) as a function of relative humidity (RH) [%] and 

elemental carbon proportion of total aerosol (%, colour) at four wavelengths that are typical of: Raman 

lidar (a) 355, (b) 532 nm; and ALC (c) 905 (Vaisala CL31) and (d) 1064 nm (Lufft CH15MK). Calculated 

hourly using NK (Figure 3-1) data for the period 01/01/2014 – 31/12/2015. 

 

 

Figure 3-5: Lidar ratio (S, sr) of pure monodisperse aerosol species for four wavelengths (as Figure 3-4) 

using Mie scattering and assuming perfect sphericity. Accumulation diameter range (~80 – 800 nm) 

indicated (vertical dashed lines) (Figure 3-1).  

(a) 355 nm (b) 532 nm 

(c) 905 nm (d) 1064 nm 
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Figure 3-6: Calculated lidar ratio (S, sr) as Figure 3-4, but of relative humidity (%, x-axis) then by relative 

volume of elemental carbon to total aerosol (colour), for 355 nm. Median (box centre line), inter-quartile 

range (box edges), 5th and 95th percentiles (whiskers). Sample size below each box and whiskers. 

As EC and OC have a relatively high absorption of radiation compared to other ambient aerosols, 

their presence impacts the bulk aerosol absorption (Esteve et al., 2014). However, the imaginary 

component of the complex index of refraction (CIR) of these species (which governs absorption), as 

well as the physical growth factor of OC (gOC) from the absorption of water, are relatively uncertain 

due to the large number of chemical species present and the extent of external mixing (Esteve et al., 

2014). Measurements in areas with distinct aerosol sources (e.g. South American biomass burning 

(Kotchenruther and Hobbs, 1998; Figure 3 in Thornhill et al., 2018), biogenic sources in North 

America, (Lowenthal et al., 2009; Taylor et al., 2017)) highlight the vast uncertainty in gOC. Observed 

water soluble fractions of OC vary with location, between 20 and 65% of total OC (Du et al., 2014; 

Miyazaki et al., 2006; Sullivan et al., 2004; Zappoli et al., 1999), indicating the hygroscopicity of 

total OC. Uncertainty in gOC arises at NK as the OC sources differ from previous gOC studies, with 

urban contributions from cooking and fuel burning, and local vegetation differences. To explore the 

impact of CIR and gOC uncertainty on S variability, five combinations of variables at 905 nm are used 

(Table 3.5). For experiment 5, an adjusted gOC (growth is ~1/3 of fresh OC, model 2 in Kotchenruther 

and Hobbs (1998), hereafter KH98) gives the scattering enhancement factor closest to the literature. 
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Table 3.5: Experiment (ID) settings for calculation of lidar ratio S: physical growth factor (gOC) and imaginary 

component of the complex index of refraction (CIR) for organic carbon (OC) and elemental carbon (EC). 

Settings modified from default (shaded). Aged and fresh OC growth factors as per Met Office CLASSIC aerosol 

scheme (Bellouin et al., 2011). KH98 (Kotchenruther and Hobbs 1998) adjusted growth factor best reproduced 

the scattering enhancement observed. All values applicable for 905 nm. ID = 0 is control (section 3.3.2). 

 

The positive RH - S relation occurs in all experiments (not shown), with the range of S mostly 

unchanged. Sensitivity analyses suggest that the uncertainty of the imaginary component of CIR for 

OC and EC is small when estimating S at NK. Using either fresh or aged OC growth factor has a 

minor impact. Using KH98 adjusted gOC reduced the inter-quartile range (IQR) and the mean S (30.1 

sr, not shown). Hence, constraining gOC uncertainty is expected to reduce the lidar ratio uncertainty. 

This is in agreement with Esteve et al. (2014), who found the physical growth factor of OC to be 

important for the calculation of the bulk aerosol optical properties. However, their results also 

indicate that the uncertainty of the imaginary component of CIR should be accounted for, which is 

not considered critical in the current analysis.  

3.3.2 Improvement to forward-modelled attenuated backscatter using observed 

aerosol characteristics 

Multiple aerFO experiments are conducted with different combinations of aerosol observations to 

identify which aerosol characteristics are most important for estimating βm (section 3.2.4). Estimates 

of βm are compared with observed βo and summary statistics across all the experiments are shown in 

Table 3.6. Statistics computed include the Spearman rank correlation (RS) and Pearson correlation 

(RP) between βm and βo, as well as a normalised standard deviation (nSD = SD(βm )/SD( βo)). βm is 

most relevant for the near surface (height level of in-situ aerosol measurements), whereas βo was 

taken at 20 m above ground level (section 3.2.1).  

In the control experiment (ID = 0), PM10 is the aerosol mass m, used to parameterise N and rmd. 

Modelled and observed attenuated backscatter are highly correlated with both RS and RP (0.78 and 

0.74, respectively) and statistically significant (> 99.9 %). However, βm is generally underestimated 

with a median bias error (medBE) of ~ - 1.1 ×10-6 sr. The nSD is low (0.37, i.e. small modelled 

 

ID 

Physical growth 

factor (gOC) 

CIR imaginary 

component 

Species  OC OC EC 

0 Aged 0.006 0.700 

1 Aged 0.006 0.440 

2 Aged 0.010 0.700 

3 Aged 0.000 0.700 

4 Fresh 0.000 0.700 

5 KH98 adjusted 0.006 0.700 
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standard deviation) as the monotonic function of m (PM10, Figure 3-7) does not account for the large 

variance observed. 

In experiment 1 (ID = 1) observed aerosol number concentration of the accumulation mode replaces 

the parameterised N, bringing a slight reduction in error. The parameterised aerosol number 

concentration has slightly underestimated N when m > ~ 20 μg kg-1, compared to a locally weighted 

scatter smoothing function (Cleveland, 1979) through N observations (Figure 3-7a, black 

(parameterisation) and red (LOWESS) lines). Providing more variable and realistic values of N 

enhances the modelled variability and increases nSD to 0.68.  

For experiment 2, observed dry mean volume radius replaces the parameterised rmd causing poorer 

(cf. ID = 1) correlation coefficients RS and RP. Experiment 2 has the lowest nSD (0.32) of all the 

experiments despite introducing observed variability in rmd (Figure 3-7b). These results suggest the 

variance of β is controlled more by the variation in aerosol number concentrations in the 

accumulation mode than by the variation of rmd at NK. Hence, a more realistic estimate of N is more 

beneficial to accurately reproducing βm than adjusting rmd. Overall, the level of underestimation of 

βm is larger for experiment 2 (cf. ID = 1). This is likely explained by the underestimation of N by 

aerFO for m > ~ 20 μg kg-1
 (Figure 3-7a). 

Experiment 3, with both observed N and rmd for the accumulation mode used, still has a negative 

medBE (~ - 1.1 ×10-6 sr). This suggests other characteristics are important to accurately obtain βm. 

In experiment 4, the N and rmd observations used are for both fine and accumulation modes. This 

addition of fine aerosol mode information has little impact on the results as RS, RP, medBE and nSD 

only differ slightly (cf. ID = 3). This is explained by the impact of aerosol size and surface area on 

extinction. Given that rmd ∝ Qext,dry ∝ σext, and the average rmd of the accumulation mode (0.142 μm) 

distinctly exceeds that of the fine mode (0.029 μm) by definition, the extinction coefficient (σext) of 

the fine mode is ~100 times smaller than that of the accumulation mode at a wavelength of 905 nm. 

Although more smaller particles are present, and both N and fext,rh(rmd) are greater for the fine mode, 

the effect of number concentration does not outweigh the size and surface area effects. Hence, we 

conclude that representing the fine mode N and rmd is not critical to accurately estimating βm at the 

905 nm wavelength. 

For experiment 5, when N and rmd observations for three aerosol modes (fine, accumulation and 

coarse) are used, βm is overestimated (medBE ~3.6 ×10-7 sr). This demonstrates the strong impact of 

coarse mode particles (Dv > 0.8 μm) on the bulk optical properties. The underestimation in 

experiments 0 - 4 is likely caused by the lack of coarse mode aerosol information (cf. medBE ~-1.1 

×10-6 sr (ID = 3, 4)). This is likely to be more important at ~900 nm than 300 – 500 nm. 
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A strong horizontal advection event likely affects this positive bias. On 04 June 2015 a change in 

wind direction (not shown) is associated with advection of (NH4)2SO4 and NH4NO3, leading to a 3 – 

4-fold increase in NH4 mass and a 2 – 3 increase in NO3 and SO4. This impacts the five hours after 

the air mass change with a larger nSD (2.1). The assumption that all available NH4 combines with 

SO4 and NO3 when estimating S (section 3.2.1) might not hold during this period, causing the relative 

amount of (NH4)2SO4 and NH4NO3 to be overestimated. The associated increase of fext,rh would 

explain some of the overestimation of βm. Removing the affected period (5 hours) reduces the nSD 

to 1.56. The medBE also improves from 3.6 ×10-7 to 2.8 ×10-7 sr. 

Experiment 6 uses hourly estimates of Qext,dry and fext,rh to replace the monthly LUT. The medBE, 

nSD and correlation statistics are similar to experiment 5. As additional relative mass of different 

aerosol species information does not improve βm, the default monthly LUT of Qext,dry and fext,rh appear 

adequate. However, other uncertainties within aerFO may limit its ability to improve βm. For instance, 

assuming particles are perfectly spherical when using Mie theory will introduce errors. As particles 

likely interact and aggregate, their interaction with water and light is altered. Hence, not considering 

internal mixing in aerFO or its LUT is another source of uncertainty. Measurement uncertainties arise 

in βo from imperfect overlap correction and calibration. Height differences between the near-surface 

in-situ aerosol observations and ceilometer βo also cause uncertainties. 

Finally, experiment 7 uses hourly S estimates (section 3.3.1) to ID = 6. The error is greater than those 

for experiments 5 and 6, with a larger standard deviation and interquartile range in βm – βo. 

Correlations between model results and observations (RS and RP) are the lowest across all 

experiments. The large differences between βm and βo is reflected in a high nSD (3.5), but excluding 

the five hours (see experiment 5 discussion) reduces nSD to 1.83. The reduced overall performance 

of experiment 7 suggests the method to compute S (section 3.3.1) is unable to provide hourly 

variability. Specifically, uncertainties in estimating S (section 3.3.1) are likely varying with aerosol 

as particles interact and age, including through hysteresis, relative aerosol speciation across the size 

distribution, as well as OC and EC characteristics. Hence, the method is currently limited to 

providing only the overall behaviour of the lidar ratio. 
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Table 3.6: aerFO model estimates for experiments (ID) with different aerosol observations (Table 3.4), 

observed attenuated backscatter and βm – βo evaluation statistics. Metrics: standard deviation (SD), 

interquartile range (IQR), normalised standard deviation (nSD = SD(βm )/ SD(βo)), Spearman rank (RS) and 

Pearson (RP) correlation between βm and βo. All correlation coefficients are statistically significant (> 99.9 

%). Equal sample size of 106 hours from the seven days for all experiments. 

 

  

Figure 3-7: Hourly observations for two years (2014 – 2015) at NK (Figure 3-1) of PM10 concentrations 

and aerosol characteristics for the accumulation diameter range (80 – 800 nm): a) total particle number 

concentration (N) and b) dry volume mean radius (rmd) with a locally weighted scatterplot smoothing 

function (LOWESS, red). The aerFO parameterisations (black) are a function of aerosol mass (m) derived 

from PM10 concentration. 

 

 Conclusions 

An updated version of the aerosol forward operator (aerFO, section 3.2.3), first used in Chapter 2, is 

used in Chapter 3 to quantify the relative importance of accurately describing different aerosol 

characteristics when estimating attenuated backscatter (βm) at an urban background site. Observations 

are used to calculate aerosol variables by aerFO in increasing detail, including total aerosol mass, 

number concentration and mean volume radius for fine, accumulation and coarse modes. Results 

 ID 

 0 1 2 3 4 5 6 7 

βm  Mean 5.6×10-7 7.8×10-7 4.6×10-7 6.2×10-7 6.3×10-7 2.4×10-6 2.4×10-6 3.0×10-6 

Median 5.3×10-7 7.0×10-7 4.6×10-7 5.4×10-7 5.4×10-7 2.1×10-6 2.1×10-6 2.6×10-6 

βo  Mean 1.8×10-6 

Median 1.6×10-6 

βm – βo  Mean -1.3×10-6 -1.1×10-6 -1.4×10-6 -1.2×10-6 -1.2×10-6 5.3×10-6 5.3×10-6 1.1×10-6 

Median -1.1×10-6 -1.1×10-6 -1.2×10-6 -1.1×10-6 -1.1×10-6 3.6×10-7 4.0×10-7 8.2×10-7 

SD 4.7×10-7 4.1×10-7 5.2×10-7 4.3×10-7 4.3×10-7 9.6×10-7 9.3×10-7 1.9×10-6 

IQR 5.9×10-7 5.1×10-7 6.5×10-7 6.6×10-7 6.5×10-7 1.1×10-6 9.7×10-7 9.7×10-7 

nSD 0.37 0.68 0.32 0.50 0.51 2.14 2.14 3.48 

RS 0.78 0.68 0.66 0.70 0.70 0.72 0.72 0.47 

RP 0.78 0.74 0.62 0.75 0.75 0.74 0.76 0.50 
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inform the development of the Met Office MURK visibility scheme for application in urban settings, 

as the aerFO links the output of this scheme to observed aerosol characteristics.  

aerFO is used to assess the relative importance of various aerosol characteristics when modelling 

aerosol optical properties at an urban background site in London, UK. With respect to where efforts 

should be focused on improving the MURK aerosol scheme, the following conclusions can be drawn 

which are in line with the data in Table 3.6: 

• A more realistic representation of total particle number concentration is the most critical 

existing factor that could be improved to improve the variability in attenuated backscatter 

and should be considered a priority in future developments of Met Office NWP aerosol 

schemes for estimating aerosol optical properties.  

• Including representation of the coarse mode (diameter: > 0.8 μm) in addition to the 

accumulation mode leads to a reasonable improvement in the median difference between 

βm and observed attenuated backscatter (βo), and a clear overall increase in βm. Given the 

large sensitivity of βm to the coarse aerosol, this should be considered a second priority.  

• Monotonic parameterisations within aerFO for total particle number concentration and dry 

volume mean radius from aerosol mass alone lead to an underestimation of the variance of 

attenuated backscatter by about 2/3. If the variance in optical properties is important, this 

should be considered a third priority.  

The following conclusions were also found, and highlight aspects which should not be a priority: 

• At a wavelength of 905 nm the extinction coefficient of the fine mode aerosol (diameter: < 

0.08 μm) is ~100 times smaller than that of the accumulation mode, so that more realistic 

fine mode information has no clear benefit and should not be a priority.  

• Using more realistic values of dry volume mean radius had little effect and could not be 

identified as a priority. 

• Constraining aerosol species relative mass has little impact on modelled results and could 

not be identified as a priority. The low impact may be attributed to a limitation of the 

aerFO which does not account for internal mixing, but rather uses some simplifications 

with respect to aerosol hygroscopic and optical properties.  

In addition to improvements for the Met Office aerosol scheme, the aerFO needs to represent the 

coarse mode in addition to the accumulation mode to better estimate the magnitude of βm.  

A new method to estimate the lidar ratio (S) from observations is developed that uses relative 

humidity and in-situ aerosol observations. This extends the possibility to calculate the lidar ratio 

without the need for the rare measurements from Raman lidars or sunphotometers. S can be used to 

derive further aerosol optical properties (e.g. optical depth, extinction) from elastic-backscatter lidars 
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(e.g. ceilometers), and the ratio can be parameterised before use in forward models to minimise 

computational expense. For the London background site, modelled S varies with wavelength between 

14 – 80 sr across four common lidar wavelengths (355, 532, 905 and 1064 nm), with values consistent 

with the literature. A strong dependence of the lidar ratio on relative humidity is found which varies 

between common lidar wavelengths; this is a relation not found in the wider literature. The relation 

found is due to another relation between lidar wavelength and aerosol size. 

Adequately representing elemental carbon (EC) is important when estimating S at shorter 

wavelengths (355 and 532 nm) and low relative humidity, given its characteristically high absorption 

of radiation. The effect of hygroscopic aerosol swelling likely explains why EC is less important at 

longer wavelengths and at higher relative humidity. Remaining uncertainties when estimating S are 

associated with the assumption of particle sphericity for use with Mie theory, the speciation of the 

number distribution, and not including the effect of internal aerosol mixing which would lead to 

errors in the hygroscopic growth of particles, including hysteresis effects. These uncertainties could 

not be constrained in the current study due to a lack of appropriate observations. Since, the current 

study is based on aerosol properties and relative humidity observed near the surface, future work 

should be to assess vertical variations in lidar ratio, which will enable a better comparison to 

modelled estimates in the literature (Dionisi et al., 2018). Nonetheless, this would require further 

observations at multiple levels, which could potentially come from instruments on towers or aircraft. 

The current study uses a range of very detailed aerosol observations. However, data availability of 

number concentrations is slightly limited for relatively large particles (diameter: > 0.6 μm). While 

small particles are a critical research topic due to their impact on health, the fundamental impact of 

larger particles on bulk optical characteristics of aerosols warrant additional, increased and 

simultaneous monitoring of number concentrations in both the accumulation and the coarse mode. 

Furthermore, to estimate optical properties at more and diverse locations, more observation of 

speciated aerosol mass alongside number size distributions are needed. 
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Appendix 3.A Estimation of geometric mean radius from volume 

mean radius 

The dry geometric number mean radius (rg) is calculated using linear regression and the dry mean 

volume radius (rv), as rg is not estimated by the aerFO (Figure 3.A.1 – Figure 3.A.3). rg is calculated 

as (Hinds, 1999): 

𝑟𝑔 =
(Π 𝐷𝑖

𝑛)1/𝑁𝑡𝑜𝑡

2
 

(3.A.1) 

where Di is the mid-point particle size in bin i, n is the number of particles in bin i and Ntot the total 

number of particles across all bins. Calculations are done for dry particles.  

rv is calculated as:  

𝑟𝑣 =  
Σ (𝑑𝑛𝑖 𝑑𝑙𝑜𝑔𝐷𝑖⁄ ∗ 𝑑𝑙𝑜𝑔𝐷𝑖 ∗ 𝐷𝑖

4)

Σ (𝑑𝑛𝑖 𝑑𝑙𝑜𝑔𝐷𝑖⁄ ∗ 𝑑𝑙𝑜𝑔𝐷𝑖 ∗ 𝐷𝑖
3)

 
(3.A.2) 

 

Figure 3.A.1: Observed dry geometric number mean radius (rg) against observed dry mean volume radius 

(rv) for the accumulation mode (radius: 0.04 – 0.4 μm) at North Kensington (NK) 01 January 2014 – 31 

December 2015, from combined TSI SMPS and APS data. APS data are ‘dried’ based on physical growth 

factors, calculated from observed RH at KCL (section 3.2.1, Figure 3-1). Linear regression (line), Pearson 

correlation (RP) = 0.65 and statistically significant > 99 %.  



Chapter 3  76 

 

Figure 3.A.2: As Figure 3.A.1 but for fine mode (radii: < 0.04 μm). Pearson correlation (RP) = 0.83 and 

statistically significant > 99 %. 

 

 

Figure 3.A.3: As Figure 3.A.1 but for the coarse mode (radii:> 0.4 μm). Linear regression (line), Pearson 

correlation (RP) = 0.57 and statistically significant > 99 %. 
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Appendix 3.B Extinction enhancement factor sensitivity to observed 

aerosol speciation 

As bulk aerosol optical properties vary strongly based on the hygroscopic properties and the relative 

proportion of different aerosol species present (section 2.6, section 3.3.1), it is useful to understand 

how the common urban aerosol species contribute to extinction enhancement factor fext,rh calculations.  

Daily mean fext,rh are estimated from hourly observed aerosol species for three UK sites: North 

Kensington (urban, NK), Chilbolton (rural, Ch) and Harwell (rural, Ha), for a fixed rmd = 0.11 μm 

and a RH range of 0 – 100 %. fext,rh is lower when the relative volumes of EC are greater (Figure 

3.B.1). Across all sites the mean relative volume of EC is 7.25 %. The lower fext,rh values (Fig. A2.1 

red, EC relative volume 9 – 100 %) reflect the hygrophobic nature of EC which has a constant fext,rh 

of 1.0. Hence, aerosol mixtures with greater volumes of EC have a lower combined fext,rh.  

At higher RH the reduction in fext,rh is greatest with respect to aerosol with the larger fraction of EC 

(Figure 3.B.1). As RH increases, fext,rh increases exponentially for hygroscopic aerosols. However, as 

fext,rh for EC remains constant, the exponential increase in fext,rh of the total aerosol is limited. In 

addition, the variability of fext,rh increases with RH, due to the increasing variability in fext,rh between 

different aerosol species. Greater relative volumes of sea salt lead to higher daily estimates of fext,rh 

(not shown) due its highly hygrophilic nature. Greater relative volumes of OC are related to lower 

fext,rh values (not shown). Although OC is not strongly hygrophobic, the relatively high-volume 

fractions (average 41.7 %) make it proportionally important when computing the optical properties 

of the combined aerosol. 

In section 3.3.1, the impact of hysteresis is discussed as it relates to calculations of S. The hysteresis 

effect is not accounted for in the fext,rh parameterisation here as SOCRATES (which is used, section 

2.4) does not include this effect. We recognize that hysteresis should be considered in future 

computation of LUTs of fext,rh, to provide more realistic extinction enhancement. 
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Figure 3.B.1: Modelled daily extinction enhancement factors (fext,rh) stratified by relative humidity (RH) 

[%] and relative volume of elemental carbon [%] using observed daily mean relative volumes of each 

aerosol species as input. Median, IQR, 5th and 95th percentile whiskers, and outliers (crosses) shown with 

sample size. Estimates calculated for 0 – 100 % RH for a radius of 0.11 μm using data from three sites: 

North Kensington (n=1378), Chilbolton (n=192) and Harwell (n=1071). Note log scale on y-axis. 
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 Spatial variability of forward modelled attenuated 

backscatter in clear-sky conditions over a megacity: Implications for 

observation network design 

Abstract 

Sensors that measure attenuated backscatter (e.g. automatic lidar and ceilometers (ALC)) provide 

information on aerosols which impact urban citizen climate and health. To design an observational 

network for ALC sensors that could contribute to data assimilation in cities, therefore improving 

prediction of urban weather and air quality, a methodology is needed. In this study, the spatio-

temporal patterns of attenuated backscatter are modelled using Met Office numerical weather 

prediction (NWP) models at two resolutions, 1.5 km (UKV) and 333 m (London Model) for 28 clear-

sky days and nights.  

Initially, the βm data area is analysed using S-mode principal component analysis with VARIMAX 

rotation (Kaiser, 1958). Four to seven empirical orthogonal functions (EOFs) are produced for each 

model level with common EOFs found across different heights (day and night) in both NWP models. 

Several EOFs relate strongly to orography, wind and relative aerosol emissions source location 

suggesting that these critically control the megacity attenuated backscatter spatial variability. In 

several night-time EOFs potential gravity wave features are found in both NWP models. Increasing 

the horizontal resolution of the native ancillaries (model input parameters) and improving the urban 

surface scheme in the LM may enhance the urban signal in the EOFs. 

Principal component analysis (PCA) output, with agglomerative Ward cluster analysis (CA), 

minimises intra-group variance. In the network design process, the number of potential instruments 

to be deployed can be selected. The UKV and LM CA shape and size results are similar, and strongly 

related to orography. PCA-CA is a simple, but adaptable methodology, allowing close alignment 

with observation network design goals. 

 Introduction 

Automatic lidars and ceilometers (ALC) can measure the attenuated backscatter from aerosol 

particles. They are used in a wide variety of applications, including to investigate particle mass 

concentrations (Münkel and Roininen, 2010; You et al., 2016), to measure boundary layer height 

(Kotthaus and Grimmond, 2018b; Peña et al., 2013; Wang et al., 2012) and sea-breeze dynamics 

(Lemonsu et al., 2006). As instrument sensitivity has increased, the utility of ALC measured aerosol 

backscatter has grown (Jin et al., 2018; Madonna et al., 2014), but many studies analyse relative 

variations or the signal-to-noise ratio of the measurements (Wiegner and Gasteiger, 2015). To relate 
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the aerosol attenuated backscatter more directly to aerosol physical characteristics, a forward 

operator (FO) is required.  

An aerosol FO estimates the attenuated backscatter using relevant aerosol variables as inputs. 

Numerical weather prediction (NWP) or chemistry transport models (CTMs) can run a FO, and the 

estimated attenuated backscatter can be evaluated against ALC observations or the latter can be 

assimilated (Benedetti and Dabas, 2016; Chan et al., 2018; Charlton-Perez et al., 2016; Geisinger et 

al., 2017; Chapter 2; Chapter 3). Several of these studies take advantage of ALC networks to provide 

more spatial information. 

ALC networks cover spatial scales spanning cities (Kotthaus and Grimmond, 2018a), countries 

(Flentje et al., 2010b; Osborne et al., 2018) and continents (Guerrero-Rascado et al., 2016; 

Illingworth et al., 2015, 2007; Nishizawa et al., 2016; Pappalardo et al., 2014; Welton et al., 2000). 

However, the ideal spatial distribution of ALC within a network is uncertain and may depend on the 

spatial scale of features targeted for investigation, whether micro-, meso- or synoptic scale. If 

instrument spacing is too fine, undesirable redundancy can exist within the network, as multiple-

ALC are measuring the same meteorological features. Increasing the distance between instruments 

can allow instrument re-deployment (or reduced initial capital costs) to measure other meteorological 

features. Conversely, a sparse network configuration may miss or partially capture meteorological 

features.  

Though practical constraints will impact final deployment locations (e.g. geo-political boundaries or 

suitability of local infrastructure), an understanding of spatial variability in the meteorological 

features present in the area is critical. For example, in urban areas a detailed knowledge of 

atmospheric boundary layer processes is needed. 

Network design for weather and hydrological instrumentation has been informed by the analysis of 

spatial or spatio-temporal variability in meteorological observations using (geo-)statistical 

techniques (e.g. Bastin et al., 1982; Bayat et al., 2019; Burn and Goulter, 1991), and regional climate 

models’ climatological variability (St-Hilaire et al., 2003). However, the resolution of the latter can 

be coarse compared to many meso-scale and smaller meteorological sub-hourly processes. 

Principal component analysis (PCA) is a technique that reduces a dataset down into a series of 

orthogonal functions or modes, to find the main patterns of variability (Wilks, 2011). S-mode PCA 

(or empirical orthogonal function (EOF) analysis) is one variant that focuses on identifying spatial 

patterns in the different eigenvectors and has been used extensively to analyse the variability of many 

meteorological variables. These include rainfall (Smith and Phillips, 2013; Yu and Lin, 2015); wind 

(Álvarez-García et al., 2020; Farjami and Hesari, 2020) and temperature (Li et al., 2018). PCA has 

also been used to explore variables specifically within the boundary layer; for example, boundary 

layer turbulence (Lin et al., 2008; Wilson, 1996), urban heat island characteristics (Qiao et al., 2018; 
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Vicente-Serrano et al., 2005) and air quality (Chan and Mozurkewich, 2007; Fleming et al., 2012; 

Gupta et al., 2018; Henry et al., 1991; Rogula-Kozłowska et al., 2015). Further in-depth reviews of 

different PCA approaches in meteorology and climatology can be found in Monahan et al. (2009), 

Schmidt et al. (2019), Wilks (2011), and Zhang and Moore (2015). Some studies follow PCA with 

cluster analysis (CA) to explore the relations between modes or with other meteorological variables 

(Beaver and Palazoglu, 2006; Henry et al., 1991) and to identify and group geographical regions 

together where the variability in the target meteorological variables are similar (Dogruparmak et al., 

2014; Neal and Phillips, 2009; Smith and Phillips, 2013). With respect to network design, PCA and 

CA could be used to identify spatial regions that covary, which could then in turn inform the 

placement of instrumentation in a network, to capture unique phenomena and maximise network 

utility.  

In this study, our objectives are to (1) identify the main spatial patterns of forward modelled 

attenuated backscatter (βm) variability across a metropolitan area using NWP forecasts and PCA; and 

(2) develop a method using PCA and CA to inform ALC network design constrained by areas of 

similar βm from similar meteorological processes. To understand the impact of horizontal resolution 

two NWP models are used. 

 Methods 

4.2.1 Numerical weather prediction (NWP) data 

Here two configurations of the Met Office Unified Model (Davies et al., 2005) are used: the 

operational convection-permitting UK regional model (UKV, 1.5 km; Tang et al., 2013), and the 

experimental London Model (LM , 333 m, Boutle et al., 2016). These have been applied and 

evaluated for London (Boutle et al., 2016; Lapworth and Osborne, 2016; Chapter 2). The urban 

surface energy balance scheme within the research LM at the time of this study was JULES/Best 1-

tile (Best, 1998; Best et al., 2011, 2006) and within the UKV the JULES/MORUSES 2 tile (Best et 

al., 2011; Bohnenstengel et al., 2011; Porson et al., 2010). The latter requires more detailed surface 

information and differentiates between urban canyons and roofs and aims to better estimate surface 

fluxes. The aerosol emission ancillary was derived from 1km native resolution National Atmospheric 

Emissions Inventory dataset (Neal, 2019) to produce a dry mass mixing ratio of aerosol. The 

orography ancillary is from a Digital Terrain Elevation Data (DTED) model with a native 100 m 

resolution (Boutle et al., 2016). Land cover is separated into 9 different land-use tiles and the 

ancillary also has a native resolution of 100 m (Boutle et al., 2016; Walters et al., 2017). All 

ancillaries are rescaled to NWP model resolution for implementation.  

Data from both models for 28 clear-sky days (Appendix 4.A) are used to force the aerosol lidar 

forward operator (hereafter aerFO) to create 3-D hourly fields of attenuated backscatter (βm) for each 
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model. Hourly aerFO calculations are conducted from midnight for 24 h using the prior day 21 Z 

forecast (i.e. 3 h at the start of each model run are not used to allow for any spin up, particularly in 

the 333m model which is downscaling the UKV). The NWP data are extracted for the London domain 

(Figure 4-1).  

Analysis is done for two periods separately to differentiate meteorological processes (e.g. boundary 

layer depth) for 24 model levels: day (sunrise (SR) + 2 h to sunset (SS) -2 h) and night (i.e. SS +2 h 

to SR – 2 h). 24 model levels were chosen (representing the bottom 2075 m above ground level (agl)), 

to ensure the day-time boundary layer and night-time residual layer were always within the domain 

analysed, as these layers typically contain most of the aerosol in the atmospheric column (Seinfeld 

and Pandis, 2016). 2075 m is above typical daytime maximum mixed layer heights observed in 

London, where the median boundary layer depth is 1704 m, as estimated from ceilometer 

observations during thermally unstable days following clear nights (Kotthaus and Grimmond, 

2018b). Furthermore, 2075 m was also above the highest boundary layer height across the 28 clear-

sky cases, following subjective interpretation of βm from of each case. 

 

 

Figure 4-1: London Urban Meteorological Observatory (LUMO) ALC (dots and labels), ‘London’ grid 

domain used from the UKV (1.5 km) and London (333 m) model, for the Principal Component Analysis. 

Contains OS data © Crown copyright and database right (2019). 

4.2.2 Overview of the aerosol lidar forward operator (aerFO) 

The forward modelled attenuated backscatter is calculated using the aerFO version from Chapter 3 

(section 3.2.3), hence an brief overview is provided here. The two primary aerFO input variables are 

obtained from the NWP output: dry mass of total aerosol (m, kg kg-1) and relative humidity (RH). 

Model fields of air temperature (Tair) and pressure (pair) are also used with the specific water vapour 
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(q) to compute the water vapour absorption. Both the UKV and LM provide m from the passive 

aerosol tracer (mMURK) in the MURK visibility scheme, that considers the most common aerosol 

species in the UK (Neal, 2019).  

Firstly, aerFO estimates physical properties of the aerosol in accumulation mode from mMURK, 

including the dry mean volume radius and total number concentration. This follows the MURK 

empirical parameterisation based on the climatological mean mass of dry aerosol, mean dry volume 

radius and total number concentration (Clark et al., 2008). The climatological values and the 

geometric distribution for the accumulation mode are calculated from aerosol observations at an 

urban background site (North Kensington, London, UK; Figure 4-1; DEFRA, 2018).  

Secondly, the optical properties of the aerosol are calculated, including the extinction efficiencies for 

the dry aerosol particles and the effect of hygroscopic growth on particle extinction. For 

computational efficiency, pre-calculated look-up-tables of dry extinction efficiency and hygroscopic 

growth effects are used. The extinction coefficient calculation includes the effect of water vapour. 

Thirdly, the backscatter is calculated using a fixed lidar ratio, and finally, the transmission factor is 

applied to compute attenuated backscatter.  

4.2.3 Spatial mode principal component analysis (S-mode PCA) 

To explore the nature of backscatter variability in the London model domain (Figure 4-1) PCA is 

used to extract the most important spatial patterns from the original dataset (x) and identify when 

these spatial patterns are most prominent in time. As the distribution of βm is highly positively skewed 

and therefore not directly appropriate for PCA, it is transformed logarithmically (log10(βm)) to reduce 

the skewness (Neal and Phillips, 2009).  

S-mode PCA is carried out on the covariance matrix (S) of log10(βm) for each model level separately 

following Wilks, (2011). PCA produces unit-scaled eigenvectors (ei where ||ei|| = 1) with paired 

eigenvalues (λi), where i = 1, …, n , where n is the number of original spatial variables (x). The 

eigenvectors are then used to calculate a set of new, uncorrelated variables (the principal components, 

PCs), that relate each ei to each xi (length of ei is equal to the number of spatial points in x). A PC 

time series can be interpreted as a series of ‘scores’ with high PC scores equating to the spatial pattern 

ei being more relevant at a given time (length of a PC is equal to the length of time in x). More 

negative scores indicate the inverse of ei is more relevant. Here, the covariance matrix is used in the 

PCA, so each successive PC explains the maximum remaining variability in the original dataset.  

To ease physical interpretation of e, VARIMAX rotation (Jolliffe and Cadima, 2016; Kaiser, 1958; 

Richman, 1986) is performed on a limited number of leading vectors in e. VARIMAX rotation finds 

a new set of ei which effectively re-distributes the explained variability across them, so more unique 

sub-groups can be identified (Neal and Phillips, 2009; Richman, 1986). Here, only the ei that explains 
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more than 1 % of the total variability in the original dataset are analysed. This threshold is chosen to 

balance the need to retain as much of the original variability as possible while limiting the number 

of ei that require interpretation. The selection limits the potential creation of multiplets (i.e. sets of ei 

that effectively describe the same phenomena) helping physical interpretation (Wilks, 2011).  

Before VARIMAX rotation is performed, the ei are scaled by √λi (||ei|| = √λi) to ‘load’ the vectors. 

The individual elements of scaled eigenvectors (ei,k, where k = 1, …, n) are hereafter referred to as 

loadings. As some form of scaling with λi is required to effectively incorporate the information about 

the explained variability of ei, into the newly rotated eigenvectors, we use √λi (see Table 12.3, in 

Wilks (2011). However, although VARIMAX rotation can maintain orthogonality of ei, the scaling 

used here means ei are not orthogonal and can be correlated (Wilks, 2011). As the eigenvectors are 

created with respect to space (and to be consistent with the literature e.g. Jolliffe and Cadima, 2016; 

Qiao et al., 2018), the retained, rotated, loaded eigenvectors used are hereafter referred to as 

eigenvector orthogonal functions (EOFs). 

Following VARIMAX rotation, rotated PCs are calculated using regression (Field, 2009): 

𝑃𝐶𝑖 =  𝑥′(𝑆−1 ∙ 𝐸𝑂𝐹𝑖) (3.B.1) 

where x’ is the original, mean centred dataset and S-1∙EOFi act as PC coefficients for PCi. As S is 

often an ill-conditioned matrix and unsuitable for inversion, to calculate S-1 the Moore-Penrose 

pseudo-inverse of S is taken using singular value decomposition (Strang, 1988): 

𝑆−1 = 𝑉 Σ−1 𝑈𝑇 (3.B.2) 

Spearman correlation coefficients (r) are calculated between EOFs and PCs to find the EOFs 

multiplets that are to be interpreted as a group.  

Comparison of the PCA output generated from the study using Python 2.7 code (Warren, 2019) to 

that generated from IBM SPSS Statistics 25 program package (Field, 2009), for a test case (air 

temperature ((11:00 – 18:00 h) at 645 m as an input), found indiscernible differences in all outputs, 

including the rotated scaled eigenvectors and the resultant PCs. Thus, we assume our PCA code is 

suitably accurate. 

To aid interpretation of each EOF, the relation between each EOF and different meteorological 

variables is explored. For each EOF, x is subsampled in time twice. When the paired PC scores are 

(1) above the 90th percentile, and (2) below the 10th percentile. These two data distributions are 

assumed to be the meteorological conditions that occur when the EOF, and the inverse of the EOF, 

are most prominent in time. Analysis is further supported by qualitatively comparing two-

dimensional cross sections of the meteorological variables when the PC scores are high or low. 
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4.2.4 Ward cluster analysis (CA) 

To inform ALC sensor siting, CA is used with the PCA output to measure the variability in βm 

captured by the EOFs. Agglomerative Ward minimum variance CA is chosen here as this clustering 

method merges variables based on their similarity (Ward, 1963; Wilks, 2011). Across all 24 heights 

analysed, we use all the unrotated eigenvectors (uEOF) that explain more than 1 % of the variability 

for their respective height as inputs (i.e. to 2075 m model level), to identify the geographic regions 

of common βm variability throughout the atmospheric column analysed. For each k grid box, the 

unrotated eigenvector loadings for that grid box, (ei,k) from each uEOF, are combined into new 

vectors. CA is performed on the new vectors. 

The initial k separate groups (each with one variable member) are iteratively paired and merged to 

reduce the number of clusters, until j specified clusters remain. The clusters to be merged are chosen 

to minimise the sum of squared distances between all the cluster variable elements and cluster 

centroids (i.e., merging the two most similar clusters). Unrotated loaded eigenvectors are used in the 

clustering as they are orthogonal, unlike the rotated loaded eigenvectors. The loading vectors also 

provide a beneficial weighting to the CA. Eigenvectors that represent more of the original variability 

across x have larger λi, hence larger loading magnitudes are calculated (both positive and negative). 

Consequently, these vectors have a larger range of values, which effectively gives more weight to 

those vectors in the CA (Kaufman and Rousseeuw, 2005). The differing weights are beneficial as the 

more common spatial variability patterns have greater weight in the CA.  

As CA allows users to define the number of clusters to create, this can be related to the number of 

sensors to be deployed in a network. As Ward CA minimises the total variance within groups (Ward, 

1963), an instrument per cluster should optimise the balance between representativity of 

measurements and sensor redundancy. It also allows for operational decisions if a sensor fails (i.e. 

should one/more be moved) to retain the required information about variability. In our analysis the 

EOFs are scaled relative to the total variability at each height (i.e. not weighted with respect to other 

heights). Therefore, all heights are considered equally important when clustered. This can be 

modified by applying additional weightings. 

 Results 

4.3.1 Spatial variability of forward modelled attenuated backscatter 

The PCA with VARIMAX rotation for the daytime period produced between four and seven EOFs 

for each height in both models that explained more than 1 % of variability in the original dataset. 

Broadly, similar EOF patterns are identified across different heights. Examples of common daytime 

EOF patterns from the UKV (Figure 4-2) and the LM (Figure 4-3) are shown for the 111.7 m agl 
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model level. At this height, five EOFs are needed to explain this level of βm variance whereas at other 

model levels this may differ. 

EOF patterns derived from both NWP models are strongly related to wind speed and direction. The 

highest loadings in each EOF (Figure 4-2a-e, Figure 4-3a-d) are associated with areas where wind 

has transported emitted aerosol (cf. Figure 4-2f, Figure 4-3f) leading to an increase in aerosol and 

consequently βm (Figure 4-4a-b). As many aerosol emission sources are located near the centre of the 

domain (i.e. the most urbanised area), the highest loadings in each EOF are often located near the 

domain edges. For example, the highest loadings in EOF1 are in the north-west of the domain and 

EOF1, most prevalent under south/south-easterly winds (Figure 4-5). Although only 28 case study 

days were used to derive the EOFs, a large range of wind directions and speeds were included (Figure 

4-6) and therefore the importance of wind to βm variability is highly likely at these NWP scales. 

A second factor determining the shape of the EOFs is topography. London, located in a river valley, 

is situated between the Chiltern Hills (north) and North Downs (south and south-east). It has 

relatively low elevation compared to its surroundings (> 200 m above sea level, Figure 4-2a-e, Figure 

4-3a-e). The EOF1, EOF2, and EOF4 spatial patterns appear to represent air advected onto these hills 

which are forced upward in the north-west, south-east and north-east of the domain respectively. As 

the air is forced up, the air temperature reduces which increases RH. This advected air also increases 

mMURK locally, where background emissions are typically low. As exp(βm) is proportional to (∝) RH 

and βm ∝ mMURK, the advection effectively increases and affects the local variation of attenuated 

backscatter. For example, if an air parcel with mMURK = 24 μg kg-1 is advected onto a hill with 

background concentration of mMURK = 18 μg kg-1, and subsequently raised adiabatically by 100 m 

such that RH increases from ~80% to 85 %, βm consequently increases locally by ~1.2 × 10-6 m-1 sr-

1. This combined orographic effect and advection of aerosol emitted from the major sources (middle 

of the domain, Figure 4-2f) increases βm in areas surrounding the city. An example of increased βm, 

mMURK and RH for EOF1 in the UKV is shown in Figure 4-4. 

The general distribution of loadings in the EOFs across the London domain are similar for both NWP 

models, as the synoptic winds are the most important factor driving the spatial patterns. While the 

LM EOFs have more spatial detail in the loading distribution around complex orography from the 

higher resolution elevation data used (cf. Figure 4-2b, Figure 4-3b), the resolution in the UKV 

orography is sufficient to generate orographic uplift and the consequential peak in loadings. 

EOF1 and EOF2 from both NWP models, across each of the model levels analysed, explain a large 

amount of the total variability, typically between ~25 - 40 % (EOF1) and ~20 – 40 % (EOF2), 

respectively, of the total variability. EOF1 most frequently has the highest loadings in the north-west 

and lowest loadings in the south-east of the London domain. EOF1 typically occurs under 

southerly/south-easterly winds and the inverse pattern is found during northerly flow, common 
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daytime wind directions across the 28 case study days (Figure 4-6). However, EOF2 tends to occur 

with lower domain mean mMURK and lower mean temperatures from northerly winds, leading to 

higher RH across the domain. EOF1 and EOF2 are part of a multiplet that are highly inversely 

correlated (e.g. r = -0.85 at 111.7 m from UKV), likely because the wind direction that is favourable 

to one EOF, is unfavourable to the other (Figure 4-5).  

For both NWP models, EOF3 explains ~13 – 25 % of the total variability in βm and can be interpreted 

as a response to two processes that increase βm. In the UKV, EOF3 has high loadings in the south-

west due to relatively larger RH (not shown), and high loadings in the centre of the domain due to 

higher aerosol concentrations over London (not shown). As the VARIMAX rotation has merged the 

spatial variability from the two processes together, this shows the effects of both processes on βm are 

temporally in phase. 

For level heights above 471.7 m in the UKV, EOF3 as in the lower levels is no longer present. Instead, 

the two processes represented in EOF3 are represented in two separate EOF patterns at higher level 

heights. As the two EOFs represent parts of EOF3, they can be considered EOF3 sub-patterns 

(hereafter EOFUKV,3-1 and EOFUKV,3-2). EOFUKV,3-1 contains the peak in loadings in the south-west of 

the domain from the high RH (not shown), while EOFUKV,3-2 contains the high values near the domain 

centre from the second process involving high aerosol concentrations (not shown). Above 471.7 m, 

the effect of the two processes on βm variability must have become more temporally distinct or out 

of phase, and hence separated into two different EOF patterns as a part of the VARIMAX rotation.  

In the LM, the two scenarios of high RH in the south-west and high aerosol in the centre of the 

domain are more distinct at all heights. EOF3 from the LM contains the effect of high RH in the 

south-west of the domain, with possibly some of the high aerosol towards the domain centre (Figure 

4-3c). However, the peak in high aerosol in the centre of the domain occurs when EOFLM,5  from the 

LM has the highest PC scores, strongly suggesting EOFLM,5 contains this process and is equivalent 

to EOFUKV,3-2. 

Importantly, the complex EOFLM,5 (Figure 4-3e) is very similar to EOFUKV,3-2 (not shown) and highly 

likely to be the first to show urban-rural spatial patterns. EOFLM,5 appears to combine two processes:  

(1) Growth of the urban boundary layer in the model: mMURK and βm increases in the centre of the 

domain (not shown), which could represent when aerosol built-up near the surface during the night 

and early morning is transported upwards during the day. When this process is most prevalent, 

EOFLM,5 has high PC scores.  

(2) Effect of relatively high and increasing RH in the rural areas surrounding the city centre: leading 

to greater βm surrounding the city (not shown). When this process is prevalent, EOFLM,5 has negative 

PC scores, showing the inverse of EOFLM,5 is most relevant.  
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Additionally, there is some height dependence in the EOFLM,5 PC scores above the surface layer 

which supports the likelihood that the two aforementioned processes are relevant. Above 111.7 m, 

PC scores tend to vary diurnally (Figure 4-7a): (1) decreasing after sunrise, (2) rapidly increasing 

during the day, and (3) rapidly decreasing before sunset. This temporal pattern in PC scores reflects: 

(1) the relatively high RH surrounding the city in the residual layer which could be due to lower air 

temperature the previous night steadily increasing; (2) the increase of aerosol in the city and reduction 

in rural RH, which could be as the boundary layer quickly grows to the level height, entrains the 

residual layer and vertically transports relatively higher concentrations of near surface aerosol; and 

(3) the reduction in air temperature and renewed increase of RH in the rural boundary layer, 

potentially following to the rural boundary layer being decoupled from the surface. At greater 

heights, stage 2 occurs later after sunrise and stage 3 occurs sooner before sunset (Figure 4-7b). This 

smaller range (shorter rise, lower fall) of PC scores of EOFLM,5 could reflect the extra time required 

for boundary layer mixing processes to reach greater heights and entrain the existing residual layer. 

Additionally, The PC scores suggest EOFLM,5 is most relevant at a height when the aerosol load is 

relatively low across the domain height analysed (not shown), leading to a relatively larger increase 

in βm over the city as relatively higher concentrations of surface aerosol are likely mixed vertically.  

EOFLM,5 tends to represent a greater proportion of total βm variability than its UKV counterpart, 

EOFUKV,3-2. The higher resolution of both the urban characteristics and aerosol emission sources, in 

the LM ancillaries, may allow the urban effects to be better resolved. The native resolution of the 

aerosol and emission ancillaries are 1 km. These are coarsened for use in the UKV (to 1.5 km) and 

interpolated for the LM (to 333 m). Higher resolution LM ancillaries would provide greater 

variability in βm, particularly in central London where emission sources and urban characteristics are 

particularly heterogeneous.  

It should also be noted that high wind speeds can strongly affect the presence of EOFs by advecting 

urban (rural) air over to rural (urban) areas, distorting the diurnal pattern of PC scores.  
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Figure 4-2: Examples of the main loaded, rotated EOF patterns that typically occur across different model 

heights from the UKV (1.5 km) during the daytime (colour) with topographic contours (lines, 30 m dashed). 

EOFs explain decreasing variability (% in top right) of the original dataset (111.7 m above ground level) 

(a) EOF1 (b) EOF2 (c) EOF3 (d) EOF4 (e) EOF5 and (f) mMURK background aerosol emissions [μg m-2 s-1] 

climatology for July. LUMO ALC network (Figure 4-1) shown as dots and labels in the domain centre. 
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Figure 4-3: As Fig. 2 but for the London Model (LM, 333 m). 
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Figure 4-4: Median with respect to time of (a) log10(βm) [m-1 sr-1], (b) mMURK [μg kg-1], and (c) RH [fraction] 

at model height 111.7 m above ground level across the entire London domain in the UKV (1.5 km) during 

daytime, when the PC scores for EOF1 were above the 10th percentile.  
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Figure 4-5: Paired daytime wind roses of UKV model wind speed [m s-1] and direction (°) for each rotated 

EOF at model height 111.7 m (Figure 4-2). Wind speeds are temporally sampled when the scores for each 

PC were above the 10th percentile, and spatially sampled across the domain (wind characteristics most 

associated with each EOF). Bins extend from low inclusive and high exclusive (key). Radial axis (%) 

frequency of occurrence by wind direction bin. 

 

Figure 4-6: Combined day and night time wind rose (28 days) UKV model wind speed [m s-1] and direction 

(°) at model height 111.7 m across the domain. Bins extend from low inclusive and high exclusive (key). 

Radial axis (%) frequency of occurrence by wind direction bin. Note different bin sizes compared to Figure 

4-5. 



Chapter 4  93 

 

 

Figure 4-7: Daytime hourly principal component scores for all 28 days EOFLM.5 (Figure 4-3e) for a) 261.7 

m and c) 741.7 m. 

 

Similar EOFs are derived from the PCA with VARIMAX rotation for the night-time period as for 

the daytime. Again, EOFs relate strongly to wind speed, wind direction, emission source location, 

and orography (not shown), with peak loadings in similar positions. However, there were some 

differences between the daytime and night-time EOFs. 

Between model heights 325.0 m and 955.0 m, several EOFs have wavelike patterns that are not 

present during the day. For example, EOF2 in both NWP models at 417.7 m (Figure 4-8), which 

generally occurs under north-westerly winds. Similar wave structures are found in EOFs associated 

with southerly winds (not shown). These wave patterns likely represent gravity waves produced as 

north-westerly flow passes over the Chiltern Hills (north west London domain, Figure 4-2f) (Figure 

4-8a). Gravity waves can occur in statically stable conditions (Wallace and Hobbs, 2006) and have 

been found in EOFs derived from large-eddy simulations of the planetary boundary layer under 

weakly convective conditions (Wilson, 1996). These have been observed associated with the 

orography surrounding Greater London in both the UKV and LM (e.g. Chiltern Hills and North 

Downs; Lapworth and Osborne, 2019, 2016). Lidar observations of gravity waves have been shown 

to cause fluctuations in RH (Gibert et al., 2011), which translates to variability in βm that is 

subsequently captured in the EOFs.  

The presence of waves is visible in the w-wind component when the PC scores for EOF2 are > 4 (e.g. 

Figure 4-8c, d). Under clear-sky conditions at night, the boundary layer is more likely to be stable, 

which can reinforce the presence of gravity waves (Wallace and Hobbs, 2006). The more unstable 

conditions during the day limits their formation (Figure 4-2, Figure 4-3). However, the frequency 

and spatial prevalence of these waves in the NWP models might be too large compared to reality, 
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causing them to be overrepresented in the EOFs. The LM used the simpler 1-tile urban surface 

scheme, which tends to underestimate sensible heat fluxes in the evening in London (Hertwig et al., 

n.d.), and in turn would further favour more stable conditions, reinforcing the waves’ presence. 

Additionally, and common to both NWP models, some of the increased stability will also be caused 

by the underestimation of the anthropogenic heat fluxes over London (Bohnenstengel et al., 2014). 

Thus, these phenomena may not be as important as the EOFs derived from NWP model data imply. 

 

 

Figure 4-8: Nocturnal EOF2 at the 471.7 m model level for a) UKV and b) London Model. Horizontal cross 

section of w-wind component when EOF2 PC scores were > 4 on 23/10/2018 23:00 (at 471 m) from c) UKV 

and d) London Model.  

The scales of spatial variability in βm was also explored using semi-variograms, with smaller scale 

features being more dominant around the mixing layer height during low winds (section Appendix 

4.B). 

4.3.2 Application of spatial variability to network design 

To find geographic regions where the variability in βm is similar, Ward CA is performed on the 

unrotated EOFs (Ward, 1963; Wilks, 2011). CA is performed using the unrotated EOFs (uEOF) for 

day/night and for UKV/LM with the cluster numbers (n) set to 5, 7 and 20. For example, Figure 4-9 

shows the clustering when n = 7 clusters as well as the associated distributions of ground elevation 

heights. Clusters are ordered in descending size (i.e. 1 has the largest area). 

For both the UKV and LM, clusters occur over the city centre and in the surroundings for different 

wind directions, (Figure 4-9). The central LM cluster (7, CLM,7) is smaller compared to its UKV 
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counterpart (CUKV,5), which could be due to the higher loadings over central London compared to its 

surroundings in the first LM uEOF. The clusters have three elevation ranges (Figure 4-9c-d): (1) 

wide range in the north-west and southeast, (2) small range of low elevations for most of the others, 

and (3) predominantly higher elevation in the south.  

Qualitatively, the boundaries between adjacent clusters follow contour lines of the orography (n=7), 

especially CUKV,1, CUKV,7 and CLM,5, CLM,6 (Figure 4-9). This relation between cluster shape and 

orography holds with different number of clusters (n=5 or n=20). When n=20 (Figure 4-10) the 

smaller clusters align with more detailed orographic features (e.g. valley variations and hill tops, 

CUKV,12 in the south-west). With n=20 the relative size of different clusters remains similar, despite 

large spatial variations in urban heterogeneity and theoretically meso-scale meteorological processes 

across the London domain.  

The similar cluster sizes might reflect both the dominance of larger scale processes, such as the 

synoptic winds, and the aerosol emission source distribution, in determining the spatial distribution 

of βm compared to the smaller scale urban processes. However, the NWP models can only accurately 

represent the spatial aspect of features several times larger than their grid length resolution without 

aliasing (e.g. Lean and Clark, 2003). Consequently, the accurate spatial representation of similar and 

smaller scaled features on cluster shape and size will be strongly constrained by NWP resolution. 
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Figure 4-9: Ward cluster analysis (n=7 clusters) (of unrotated EOFs from PCA) of daytime βm from a) UKV 

and b) London Model. Cluster analysis groups (colour patches) numbered in descending order such that 

C1 has the largest area and C7 the smallest. Orography contours overlaid (lines), with 30 m orography 

contour line dashed for clarity. All EOFs included explain ≥ 1% of the variability in modelled attenuated 

backscatter. Orography (10 m bins) in each cluster for c) UKV and d) LM. Note frequency (y-axis) varies. 

 

 

Figure 4-10: As Figure 4-9a,b, but with n=20 clusters.  

 

The nocturnal CA results (Figure 4-11) are similar to the daytime (Figure 4-9b), in terms of cluster 

shapes and sizes, due to the impacts of wind, relative aerosol emission location and orography on the 

EOFs, which do not depend highly on time of day (section 4.3.1). CUKV,7 does shown a slight 

elongation in the south-west to north-east direction which qualitatively aligns with the relatively high 

MURK ancillaries in the central domain. This is likely because of the aerosol build up over time in 

the surface layer at night strongly affecting the lower model level uEOFs. The elongated shape of 

CUKV,7 could also be partially due to the presence of nocturnal gravity wave features but the effect 

would likely be limited as the βm variability due to the waves was small in the uEOFs. 

 

 

Figure 4-11: As Figure 4-9a,b, but for night. 
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The CA maps can be used to inform the deployment of ALC instruments. As Ward clustering aims 

to minimise the variability in βm within a cluster, one logical approach would be to locate a single 

ALC instrument in each cluster. Measurements from an instrument located in the daytime cluster 5 

would be most representative of the city centre (n=7). At night the cluster shapes and areal extents 

change slightly, so the most representative instrument location may change but can be understood 

from the night-time CA maps.  

 

 

 

 

 

 

 Conclusions 

To assess what drives spatial variations in aerosol (and relative humidity), within the boundary layer, 

across a region in and around a megacity under cloud-free conditions, a method is developed to 

identify common spatial patterns of variability. Attenuated backscatter (βm) is modelled using the 

aerosol forward operator (aerFO) and is driven by two numerical weather prediction (NWP) at two 

resolutions: 1.5 km Met Office UKV (1.5 km) and 333 m research London Model (LM) for a domain 

around Greater London. Principal component analysis (PCA) with VARIMAX rotation is used for 

two periods (day, night), to create empirical orthogonal functions (EOFs) for each model level. 

PCA results are combined with cluster analysis (CA) to identify areas of similar aerosol variability. 

The CA results could then be used to identify potential locations for automatic lidar and ceilometer 

(ALC) instruments to reduce redundancy and maximise uniqueness across a network with respect to 

observing features at spatial scales larger than the model resolution used.  

Common EOF patterns are identifiable across different heights during both day and night with similar 

results for both NWP models. Many EOFs from both models were strongly related to orography, 

wind and relative aerosol emission source location, suggesting these are the main factors determining 

the spatial variability in βm over the study area.  

Although the relatively coarse UKV (1.5 km) is sufficient to represent the main spatial patterns of 

βm variability, the higher horizontal resolution of the LM can identify more detailed spatial features. 

The LM includes more detailed ancillaries (e.g. topography, emissions), but some could be even 

more detailed (e.g. emissions here interpolated from 1 km) to possibly provide greater spatial 

variations in aerosol and relative humidity patterns. Improved urban energy balance fluxes within 
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the NWP models, notably anthropogenic heat emissions, may be another factor that could enhance 

detection of small-scale effects.  

It is concluded that: 

• The EOF results can be mostly explained by orography, transport of aerosols from source 

locations (mainly in city centre), and wind direction. As only 28 days (rather than a 

climatology with all possible directions) are analysed, this impacts the conclusions that can 

be drawn. Peak loadings are found downwind of the city caused by wind direction 

dependent advection. EOFs could be quite different if precipitation conditions were 

analysed, as this would include wet deposition and changed aerosol in the boundary layer. 

• Possible gravity waves in the EOFs are identified in the residual layer at night in both 

NWP models. Vertical oscillations from gravity waves are associated with changes in 

relative humidity, which causes βm variations detected in the EOFs.  

• CA identifies distinct regions from unrotated EOFs (uEOF, from PCA using the UKV and 

the LM) that could inform an ALC sensor network design when observing features of 

larger spatial resolution to the models. The cluster shapes are similar between the LM and 

UKV, with cluster boundaries following topographic contours.  

• No major differences are found in CA results when the cluster number is set to 5, 7 or 20.  

• CA results are similar between the day and night periods, despite the wave-like patterns in 

night-time EOFs.  

• The CA-uEOF results with the coarser resolution model are comparable to the higher 

resolution (~333 m) NWP model.  

• In both PCA and CA-uEOF results, the LM may not have resolved as much of the 

variability in βm because of low native resolution of the urban geometry and emission 

ancillaries. Improving the resolution of these may give greater benefit from higher 

resolution NWP models, through more accurate βm estimates, and consequentially more 

representative EOFs and better clustering.  

• The identification of distinct regions in CA is mostly constrained by NWP model 

resolution and the spatial scales of features it can effectively resolve. To inform network 

design for ALCs to observe smaller spatial features, higher resolution NWP models are 

needed. 

Using the PCA-CA methodology could bring several benefits to improve NWP model forecast 

accuracy. Firstly, improving the spatial distribution of instruments could result in observing more 

meteorological processes. This could in turn provide more information for data assimilation to further 

improve analyses of aerosol and relative humidity. Furthermore, the PCA-CA technique could also 

be used on sub-samples of NWP data in order to focus on better capturing information for particular 
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meteorological situations or regions, for example above average aerosol events or the upper extent 

of the boundary layer where for instance, observations can be sparse in urban areas (Barlow, 2014). 

In addition, the PCA-CA technique could aid the spatial interpretation of verification statistics. The 

CA highlights spatial regions where the grid cells covaried most similarly, therefore the spatial 

applicability of verification statistics using ALC instruments located in identified cluster regions can 

be better understood. 
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Appendix 4.A Clear Sky days 

To select the 28 clear-sky cases daily plots of observed attenuated backscatter from ALC of the 

London Urban Meteorological Observatory (LUMO, http://micromet.reading.ac.uk/) were reviewed 

for the period 01/04/2018 to 31/10/2018. The clear days selected (Table 4.A.1) are absent of 

hydrometeors. 

Table 4.A.1: Days in each month of 2018 used for the analysis 

 

April May June July August Sept Oct 

06 05 22  02 01 07 

18 06 23  03 02 10 

19 07 24  04 03 20 

20 14 25  05  23 

 15 26  06   

 19      

 20      

http://micromet.reading.ac.uk/
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Appendix 4.B Spatial scales of forward modelled attenuated 

backscatter from modelled semi-variogram range and sill 

4.B.1 Background 

The scales of spatial variability in forward modelled attenuated backscatter (βm) over London is 

explored by examining semi-variograms (or often just called variograms). The procedures used 

primarily follow Oliver and Webster (2014). 

Semi-variograms, often the first step in kriging (a spatial interpolation technique), describe the spatial 

autocorrelation of points across a domain (ESRI, 2019; Matheron, 1963; Oliver and Webster, 2014). 

As points that are geographically close are likely to be more similar than those further apart, the auto-

correlation decreases with distance. Semi-variograms can be used to help determine the spatial scales 

of dominant processes in a domain.  

 

4.B.2 Methods 

To construct the semi-variograms the semi-variance (γ) calculated as a function of lagged distance 

using sampled data:  

𝛾(ℎ) =
1

2 ∗ 𝑚(ℎ)
 ∑ {𝑧(𝑥𝑗) − 𝑧(𝑥𝑗 + ℎ)}

2

𝑚(ℎ)

𝑗=1

 
(4.B.1) 

 

where h is the lag distance, m is the number of samples in the current lag, z is the sampled data and 

x its location. γ effectively describes the similarity of points across the domain, where greater 

dissimilarity between the points leads to higher values of γ.  

A semi-variogram model is fitted (see section 3.1 of Oliver and Webster, 2014 for possible functions) 

to give a  γ that is continuous for all h. Two common properties that the semi-variogram models 

(Figure 4.B.1) possess are the:  

(1) range: The distance that γ in the model semi-variogram tends to become more constant (ESRI, 

2019) or the scale of the dominant processes responsible for variability across the domain. Points at 

distances < range should be affected by same processes. Points at distances > range are affected by 

different processes (i.e. greater dissimilarity).  

(2) sill: γ at the range. 
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Figure 4.B.1: Semi-variogram produced from forward modelled attenuated backscatter in a north-south 

strip of the London domain (ref methods section in paper 3) from the UKV at a model level height of 21.7 

m, at 15:00 on 07/10/2018. Semi-variance as a function of distance (blue dots) and a spherical semi-

variogram model fit (black line). Sill (horizontal dashed red line) and range (vertical dashed red line) are 

also shown. 

Semi-variograms were produced from βm derived using the aerFO from section 3.2.3, estimated 

hourly from Met Office UKV (Davies et al., 2005) for each model level to 2075 m agl, for the 28 

clear-sky days (Appendix 4.A) using the 21Z forecast from the previous day. Semi-variograms used 

a fixed lag of 1.5 km (i.e. UKV grid length (blue points, Figure 4.B.1)), as little sensitivity was found 

to lag choice. Using a spherical semi-variogram model (black line, Figure 4.B.1) fit to the semi-

variances the range and sill (red dashed lines, Figure 4.B.1) are obtained. Ordinary Kriging with 

‘PyKrige’ (version 1.4.0, https://pypi.org/project/PyKrige/) Python 2.7 is used to calculate the semi-

variance and semi-variograms. 

If data are anisotropic or have directional dependencies due to the wind speed and direction, 

calculated semi-variograms can be interpreted incorrectly. Here, this could lead to an under or 

overestimation of the range as features are advected across the domain and consequently, incorrect 

understanding of the scale of dominating meteorological processes. Transforming the data prior to 

calculating γ can help minimize these effects (section 3.2.4 of Oliver and Webster, 2014). To explore 

if strong anisotropy exists, several sets of directional semi-variograms are constructed with small 

subsamples of data, semi-variograms are constructed for model levels 5 and 111.7 m for 90, 180, 270 

and 0 °, with anisotropic rescaling, for the 03 August 2019. Differences in the calculated range 

between the semi-variograms at the same time and height are < ~±5 km. Qualitative assessment 

found very little variation in semi-variogram shape and sill. Therefore, no anisotropic correction is 

applied in the main analysis. 

Prohibitive computing resources would be needed to calculate the semi-variograms for London 

Model (333 m) as binning based on pair-wise distances between points between all pair-wise 

https://pypi.org/project/PyKrige/


Chapter 4  103 

distances for every grid cell are needed. This could possibly be overcome using either parallel 

processing or by constructing and inserting a function into the semi-variance calculation that takes 

advantage of the regular grid spacing from the numerical weather prediction models. 

4.B.3 Results and discussion 

Typically, shorter ranges indicate smaller scale processes dominate the variability of βm across the 

domain, whereas smaller sills indicate a lower overall variability across the domain. The range may 

vary with the mixing layer height (MLH), with morning range for levels around the MLH being 

variable (< 30 km, Figure 4.B.2). Overnight there is build-up of aerosol near the surface layer, with 

low winds (case shown) limiting horizontal mixing creating relatively high heterogeneity in aerosol 

mass concentrations. As the MLH grows, the range decreases at higher model levels, possibly 

indicative of convective processes dominating the βm variability. After sunset, the mixing layer 

collapses and the range gradually increases at levels near the top of the residual layer, possibly as the 

more heterogenous convective processes weaken and light horizontal mixing equalises some of the 

variation in horizontal mass concentration. As the MLH reduces, the range near the surface layer 

begins to decrease. 

Similarly, the sill also varies with the MLH (Figure 4.B.3). The sill is relatively large in the surface 

layer, increases with height as the MLH increases, and is high in the surface layer when the mixing 

layer collapses. This likely reflects the greater horizontal variability in βm at those heights due to the 

influence of smaller, meso-scale processes as described above. However, unlike the range, the sill 

also has a clear and strong relation with the top of the residual layer. The highest sill values occur at 

those heights. It is possible that variograms at these heights are including air both below and above 

the boundary layer, with high and low aerosol concentrations respectively, leading to a large amount 

of variability. 

The strength of the relations between the range and sill with the MLH or residual layer are only clear 

in cases with low daily averaged wind speeds (< ~ 5 m s-1 < 2075 m), with mixed clarity at higher 

wind speeds. As higher wind speeds are typically driven by synoptic scale meteorology (i.e. larger 

than the domain), it is beyond the maximum range possible in the domain analysed here. 

With many of the semi-variance estimates being bi-modal structures (Figure 4.B.1) and few suitable 

semi-variogram fitting models bi-modal distributions (Oliver and Webster, 2014), subsequent range 

and sill calculations are poor. Therefore, despite smaller scale processes having an identifiable effect 

in the calculated semi-variance, the lack of suitable model-fitting hampered application of this 

method. As the calculated range and sill are effectively averaging across the domain, small scale 

variations in part of the domain (e.g. adjacent residential and industrial areas), may not be clearly 

identified if other more common spatial scales exist (urban vs rural differences). 



Chapter 4  104 

 

Figure 4.B.2: Semi-variograms range [km] (colour) determined for UKV forecasts of βm over Greater 

London with mixing layer height derived from ceilometer observations (circles and lines) (Figure 4-1) for 

a) 03/09/2018 (mean daily wind speed 2.6 m s-1 m < 2075 m) and b) 06/08/2018 ( 2.9 m s-1 < 2075 m). 

 

 

Figure 4.B.3: As Figure 4.B.2 but, showing the sill [m-2 s-2] (colour, note logarithmic). 
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 Conclusions and contributions 

 Main contributions 

Numerical weather prediction (NWP) models and chemistry transport models (CTM) produce 

forecasts of aerosol which are becoming increasingly sophisticated. However, uncertainties remain 

in the forecast accuracy and their evaluation can be challenging. As automatic lidar and ceilometers 

(ALC) that measure vertical profiles of attenuated backscatter (βo) are becoming both increasingly 

sensitive to aerosol and more common in observation networks, they could be used for aerosol 

forecast evaluation. However, to relate βo to physical aerosol properties present in aerosol forecasts, 

a forward operator is required. Thus, the key contribution of this thesis is: 

(1) An aerosol forward operator (aerFO) that can estimate ALC aerosol attenuated 

backscatter (βm) in clear-sky conditions (no hydrometeors) using inputs of relative 

humidity (RH) and aerosol. The aerFO is novel and built with a wide range of default 

aerosol options which allow it to be exceptionally flexible, computationally cheap and 

usable with a wide range of NWP, CTM or observational data as inputs, for different 

locations and multiple wavelengths. Unlike existing lidar aerosol forward operators 

(Benedetti et al., 2009; Chan et al., 2018; Geisinger et al., 2017) this is highly flexible, 

requires less input and is not model specific.  

Through development and utilisation of the aerFO, several other key contributions have been made: 

(2) Identification of the importance of different aerosol characteristics to accurately estimate 

aerosol optical properties. Sensitivity tests, evaluation of βm against ALC observations 

and evaluation of modelled with observed aerosol characteristics, have identified the 

importance of several aerosol physical characteristics and aerosol speciation in estimating 

aerosol optical properties. 

(3) Evaluation of NWP parameterisations including the MURK visibility and urban land-

surface energy exchanges. Evaluation of the existing aerosol parameterisations in the 

MURK scheme provided insight into what aerosol characteristics to prioritise for 

improvement, in the future development of the scheme for urban areas. Evaluation of βm 

against ALC observations demonstrated the importance of the land-surface scheme in the 

distribution of aerosol and RH. aerFO can be used to indirectly assess the impacts of the 

land surface scheme. 

(4) Improve understanding of the spatio-temporal variability of βm over a megacity (London, 

UK). Common spatial patterns in βm variability are identified in the boundary layer, in 

two high resolution NWP models using principal component analysis (PCA). These are 

found to relate to orography, wind and emission source location. 
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(5) Develop a method to inform ALC network design. Cluster analysis (CA) of PCA output 

can produce maps to identify homogeneous regions of βm variability. Using these can 

inform ALC network design, for example to allow better management of measurement 

redundancy (or not) between instruments. 

 Conclusions 

Although the aerFO can be driven using RH and a wide range of aerosol data for different locations, 

in this thesis, the Met Office (MO) NWP models and greater London are the focus. 

To understand the relative importance of different input and parameterised variables required to 

estimate βm is highly challenging given the large and varied complexity in aerosol characteristics. 

This is made clear through sensitivity studies of modelled aerosol physical characteristics on optical 

characteristics, evaluation of βm against βo from the ALC network in London and estimating the 

particle extinction-to-backscatter ratio (lidar ratio, S) from aerosol observations. Despite the 

complexity of aerosol variation, several conclusions are drawn: 

• Sensitivity studies of βm to aerFO inputs shows that βm has an exponential relation with RH 

and βm becomes increasingly sensitive to RH as RH increases (especially when RH > ~60%) 

due to the hygroscopic growth of aerosol particles. RH becomes increasingly important in 

accurately estimating βm at high RH, and errors in other related meteorological variables such 

as air temperature, can become important as an indirect effect on βm estimates. Additionally, 

aerFO βm estimates are still valid at high RH even when cloud droplets may have formed, 

and the clear-sky assumption violated. This is because of the exponential relation between 

the parameterised particle extinction enhancement factor from aerosol hygroscopic growth 

of water vapour (fext,rh) and RH. 

• Through sensitivity studies of modelled aerosol based on aerosol observations it can be 

concluded that that aerosol optical properties of the dry particle extinction efficiency (Qext) 

and fext,rh can vary greatly for different aerosol species found in urban areas, including 

ammonium sulphate, ammonium nitrate, sea salt, black carbon. Black carbon is especially 

important to consider in urban areas given its relatively high abundance (Liu et al., 2014), 

and very strong absorption and hygrophobic properties. Additionally, organic carbon is 

important because of its hydrophobic properties. Therefore, accurate estimates of aerosol 

optical properties are needed to represent the different aerosol species in the bulk aerosol. 

The current lack of information on the particle size distribution for each aerosol species and 

accurate bulk aerosol speciation, create large uncertainties in Qext estimates, with additional 

uncertainties in the hysteresis in aerosol swelling that impact estimates of fext,rh. 

• Studies of the sensitivity of aerosol measurement to wavelength used concluded that aerosol 

optical properties can vary largely between different common ALC wavelengths (905 cf. 
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1064 nm), as well as within the range of uncertainty in wavelength for single ALC 

instruments (Vaisala CL31 905 ± 10 nm). Vitally, Qext and fext,rh should be estimated 

separately for different ALC models (Vaisala CL31 cf. Lufft CHM15K), and ideally for 

different ALC instruments as well, once the wavelength variation of the instruments are 

better known. The correction for water vapour absorption can vary greatly within the range 

of some ALC wavelengths (e.g. Vaisala CL31: 905 ± 10 nm). It would be highly 

advantageous for ALC manufacturers to provide the central wavelength and wavelength 

variation for each instrument, in order to reduce the wavelength uncertainty in estimates of 

βm.  

• The coarse and accumulation aerosol modes (diameter: > 0.08 μm) are very important to 

estimate aerosol optical characteristics in urban areas. Although previous MURK visibility 

studies found the accumulation mode to be important for total aerosol optical properties 

(Clark et al., 2008; Haywood et al., 2008), the coarse mode is also very important and should 

be appropriately represented. Fine mode aerosol (diameter: < 0.08 μm) is less important in 

estimating σext or βm in urban areas because of their small size, despite their large number. 

However, it is possible that the importance of different aerosol properties in accurately 

estimating aerosol optical characteristics may vary between urban and non-urban areas. 

• It is possible to derive S where Raman lidar or sunphotometer data are unavailable using in-

situ aerosol observations and aerosol modelling. However, its derivation using aerosol 

observations is challenging. S estimated from in-situ observations at the urban background 

site of North Kensington in London is found to vary between 14 – 80 sr (mean = 43 sr). The 

results are comparable to urban Raman lidar or sunphotometer based data (Müller et al., 

2007; Stachlewska et al., 2018; Wang et al., 2016). Seemingly, S has a strong dependence 

on RH, but this dependence may be masked by other uncertainties (e.g.) related to accurate 

aerosol speciation, particle size distribution by species, and internal mixing. The amount of 

elemental carbon is found to be highly influential on the estimation of S. This is likely to be 

especially important in cities, given its relative abundance.  

Evaluation of βm using MO UKV data to force aerFO was undertaken for: (1) 12 clear-sky days (2015 

-16) with five CL31 ceilometers (Table 2.3), and (2) 7 clear-sky days (2014 - 15) with one CL31 

(North Kensington). From this several conclusions are drawn related to NWP parameterisations and 

evaluation against observations: 

• The monotonic parameterisations of the total number concentration (N) and mean dry 

volume radius (rmd) as a function of m used in the MURK visibility scheme (Clark et al., 

2008), allows adequate estimate of the mean N and rmd in London, but largely underestimates 

the variance of both by ~ 2/3. This is despite using derived climatological means from 

observations in London in the scheme. However, using N from observations improves the βm 
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variability (more so than improving rmd values). Improving N in the MURK scheme should 

be a development priority as this will enhance estimates of aerosol optical characteristics.  

• The NWP urban surface scheme is extremely important to accurately estimate βm, due to the 

indirect effect of vertical mixing. Better representation of surface fluxes can improve vertical 

mixing and consequently the aerosol distribution, preventing build-up of aerosol near the 

surface (especially in the morning after sunrise). Additionally, RH estimates can be improved 

as the underestimation of air temperature in this surface layer is reduced. Spring case studies 

with the (1) older Best 1-tile scheme and (2) newer MORUSES scheme, found that using 

MORUSES improved vertical mixing and sensible heat flux in the morning, reducing the 

mean bias error (Δβ = βm – βo) below ~250 m by more than half. Therefore, urban NWP 

modelling studies involving aerosol (and RH) require a good urban land-surface scheme (i.e. 

improvements to this will benefit numerous applications). 

• Evaluation of βm with βo is highly dependent on the quality of ALC observations. 

Instrumental noise, artefacts and incomplete overlap are well-researched in the literature 

(Bachour and Perez-Astudillo, 2016; Kotthaus et al., 2016). These effects increase 

differences between βm and βo. This additional uncertainty can complicate analyses as βm - 

βo differences  add uncertainties into the evaluation, making it more difficult to discern errors 

in βm due to errors in the aerFO inputs variables (want to identify) and instrumental error (do 

not want to identify). Operating ALC with the latest firmware and hardware can reduce 

instrumental error and lead to a fairer assessment of βm. Additionally, this would also 

improve the quality of potential, future data assimilation of ALC observations.  

Principal component analysis (PCA) using 28 clear-sky days of log10(βm) data derived from the UKV 

(1.5 km) and London Model (LM, 333 m) has common spatial and temporal patterns in βm variability 

over Greater London. Cluster analysis (CA) of the PCA output to identify homogenous regions of βm 

variability, leads to the following conclusions relevant to ALC network design: 

• Common spatial and temporal patterns in βm variability identified from the NWP data are 

largely driven by orography, winds and relative aerosol emission source locations during 

both the day and night. The coarser UKV resolves the same broad patterns as the LM, but 

the LM resolves some higher resolution spatial variations in βm (e.g. small river valleys). 

This suggests NWP models at ~1.5 km can adequately capture large-scale variation in βm 

over a megacity. However, higher resolution ancillaries (e.g. orography, emissions) in the 

LM would likely allow more urban features to be identified (e.g. growth of the boundary 

layer over the city). More detailed ancillaries or even higher resolution NWP models could 

provide more spatially detailed urban spatial patterns.  

• The PCA of NWP output is highly flexible and could be used for larger areas (e.g. entire 

country) if processes being targeted were to inform national ALC networks. CA of the PCA 
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output allowed spatial maps to be created with homogenous regions of βm variability. These 

could be used to identify potential locations for ALC instruments to be deployed to measure 

the type of variability found in the NWP models.  

• Like the PCA output, cluster shape and size from the CA are related to orography and 

emission location with little difference between the UKV and LM (day, night). CA with 

more clusters (e.g. 20) have boundaries that follow the topographic contours more closely. 

Despite large-scale, wavelike features being apparent in nocturnal spatial patterns, they had 

little impact on the cluster shape, suggesting they are of low importance.  

• Identification of distinct clusters is mostly constrained by NWP model resolution and the 

spatial features they can effectively resolve. Higher resolution NWP models are likely 

needed to further refine cluster shapes or better account for smaller scale features. 

 Limitations and recommendations for future work 

As the developed aerFO is unsuitable for conditions when hydrometeors are present (e.g. fog, cloud 

or rain), parameterising these would allow greater utility. Reintegrating more of the original forward 

operator from Charlton-Perez et al. (2015) would be a sensible starting point. 

The aerFO currently only parameterises the accumulation aerosol mode (diameter range, D, 0.08 – 

0.8 μm) effects but the coarse mode (D = 0.8 – 10 μm) can contribute strongly to βm for 905 nm 

(Chapter 3) and may be important for other ALC wavelengths. Therefore, the coarse mode should be 

included into future aerFO versions, possibly by estimating the total number concentration and dry 

mean radius of the coarse mode in a similar way to the accumulation mode (i.e., using climatological 

mean number mean concentration and dry mean radii for each). 

The aerFO parameterises aerosol swelling effects on optical properties in a single coefficient (fext,rh) 

that can be turned on or off (Chapter 2). Kotthaus et al. (2018) found discrepancies between the urban 

boundary layer height derived from ALC and doppler lidars and hypothesised it could possibly be 

due to aerosol swelling altering the vertical gradients of attenuated backscatter from the two 

instrument types differently. The aerFO could be used with fext,rh turned on and off to help explore 

this hypothesis for both types of lidars. 

Although the analysis is undertaken for a typical European city (London), the generalisation of 

conclusions to other urban areas contains some uncertainty, notably, for cities with large differences 

in land use, urban characteristics and climate to London. Ideally, in other cities ALC instruments and 

networks could be used to evaluate βm to generalise the analyses. 

With ALC networks, such as LIDARNET (Adam et al., 2015) and within EARLINET (Pappalardo 

et al., 2014), attenuated backscatter data are stored using consistent data processing and calibration, 

making measurements more comparable. The aerFO could be used to understand variations in 
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attenuated backscatter and to evaluate aerosol forecasts across multiple cities, rural areas, countries 

or continents. As many ALC networks can monitor and track aerosol layers including volcanic ash 

(Emeis et al., 2011; Pappalardo, 2013), aerFO could be used to forward model forecasts of volcanic 

ash events in near real time given aerFO’s low computational cost and ability to estimate backscatter 

for instruments with different wavelengths. The aerFO could also be used for data assimilation of 

observed attenuated backscatter to improve aerosol forecasts and possibly other processes if aerosols 

become coupled with other variables in the forecast models (i.e. aerosols intercepting radiation 

thereby modifying surface sensible heat fluxes). Given that boundary layer depth in NWP models 

can be different to reality, and the importance of vertical mixing (section 2.7.1), correcting total 

volumetric mass of aerosol in the vertical atmospheric profile should be undertaken before correcting 

the mass as a function of height.  

Spatial variations in βm explored at two model resolutions over London (1.5 km and 333 m) allowed 

indirect evaluation of aspects of the NWP models, including the urban surface scheme (section 2.7.1). 

Using the higher resolution NWP models being developed, the aerFO could be used to evaluate 

aspects of these models, including the extent of vertical mixing and indirect effects of the urban 

surface scheme. 

aerFO is designed to work with a wide array of aerosol inputs, such as from chemical transport 

models (e.g. Met Office Numerical Atmospheric-dispersion Modelling Environment (NAME, 

Maryon et al., 1991), or air quality models (e.g. Air Quality Unified Model (AQUM, Savage et al., 

2013)). These could benefit from being evaluated using ALC data (e.g. LIDARNET network) given 

the observations’ high temporal and vertical resolution.
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